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CHAPTER 1 

Striatal Contributions to Declarative Memory Retrieval
1
 

Declarative memory has long been known to depend on the medial temporal lobe 

memory system. Recently, there has been renewed focus on the relationship between the 

basal ganglia and declarative memory, including the involvement of striatum. However, 

the specific contributions of striatum to declarative memory retrieval remain unknown. In 

this chapter, I review neuroimaging and neuropsychological evidence for the involvement 

of the striatum in declarative memory retrieval. From this review I propose that the 

striatum primarily supports cognitive control of memory retrieval, in concert with the 

prefrontal cortex. 

I then propose three non-exclusive hypotheses for the specific role of striatum and 

the associated value system in declarative retrieval: (1) Striatum modulates the re-

encoding of retrieved items in accord with their expected utility (adaptive encoding); (2) 

striatum selectively admits information into working memory that is expected to increase 

the likelihood of successful retrieval (adaptive gating); and (3) striatum enacts 

adjustments in retrieval control policies based on the outcome of retrieval (reinforcement 

learning). These hypotheses motivate the experimental work which comprises the 

remainder of this dissertation. I conclude the chapter with a brief outline of these 

experiments. 

  

                                                           
1
 This chapter has been adapted from a published manuscript:  

Scimeca, J. M., & Badre, D. (2012). Striatal contributions to declarative memory retrieval. Neuron, 75, 

380-392. 
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Introduction 

Declarative memory retrieval refers to the conscious recovery of previously stored 

experiences, facts, and concepts that are verifiable through verbal report (Tulving, 1972). 

It has long been known that the medial temporal lobe (MTL) system is necessary for the 

formation, consolidation, and retrieval of declarative memory (N. J. Cohen, Poldrack, & 

Eichenbaum, 1997; Squire, 1992). By contrast, other types of long-term memory, such as 

skill learning or classical conditioning do not appear to require the MTL memory system 

(N. J. Cohen et al., 1997; Corkin, 1968; Knowlton, Squire, & Gluck, 1994). Rather, these 

forms of “non-declarative” memory are strongly associated with the reward driven 

mechanisms of the basal ganglia (N. J. Cohen et al., 1997; Knowlton, Mangels, & Squire, 

1996; Packard, Hirsch, & White, 1989; Shohamy et al., 2004). However, mounting 

evidence from both neuroimaging and neuropsychological studies of declarative memory 

have renewed focus on interactions between the declarative and non-declarative systems, 

and have highlighted the potential role of the basal ganglia, including striatum (Figure 

1.1A), in declarative memory performance, both at encoding and retrieval (Cohn, 

Moscovitch, & Davidson, 2010; Han, Huettel, Raposo, Adcock, & Dobbins, 2010; Long, 

Oztekin, & Badre, 2010; Moustafa & Gluck, 2011; Poldrack & Foerde, 2008; Shohamy 

& Adcock, 2010). 

Outside of the long-term memory domain, there has been growing recognition of 

a broader role for striatal-frontal interactions beyond basic motor control. Specifically, 

recent years have seen a growth in our understanding of the mechanisms by which 

striatum supports higher cognitive functions like working memory, decision making, 

categorization, and cognitive control (Badre, Doll, Long, & Frank, 2012; Badre & Frank, 
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2012; Cools, 2011; Doll & Frank, 2009; Graybiel & Mink, 2009; Landau, Lal, O’Neil, 

Baker, & Jagust, 2009; Lewis, Dove, Robbins, Barker, & Owen, 2004; Seger & Miller, 

2010; Stelzel, Basten, Montag, Reuter, & Fiebach, 2010). 

However, to date, we still have a limited understanding of the role of these striatal 

mechanisms in declarative memory retrieval. Here, we review evidence for the 

involvement of the striatum in declarative memory retrieval. First, based on evidence 

from neuroimaging and neuropsychological studies of declarative memory, we argue that, 

along with the prefrontal cortex (PFC), the striatum supports the cognitive control of 

memory retrieval. Then, leveraging models of reinforcement learning and cognitive 

control theory outside of the memory domain, we propose a set of novel hypotheses 

regarding the potential mechanistic role of the striatum in declarative memory as a basis 

for future research. 

Striatal responses to item recognition 

An adaptive function of the declarative memory system is the ability to 

discriminate items and contexts with which an animal has prior experience versus those 

that are novel. The ability to recognize previously encountered items is known to require 

MTL structures, including perirhinal, parahippocampal, and hippocampal cortex 

(Eichenbaum, Yonelinas, & Ranganath, 2007; Schacter & Wagner, 1999; Squire & 

Wixted, 2011; Squire, 1992).  
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Figure 1.1 Basic Anatomy of the Basal Ganglia and Schematic Frontostriatal 

Circuitry. (A) Locations of basal ganglia structures are outlined on coronal slices 

(caudate, putamen, and nucleus accumbens [NAcc]); GPe, external segment of the globus 

pallidus; GPi, internal segment of the globus pallidus; SNc, substantia nigra pars 

compacta; and STN, subthalamic nucleus). (B) Schematic of frontal-striatal circuitry and 

the VTA-hippocampal loop. Projections from frontal cortex through the striatum 

(caudate, putamen, and nucleus accumbens), subthalamic nucleus (STN), globus pallidus, 

and thalamus drive adaptive gating of working memory representations. The VTA-

hippocampal loop includes direct projections from ventral tegmental area (VTA) to 

hippocampus, and a circuit through the nucleus accumbens (NAcc) and globus pallidus 

from the hippocampus to VTA. The striatum is frequently characterized by a 

dorsal/ventral division (e.g. Bornstein and Daw, 2011), with different subregions of 

caudate and putamen existing on both sides of the divide. Green arrows indicate 

excitatory connections; red circles indicate inhibitory connections; blue diamonds 

indicate modulatory connections. GPe: external segment of the globus pallidus; GPi: 

internal segment of the globus pallidus; SNc: substantia nigra pars compacta. 

 

In the item recognition paradigm, participants first encode a series of items, 

usually words or pictures, and are then shown a mix of items that they had seen 
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previously during encoding along with new items that have not been seen before. For 

each item, the participant judges whether the item has been seen previously (old) or not 

(new). Thus, contrasting trials on which participants correctly judged an old item as “old” 

(hits) against trials on which a participant correctly judged a new item as “new” (correct 

rejections [CR]) probes the neural correlates of “retrieval success”. 

Since the earliest event-related fMRI studies of the item-recognition task (e.g. 

Buckner, Koutstaal, Schacter, Wagner, & Rosen, 1998; Donaldson, Petersen, Buckner, & 

Louis, 2001; Rombouts, Barkhof, Witter, Machielsen, & Scheltens, 2001), retrieval 

success has yielded striatal activation. Moreover, this effect has been replicated across 

multiple variants of encoding tasks and stimulus materials. Spaniol and colleagues (2009) 

analyzed 81 fMRI studies of episodic memory, a subset of which included contrasts of 

encoding success (subsequent hits greater than misses) and/or retrieval success (hits 

greater than CR). A quantitative meta-analytic procedure indicated that retrieval success 

consistently activated striatum across studies, including both dorsal striatum in the left 

caudate and ventral striatum in regions of caudate, putamen, and nucleus accumbens (see 

also Kim, 2011). Figure 1.2 shows this effect in an updated recoding and reanalysis of 

these data conducted for this review. Moreover, a contrast between retrieval success and 

encoding success showed that the ventral caudate was more reliably associated with 

retrieval success than encoding success across studies. Importantly, retrieval success in 

striatum is not dependent on an actual prior experience with an item. Rather, striatum 

shows greater activation for false alarms (new items incorrectly judged as old) than CR or 

misses (Abe et al., 2008). Thus, like most regions showing retrieval success effects 

(Wagner, Shannon, Kahn, & Buckner, 2005), striatal activation tracks the perception of 
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an item as being old during a recognition memory task, rather than it having been 

previously encountered on the study list. Thus, striatal retrieval success effects cannot be 

trivially explained based on a prior association with positive reinforcement formed at 

encoding. 

Generally consistent with the neuroimaging data, deficits in patients with 

Parkinson’s disease (PD) – a disease arising from degeneration of cells in the substantia 

nigra that are a primary source of dopaminergic input into the striatum (Figure 1.1B) – 

indicate that the basal ganglia are broadly necessary for normal levels of recognition 

memory performance. In particular, though not suffering from the profound amnesias 

accompanying MTL damage, PD patients do demonstrate deficits in recognition memory 

relative to controls in studies with sufficient power (Whittington, Podd, & Kan, 2000). 

 

Figure 1.2. Comparisons of Activations from Meta-analyses and Neuroimaging Data 

Regarding Basal Ganglia Involvement in Novelty Detection, Reward Processing, 

and Declarative Memory. Points labeled A through K are the basal ganglia foci reported 

in the respective studies. Colored areas are from our recoding and reanalysis of the 

relevant studies from Spaniol et al. (2009) and Kim (2011) meta-analyses in GingerALE 

Version 2.1.1 (brainmap.org) in Talaraich space. Areas associated with objective 

recollection are shown in red and areas associated with retrieval success are shown in 

green; their overlap is marked in blue. Points labeled L are foci from the meta-analysis 

reported by Spaniol et al. (2009). See the main text and individual references for more 

information about individual contrasts. CR, correct rejections. 
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Accounting for these recognition deficits in PD has proven difficult and 

multifaceted. Across studies, deficits have been evident sometimes in recollection 

(Barnes, Boubert, Harris, Lee, & David, 2003; Drag, Bieliauskas, Kaszniak, Bohnen, & 

Glisky, 2009; Edelstyn, Mayes, Condon, Tunnicliffe, & Ellis, 2007; Edelstyn, Shepherd, 

Mayes, Sherman, & Ellis, 2010) and sometimes in familiarity (Davidson, Anaki, Saint-

Cyr, Chow, & Moscovitch, 2006; Weiermann, Stephan, Kaelin-Lang, & Meier, 2010). 

Moreover, there seems ample evidence that at least a portion of memory deficits observed 

in PD arise from a failure to engage in effective encoding strategies (Knoke, Taylor, & 

Saint-Cyr, 1998; Vingerhoets, Vermeule, & Santens, 2005). However, a recent study has 

provided convincing evidence for a recollection deficit in PD when encoding strategy 

was controlled. Cohn et al. (2010) had PD patients and age-matched controls study word-

pairs under shallow and deep encoding conditions, and estimated familiarity and 

recollection using the process-dissociation procedure (Yonelinas, Regehr, & Jacoby, 

1995). Relative to shallow encoding, deep encoding normalized the patients’ familiarity 

relative to the controls, demonstrating the efficacy of the deep encoding manipulation. 

However, whereas recollection improved for controls when items were deeply encoded, 

patients showed no improvement in recollection for deeply encoded items. As also noted 

by the authors, this retrieval deficit could be interpreted as a failure of the “executive” 

component of retrieval, such that patients did not take strategic advantage of the 

elaborative encoding strategy. We will return to the question of executive (i.e. cognitive 

control) deficits below. However, regardless of the specific source of the deficit, the 

evidence for a component of impaired retrieval in PD from this and prior work seems 

compelling. 
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It should be noted, however, that PD is not a selective striatal disorder, making it 

difficult to assign deficits to striatum specifically, as opposed to frontal disruption or 

dysfunctional dynamics within the broader basal ganglia system. However, recognition 

deficits in PD indicate that the nigra-striatal dopamine system is broadly necessary for 

retrieval. Moreover, declarative memory deficits have been demonstrated in a variety of 

disease conditions involving the nigra-striatal dopamine system such as Huntington’s 

Disease, which is more localizable to striatum, and schizophrenia (Hodges, Salmon, & 

Butters, 1990; Oostrom et al., 2003; Solomon et al., 2007). Thus, when considered 

together with the neuroimaging data that localizes retrieval effects within the striatum, 

the evidence begins to converge on a necessary role for these structures during retrieval. 

However, as will be discussed below, this role likely relates to the way that memory 

retrieval is modulated by retrieval goals, as opposed to as a source of the mnemonic 

signal itself. 

Striatal responses to item novelty 

The apparent sensitivity of striatum to perceived oldness is, perhaps, surprising in 

light of the established association of the broader mesolimbic/nigra-striatal dopamine 

system with the opposite property, namely item novelty. Physiological recording studies 

in the rodent (Horvitz, Stewart, & Jacobs, 1997; Horvitz, 2000; Schultz, 1998) have 

observed activation to stimulus novelty of cells in the ventral tegmental area (VTA) and 

substantia nigra (SN). Importantly, novelty responses in these cells are modulated by 

salience and goal-relevance of the novel stimulus and are separable experimentally from 

the established responses of these cells to expected reward (e.g. Horvitz, 2000). Similar 
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effects of item novelty SN/VTA have also been observed in human fMRI studies 

(Bunzeck & Düzel, 2006) and are again separable from reward-related activation. 

Novelty responses in the SN/VTA are hypothesized to arise via inputs from the 

hippocampus (Lisman & Grace, 2005), which computes the novelty of encountered 

items. Novelty responses in VTA neurons, in turn, are hypothesized to project back to 

hippocampus where they may enhance encoding of the novel item through dopaminergic 

modulation of hippocampal long-term potentiation (LTP). This hippocampal-VTA loop 

can serve the adaptive function of selectively enhancing encoding for novel items that are 

behaviorally relevant for the animal (Lisman & Grace, 2005; Shohamy & Adcock, 2010). 

Evidence from human fMRI studies have been consistent with this hypothesis, 

demonstrating that novelty at encoding elicits responses in VTA/SN that are associated 

with beneficial effects on subsequent memory (Krebs, Schott, Schütze, & Düzel, 2009; 

Schott et al., 2004; Wittmann, Bunzeck, Dolan, & Düzel, 2007). 

Importantly, as noted above, VTA/SN cells also provide dopaminergic input into 

the striatum (Figure 1.1B) where the information they convey about expected reward and 

other behaviorally relevant features of an input, like novelty, can influence action 

selection and decision-making. For example, when harvesting reward in a stochastic 

environment, strategically directing exploratory behavior to novel items has the potential 

to glean the most new information about that environment (Badre et al., 2012; Daw, 

O’Doherty, Dayan, Seymour, & Dolan, 2006; Frank, Doll, Oas-Terpstra, & Moreno, 

2009; Kakade & Dayan, 2002). Indeed, striatal novelty responses have been specifically 

associated with novelty- driven choices during economic decisions (Guitart-Masip, 

Bunzeck, Stephan, Dolan, & Düzel, 2010; Krebs et al., 2009; Wittmann, Daw, Seymour, 
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& Dolan, 2008). Moreover, many studies citing SN/VTA activation in response to 

novelty, also report responses to novel greater than familiar items in the striatum 

(Bunzeck & Düzel, 2006; Guitart-Masip et al., 2010). Notably, these activations fall in 

close proximity to those associated with retrieval success (Figure 1.2). 

Thus, considered together with retrieval success effects, the evidence for novelty 

responses in the striatum argues against obligatory coding of item oldness in striatum as a 

consequence of episodic retrieval. Rather, striatal responses to episodic memory signals 

are likely modulated depending on the adaptive significance of “oldness” or “newness” to 

the animal’s current actions and desired outcomes. 

Two recent findings provide support for this hypothesis. Bunzeck and colleagues 

(2010) showed that responses in the striatum are scaled adaptively based on expectations 

of the relative novelty and oldness of items in the environment. Han and colleagues 

(2010) more directly manipulated the goal-relevance of item novelty versus oldness and 

revealed a similar dynamic flexibility in striatal responses. Specifically, retrieval goals 

were manipulated by associating either “old” or “new” responses with potential monetary 

reward. When “old” responses were incentivized, participants earned money for correct 

old responses (hits) and lost money for incorrect old responses (false alarm) and neither 

gained nor lost money for “new” responses (and vice versa when “new” was 

incentivized). Activity in the caudate tracked the incentivized response independent of 

whether the item was studied or novel (Figure 1.3). It should be noted that this pattern 

was seen regardless of whether or not participants received explicit feedback after their 

response, suggesting that striatal activity can be driven by satisfaction of internal goals 

and incentives. 
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Figure 3. Striatal Activation Modulated by Incentive in Han et al. (2010). 
Activation in caudate tracking the incentivized response – either hits or correct rejections 

(CR) – regardless of whether or not explicit feedback (FB) was present, suggesting that 

striatal activity can be driven by incentives and goal-relevant responses (adapted with 

permission from Han et al., 2010). 

 

Of course, a key question is whether these results can be reconciled with retrieval 

success effects, when there is no overt incentive to locate old versus new items. First, as 

is evident in Figure 1.2, the subregion of caudate that demonstrated these dynamic 

effects matched closely that observed across studies of retrieval success. Second, in a 

condition where neither response was incentivized, Han and colleagues found greater 

activity for hits compared to correct rejections, consistent with previous work. Similarly, 

striatal activity was seen for hits even when new responses were incentivized. Thus, all 

else being equal, participants subjectively valued “old” responses more than “new” 

responses when performing recognition memory tasks. 

In summary, the evidence from studies of retrieval success and novelty detection 

indicates that striatum plays a role in the basic ability to behave according to the oldness 

or novelty of an item. Though in light of the qualitative differences in the severity of 
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memory deficits accompanying striatal versus MTL dysfunction, it is unlikely that 

striatum is the source of memory signals conveying oldness versus novelty, which is the 

province of the MTL memory system. Accordingly, as with perceptual and other inputs 

to the striatal system, MTL signals coding item novelty or oldness will elicit striatal 

responses dependent on the value of this information for current behavioral goals. 

Importantly, however, goals need not be restricted to outcomes achieved through 

overt behavior. Rather, the process of retrieval itself can be conducted with the 

expectation of a particular information retrieval outcome. For example, when trying to 

remember a recent conversation with a good friend, we might try thinking of our friend’s 

face as a cue. We adopt this strategy with the implicit expectation that it will yield an 

outcome that meets our goal, namely remembering our previous conversation. To 

distinguish this type of outcome from an exogenous reward or behavioral goal, we will 

refer to this type of desired information retrieval outcome as a retrieval goal. In what 

follows, we will argue that the striatum is particularly important for declarative memory 

when cognitive control is required to achieve a retrieval goal. 

Striatum and the cognitive control of memory 

The ability to internally modulate ongoing processing based on goals, 

expectations, and strategies is generally referred to as cognitive control. As introduced 

above, in the context of memory, cognitive control mechanisms are important for guiding 

and monitoring retrieval in order to achieve a particular retrieval goal. Cognitive control 

of memory has an established dependence on frontal lobe function, evident in the unique 

memory impairments of frontal lobe patients. In contrast to the profound amnesia seen in 
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patients with damage to the hippocampus and associated MTL areas (Scoville & Milner, 

1957; Squire, 1986, 1992), patients with damage to PFC demonstrate deficits in memory 

tasks that involve strategic control of memory, goal- directed manipulation of mnemonic 

information, or overcoming interference (Aly, Yonelinas, Kishiyama, & Knight, 2011; 

Moscovitch, 1992; Stuss et al., 1994; Thompson-Schill et al., 1998; Wheeler, Stuss, & 

Tulving, 1995). Neuroimaging studies have contributed specificity, highlighting different 

frontal systems in support of separate control processes that contribute to these 

demanding retrieval tasks (J. R. Anderson, Fincham, Qin, & Stocco, 2008; M. C. 

Anderson et al., 2004; Badre, Poldrack, Paré-Blagoev, Insler, & Wagner, 2005; Badre & 

Wagner, 2007; Buckner et al., 1998; Buckner, 1996; Gallo, McDonough, & Scimeca, 

2010; Kuhl, Dudukovic, Kahn, & Wagner, 2007; Long et al., 2010; Poldrack et al., 1999; 

Yonelinas, Otten, Shaw, & Rugg, 2005). Importantly, similar lines of neuroimaging and 

neuropsychological evidence also implicate the striatum in the cognitive control of 

declarative memory retrieval. 

Cognitive control of episodic retrieval 

Within the episodic retrieval domain, source memory tasks place explicit 

demands on cognitive control. In a source memory experiment, participants are required 

to verify a specific detail from a prior encoding event, such as indicating what type of 

task was performed with the item. In these tasks, the retrieval goal is explicit and highly 

specific, and so retrieval must be directed to successful recovery of only the task-relevant 

“source” detail to exclusion of other competing details. Thus, source memory decisions 

involve greater demands on cognitive control mechanisms than do simple item 

recognition decisions. 
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Contrasts between source and item recognition memory consistently locate 

activation in a network of frontal and parietal regions that include the striatum. In their 

meta-analysis, Spaniol et al. (2009) reported consistent source memory effects (i.e., 

“objective recollection”) in left dorsal caudate, overlapping with the left dorsal striatal 

focus observed for retrieval success (Figure 1.2). In our reanalysis and recoding of these 

data, we found that the effects in caudate were evident both for studies contrasting correct 

source versus correct item decisions and those contrasting correct versus incorrect source 

decisions. Thus, the preferential effects of source memory in caudate were neither simply 

due to performing the more difficult source task nor merely to successful retrieval, 

irrespective of whether it was goal directed or not. 

Importantly, the association of striatum with source memory relative to item 

decisions is not necessarily reflective of the contribution of recollection versus familiarity 

in these two types of tasks. Studies that have distinguished between spontaneous 

recollection versus familiarity during item recognition (such as is assessed by using the 

remember/know procedure) have not consistently located activation in the striatum when 

participants merely experienced recollection relative to familiarity. Direct contrast of 

source retrieval versus recollection during item recognition indicated that left caudate 

was more consistently observed across studies of source memory (Spaniol et al., 2009). 

Thus, the need for cognitive control, as opposed to the mere occurrence of recollection, 

modulates striatal activation during episodic memory retrieval. 

PD patients also demonstrate consistent deficits in cognitive control of memory. 

In general, PD patients show greater deficits in less structured retrieval contexts, such as 

free recall paradigms, relative to recognition memory paradigms (Taylor, Saint-Cyr, & 
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Lang, 1990; Zgaljardic, Borod, & Foldi, 2003). Though likely partially arising from 

ineffective encoding (Knoke et al., 1998; Vingerhoets et al., 2005), their deficits on these 

tasks could also be traced to a failure to employ effective retrieval strategies. For 

example, studies using the California Verbal Learning Test (Delis, Massman, Butters, & 

Salmon, 1987) have shown that PD patients show decreased semantic clustering at 

retrieval relative to controls (Brønnick, Alves, Aarsland, Tysnes, & Larsen, 2011; 

Oostrom et al., 2003). Thus, deficits in recall among PD patients may partially be traced 

to a failure to effectively employ strategic control processes at retrieval. 

Cognitive control during memory retrieval is also important to overcome 

interference, such as that arising through automatic retrieval of irrelevant information. PD 

patients show difficulty in overcoming such memory interference (Helkala, Laulumaa, 

Soininen, & Riekkinen, 1989; Rouleau, Imbault, Laframboise, & Bédard, 2001), though 

some studies have failed to find differences (Sagar, Sullivan, Cooper, & Jordan, 1991). 

Again, though likely partly due to encoding, these effects may also be attributable to 

retrieval deficits. For example, Crescentini and colleagues (2011) employed a part-list 

cuing paradigm designed to induce interference via external retrieval cues. PD patients 

and healthy age-matched controls studied separate word lists under shallow and deep 

encoding. Following shallow encoding, both groups showed decreased retrieval in the 

interference condition relative to a non-interference control. In contrast, following deep 

encoding, control participants showed equivalent performance in the interference and 

control condition, while the patients still showed impaired retrieval in the interference 

condition. Thus, akin to the result from Cohn and colleagues (2010) in recognition 

memory, this part-list cueing effect could be interpreted as a failure to effectively take 
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advantage of a good encoding strategy at retrieval; in this case, in order to overcome 

interference. 

Cognitive Control of Semantic Retrieval 

Striatal involvement in the cognitive control of declarative memory retrieval 

generalizes beyond MTL-dependent episodic memory to include semantic memory 

retrieval. Semantic memory refers to knowledge of facts, concepts, and word meanings 

that are independent of a specific encoding context and that may be stored in a distributed 

neocortical representation outside of the medial temporal lobe (McClelland & Rogers, 

2003; Tulving, 1972). As with episodic retrieval, access to semantic knowledge can be 

bottom up and cue driven or it can be goal directed, requiring cognitive control (Badre & 

Wagner, 2007). Unlike episodic memory, however, it is easier to isolate observed effects, 

such as in patients, as arising during retrieval rather than encoding. Here again, the 

evidence generally suggests that the striatum is important for control of semantic memory 

retrieval. 

Badre and colleagues (2005) investigated the neural systems supporting the 

cognitive control of semantic memory retrieval. This study focused on the contribution of 

left ventrolateral PFC (VLPFC) to different forms of cognitive control of memory 

retrieval. In a reanalysis conducted for this review, a manipulation of controlled semantic 

retrieval located activation in the left dorsal caudate (Figure 1.2). Perhaps consistent with 

this finding, a recent study from Han et al. (2012) found that VLPFC was preferentially 

engaged during a demanding retrieval task (source memory vs. item memory), but only 

for semantically meaningful items, suggesting that VLPFC was engaged in semantic 
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elaboration to enhance retrieval. The caudate showed a qualitatively identical pattern of 

activation. Thus, as with the Badre et al. (2005) result noted above, activation in caudate 

is observed under the same conditions requiring cognitive control of semantic memory 

that engaged VLPFC. 

Consistent with the imaging data, at least one study has located interference-

induced deficits in semantic retrieval in PD patients. Compared to age-matched controls, 

PD patients showed an impaired ability to produce a semantically related verb when 

presented with a noun (Crescentini, Mondolo, Biasutti, & Shallice, 2008). The deficit was 

greatest in a condition where there was no strongly associated response for the presented 

stimulus, and instead many weakly associated target verbs. 

Hence, as with episodic retrieval, the striatum likely interacts with the PFC to 

play a causal role in the goal-directed retrieval and selection of semantic information 

from memory. Importantly, this suggests fronto-striatal cricuits may play a similar role in 

the cognitive control of both episodic and semantic retrieval. However, future research 

will need to test whether this common function in semantic versus episodic memory is 

instantiated the same or separable fronto-striatal circuits. 

Hypotheses for the role of striatum in declarative memory retrieval 

From the preceding review, it seems evident that the striatum plays a necessary 

role in optimal declarative retrieval performance, particularly under conditions requiring 

the cognitive control of memory. In this way, the contribution of striatum appears to 

mirror that of the frontal cortex during declarative memory tasks (Aly et al., 2011; Stuss 

et al., 1994; Thompson-Schill et al., 1998; Wheeler et al., 1995). However, research on 
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the neural mechanisms of cognitive control and reinforcement learning, outside of the 

context of memory, has suggested that striatum and frontal cortex have distinct but 

complementary roles (Badre & Frank, 2012; Braver & Cohen, 2000; Cools, Clark, & 

Robbins, 2004; Cools, 2011; McNab & Klingberg, 2008; O’Reilly & Frank, 2006). In 

particular, whereas lateral PFC supports cognitive control by sustaining task- relevant 

information in working memory (e.g. Miller & Cohen, 2001), the striatum plays a key 

role in flexibly updating and selecting from among candidate frontal motor or cognitive 

representations based on their utility or adaptive value for current goals (J. W. Brown, 

Bullock, & Grossberg, 2004; Cools, 2011; Frank & Badre, 2012; Gurney, Prescott, & 

Redgrave, 2001; Mink, 1996). In this way, fronto-striatal circuits allow for separable 

maintenance and updating (Hochreiter & Schmidhuber, 1997), with striatum playing a 

key role in mapping acquired value/utility to action selection. 

Drawing on this basic cognitive control and reinforcement learning literature, we 

propose three hypotheses for striatal mechanisms during declarative memory retrieval: 

(1) Striatum modulates the re-encoding of retrieved items in accord with their expected 

utility (i.e., adaptive encoding), (2) striatum selectively admits information into working 

memory that is expected to increase the likelihood of successful retrieval (i.e., adaptive 

gating), and (3) striatum enacts adjustments in cognitive control based on the outcome of 

retrieval (i.e., reinforcement learning). These hypotheses are not intended as an 

exhaustive list nor are they mutually exclusive. However, each accounts for a portion of 

the extant data on striatal involvement in declarative memory (see Table 1.1) and has 

some limited evidence in its support. 
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Hypothesis 1: Retrieval as adaptive encoding 

Striatal activation during declarative memory retrieval may serve to modulate re- 

encoding of previously encoded items as a function of their behavioral relevance and 

their likelihood of future utility. The goal of memory retrieval may be expressed as the 

recovery of items that have an expected utility for an agent exceeding the costs associated 
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with retrieval itself (J. R. Anderson & Milson, 1989). From this perspective, it is 

important for the availability of items in memory to be prioritized by their expected 

utility, particularly in a given task context. Among the various cues to utility for a given 

item is its history of prior use: items that were retrieved in a particular context previously 

are more likely than others to be useful in that context again. So, retrieval itself is an 

important cue to the utility of an item. Indeed, analyses of retrieval that leverage prior use 

statistics – both in human declarative memory and in other analogous information 

retrieval contexts like library book withdrawals or Google search queries – account for a 

wide range of retrieval phenomena (J. R. Anderson & Milson, 1989; Burrell, 1980; S. 

Brin and L. Page, 1998, Seventh International World-Wide Web Conference (WWW 

1998), conf.; Griffiths, Steyvers, & Firl, 2007). Thus, it is adaptive to have a means of 

prioritizing memories based on context-dependent prior utility. 

Striatal dopamine signals elicited by retrieval could provide one mechanism by 

which memories are strengthened in accord with their context-dependent utility. It is well 

established that classical midbrain dopamine structures, such as the SN and VTA, along 

with medial prefrontal cortex, and ventral and dorsal striatum respond as a function of 

expected utility (e.g Knutson, Adams, Fong, & Hommer, 2001; Knutson, Fong, Adams, 

Varner, & Hommer, 2001; Knutson, Taylor, Kaufman, Peterson, & Glover, 2005). 

Projections from the midbrain to hippocampus can support modulation of hippocampal 

encoding by cells in these regions. For instance, dopamine can modulate synaptic change 

via long-term potentiation (LTP) within hippocampus, such as by decreasing LTP 

thresholds within CA1 fields (Jay, 2003; Lemon & Manahan-Vaughan, 2006; Li, Cullen, 

Anwyl, & Rowan, 2003). Thus, the nigra-striatal dopamine system is generally well 
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suited for coordinating dopaminergic modulation of hippocampal encoding while 

processing items associated with high expected utility (Shohamy & Adcock, 2010). 

Recent evidence directly supports the hypothesis that the nigra-striatal dopamine 

system modulates hippocampal encoding as a function of the expected utility of an item 

(reviewed in Shohamy & Adcock, 2010), albeit not during retrieval itself. As already 

discussed, the hippocampal-VTA loop is thought to enhance memory for novel items in 

an adaptive fashion (Krebs et al., 2009; Schott et al., 2004; Wittmann et al., 2007). 

Moreover, two recent studies have provided evidence for dopaminergic modulation at 

encoding in accord with anticipated reward statistics. Wittmann and colleagues (2005) 

demonstrated that cues predicting subsequent reward lead to greater activation in ventral 

striatum and midbrain relative to pictures that did not predict reward. Moreover, 

activation in these striatal and midbrain regions was predictive of subsequent memory at 

the longer test delay for the rewarded but not the neutral pictures. By contrast, 

hippocampus showed subsequent memory effects for both the rewarded and neutral items 

and did not differentiate the two. Adcock and colleagues (2006) more directly 

incentivized retrieval itself, by providing participants a cue indicating that remembering 

an upcoming picture during a later recognition test would be worth either high or low 

reward. Again, regions of VTA and ventral striatum (nucleus accumbens) showed greater 

activation to high-reward cues. Moreover, correlation between these regions and 

hippocampus was positively correlated with enhanced subsequent memory. Thus, these 

results demonstrate that the basal ganglia can modulate hippocampal encoding to enhance 

memory based on an estimate of future, as opposed to immediate, utility. 
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Taken together, these data suggest that the basal ganglia support adaptive 

encoding (Shohamy & Adcock, 2010). Though theorizing has primarily focused on initial 

encoding, a similar adaptive encoding account could be extended to nigra-striatal 

involvement during retrieval, as well. As noted above, the successful retrieval of an item 

from memory is itself evidence that this item holds some utility in the current context. 

Thus, it is generally adaptive to increase the likelihood of future retrieval of that item, 

given an analogous context (also see Roediger & Butler, 2011). Hence, to the extent that 

cells in SN/VTA fire at retrieval – whether as an obligatory marker of retrieval success or 

reflective of the expected utility of the retrieved information for the current context – 

dopamine projections to hippocampus could enhance re- encoding and so prioritize items 

in memory as a function of their retrieval history. Importantly, descending inputs from 

ventral striatum to VTA (Figure 1.1B; Lisman & Grace, 2005) could provide modulatory 

input related to the adaptive value of retrieved information for current goals, providing 

greater contextual specificity to re-encoding. 

Adaptive encoding can provide a reasonable account of a portion, though not all, 

of the evidence regarding striatal involvement at retrieval. Certainly, retrieval success and 

novelty effects in striatum, as observed with fMRI, could reflect encoding modulation in 

accord with the current utility of an item. Indeed, even differences between source 

retrieval and item familiarity/general recollection could relate to the degree of match 

between retrieved information and a maintained goal. However, the evidence of retrieval 

deficits in patient groups with basal ganglia dysfunction (e.g. Cohn et al., 2010) argues 

that striatum also plays a role in retrieval itself, rather than exclusively influencing future 
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retrieval attempts. With this in mind, we will now consider two hypotheses that propose a 

role for striatum in on-going retrieval. 

Hypothesis 2: Adaptive gating of working memory to control retrieval 

Striatum may modulate retrieval itself in accord with the expected utility of 

retrieval success in the current context. As noted above, if one takes the goal of memory 

retrieval to be recovering those items with high expected utility given the context, then 

cognitive control of memory is a means by which the priority of items in memory can be 

modified on-line to increase the likelihood of retrieving relevant information and 

minimize the influence of irrelevant information. In its specifics, this objective can be 

reached by a number of means, and indeed, there are likely several control mechanisms 

that operate complementarily at different stages of retrieval. For example, attention might 

be directed to cues in the environment that increase the likelihood of successful retrieval. 

Likewise, a cue might be maintained in working memory or semantically elaborated to 

allow it to influence retrieval. Following retrieval, monitoring of retrieved information 

and selection of information that matches decision criteria or behavioral goals can ensure 

accuracy and precision. Cognitive neuroscience research on the cognitive control of 

retrieval has provided a share of evidence regarding how PFC is organized to support 

these functions (Badre & Wagner, 2007; Dobbins & Wagner, 2005; Gallo et al., 2010; 

Gershberg & Shimamura, 1995; Oztekin & Badre, 2011). Importantly, however, all of 

these cognitive control mechanisms share a common demand to maintain a goal or 

relevant contextual feature in working memory in order to provide a top-down bias on 

current processing (Desimone & Duncan, 1995; Miller & Cohen, 2001). PFC is widely 

thought to support this working memory maintenance function. Also critical for working 
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memory is a “gate” that will let goal relevant contextual information into working 

memory and will keep irrelevant information out (Braver & Cohen, 2000; Hazy, Frank, & 

O’Reilly, 2006). The striatum may act as this working memory “gate” (O’Reilly & Frank, 

2006). 

As one example of how gating of working memory could influence retrieval, 

consider that certain cues are more likely to yield retrieval of goal-relevant information 

than others. Hence, maintaining those particular cues (and not others) in working memory 

– such as by sustaining a distributed pattern of neural activity in the PFC – provides a 

top-down input to the MTL system that will bias retrieval toward associates of that 

particular cue. At least two capacities are critical for this mechanism to operate: (1) Cues 

must be identified that are of potentially high expected value in the retrieval context, 

where here expected value is directly related to the likelihood of retrieving task relevant 

information, and (2) high value cues should be selectively allowed into working memory 

while inhibiting irrelevant or misleading cues. 

As noted above, the striatum has been implicated in this type of adaptive gating of 

PFC to support working memory and cognitive control over action (Cools, 2011; Landau 

et al., 2009; McNab & Klingberg, 2008). In computational models of working memory 

(e.g. O’Reilly & Frank, 2006), neural networks simulate parallel cortico-striatal loops 

that are responsible for working memory gating, determining which representations are 

maintained in recurrent “PFC” layers. Based on dopaminergic learning signals, striatum 

learns to gate representations into PFC that lead to better outcomes (i.e., have high utility 

given the context) and suppress those leading to less rewarding outcomes. Once learned, 

gating proceeds upon encounter with a contextual input associated with high utility. 
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Gating itself can be accomplished through fronto-striatal- thalamic loops (Alexander, 

DeLong, & Strick, 1986) that modulate maintenance activity in PFC. Relative to the 

learning or evaluative component of this system that may be more associated with ventral 

striatum, this gating function may be differentially carried out by the dorsal striatum (M. 

X. Cohen & Frank, 2009; O’Doherty et al., 2004; Tricomi, Delgado, & Fiez, 2004). 

This network architecture is generally supported by various lines of behavioral, 

pharmacological, and patient work (Badre & Frank, 2012; Cools, Ivry, & D’Esposito, 

2006; Dahlin, Neely, Larsson, Bäckman, & Nyberg, 2008; Frank & Fossella, 2010), and 

computational models using this fronto-striatal “gating” network architecture have been 

applied to tasks involving working memory, task-switching, and contingent action 

selection (e.g. Frank & Badre, 2012; Moustafa, Sherman, & Frank, 2008; O’Reilly & 

Frank, 2006).  Thus, extended to memory retrieval, cues or retrieval strategies that 

previous experience has associated with high expected value for retrieval could be gated 

into or excluded from working memory by these same frontro-striatal circuits. 

The adaptive gating hypothesis is generally consistent with the evidence regarding 

the contribution of striatum to declarative retrieval, though limited direct evidence exists. 

Certainly, retrieval success effects and novelty responses could reflect an encounter with 

a cue or deploying a strategy that is relevant to a decision about oldness/novelty. 

Moreover, gating demands will increase in any retrieval context requiring more cognitive 

control; as contextual elements, goals, retrieval strategies, and interim products of 

retrieval are updated and maintained in working memory. Hence, evidence of greater 

striatal activation that accompanies PFC activation for source relative to item retrieval, 

during controlled semantic retrieval, or with increased output position during free recall 
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(Long et al., 2010) is broadly consistent with the gating hypothesis. Also, potentially 

consistent with this interpretation, one multi-modal imaging study using fMRI and 

SPECT reported a correlation of increased D2 receptor binding in striatum with greater 

left VLPFC activation during proactive interference resolution (Nyberg et al., 2009). 

Retrieval deficits in patients under conditions requiring greater control could 

likewise be traced to ineffective working memory gating. For example, as already 

discussed, the recollective deficit observed in PD patients following deep encoding (Cohn 

et al., 2010) could reflect a failure to take advantage of an effective encoding strategy, 

perhaps because of a failure to gate adaptive cues or retrieval strategies into working 

memory that were afforded by the deep encoding task. 

Thus, across neuroimaging and neuropsychological studies, the gating hypothesis 

is broadly consistent with striatal involvement in cognitive control of memory retrieval. 

However, none of the studies cited provide direct evidence for this interpretation over 

others. Directed future research will be required to test this hypothesis directly and to 

dissociate striatal updating/selection from PFC maintenance during memory retrieval. 

Hypothesis 3: Reinforcement learning and adaptation of cognitive control at 

retrieval 

Just as striatum may mark the expected value associated with anticipated retrieval 

in a particular context, it may also be important for adapting cognitive control based on 

deviations from expectations about retrieval outcome. As introduced in the preceding 

discussion, striatum must acquire expectations about the value of particular retrieval 

strategies and control representations in order to support a gating function. Likewise, 
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when these strategies prove to be ineffective or become obsolete, the system must revise 

its expectations or even shift to new strategies. In the reinforcement learning literature, 

the deviation of an outcome from an expectation is referred to as a reward prediction 

error (RPE; O’Doherty et al., 2004; Schultz, Dayan, & Montague, 1997; Sutton & Barto, 

1998). In order to learn the relationship between a context, a course of action, and a 

particular outcome, a positive RPE reinforces a particular behavior and makes it more 

likely to be chosen in an analogous context in the future. 

Conversely, a negative RPE punishes a particular course of action and makes it 

less likely to be chosen. Thus, over the course of learning, behavior incrementally 

converges on statistically optimal behavioral strategies given the context. In the striatum, 

which representations to gate into working memory and which to suppress may be 

learned through modulation of synaptic plasticity by dopaminergic RPE signals computed 

in the midbrain. For example, these signals may modulate the activity of separate 

populations of “Go” and “NoGo” neurons that express D1 and D2 dopamine receptors 

respectively (O’Reilly & Frank, 2006; Shen, Flajolet, Greengard, & Surmeier, 2008). 

Applied to the cognitive control of memory, RPE could hypothetically operate in 

a similar manner, reinforcing or punishing selection/maintenance of a particular retrieval 

strategy given the context. Becker and Lim (2003) proposed a model of semantic 

clustering in free recall that provides an example of how RPE might drive adjustments in 

control of memory (see also Gorski & Laird, 2011). This model sought to simulate 

semantic clustering strategies during recall. Clustering was implemented by maintaining 

a semantic context in “PFC” working memory units where it influenced serial retrieval by 

the MTL/hippocampus. After each item was retrieved, it was assessed for its familiarity. 
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Items associated with too much or too little familiarity were judged as errors (i.e., 

repetitions or intrusions, respectively). Either of these errors produced a negative RPE 

that punished the maintenance of a particular semantic context (i.e., retrieval strategy) in 

PFC. When enough such errors accumulated, the category maintained in PFC shifted. 

This model simulates classical semantic clustering, as well as reductions in recall 

due to a “frontal” challenge, namely dividing attention (Moscovitch, 1994). Importantly, 

the model highlights that recall itself can be affected not only by demands on maintaining 

a strategy but also detecting when a strategy has become obsolete and a shift is in order. 

Consistent with this insight, frontal patients have been shown to use fewer numbers of 

semantic categories for clustering than controls, even when controlling for deficits in the 

degree to which they retrieve semantically related items consecutively (Hildebrandt, 

Brand, & Sachsenheimer, 1998; Jetter, Poser, Freeman, & Markowitsch, 1986). Hence, 

this model illustrates that RPE could be an important signal used by the brain to adjust 

memory retrieval strategies. 

Within the declarative memory domain, there is some behavioral evidence that 

participants adjust their retrieval strategies based on feedback about outcomes. Han & 

Dobbins (2009) manipulated explicit feedback to differentially reinforce “old” responses 

in a recognition memory task and found that participants become more or less likely to 

endorse memory probes as “old”. This shift in behavior occurred gradually over the 

course of learning and persisted even in blocks after the feedback was removed. This 

suggests that participants had adaptively adjusted a latent criterion threshold that they use 

to evaluate retrieved mnemonic evidence. Theoretically, these adjustments could arise 

from an RPE, as in a mismatch between the expectations of participants regarding the 
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outcome of their report (old/new) and the feedback they received. Such an RPE could be 

computed in the striatum. 

Considerable evidence has already linked the basal ganglia in general and 

striatum in particular to incremental adjustments in behavior in accord with RPE (though 

see Berridge, 2007). Classically, patients with basal ganglia disorders, like PD patients, 

show deficits in tasks, like the weather prediction task, in which links between a state, 

action, and outcome must be learned based on reinforcement (Gluck, Shohamy, & Myers, 

2002; Knowlton et al., 1994; Poldrack et al., 2001). Similarly, evidence from 

reinforcement learning tasks that estimate learning rates in individual participants and 

model RPE based on a participant’s specific sequence of responses and rewards has 

repeatedly shown that activation in ventral striatum tracks trial-to-trial changes in RPE 

(Badre & Frank, 2012; Daw, Gershman, Seymour, Dayan, & Dolan, 2011; Gläscher, 

Daw, Dayan, & O’Doherty, 2010; O’Doherty et al., 2004; O’Doherty, Hampton, & Kim, 

2007). There is also some evidence that this type of reinforcement learning may influence 

learning of working memory gating functions by dorsal striatum (Badre & Frank, 2012; 

Frank & O’Reilly, 2006; Moustafa et al., 2008). Thus, RPE may play a similar role in 

memory control and either reinforce memory control strategies or drive changes in them 

in accord with the deviation from expected retrieval outcomes. 

As with the gating hypothesis, the reinforcement learning hypothesis is broadly 

consistent with evidence linking striatum to cognitive control. Retrieval success effects 

could reflect the positive RPE associated with the success of a retrieval strategy (i.e., 

achieving a goal; e.g., Han et al., 2010). Likewise, evidence linking striatum to retrieval 



30 

 

tasks that place greater demands on cognitive control could reflect adjustments in control 

as retrieval unfolds. 

More directly, there is also some limited evidence that striatal activation can vary 

as a function of deviations from expectation during memory retrieval. Tricomi and Fiez 

(2008) reported a paired-associate learning task, in which participants first learned the 

associations by randomly choosing between two answer choices and then receiving 

feedback on their accuracy. On subsequent memory trials, participants made their 

decisions based on their memory of the correct response from earlier trials, again 

receiving feedback on their performance. Caudate activation was evident on the memory 

trials but not the initial learning trials, suggesting that the caudate was selectively 

engaged when participants are expecting the feedback to provide information about the 

accuracy of their memory decisions. O’Connor and colleagues (2010) examined the 

interaction between expectations and retrieval success effects by manipulating 

participants’ expectations of upcoming oldness in a recognition memory test. Participants 

saw a valid or invalid anticipatory cue (“likely old” or “likely new”) before each 

recognition judgment. The caudate was active not only in the “retrieval success” contrast, 

but also in a contrast comparing invalid cue trials vs. valid cue trials, suggesting that the 

caudate activity may serve as a marker of the violation of memory expectations. 

To summarize, there is evidence that people can take advantage of feedback to 

adjust their memory retrieval strategies; a process that could reasonably be assumed to 

rely on some form of RPE. And, there is evidence that striatal activation tracks deviations 

from expectation during retrieval tasks and so is potentially modulated by RPE. These 

observations motivate the hypothesis that RPE signals in striatum support experience-
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driven adjustments in cognitive control strategies during retrieval. However, it remains to 

be demonstrated that these RPE signals are the source of behavioral adjustments in 

memory control. 

Summary 

There has been a growing recognition of the role of striatum across cognition, 

extending beyond basic motor control and being implicated in domains such as action 

selection, working memory, reinforcement learning, and cognitive control. Indeed, the 

results reviewed here suggest that striatum interacts with other brain regions, such as 

prefrontal cortex and hippocampus, in declarative memory retrieval. In particular, the 

extant neuroimaging and neuropsychological literature implicate striatum in oldness and 

novelty detection, goal-relevant decision processes in recognition memory, and the 

cognitive control of episodic and semantic memory (Table 1.1). 

Considering these observations, it is evident that striatum plays a critical role in 

optimal memory retrieval, but the specific mechanistic contributions of striatum are 

underspecified. Drawing on existing theories of striatal function, we have proposed three 

possible ways in which striatum might contribute to declarative memory retrieval, namely 

through (1) adaptive encoding at retrieval, (2) adaptive gating of working memory to 

control retrieval, and (3) reinforcement learning of retrieval strategies. These hypotheses 

are likely not mutually exclusive. Indeed, it seems likely that all three may characterize a 

component of what striatum, and/or the broader basal ganglia system is supporting during 

retrieval. Moreover, there may be differences within striatum regarding how these 

hypothesized functions are supported. For example, the difference between adaptive 
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gating and reinforcement learning/evaluation of memory control strategies – a kind of 

actor-critic architecture for memory control (e.g. Bornstein & Daw, 2011; Botvinick, Niv, 

& Barto, 2009; Holroyd & Yeung, 2012) – could be supported by dorsal versus ventral 

striatum respectively. 

It is also important to clarify that the hypothetical contributions of striatum to 

declarative retrieval performance proposed here need not exclusively support those 

cognitive control processes that lead to improved retrieval itself. Cognitive control can 

affect the accuracy and precision of retrieval, as illustrated by the examples provided 

above. However, cognitive control may also adjust decision criteria and response 

selection policy during memory tasks in order to gain positive outcomes, independently 

of the underlying retrieval outcomes. In other words, cognitive control may also bias 

reports during memory tasks as opposed to affecting discrimination, per se (Lauwereyns, 

Watanabe, Coe, & Hikosaka, 2002; Maddox & Bohil, 2005). And indeed, certain 

manipulations such as those that incentivize particular reports (old versus new, for 

example; Han & Dobbins, 2009; Han et al., 2010) are likely examples of adaptation 

occurring at this decision stage, as opposed to affecting retrieval or discrimination 

directly. Nevertheless, whether cognitive control mechanisms are directed toward 

achieving a particular retrieval goal, such as recovering a particular type of information 

from memory, or maximizing positive outcomes by biasing reports, striatum may play a 

similar role in utility-driven updating and selection of working memory representations. 

Finally, it is important to note that though we have drawn an analogy between 

striatal function during declarative memory tasks and existing models of striatum 

developed outside of the memory domain, mapping value to memory signals and 
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processes – which is at the base of all three hypotheses – is different in important ways 

from typical reinforcement learning tasks that map value to a stimulus. In particular, 

declarative memory representations are abstract and multidimensional and are shaped by 

the retrieval process itself. Thus, items or contexts with very different features may elicit 

similar memory signals and conversely items with highly overlapping features may be 

treated differently depending on the nature of the memory signal being computed. Thus, 

in the context of memory, it is not helpful to conceptualize striatal function as mapping 

value to stimuli. Rather, one must consider the problem of assigning value to levels and 

types of mnemonic representations. Similarly, valuation itself within the memory domain 

is somewhat different than in traditional contexts. For example, value could be based on 

the match of a latent memory state to expectations, the degree of effort minimization that 

follows from successful retrieval, and/or the variability in retrieval outcome (akin to 

outcome variance in reinforcement learning; e.g., Niv, Edlund, Dayan, & O’Doherty, 

2012).  Hence, moving forward, it is crucial to study the contribution of striatum to 

declarative memory in the context of memory retrieval itself, rather than by analogy with 

other domains. Future directed investigations will be required to provide a more concrete 

view of the mechanistic role of striatum in declarative memory retrieval. 

Outline of Dissertation 

The remainder of this dissertation seeks to specify the role of striatum and the 

associated value system during declarative memory retrieval. I first address the third 

hypothesis outlined above, which posits that striatum enacts reinforcement learning of 

control policies at retrieval. To test this hypothesis, I employ a behavioral paradigm 
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inspired by reinforcement learning models, as well as functional neuroimaging, 

computational modeling, and a test of transfer. 

Chapter 2 presents experiments that test the role of PE-based learning on 

recognition memory decisions. Recognition memory provides a straightforward paradigm 

in which to demonstrate the role of PEs and RL processes during retrieval. Chapter 2 first 

lays out a theoretical framework that describes how feedback-based PE signals could 

regulate retrieval control policies in the context of recognition memory. Using a 

behavioral false-feedback recognition task, I then show that the magnitude of PEs during 

recognition influences the degree to which individuals make adjustments to recognition 

decision policies (that is, adjustments to an individual’s decision criterion). I find that this 

PE signal is scaled relative to a value signal derived from the memory strength 

underlying the recognition decision, as opposed to a value signal tied to the confidence of 

the decision. 

In Chapter 3, I combine this false-feedback task with fMRI to identify the neural 

circuits involved in this PE-based adjustment of recognition decisions. As predicted by 

the theoretical background described above, I find that striatum tracks PEs during 

recognition memory and that this striatal PE signal predicts the magnitude of behavioral 

adjustment. Critically, the striatum tracks the PE signal when scaled relative to memory 

strength but not when scaled relative to response confidence, consistent with the 

behavioral results of Chapter 2. 

To address the psychological locus of learning involved in these feedback-based 

adjustments, I use a test of transfer and computational modeling. Specifically, I aimed to 
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distinguish between a form of learning in which individuals make adjustments in a 

process involved in evaluating memory evidence (memory-level learning); and a form of 

learning in which individuals simply learn to bias their response tendencies towards the 

response most associated with positive outcomes (response-level learning). To test for 

transfer, a second experiment reported in Chapter 3 provided participants with a free 

recall false memory test (Kantner & Lindsay, 2012; Roediger & McDermott, 1995) after 

they completed the false-feedback recognition task. I find that the PE-based learning 

which occurs during the recognition test influences an individual’s free recall 

performance, suggesting a task-general mnemonic-evaluation process as the locus of 

learning. Furthermore, across both Chapters 2 and 3, I apply drift diffusion modeling to 

the false-feedback recognition task and find that a model which allows for adjustments in 

an evidence evaluation parameter better fits the behavioral data compared to a model 

which allows for adjustments in a response bias parameter. Together, these transfer and 

modeling results implicate a memory evaluation process as the psychological locus of 

learning during PE-based adjustments of recognition memory decisions. 

These studies provide the first evidence that a striatally-mediated reinforcement 

learning system serves to regulate declarative memory retrieval policies. Although 

memory theorists have long known that healthy individuals can flexibly adapt and adjust 

retrieval strategies based on internal goals and the external environment, the underlying 

mechanisms that support these adjustments have remained largely unspecified. PE-based 

learning provides a concrete mechanism by which these strategies can be evaluated and 

updated. This further extends RL principles beyond standard applications such as action 

selection or decision-making and into the domain of declarative memory. In particular, 
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the finding that PEs during recognition memory are scaled relative to a value signal 

derived from memory strength serves to highlight the importance of testing RL 

predictions in different cognitive domains. 

Informed by the findings of Chapters 2 and 3, in Chapter 4 I turn to the first 

hypothesis outlined above, which posits that an important role of striatum during memory 

retrieval is to index valued retrieval outcomes and drive re-encoding of retrieved 

information in accord with this value. The results from the false-feedback recognition 

paradigm suggest that the nigra-striatal value system assigns value to perceived evidence 

of oldness, which is consistent with classic retrieval success effects (Spaniol et al., 2009; 

Wagner et al., 2005). However, the value of perceived oldness may be an obligatory, 

task-independent aspect of memory retrieval; alternatively, the value signal could reflect 

the goal-attainment associated with retrieving memory evidence in the context of a 

memory task (Han et al., 2010). The experiments described in Chapters 2 and 3 cannot 

dissociate these alternatives because the recognition paradigm was framed as a memory 

test with the tacit goal of retrieving information from memory. Furthermore, these 

alternatives are not exclusive: both perceived oldness and goal-attainment may result in 

positive valuation by the nigra-striatal system (see above; Elward, Vilberg, & Rugg, 

2014; Han et al., 2010) and in turn drive re-encoding. 

In Chapter 4, I use a variant of the testing effect procedure (Roediger & Butler, 

2011) to look for behavioral signatures of retrieval-based re-encoding. In short, the 

testing effect refers to the phenomenon that a memory test results in enhanced encoding 

relative to repeated study, as measured by a subsequent memory test. To uncouple 

perceived oldness and task goals, I framed the initial test as either a memory task or a 
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novelty detection task. In a memory task, perceived oldness and task goals are aligned; 

whereas these factors are crossed in a novelty detection task in which the task goal is to 

detect newness. I find evidence that both perceived oldness and goal-attainment modulate 

re-encoding, when the novelty detection task is made sufficiently distinct from the 

memory task. This is consistent with previous studies implicating multiple co-occurring 

striatal value signals during retrieval (Elward et al., 2014) and demonstrates that both of 

these value signals are tied to retrieval-based re-encoding. More broadly, this behavioral 

finding supports the hypothesis that one function of striatal responses observed during 

retrieval is to index valuable retrieval outcomes and facilitate re-encoding of retrieved 

information. 



38 

 

CHAPTER 2 

Learning to Remember: Prediction Errors Influence the Recognition Memory 

Decision Criterion
2
 

Recognition memory requires flexible control over how retrieved evidence is 

evaluated, in order to accommodate different task goals, expectations, and environments. 

However, the mechanisms that support adjustments to memory decisions remain unclear. 

In this chapter, I test the third hypothesis introduced in Chapter 1: that striatum enacts 

reinforcement learning of cognitive control policies at retrieval. In the context of 

recognition memory, this hypothesis proposes that prediction errors (PE) – the deviation 

between an actual and expected outcome – drive adjustments to recognition memory 

decisions.  

In recognition memory, the decision criterion marks the level of evidence above 

which an individual will decide that an item has been previously encountered. I provided 

false positive feedback to “old” or “new” responses in a recognition memory test, which 

elicited shifts in criterion toward the reinforced response. I sought to demonstrate the 

causal influence of PEs by systematically delivering false feedback to elicit different 

levels of PE. The results show that larger PEs resulted in larger shifts in decision 

criterion, but only when PE was scaled relative to a value signal derived from memory 

strength rather than the expected response outcome. Finally, to identify the psychological 

locus of learning, I used drift diffusion modeling. The data were better explained by a 

                                                           
2
 This chapter has been adapted from a manuscript submitted for publication:  

Scimeca, J. M., Katzman, P. L., & Badre, D. (under review). Learning to remember: Prediction errors 

influence the recognition memory decision criterion. 
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model in which adjustments occurred at the level of evaluating memory evidence, rather 

than a change in simple reporting tendencies.  

These results provide empirical evidence in support of the hypothesis that a 

reinforcement learning system evaluates and dynamically updates recognition memory 

decision policies at retrieval. In this framework, evidence of oldness yields an expectation 

of a positive outcome, and deviations from this expectation elicit adjustments to 

recognition decisions. 
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Introduction 

The ability to rapidly identify previously encountered items is of high adaptive 

value. However, it can be equally important to avoid memory errors. Failing to recognize 

a previously encountered item as old (a “miss”) or misidentifying a new item as old (a 

“false alarm”) can lead to maladaptive responses (Roediger & McDermott, 1995; 

Schacter, Curran, Galluccio, Milberg, & Bates, 1996; Schacter, 1999). In recognition 

memory, the tradeoff between these two types of errors is reflected in the decision 

criterion. The decision criterion marks the level of retrieved memory evidence above 

which an individual will decide that an input has been previously encountered and will 

act accordingly.   

The recognition decision criterion must be flexible in order to accommodate 

different task goals or expectations about the environment in which a person is behaving. 

To illustrate this point, consider the following example. You are in line at a coffee shop 

and notice a familiar looking face across the room. Deciding whether or not to say hello 

depends on whether the memory signal elicited by the person’s face is sufficient to 

surpass your internal recognition decision threshold. Crucially, however, your decision 

threshold might differ depending on your goals or current context. For example, you 

might require less evidence of oldness if you are in a coffee shop in your hometown 

versus one in a foreign city. The placement of your criterion is important because the 

memory decision has real stakes: there may be a positive outcome (e.g. a pleasant 

conversation with an acquaintance) or a negative outcome (e.g. an embarrassing 

interaction with a stranger) depending on where you set the threshold.  And, indeed, the 
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outcome of your decision on one occasion might make you more or less likely to 

approach a familiar-looking face in that context in the future. 

In the laboratory, decisions of the type illustrated above are commonly tested 

using the old/new recognition memory task (Rugg & Yonelinas, 2003; Wixted, 2007; 

Yonelinas, 2002). In the conventional recognition memory paradigm, participants first 

study a series of items. Then, during a subsequent test phase, participants view a mix of 

items that were seen during encoding (old items) and new items, and must judge whether 

each test item is old or new. To make their response, participants must first retrieve 

information from long-term memory associated with the test item, such as a generalized 

sense of familiarity and/or richer recollective details from the prior encoding episode. 

Participants must then evaluate this mnemonic evidence and decide whether the evidence 

warrants responding that the test item is old (Stretch & Wixted, 1998a; Verde & Rotello, 

2007). The focus of the present work is on this latter decision process and the means by 

which this process is adjusted based on the outcomes of recognition decisions. 

A common framework for conceptualizing recognition memory decisions is in 

terms of a signal detection process (for reviews, see Banks, 1970; Macmillan & 

Creelman, 2005; Wixted, 2007; Yonelinas, 2002). From this perspective, all items 

encountered during retrieval yield some degree of memory strength. Test items that 

evoke a signal greater than a criterion threshold are endorsed as “old”; items that fail to 

elicit sufficient memory signal are rejected as “new.” Optimal placement of criterion, 

then, depends on the signal distributions of old versus new items (Figure 2.1A). For a 

given distribution of mnemonic evidence, a criterion placed at the intersection of the 

“old” and “new” distributions maximizes correct responses while minimizing error 
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responses. Shifts in criterion away from this neutral placement will differentially increase 

certain types of errors. Specifically, a conservative criterion, requiring higher strength 

than neutral to say “old,” results in more “new” responses and so a greater vulnerability 

to misses.  A liberal criterion, requiring less strength than neutral to say “old,” results in 

more “old” responses and thus drives a greater vulnerability to false alarms.  

It is important to note that SDT is not a model of memory processes, but instead 

provides a straightforward framework for describing memory decision making. There are 

two broad classifications of models of recognition memory decisions, the first of which is 

typically referred to as “global matching models” or “strength-based models” (e.g. Clark 

& Gronlund, 1996; Dennis & Humphreys, 2001). In these models, an individual 

maintains a single threshold value as a reference and makes decisions by comparing 

retrieved memory evidence to this reference. In the example of the coffee shop, seeing an 

acquaintance elicits a high level of memory strength, and you say hello because this 

strength is higher than the reference (the criterion). 

An alternative class of models are likelihood-ratio models of recognition memory 

(e.g. Murray Glanzer, Hilford, & Maloney, 2009; Wixted & Gaitan, 2002). In these 

models, a recognition decision is based on the relative probability that a given level of 

memory evidence would be produced by an old versus a new item. In the example of the 

coffee shop, seeing an acquaintance elicits a given level of memory strength, and you say 

hello because this level of strength has previously been elicited more frequently by old 

items than by new items. In these models, a criterion is not a maintained reference value 

but instead corresponds to the point along the evidence axis at which “old” items become 
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more likely than “new” items. This point occurs at the intersection of the evidence 

distributions and is akin to a neutral criterion in strength-based models. 

 

Figure 2.1. Signal Detection Memory Strength Model and Criterion Shift 

Predictions.  

(a) Standard signal detection memory strength model of recognition memory with a 

neutral recognition criterion. Memory strength increases along the x-axis from left to 

right; confidence increases for responses further from the criterion. The legend indicates 

four different types of responses, which map directly to the four false feedback groups. 

(b) The expected values and PEs associated with positive feedback under the Expected 

Response Outcome alternative. Scale of bars is directly mapped to the curves depicted in 

panel a. (c) The predicted criterion shifts associated with the Expected Response 

Outcome alternative. (d) The expected values and PEs associated with positive feedback 

under the Memory Strength alternative. Scale of bars is directly mapped to the curves 

depicted in panel a. (e) The predicted criterion shifts associated with the Memory 

Strength alternative. 
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Both strength-based models and likelihood-ratio models make similar (and often 

identical) predictions with regard to recognition decisions. Likewise, both classes of 

models are well-described by signal-detection theory analyses of response rates. 

Therefore, we will use the terms criterion placement and criterion shift throughout the 

chapter to describe a change in old/new responding that results in a change in the SDT 

estimate of criterion. However, this terminology is not meant to only imply that the 

underlying mechanism is a shift in a maintained reference value, as assumed by the 

global matching model. In the General Discussion, we will describe how the present 

results relate to these various models of recognition memory. 

From the perspective of an adaptive memory system, flexibly adjusting criterion 

allows one to maintain high levels of memory performance in the face of a changing 

environment. Although most theoretical models assume that people have control over 

their criterion location and can update it to optimize performance, empirical results are 

mixed. Furthermore, it remains an open question as to what signals are used to 

dynamically adjust criterion. 

Adjustments of Recognition Criterion 

Criterion is not fixed, and people are capable of exerting direct control over their 

recognition memory criterion when they are explicitly instructed to do so. Participants 

instructed to adopt a conservative or liberal criterion will comply with the instruction in 

their recognition decisions (Postma, 1999). Likewise, participants explicitly informed of 

differences in the proportions of old and new items or provided explicit reward incentives 

for particular responses will adjust their criteria accordingly (Curran, DeBuse, & Leynes, 
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2007; Ratcliff, Sheu, & Gronlund, 1992; Van Zandt, 2000). However, in our everyday 

lives we are often not given explicit information about how to set our criterion. Rather, 

we must learn to set our criterion based on internal mnemonic signals, environmental 

regularities, or experienced outcomes that follow from our decisions. Nevertheless, in the 

laboratory there is mixed evidence regarding the degree to which participants are able to 

shift criterion based on these types of cues.  

The expected mnemonic strength of target items can serve as a signal for setting 

criterion. Many studies have observed a strength-based mirror effect (Bruno, Higham, & 

Perfect, 2009; Cary, 2003; Glanzer & Adams, 1990; Stretch & Wixted, 1998b). 

Specifically, if the average strength of test items is higher (effectively shifting the mean 

of the old distribution rightward in Figure 2.1A), participants will adopt a more 

conservative decision criterion overall, reducing their false alarm rate while still 

maintaining a reasonable hit rate. They do so even when they are not provided explicit 

instructions regarding the strength of the old items (Verde & Rotello, 2007). Hence, 

participants do attend to the overall strength of test items and regulate their criteria 

accordingly. However, the criterion appears to be resistant or “stubborn” within a 

memory test: for example, participants do not typically show criterion shifts when the 

underlying distribution of memory strength for old items is changed partway through an 

experiment (Hicks & Starns, 2014; Verde & Rotello, 2007; but see Brown, Steyvers, & 

Hemmer, 2007).  

Providing overt feedback about the accuracy of recognition decisions can 

sometimes help participants take advantage of changes in memory strength distributions 

to adjust their criteria. For example, Verde and Rotello (2007) found that participants 
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only adaptively shifted their criteria with changes in the distribution of memory strength 

when external feedback was provided. In contrast, Hicks and Starns (2014) manipulated 

distributions of memory strength and found minimal differences between conditions with 

or without external feedback. We return to these two studies in more detail in the General 

Discussion to discuss how the ostensibly conflicting results may be reconciled in light of 

our findings. 

Similarly, the provision of feedback can sometimes help participants take 

advantage of differences in the base rates of test items. Participants are relatively 

insensitive to differences in the base rate of old or new items (which would be reflected 

as a difference in heights in the two distributions depicted in Figure 2.1A) in the absence 

of explicit instruction (Cox & Dobbins, 2011; Koop, Criss, & Malmberg, 2014). 

However, participants do adjust criterion in accord with base rate differences when they 

are provided with explicit feedback about their responses (Kantner & Lindsay, 2010; 

Koop et al., 2014). 

The above examples suggest that people can use feedback to regulate their 

recognition criterion, particularly in contexts where base rates or strength distributions 

are highly divergent. However, the extant literature suggests that the above examples are 

more the exception than the rule, and feedback is not universally effective for eliciting 

optimal shifts in criterion. Logically, a participant should adopt a criterion that optimally 

balances the trade-off between misses and false alarms (all else being equal, this 

corresponds to a neutral criterion). Unless individuals adopt a perfectly optimal criterion 

in the absence of feedback (which is rarely the case), feedback should provide signals 

that allow the individual to shift the criterion towards a more beneficial position. Instead, 
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explicit feedback about the accuracy of responses often has little effect on criterion 

placement under standard recognition memory circumstances, when there are no drastic 

differences in strength distributions or base rates (Han & Dobbins, 2008, 2009; Kantner 

& Lindsay, 2010; Verde & Rotello, 2007). Thus, the underlying mechanisms that 

determine when and to what degree feedback impacts recognition decisions remain 

unclear. 

The variable impact of feedback during recognition memory is perhaps surprising 

given the importance of outcomes in other domains of decision making. Outcomes are 

highly informative learning signals and reinforcement is a central component of many 

theories of learning and decision making outside of the memory domain (O’Doherty, 

Dayan, Friston, Critchley, & Dolan, 2003; O’Doherty et al., 2004; Schultz, Dayan, & 

Montague, 1997). Moreover, corrective feedback is known to be important in other types 

of memory beyond recognition, such as categorization (Ashby & Maddox, 2005; Stewart, 

Brown, & Chater, 2005), free recall (e.g. Pashler, Cepeda, Wixted, & Rohrer, 2005), and 

real-world education settings (e.g. Kang, McDermott, & Roediger, 2007).  

One experimental manipulation that consistently produces dynamic shifts in 

criterion in standard recognition tasks (i.e., without manipulated changes in the 

underlying strength distributions or base rates) is the provision of false feedback to 

participants. Han and Dobbins (2008, 2009) repeatedly elicited significant criterion shifts 

by providing false positive feedback on trials where participants made an error. For 

example, one group of participants received false positive feedback on all misses, and 

veridical feedback on all other types of responses. Another group of participants received 

false positive feedback on all false alarms, and veridical feedback on all other types of 
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responses. The criterion adopted by these groups differed significantly, with the former 

group adopting a more conservative criterion and the latter group adopting a more liberal 

criterion. A group receiving only veridical feedback failed to significantly shift criterion 

across the experiment. These results indicate that participants do consider feedback about 

outcomes when setting their criterion, even when there are no changes in memory 

strength distributions and base rates throughout the experimental session. 

Thus, the mixed effect of feedback on recognition decisions calls for a 

reexamination of the underlying model and the nature of the feedback. Here, we will 

propose that the diverse prior results can be accommodated within a general 

reinforcement-learning framework. We will provide evidence that an individual’s 

recognition criterion is influenced by Prediction Errors – that is, the impact of feedback is 

scaled as a function of an individual’s expectations. 

Reinforcement Learning and Regulating Recognition Memory Decision 

The effect of false feedback on recognition memory is initially consistent with a 

reinforcement learning (RL) process (Han & Dobbins, 2008, 2009; Scimeca & Badre, 

2012). Reinforcement learning models were developed in computer science, leveraging 

learning principles from Behaviorist psychology (Sutton, 1988; Sutton & Barto, 1998) to 

describe normative solutions by which artificial agents can acquire actions that maximize 

outcomes in simplified environments. Recently, reinforcement learning concepts have 

received renewed attention in psychology and neuroscience, and have been successful in 

explaining a wide variety of behavioral and neuroscience data (Frank, Moustafa, 
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Haughey, Curran, & Hutchison, 2007; Frank, Seeberger, & O’Reilly, 2004; Gläscher et 

al., 2010; O’Doherty et al., 2004, 2003; Schultz et al., 1997; Schultz & Dickinson, 2000). 

The key signal that drives learning in RL is the Prediction Error (PE) signal. The 

PE signal reflects the degree to which the actual outcome of an action deviates from the 

expected outcome, and larger PEs result in greater learning (O’Doherty et al., 2004; 

O’Reilly & Frank, 2006; Schultz et al., 1997). In order to learn the relationship between a 

context, a course of action, and a particular outcome, a positive PE (i.e., receiving a better 

outcome than expected) reinforces the chosen action in a given context and makes it more 

likely to be chosen in an analogous context in the future. Conversely, a negative PE (i.e., 

receiving a worse outcome than expected) makes a course of action less likely to be 

chosen in the future. In simplified environments, RL agents will incrementally converge 

on statistically optimal behavioral strategies for a given context.  

 Several previous studies have suggested a role for reinforcement learning in 

declarative memory decisions (Cox & Dobbins, 2011; Koop et al., 2014; Mickes, Hwe, 

Wais, & Wixted, 2011; Wixted & Gaitan, 2002). Specifically, Han and Dobbins (2008, 

2009) noted several reasons that the effect of false feedback on shifts in the decision 

criterion are consistent with typical characteristics of an RL system. (1) The shifts in 

criterion were demonstrated through behavior and not conscious knowledge: the majority 

of participants did not report being aware of the feedback manipulation or their shifting 

criterion in post-test questionnaires. (2) The shifts in criterion were incremental, 

gradually increasing in magnitude as more trials accumulated. (3) The shifted criterion 

persisted even when feedback was removed from the experiment.  However, a central 

untested hypothesis is that PEs are the primary learning signal that drive dynamic shifts 
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in criterion. The primary purpose of the present study is to test whether recognition 

criteria are evaluated and adjusted in a manner consistent with PE-based learning in an 

RL framework.  

 Participants in the present study completed a recognition memory test wherein 

they made old/new recognition memory decisions and provided a fine-grained continuous 

rating of their confidence.  Our approach is intended to frame recognition memory 

decisions in the same framework as value-based and perceptual decision-making models 

common to the RL literature, and we sought to adopt the conventions of these models. In 

a typical RL model, an individual makes a decision with some expectation of a positive 

outcome, which we will term the Expected Value (EV) of the decision. A critical 

assumption of our framework is that we can derive this EV for a given decision from an 

individual’s response and confidence rating. If this is the case, then the magnitude of the 

resulting PE – the difference between the outcome and the EV – should impact the 

magnitude of criterion shifts. 

 Feedback in a typical recognition task can take two possible forms: positive 

feedback corresponds to an outcome value of 1 (the presence of a rewarding outcome) 

and negative feedback corresponds to a value of 0 (the absence of a rewarding outcome). 

Similarly, the Expected Value associated with a decision is scaled from 0 (low 

expectation of a positive outcome) to 1 (high expectation of a positive outcome). From 

this it follows that a Prediction Error ranges from -1 (a large negative PE, punishing the 

decision that resulted in the PE) to +1 (a large positive PE, reinforcing the decision that 

resulted in the PE).  
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Critically, the correspondence between recognition decisions, confidence, and EV 

is unknown. Therefore, we considered two alternatives for how the EV, and consequently 

the PE, is scaled during recognition memory decisions. The first alternative is that the EV 

derives from the “Expected Response Outcome”. Under this alternative, the EV of a 

decision is directly linked to the confidence rating: low confidence ratings correspond to 

low EVs, and high confidence ratings correspond to high EVs. In other words, the 

participants are rating how confident they are that their response, whether old or new, 

will receive positive feedback. This view is most directly analogous to the way EV is 

typically conceptualized in conventional RL. Figure 2.1B shows the different EVs (black 

bars) and PEs (colored arrows) associated with positive feedback following four example 

responses under this alternative. Figure 2.1C shows the direction and magnitude of the 

resulting criterion shifts predicted by this alternative.  

Under this alternative, the EV is essentially the degree to which the participant 

expects to be correct (and so receive a positive outcome) on a given trial. It is quite 

plausible that people could generate such expectations given that individuals are accurate 

in metacognitively predicting the accuracy of their recognition decisions (correct 

responses are made with higher confidence than incorrect responses, e.g. Stretch & 

Wixted, 1998). The magnitude of a positive PE (and so the degree of criterion shift), 

then, would be negatively correlated with their response confidence for both “old” and 

“new” response types, being largest when confidence is low and smallest when 

confidence is high.  

A second alternative that is perhaps unique to the case of a memory task is that 

the EV may be linked to the retrieved Memory Strength on a given trial. Under this 
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alternative, both Memory Strength and EV increase from left-to-right along the horizontal 

axis of the standard SDT figure, as shown in Figure 2.1A. Figure 2.1D shows the 

different EVs (black bars) and PEs (colored arrows) associated with positive feedback 

following four example responses under this alternative. Figure 2.1E shows the direction 

and magnitude of the resulting criterion shifts predicted by this alternative. Under this 

alternative, memory strength or evidence of oldness is inherently valued, akin to a 

Pavlovian or response-independent predictor of future positive outcomes, with higher 

memory strength predicting better future outcomes.   

Given this pattern of EVs, PEs would follow a pattern such that positive feedback 

on a low memory strength trial would be associated with higher positive PE than on a 

high memory strength trial. Hence, the lowest memory strength is associated with high 

confidence “new” responses, and the highest memory strength is associated with high 

confidence “old” responses. Put another way, the Expected Value of a recognition 

decision is negatively correlated with confidence ratings for “new” responses and 

positively correlated with confidence ratings for “old” responses. Note that this prediction 

for “new” responses is the inverse of what is predicted by the Expected Response 

Outcome alternative.  

 The Memory Strength alternative is consistent with theories positing that 

successful memory retrieval can be inherently rewarding and predictive of positive goal-

relevant outcomes (Han et al., 2010; Johnson, Hashtroudi, & Lindsay, 1993). In the 

neuroimaging literature, successful memory retrieval is consistently shown to recruit 

value-related brain regions like the striatum (Elward et al., 2014; Han et al., 2010; 

Scimeca & Badre, 2012; Wagner et al., 2005). Similarly, classic observations from social 
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psychology, such as the “mere exposure effect,” suggest that people exhibit approach 

responses and preferences for familiar items, again consistent with an inherently valued 

“oldness bonus” (Whittlesea & Price, 2001; Zajonc, 1968, 2001). We further discuss how 

the Memory Strength alternative relates to signal-detection theory and existing models of 

recognition memory in the General Discussion. 

Summary and Logic of the Present Study 

In summary, the present study aimed to test the role of learning based on PEs in 

the support of dynamic shifts in recognition decision criterion. We hypothesized that a 

reinforcement learning system that uses feedback-based PEs as a learning signal is 

responsible for regulating recognition decision criterion. A critical assumption of our 

approach is that the Expected Value of a recognition decision can be derived from an 

individual’s recognition decision and confidence rating. We considered two alternative 

mappings between response confidence and Expected Values, which we termed the 

Expected Response Outcome (ERO) alternative and the Memory Strength (MS) 

alternative. This allowed us to test for a causal role of PEs in dynamic criterion shifts, and 

to directly pit the Memory Strength and Expected Response Outcome alternatives. As 

will be shown, the results are consistent with the Memory Strength alternative.  

 We used a modified version of the false feedback recognition procedure (Han & 

Dobbins, 2008, 2009) that allowed participants to provide their old/new recognition 

response while also providing a concurrent, continuous confidence rating. This procedure 

allowed us to estimate trial-by-trial EVs and PEs. Feedback was manipulated across three 

experimental groups. One group received completely veridical feedback (VF group). One 
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group, termed the False Feedback – New (FF-New) group, received false positive 

feedback on a subset of their “new” response errors (misses) and veridical feedback on all 

other trials. The third group, termed the False Feedback – Old (FF-Old) group, received 

false positive feedback on a subset of their “old” response errors (false alarms) and 

veridical feedback on all other trials. Following Han & Dobbins (2008; 2009), we 

predicted that false feedback would result in an increased propensity to make the 

reinforced decision: the FF-New group should respond “new” more frequently (a 

conservative criterion shift), and the FF-Old group should respond “old” more frequently 

(a liberal criterion shift). 

 In order to experimentally manipulate the magnitude of PEs, we further targeted 

false feedback to either low or high confidence ratings using an adaptive algorithm that 

accounted for individual differences in confidence and response rates. That is, a subgroup 

of the FF-New group received false feedback targeted to Low Confidence “new” 

responses (FF-New-LC) and a separate subgroup of participants received false feedback 

targeted to High Confidence “new” responses (FF-New-HC). Likewise, the FF-Old group 

was divided into subgroups that received false feedback targeted to either Low 

Confidence (FF-Old-LC) or High Confidence (FF-Old-HC) “old” responses. 

If recognition decisions are regulated through PE-based reinforcement, we 

predicted that the magnitude of the criterion shift would be dependent on whether 

participants received false feedback targeted to Low Confidence or High Confidence 

responses. This would suggest that criterion shifts are driven by the magnitude of 

feedback-based PEs. If regulating recognition decisions does not depend on PE-based 
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reinforcement, we would predict no difference between the two FF-New subgroups and 

the two FF-Old subgroups. 

Furthermore, the specific pattern of criterion shifts allows us to differentiate 

between the Expected Response Outcome alternative and the Memory Strength 

alternative. Both alternatives predict that the FF-Old – Low Confidence subgroup will 

show a larger criterion shift than the FF-Old – High Confidence subgroup (orange arrows 

in Figure 2.1). However, the two alternatives make opposite predictions for the FF-New 

participants (blue arrows in Figure 2.1). Specifically, the Expected Response Outcome 

hypothesis predicts that false positive feedback following low confidence “new” 

responses will result in higher PEs than high confidence “new” responses (Figure 2.1B), 

and so the FF-New-LC subgroup will show the largest conservative criterion shift 

(Figure 2.1C). In contrast, the Memory Strength alternative predicts that false positive 

feedback following high confidence “new” responses will result in high PEs (Figure 

2.1D). Thus, this hypothesis predicts that the FF-New-HC subgroup will show the largest 

conservative criterion shift (Figure 2.1E).  

In a final set of analyses, we sought to verify the locus of learning in the false 

feedback recognition paradigm. By fitting drift diffusion models of decision making 

across multiple independent data sets, we specify that the PEs elicited by the false 

feedback procedure shift the memory evidence criterion rather than a response-level 

reporting bias. 
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Method 

Participants. Eighty participants (45 females; age, 18-27 years; mean, 20 years) 

participated in exchange for course credit or payment. All participants had normal or 

corrected-to-normal vision and were native English speakers. Participants gave written 

informed consent according to guidelines established and approved by the Human 

Research Protections Office of Brown University. After completing the experimental 

session, participants were thoroughly debriefed with regard to the false feedback 

manipulation. Participants were randomly assigned to experimental conditions and 

experimenters were blinded to this assignment. 

Stimuli. The stimulus set consisted of 772 nouns naming concrete objects. For each 

participant, a random subset of 640 of the words was selected to be used as study and lure 

items. The words were randomized across study and lure lists for each participant. About 

half of the words referred to organic objects and the rest referred to inorganic objects. 

About half of the words referred to objects smaller than a typical-sized shoebox and the 

rest referred to objects larger than a typical-sized shoebox. 

Procedure. During an initial study phase, participants made semantic judgments for 240 

words. On each study trial, a word was presented on the screen in black Courier New font 

for 300ms. Participants were next presented with one of two semantic decision task cues, 

indicating whether they should make an organic judgment (organic/inorganic) or a size 

judgment (small/large, relative to a typically-sized shoebox) about the preceding item. 

Participants made their response by pressing either the “1” or “2” key on a keyboard. 

Participants were instructed to make their semantic judgment as quickly and as accurately 
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as possible, and were given one second to respond to each semantic decision cue. If 

participants did not respond within one second, a beep indicated that they should try to 

respond faster. Trials were separated by a 1-8 second inter-trial interval. For reasons 

unrelated to the goals of the present experiment, on each trial, the background was one of 

three colors (yellow, red, or green). The order of study words were randomized across all 

participants and across the two semantic decisions. 

The study phase was divided into three blocks of 80 items each. Between study 

blocks, participants were allowed to rest and press a key when they were ready to 

continue. Before the experiment, the participants practiced the semantic decisions on a 

separate set of example object words with the experimenter. Practice words were never 

tested during the recognition phase. At no point during the study phase were participants 

informed that their memory would be later tested for the words they saw during the 

semantic judgment task. The study phase was designed as part of an unrelated study on 

semantic decisions and we do not discuss it further in the present chapter. After the study 

phase, the participants completed a probabilistic selection task (Frank et al., 2004). The 

results from this intermediate task are not discussed here. 

Participants returned approximately 24 hours later to complete the recognition 

test. In the test phase, participants were told that they would complete a memory test for 

the words they had seen in the first phase of the experiment. The test phase consisted of 

288 recognition trials and was divided into six blocks consisting of 48 trials, each 

consisting of equal old and new items. Between blocks, participants were allowed a self-

paced break. Participants were instructed to respond “old” if they recognized the word 

from the first phase of the experiment, and “new” if they did not recognize the word.  
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Participants indicated their response using the left or right arrow key: the left arrow key 

always corresponded to “old” responses and the right arrow key always corresponded to 

“new” responses. After the test item appeared on the screen, participants had 1.5 seconds 

to initiate their response by pressing a key. RT was coded based on the time from item 

presentation to the onset of the button response. 

Participants were further instructed to indicate how confident they were in their 

response by holding down the response key to fill in an open rectangle displayed 

underneath the chosen response (Figure 2.2). The rectangle started filling as soon as the 

button was pressed and stopped as soon as the button was released. The proportion of the 

rectangle filled indicated subjective confidence: low confidence was indicated by filling a 

low proportion of the rectangle and high confidence was indicated by filling a high 

proportion of the rectangle. The highest subjective confidence rating corresponded to 

completely filling the rectangle and took 1.6 seconds from the time of the initial button 

press. The rectangle was 300 pixels high and confidence was recorded as the proportion 

of the total height that had been filled. Regardless of how long it took the individual to 

initiate their response, they were always provided the full 1.6 seconds to indicate their 

confidence. 
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Figure 2.2. Stimulus display of recognition trial. Participants provided a continuous 

confidence rating by filling one of two confidence boxes concurrent with their old/new 

decision and received feedback immediately following the response. 

 

We should note that this approach has two advantages over prior procedures in 

which the recognition confidence ratings are made as a separate response after the 

old/new response. First, we can obtain a more fine-grained measure of confidence on 

each trial, and use this confidence to test for the impact of PEs in this task. Second, when 

multiple actions (e.g., old/new response and confidence rating) precede a reinforcing 

outcome (feedback), there is an issue of temporal credit assignment: how to assign credit 

across multiple actions. A basic solution is to assign credit in a temporally discounted 

fashion, such that actions nearest in time to the reinforcing reward are assigned the most 

credit, and actions further in time are assigned less credit (Montague, 1996; Sutton, 

1988). By collapsing the old/new decision and confidence rating into a single response, 

we help mitigate this temporal credit assignment problem to some degree. 

Immediately after participants released the response key, feedback about the 

accuracy of the response was displayed on the screen for one second (“Correct!” or 

“Incorrect!”). This was followed by a fixation cross of a variable duration so that the total 

trial length (starting from the initial stimulus presentation) was 5 seconds. If a participant 
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did not make her/his initial button press response within the 1.5 seconds deadline, the 

feedback for the trial displayed “No Response!” 

False feedback manipulation. Participants were assigned to one of five experimental 

conditions. The Veridical Feedback (VF; n = 16) group received completely veridical 

feedback. The other four conditions received false positive feedback targeted towards 

either low or high confidence errors. The False Feedback – New group received false 

positive feedback on a subset of “new” errors and veridical feedback on all other trials. 

This group was divided into Low and High Confidence subgroups (FF-New-LC and FF-

New-HC; n = 16 for each subgroup). The False Feedback – Old group received false 

positive feedback on a subset of “old” errors and veridical feedback on all other trials. 

This group was likewise divided into Low and High Confidence subgroups (FF-Old-LC 

and FF-Old-HC; n = 16 for each subgroup).  

The method for targeting false positive feedback employed an adaptive algorithm 

that took into account individual differences in confidence ratings and base rates of 

errors. This information was used to provide approximately equal instances false 

feedback to each participant, provide the false feedback equally across the course of the 

entire recognition test phase, and maximize the difference in the targeted confidence 

between subgroups. The script was designed to provide each participant approximately 

30 instances of false feedback. The script tracked online the participant’s error rate for 

each response type (false alarms and misses.) For each trial in the recognition test, the 

experimental script estimated how many more errors the participant would make and 

determined the proportion of these errors that would need to receive false feedback for 

the participant to receive approximately 30 total false feedback instances. This proportion 
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was updated on a trial-by-trial basis for each participant and was used to probabilistically 

provide false positive feedback.  

For example, consider a FF-Old participant who the script estimated would make 

36 instances incorrect “old” responses. Approximately 83% of her “old” errors would 

receive false positive feedback, in order to provide 30 total instances of false feedback. 

For the first four error trials, the script assumed an error rate of 36 errors (approximately 

equal to the error rate seen in pilot data). For the fifth and subsequent errors, the script 

used the error rate determined online specific to the participant. 

The experimental script also tracked the distribution of confidence used for each 

response type (“old” or “new”), on a participant-by-participant basis. This distribution 

was used to determine if a given trial would receive false feedback.  If the script was 

aiming to provide false feedback on X percent of the remaining error responses, the script 

would determine whether the participant’s confidence on a given trial fell in either the 

lowest or highest X percent of the participant’s confidence distribution, depending on the 

condition. This distribution and cut-off point X was updated on a trial-by-trial basis for 

each participant. 

Continuing the previous example, the script might determine that 83% of the 

remaining “old” response errors should receive false feedback. For a participant in the 

FF-Old-HC group, an “old” response error given confidence rating above the 17th 

percentile mark in her specific confidence distribution would receive false positive 

feedback. An “old” error given a confidence rating below the 17th percentile mark in her 

confidence distribution would receive veridical negative feedback. This would ensure 
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that false feedback was  provided with the appropriate frequency (as estimated by the 

script) and preferentially targeted to high but not low confidence “old” errors for this 

participant. Conversely, for a participant in the FF-Old-LC group, an “old” error given a 

confidence rating below the 83rd percentile received false positive feedback; an “old” 

error given a confidence rating above the 83rd percentile mark received veridical 

negative feedback. See Section I of the Supplemental Material for manipulation checks 

and discussion regarding the distribution of false feedback in this experiment.  

Signal Detection Theory (SDT) and Statistical Analysis Methods. In all experiments, d-

prime (d’) was calculated as the difference between z-scored hit rates and z-scored false 

alarm rates (Green & Swets, 1966; Macmillan & Creelman, 2005). Decision criterion (c) 

was calculated as negative one-half of the sum of z-scored hit rates and z-scored false 

alarm rates (Green & Swets, 1966; Macmillan & Creelman, 2005). Following from Han 

and Dobbins (2009), we divided our analysis of the test phase into blocks in order to 

investigate the pattern of criterion over time. We calculated criterion for an initial 

criterion, middle criterion, and terminal criterion; thus each calculation was based on the 

hit rate and false alarm rate across 96 trials. 

 Because all analyses of criterion were a priori planned test, we considered 

statistical results as significant at an alpha level of p = 0.05. Because we did not have 

strong a priori predictions about additional analyses regarding accuracy and confidence, 

these analyses were Bonferroni corrected for multiple comparisons. 
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Results  

SDT analysis: Accuracy 

Participants performed well at the task overall (d-prime M = 0.94, SD =  0.40). Hit 

rate, false alarm rate, and d-prime scores as a function of group and time are provided in 

Table 2.1. Accuracy estimates from the four feedback conditions were submitted to a 

three-way ANOVA with factors of feedback group (FF-New / FF-Old), targeted 

confidence (Low Confidence / High Confidence), and time (Initial / Middle / Terminal). 

D-prime decreased over the course of the experiment, supported by a main effect of time 

(F(2,120) = 6.135, p = .003, ηp
2
 = .093). This effect may be due to fatigue, and/or 

criterion shifts in the false feedback groups. No other main effects or interactions reached 

significance.  
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    Time     

    Initial Middle Final 

Criterion Veridical 0.15 (0.08) 0.04 (0.09) 0.00 (0.11) 

  FF-New - High Confidence 0.13 (0.09) 0.26 (0.09) 0.39 (0.09) 

  FF-New - Low Confidence 0.16 (0.06) 0.18 (0.08) 0.10 (0.07) 

  FF-Old - High Confidence 0.03 (0.07) -0.08 (0.08) -0.26 (0.08) 

  FF-Old - Low Confidence -0.12 (0.09) -0.33 (0.10) -0.39 (0.09) 

D-Prime Veridical 0.99 (0.18) 0.93 (0.15) 0.82 (0.13) 

  FF-New - High Confidence 1.14 (0.11) 1.06 (0.16) 0.93 (0.10) 

  FF-New - Low Confidence 1.02 (0.12) 1.01 (0.1) 0.92 (0.12) 

  FF-Old - High Confidence 1.15 (0.09) 1.04 (0.11) 0.92 (0.09) 

  FF-Old - Low Confidence 0.84 (0.13) 0.67 (0.1) 0.61 (0.11) 

Hit Rate Veridical 0.63 (0.04) 0.65 (0.04) 0.64 (0.05) 

  FF-New - High Confidence 0.66 (0.03) 0.60 (0.04) 0.53 (0.03) 

  FF-New - Low Confidence 0.63 (0.03) 0.62 (0.03) 0.63 (0.03) 

  FF-Old - High Confidence 0.70 (0.03) 0.72 (0.03) 0.75 (0.03) 

  FF-Old - Low Confidence 0.69 (0.03) 0.74 (0.03) 0.75 (0.02) 

FA Rate Veridical 0.28 (0.04) 0.33 (0.04) 0.35 (0.04) 

  FF-New - High Confidence 0.27 (0.04) 0.24 (0.04) 0.22 (0.03) 

  FF-New - Low Confidence 0.26 (0.03) 0.26 (0.04) 0.30 (0.03) 

  FF-Old - High Confidence 0.29 (0.03) 0.34 (0.04) 0.42 (0.04) 

  FF-Old - Low Confidence 0.39 (0.04) 0.50 (0.05) 0.53 (0.05) 

 

Table 2.1. Criterion, D-Prime, Hit Rate, and False Alarm Rates for Main 

Experiment.  

Values in parentheses represent standard error of the mean. FA: false alarms. 

 

SDT analysis: Decision criterion.  

Criterion estimates from all conditions are shown in Table 2.1 and Figure 2.3. To 

assess the role of PEs in criterion shifts, decision criterion estimates from the four false 

feedback conditions were submitted to a three-way ANOVA with factors of feedback 

group (FF-New / FF-Old), targeted confidence (High Confidence / Low Confidence) and 

time (Initial / Middle / Terminal). We replicated the main effect of false feedback: the 

FF-New groups adopted a more conservative criterion and the FF-Old groups adopted a 
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more liberal criterion (F(1,60) = 30.551, p < .001, ηp
2
 = .337; see Section II of the 

Supplemental Material for further replication in two additional data sets). 

In addition to targeting false feedback to either low or high confidence responses, 

we titrated false feedback so that it was provided at an approximately equal rate across 

the entire experimental session and in approximately equal numbers to all participants. 

Having controlled the provision of feedback in this way, we found evidence of 

incremental learning: the difference between the FF-New groups and FF-Old groups 

increased over the course of the experiment (group by time interaction, F(2,120) = 

14.415, p < .001, ηp
2
 = .194).  

 To specifically assess the role of PEs, we next analyzed the effect of the targeted 

confidence manipulation. Note that any difference between the Low Confidence and 

High Confidence subgroups supports a role for PE-based reinforcement in regulating 

recognition decisions; further, the specific pattern of results allows us to discriminate 

between the Expected Response Outcome and Memory Strength alternatives. As shown 

in Figure 2.3, our results support the Memory Strength alternative: the largest criterion 

shifts were observed in the FF-New – High Confidence and FF-Old – Low Confidence 

groups. This alternative is supported statistically by a main effect of targeted confidence: 

the effect of PEs under the Memory Strength alternative manifests as a main effect 

because the High Confidence groups show a more positive criterion than the Low 

Confidence groups. This holds for both the FF-New (High Confidence shows larger 

positive shift) and FF-Old groups (High Confidence shows smaller negative shift). 

Across the whole experiment, we found a main effect of targeted confidence (F(1,60) = 
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4.042, p < .05, ηp
2
 = .063). Consistent with the Memory Strength alternative, there was no 

significant group by confidence interaction (F(1,60) = 0.200, p = .656, ηp
2
 = .003).  

 

 

Figure 2.3. Criterion Shifts. Signal detection estimates of criterion across experimental 

groups over the initial, middle, and terminal thirds of the of the recognition test session. 

Error bars indicate standard error of the mean. 

 

 We note that we did not observe a reliable interaction between targeted 

confidence and time (F(2,120) = 2.406, p = 0.095). Because the experiment was double 

blind and employed random assignment, we have no reason to assume that there were 

group differences in default criterion before participants began the experiment. Thus, we 

interpret the main effect of targeted confidence as evidence that the false feedback 

manipulation caused shifts in criterion from individuals’ pre-experimental default 

criterion. However, we cannot rule out the possibility that our effect is due to a failure of 
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random assignment (a Type I error with probability equal to our alpha level of 0.05). We 

did observe an interaction between targeted confidence and time for the FF-New group 

(F(2, 60) = 5.020, p < 0.01) but not the FF-Old group (F < 1). This null result may be due 

to rapid learning in the FF-Old-LC condition that resulted in a large criterion shift in the 

initial phase (Figure 2.3). 

 Given an incremental learning effect, we might expect the impact of targeted 

confidence to be strongest at the end of the experiment. That is, the effects of small 

versus large PEs will be largest after participants have had the most opportunities to learn 

from feedback. The pattern of terminal criteria confirmed this expectation: there was a 

main effect of targeted confidence (F(1,60) = 6.612, p = .014, ηp
2
 = .099) and no group 

by confidence interaction (F(1,60) = 0.901, p = .346, ηp
2
 = .015). The main effect of 

targeted confidence indicates that PEs support dynamic shifts of criterion, and that PEs 

are scaled relative to retrieved memory strength.  

  Finally, recall that the two alternatives differ primarily in their opposite 

predictions about the relative positions of the two FF-New groups: the Memory Strength 

alternative predicts that the FF-New-HC will show a more conservative criterion, while 

the Expected Response Outcome alternative predicts that the FF-New-LC will show a 

more conservative criterion. A t-test between the terminal criterion for these two groups 

confirms that the FF-New-HC group adopted a more conservative criterion (t(30) = 

2.622, p = .014, Cohen’s d = 0.937 ), supporting the Memory Strength alternative.  
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Confidence analyses 

To fully characterize the pattern of confidence responses across our various 

manipulations, we analyzed confidence ratings as a function of response type, feedback 

group, targeted confidence, and time. We restricted our analysis to the four groups which 

received false positive feedback and so did not include Veridical. Confidence ratings 

were submitted to a five-way ANOVA with factors of recognition response (Old / New), 

accuracy (Correct / Incorrect), feedback group (FF-New / FF-Old), targeted confidence 

(Low Confidence / High Confidence), and time (Initial / Middle / Terminal).  

A test of the Expected Response Outcome alternative requires that individuals 

have above-chance metacognitive accuracy; that is, correct responses are made with 

higher confidence than incorrect responses. This was confirmed by a main effect of 

accuracy (F(1,60) = 309.343, p < .001). Table 2.2 shows the means and standard error 

for confidence ratings of each group as a function of correct and incorrect responses. 

Likewise, “old” responses were made more confidently than “new” responses (main 

effect of Response, F(1,60) = 35.958, p < 0.001). Both of these effects are consistent with 

previous research. 

  Response Type 

  Correct Incorrect 

Veridical 0.50 (0.06) 0.39 (0.05) 

FF-New - High 

Confidence 
0.62 (0.05) 0.45 (0.04) 

FF-New - Low Confidence 0.54 (0.03) 0.38 (0.03) 

FF-Old - High Confidence 0.64 (0.04) 0.49 (0.04) 

FF-Old - Low Confidence 0.46 (0.03) 0.35 (0.03) 

 

Table 2.2. Mean Confidence Ratings for Correct and Incorrect Responses for Each 

Group. 

Values in parentheses represent standard error of the mean. 
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There was also an accuracy by response interaction (F(1,60) = 97.877, p < 0.001). 

The difference between correct and incorrect responses was larger for “old” responses 

than for “new” responses. This effect was driven by the fact that correct “old” responses 

were made with higher confidence than correct “new” responses. This may reflect the 

qualitative difference between “old” responses (in which there is the presence of positive 

evidence for a previous encounter) and “new” responses (in which these is an absence of 

positive evidence for a previous encounter). It may also reflect contributions of 

recollection-based processes to “old” responses. 

Participants in the Low Confidence groups made more low confidence responses 

than participants in the High Confidence groups (main effect of targeted confidence, 

F(1,60) = 12.163, p < .001), regardless of response type. Note that this main effect cannot 

explain the criterion shift results, because the FF-Old – Low Confidence and FF-New – 

High Confidence groups showed the largest shifts in criterion.  Interestingly, this effect 

was not specific to the type of response that received false positive feedback (targeted 

confidence by feedback group interaction: F(1,60) = 1.657, p = .204); this effect was seen 

across both “old” and “new” responses for both the FF-New and FF-Old groups.  

Finally, there was a main effect of time such that confidence ratings became lower 

over the course of the experiment (F(2,120) = 22.049, p < 0.001); this may reflect 

participants’ tendency to reduce their confidence ratings as they garnered more 

experience with the recognition task and received feedback on their performance.  No 
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other main effects of interactions reach significance after correction for multiple 

comparisons. 

Individual differences analysis: correlating net prediction errors with criterion 

 To further assess the role of PEs in dynamic shifts of criterion, we computed the 

net PE that each participant encountered across all trials of the recognition test, and 

correlated this net PE with each participant’s criterion. The criterion analyses reported 

above demonstrate a causal effect of targeting false positive feedback to low or high 

confidence errors. However, individuals do not only experience PEs following false 

positive feedback; instead, our framework suggests that each feedback instance provides 

a PE signal. Thus, this analysis allows us to leverage the Net PE signal that an individual 

participant encounters across all trials, including both veridical and false feedback trials.  

Using the same logic described in the introduction and in Figure 2.1, we derived 

an Expected Value for each trial and calculated the corresponding PE for that trial. Again, 

a key assumption of our framework is that the Expected Value of a recognition decision 

can be derived from the participant’s responses and confidence ratings. A reliable 

relationship between PEs calculated in this way and an individual’s criterion would 

provide evidence consistent with PE-based learning of recognition criterion. We 

considered both alternatives for deriving an EV and computing the PE: one in which PE 

is scaled relative to Memory Strength, and another in which PE is scaled relative to the 

Expected Response Outcome. Consistent with the decision-making and RL literature, we 

derived EV on a scale of 0 to 1 for all decisions. Also consistent with the existing 
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literature, we assigned positive feedback an outcome value of 1 (both veridical and false) 

and negative feedback a value of 0. 

 To derive PEs scaled according to Memory Strength, we first computed an EV for 

each trial on a scale where the highest confidence “new” responses (i.e., low memory 

strength) corresponded to 0 and the highest confidence “old” responses (i.e., high 

memory strength) corresponded to 1 (e.g. black bars in Figure 2.1D). We then computed 

PE by taking the difference between the actual outcome and this derived EV (e.g. arrows 

in Figure 2.1D show PEs for positive feedback). To match the sign of criterion estimates 

(more liberal criterion is more negative), the sign of PEs was adjusted such that all PEs 

favoring “old” responses (positive outcomes after an “old” response; negative outcomes 

after a “new” response) were given a negative sign, while all PEs favoring “new” 

responses (positive outcomes after a “new” response; negative outcomes after an “old” 

response) were given a positive sign. These PEs were averaged across all trials (including 

trials that received false feedback and trials that received veridical feedback) to assign 

each participant a Memory Strength Net PE (MSNPE) score.  

 To derive PEs scaled relative to Expected Response Outcome, we first computed 

an EV for each trial on a scale where the lowest confidence responses (i.e., low expected 

outcome) corresponded to 0 and the highest confidence responses (i.e., high expected 

outcome) corresponded to 1, regardless of whether or not it was an “old” or “new” 

response (e.g. black bars in Figure 2.1B). As above, the PE was computed by taking the 

difference between the actual outcome and this EV (e.g. arrows in Figure 2.1B show PEs 

for positive feedback), and the sign of the PE was adjusted so that PEs favoring “old” 

responses were given a negative sign and PEs favoring “new” responses were given a 



72 

 

positive sign. These PEs were averaged across all trials to assign each participant an 

Expected Response Outcome Net PE (ERONPE). 

 We correlated these Net PE scores with each individual’s criterion. If criterion is 

regulated through PE-based learning, more negative Net PE scores should be associated 

with more liberal criteria and more positive Net PE scores should be associated with 

more conservative criteria. Note that we do not use the change in criterion (the difference 

between terminal and initial criterion) as our dependent measure because the initial 

criterion is not an appropriate baseline. Because false feedback is provided immediately 

from the onset of the test phase, even the initial criterion estimate reflects some degree of 

criterion shift away from an individual’s “default” criterion. In fact, in many decision-

making and reinforcement learning tasks, learning rate is often highest during the initial 

portion of a learning experience. 

 We found a reliable correlation between Net PE scores and criterion, which is 

consistent with hypothesis that PE-based learning is engaged to regulate recognition 

decisions. Both the MSNPE (R = 0.52, p < .001) and the RONPE (R = 0.51, p < .001) 

were significantly and positively correlated with criterion and did not reliably differ in 

their R
2
. Figure 2.4 shows this correlation.  
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Figure 2.4. Net PE Correlational Analysis. Scatterplot and best fit line showing the 

correlation between Memory Strength Net PE and criterion. Experimental group is 

denoted by color. 

 

Importantly, this correlation could be driven by the main effect of feedback group. 

That is, it may simply be the case that the FF-New group received more positive feedback 

on “new” responses and adopted a conservative criterion (and vice versa for the FF-Old 

group) and this simple group effect is driving the correlation between Net PE and 

criterion (cf. Simpson, 1951). In order to demonstrate an effect of Memory Strength PEs 

over and above the effect of group, we performed a multiple regression analyses that 

included a categorical predictor for Group (FF-Old, FF-New, Veridical) and a predictor 

for MSNPE. In this model, the beta weights for the PE predictors represent partial 

regression coefficients, controlling for the effect of group. This model provided a reliable 

fit to the data (R = 0.552; p < 0.001) and both the Group and MSNPE were significant 

predictors of criterion (both p’s < 0.05). This indicates that MSNPE predicts criterion 

even after controlling for the effect of Group, consistent with a role for PE-based learning 

that occurs for both veridical and false feedback trials. 

Finally, we performed a multiple regression analysis that included predictors for 

Group, MSNPE, and ERONPE. This model tests for three partial regression coefficients: 
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(1) the effect of Group, after controlling for MSNPE and ERONPE; (2) the effect of 

MSNPE, after controlling for Group and ERONPE; and (3) the effect of ERONPE, after 

controlling for Group and MSNPE. Including all of these in the same model allows us to 

test whether the MSNPE or ERONPE provides a better fit to the data. In this model, 

however, we find that none of these predictors are significant (Group: p = 0.47; MSNPE: 

p = 0.06; ERONPE: p = 0.16). That is, none of the individual predictors provides a 

reliable increase in predictive power after controlling for the other two predictors in the 

model. Therefore, this approach does not allow us to differentiate between the MS and 

ERO alternatives. However, the reliable multiple correlation coefficient for the model (R 

= 0.568; p < 0.001) indicates the model, as a whole, is a strong predictor of criterion.  

We note that we replicated this general pattern of Net PE results across an 

independent data set collected using the false feedback recognition paradigm, as 

described Section II of in the Supplemental Material. 

Discussion 

We used an experimental manipulation of false feedback targeted to high or low 

confidence responses to show that PEs cause shifts in the recognition criterion. Moreover, 

the results indicated that PEs are scaled as a function of Memory Strength rather than 

Expected Response Outcome. Specifically, we found that the criterion shift was more 

liberal for the FF-Old-LC relative to the FF-Old-HC group and was more conservative 

for the FF-New-HC group than for the FF-New-LC group. This pattern supports the 

Memory Strength alternative, particularly the difference for the New groups, which are 

opposite of the prediction from the Expected Response Outcome alternative. These 
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results suggest that the EV used to compute PEs is linked to the underlying retrieved 

memory strength associated with the recognition decision. 

We obtained evidence of change in the criterion over the course of the 

experimental session. As the participants encountered additional feedback, they enacted 

further adjustments to their recognition decision criterion. This is consistent with an 

incremental reinforcement learning process and with previous observations (Han & 

Dobbins, 2009). An important caveat is that this incremental effect was observed only for 

the difference between groups (FF-Old versus FF-New) but not for targeted confidence. 

The main effect of targeted confidence supports a PE-based learning account, but this 

effect did not increase over time. Therefore, we cannot rule out the chance of a false 

positive (a Type I error) whereby the main effect of targeted confidence is due to a failure 

of random assignment. 

In addition to criterion shifts, we found that confidence responses themselves 

changed over the course of the session, with participants being more likely to make the 

reinforced confidence decision. This pattern may reflect some response-level learning 

occurring in parallel with learning of memory criterion. Specifically, based on the false 

feedback, participants may learn that low (or high) confidence responses are more likely 

to receive a positive outcome. This learning is not specific to either “old” or “new” 

responses, and instead the participant simply makes more low (or high) confidence 

responses, in general. Although our data suggest that PEs scaled relative to Memory 

Strength are more important for driving shifts in criterion, they do not rule out a separate 

or complementary role for PEs scaled relative to the Expected Response Outcome. 
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It is important to note that this change in confidence responses does not confound 

the observed change in criterion: we observed a larger shift in criterion in one Low 

Confidence group (FF-Old-LC) and one High Confidence group (FF-New-HC). In the 

same way, our observed pattern of criterion shifts is not easily explained by differences in 

salience or frequency of the targeted confidence levels. Because we used a continuous 

measure of confidence (as opposed to e.g. separate buttons for Low or High Confidence) 

we did not use a categorical cut-off to separate “low confidence” from “high confidence”. 

Since we were not constrained to a few categorical responses, the types of trials targeted 

in the FF-New-HC condition did not differ in rarity from the types of trials targeted in the 

FF-New-LC (and likewise for the FF-Old groups). 

Finally, we also obtained evidence that the Net PE encountered across all trials 

(including both veridical and false feedback) is predictive of an individual’s criterion. 

This individual differences effect was observed even after for controlling for the main 

effect of group. However, this approach was not able to show that the Memory Strength 

alternative provides a better fit to the data than the Expected Response Outcome 

alternative. This may be due to the fact that the PEs predicted by the MS and ERO 

alternative are correlated (particularly for “old” responses) and this observation provides 

a cautionary note regarding using a subject-level individual differences analysis to test 

PE-driven learning in these contexts. However, the results of our causal manipulation (in 

particular, the pattern seen in the FF-New groups) suggests that PEs scaled relative to 

Memory Strength are more important in driving shifts in criterion. 

Following from this discussion, an important open question for the criterion shift 

concerns the locus of learning. Concretely, within the signal detection theory frame, 
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criterion is computed on the proportion of “old” and “new” responses. Hence, it is not 

possible to distinguish whether the shift in criterion reflects learning how to categorize 

evidence from memory or rather reflects a change in response tendencies (i.e. a drive to 

respond “old” or “new” regardless of the evidence from memory). The concluding 

analyses use drift diffusion modeling based on accuracy and response time to address this 

final question. 

Drift Diffusion Modeling: Identifying the Locus of Learning 

A fundamental open question concerns the psychological locus of learning that 

underlies shifts in decision criterion during recognition memory tasks. As criterion within 

the SDT framework is estimated based solely on the responses of participants (their 

proportion of hits and false alarms), we cannot assess from this whether the shift in 

criterion is due to a change in the way that evidence from memory is treated when 

categorizing an item as old or new or simply reflects a change in the tendency to report 

old or new. More specifically, according to the response-level learning account, criterion 

shifts may occur simply because the participant learns that a specific response (e.g. “old” 

or “new”) is more likely to result in a positive outcome. In this case, criterion shifts are 

simply a specific case of straightforward feedback-based response learning. As such, an 

apparent shift in criterion could occur even in the absence of a change in the evaluation of 

evidence from memory (i.e., consider that the participant simply presses “old” more often 

because this is rewarding, regardless of what they remember). By contrast, according to 

the memory-level learning account, a criterion shift occurs if the participant learns to 

better evaluate ambiguous retrieval outcomes with regard to the category of a cue (old or 

new). For example, individuals may shift their criterion as they learn to associate a 
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specific level of memory strength with old items. In this case, criterion shifts reflect a 

true dynamic shift in the underlying memory decision processes.  

Both accounts are plausible given the evidence of criterion shifts based only on 

rates of hits and false alarms.  Indeed, at least one previous study that used explicit pay-

offs to reward “old” or “new” responses, interpreted their effects in terms of response 

level learning rather than as a change in the evaluation of evidence from memory (Curran 

et al., 2007). The present design holds a similar ambiguity. Thus, in order to characterize 

criterion placement during recognition memory as an RL process, it is crucial to 

determine whether the evidence to date is actually evidence of memory training or is 

simply standard response or motor level reinforcement in the context of a recognition 

decision. Though estimates of criterion based only on responses are of limited help in 

adjudicating among these alternatives, a change in response bias versus a change in 

evidence evaluation can be identifiable when one considers the response time (RT) 

distributions associated with error and correct responses under each model.  

The widely applied drift diffusion model (DDM) is one decision making 

framework that incorporates both RT and accuracy in order to identify response bias from 

the criterion placed on evidence evaluation (e.g. Ratcliff & Starns, 2009; Ratcliff, 1978; 

Starns, Ratcliff, & McKoon, 2012). Thus, we complemented SDT modeling with DDM 

to better distinguish the locus of learning in the present work. In the DDM, the decision 

process arises from noisy evidence accumulation (or drift) towards one of two response 

bounds (Figure 2.5). For recognition decisions, one bound corresponds to an “old” 

response and the other bound corresponds to a “new” response. Thus, over time, evidence 

accumulation drifts towards one of these response bounds at a rate (i.e., the drift rate; v) 



79 

 

that is determined by the strength of evidence recovered from memory. Evidence that is 

evaluated as signaling “old” leads to a positive drift rate, towards the “old” boundary. 

Evidence that is evaluated as signaling “new” leads to a negative drift rate, towards the 

“new” boundary. The accumulation process is terminated when the drift reaches either 

boundary, and the corresponding response is made. Stronger evidence would lead to a 

larger drift rate, and thus, a faster response.  

 

Figure 2.5. Schematic of the effects of shifts in the drift criterion on drift rates in the 

DDM. Plots in top row illustrate neutral (a), liberal (b), or conservative (c) placement of a 

drift criterion that is used for micro SDT processes at each time step of a drift process and 

that increment drift up or down. Plots in bottom row illustrate the impact of this drift 

criterion placement on the relative positive (toward “old”) and negative (toward “new”) 

drift. The response bias (z) is the starting point between the two response bounds and is 

depicted as a dashed line. Response bias is in the neutral position in all plots, equally 

between old and new. Shifting start point positively or negatively would also increase the 

bias to make old or new responses respectively, but would do so independent of the level 

of evidence on any trial.  

 

Within this framework, the response-level versus memory-level learning 

alternatives could be formalized as a change in either response bias or drift criterion, 

respectively (Criss, 2010; Ratcliff & McKoon, 2008; Starns, Ratcliff, & McKoon, 2012; 
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Voss, Rothermund, & Brandtstädter, 2008). The response bias, z, determines the starting 

point of the diffusion process relative to either of the response boundaries. When bias is 

closer to the “old” response boundary, participants are overall more likely (requiring less 

evidence) to respond “old” independently of the strength of the evidence (drift rate).  

Shifts in response bias result in a larger effect on the leading edge of the RT distribution 

relative to shifts in the drift criterion (Ratcliff & McKoon, 2008). Response bias shifts are 

most closely analogous to the response-level learning described above: a response bias 

shift means that one of the responses is more likely to occur, in general, but this bias is 

not influenced by the actual evidence accumulation or dynamic decision process.  

The drift criterion parameter, dc, in the DDM determines whether observation of a 

signal of a given strength is more likely to elicit drift towards the “old” or “new” 

boundary. This is not thought to change how a memory strength or match signal is 

retrieved from long term memory (which is impacted by factors such as strength of 

studied items) but instead how this match signal is evaluated and mapped onto drift rate 

(Ratcliff & McKoon, 2008; Ratcliff & Starns, 2009; Starns, Ratcliff, & McKoon, 2012). 

From this perspective, the drift process can be thought of as a series of small signal 

detection processes, where at each time step, the evidence for an item is sampled. If that 

sample is greater than the old/new criterion then the drift is incremented toward “old,” 

and is otherwise incremented toward “new.” The criterion of those signal detection 

processes conducted at each time step is the drift criterion.  

At the aggregate decision level, shifting the drift criterion in a liberal direction 

will increase the average positive (i.e., toward “old”) drift rate along with a 

corresponding decrease in the average negative drift rate (Figure 2.5B). Conversely, a 
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conservative shift in drift criterion will result in a decrease in the average positive drift 

rate and a corresponding increase in the average negative drift rate (Figure 2.5C). This 

change in drift criterion is most closely analogous to the memory-level learning described 

above: a criterion shift means that a certain level of evidence or memory strength is now 

more likely to be classified as “old” as opposed to “new.” A change in the RT 

distribution based on either a change in bias or drift criterion can be determined by the 

effects on the tail and leading edge of the RT distribution: changes in drift criterion have 

a larger impact on the tail than do changes in bias (Ratcliff & McKoon, 2008).  

A change in either of these parameters in the model would lead to an essentially 

identical change in response proportions as measured via the standard SDT estimates, but 

they are identifiable within the DDM. Notably, the few studies investigating these two 

accounts of criterion during recognition memory have found that manipulating base rates 

and target strength resulted primarily in changes in response bias parameters, with subtle 

effects on drift criterion as well (Criss, 2010; Starns, Ratcliff, & McKoon, 2012).  

To summarize, we applied the drift diffusion model to address the question: when 

an individual shifts her/his criterion in the context of false feedback, what is the 

psychological locus of this adjustment? We consider two alternatives: (1) criterion shifts 

are the result of response-level; (2) criterion shifts are the result of changes in the 

evaluation of retrieved memory evidence as either “old” or “new.” Thus, we contrasted 

various drift diffusion models to see which parameter was better able to capture the 

changes across our empirical data sets. 
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Method 

Model Parameterization and Estimation Procedures 

The recognition decision was modeled using the DDM, following prior work (e.g. 

Ratcliff, Thapar, & McKoon, 2004). For all model variants, parameters were fit to the 

accuracy and RT data (from both correct and error trials). We estimated bias (z) and drift 

criterion (dc); along with parameters for an initial non-decision interval (t), thought to 

reflect processes like encoding of the target; and the distance between the boundaries (a) 

(see Figure 2.5).  Inter-trial variability parameters were not included in the model. Model 

fitting was conducted using the Hierarchical Drift Diffusion Modeling (HDDM) module 

(Wiecki, Sofer, & Frank, 2013). This module, implemented in Python, uses a hierarchical 

Bayesian estimation procedure that fits the DDM parameters based on all participant data 

simultaneously. This approach is analogous to random effects estimation in that it treats 

between subject variance as a random variable while fitting within-subject parameters 

simultaneously, and so has advantages over other approaches like pooling all participant 

data or fitting each individual participant separately. The HDDM software uses 

informative priors to constrain parameter estimates within a range of plausible values 

(Wiecki et al., 2013). 

We independently fit the data from the experiment reported above, as well as 

from two independent data sets described in the Section II of the Supplemental Material. 

For each data set, we focused on two potential DDM models. In particular, we fit a 

model, termed the “drift criterion model,” in which drift criterion (dc) was allowed to 

vary across false feedback group (e.g., Veridical, FF-Old, FF-New) and time (First Half 
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versus Second Half of the experimental session); and a model, termed the “response bias 

model,” in which response bias (z) was allowed to vary across false feedback group and 

time.  No other parameters were allowed to vary as a function of feedback group or time. 

We also fit a third model that allowed both drift criterion and response bias to vary as a 

function of feedback group and time. The deviance information criterion (DIC) and 

posterior parameter estimates from these models are reported in the results. Simulated RT 

distributions were produced using the best fitting model parameters as a posterior 

predictive check, as implemented in the HDDM software. Quantile plots of these 

simulated distributions are shown in Supplemental Figure 2.7 (see Supplemental 

Material) and the simulated data were considered credible if the observed data was 

captured in the 95% credible interval of simulated data. 

Response time data were examined for outliers: any response faster than 300ms 

was considered a guess or an error and excluded from the analyses (Criss, 2010; Ratcliff 

et al., 2004; Starns, Ratcliff, & White, 2012). Non-response errors (when participants 

failed the response deadline) were excluded from analysis. These comprised fewer than 

3% of trials on average across participants.   

A Markov-chain Monte-Carlo (MCMC) procedure estimated the DDM 

parameters’ posterior distributions. 10,000 samples from the distributions were estimated. 

The first 3,000 samples were discarded (burn in), and of the remaining samples, every 

tenth sample was retained (thinning). Model convergence was assessed based on Monte-

Carlo error (MC error) and visual assessments of chain convergence (Gelman, Carlin, 

Stern, & Rubin, 2004). Model selection was based on minimization of the deviance 
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information criterion (DIC), which is more readily compatible with MCMC estimation 

than Akaike information criterion or Bayesian information criterion.  

Results 

Both the drift criterion and response bias models provided good fits of the data. In each 

model, MC error was less than 1% of the standard deviation of the posterior distribution 

for all parameters, providing evidence of convergence. Critically, however, behavior was 

better fit by the drift criterion model than the response bias model, as indicated by lower 

DIC scores. Table 2.3 shows DIC scores for each model. Figure 2.6 depicts the plots of 

the parameter estimates for each experiment and shows that the posterior plots from the 

drift criterion models are qualitatively more similar to the pattern seen in the signal 

detection theory analyses of criterion than are posterior plots from the response bias 

models. Furthermore, we replicated this pattern of results across two independent data 

sets, as described in Section II of the Supplemental Material. 

 Finally, a third model that allowed both drift criterion and response bias to vary 

provided a better fit than either of the restricted models (Table 2.3).  One caveat to this 

result is that this third model contains an extra parameter than the restricted models. The 

DIC procedure is designed to account for this difference in parameters; however, there 

remains the chance that it does not adequately penalize for the additional parameter in 

this model. This is not an issue for the comparison between the two restricted models 

since they each contain the same number of parameters. 
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Figure 2.6. DDM Parameter Estimates. Interaction plots show the DDM estimates of 

the drift criterion (left column) and the response bias (right column) for each 

experimental group across the first and second half of the recognition test session. On 

each graph, more conservative values are plotted up and more liberal values are plotted 

down. Drift criterion and response bias were estimated in separate models. Model 

comparison indicated that a DDM model in which drift criterion shifted over time fit the 

data better than a model in which response bias shifted over time. Error bars represent 

95% confidence intervals. 

 

 

Model DIC deviance pD 

Drift Criterion 22186 21820 366 

Response Bias 23042 22692 350 

Full Model 21935 21469 465 

 

Table 2.3. Comparison among alternative drift diffusion models. Lower DIC values 

indicate better fitting model. DIC: deviance information criterion. 

 

 

Discussion 

The data from three independent experiments were consistently better described 

by the drift criterion model than the response bias model. These outcomes suggest that 

the pattern of response time and accuracy is more consistent with a change in the way 

that evidence is evaluated and categorized as “old” or “new,” and not an evidence-
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independent bias to report “old” or “new.” As such, criterion shifts are not simply a 

special case of conventional response-based RL in which participants learn that a given 

action (an “old” or “new” response) is more associated with a positive outcome. Instead, 

participants adjust the process by which they evaluate retrieved evidence. That is, they 

learn to adjust the ‘cognitive action’ that maps a given level of memory evidence to either 

an “old” or “new” decision.  

Together with the SDT results linking the Expected Value of decisions to the 

underlying retrieved memory strength, these results suggest that feedback-based shifts in 

recognition criterion involve latent memory states and memory evaluation processes 

distinct from typical perceptual decision making and RL paradigms. However, we note 

that a third model that included both shifts in drift criterion and in response bias provided 

the best fit to the data, notwithstanding potential caveats regarding model complexity and 

DIC scores. Therefore, it is possible that both shifts in drift criterion and in response bias 

contribute to feedback-based criterion shifts. 

The DDM is one of many competing models of recognition memory decisions 

(Clark & Gronlund, 1996; Dennis & Humphreys, 2001; Glanzer et al., 2009; Ratcliff & 

Starns, 2009; Ratcliff, 1978; Shiffrin & Steyvers, 1997; Van Zandt, 2000; Wixted & 

Gaitan, 2002). Importantly, the role of PEs in driving criterion shifts is not dependent on 

the assumptions of the DDM; we chose to apply the DDM to our data because this 

framework has components that allow us to clearly differentiate between the response-

level and memory-level alternative explanations of criterion shifts, which are 

indistinguishable in the conventional SDT framework. This is a novel application of the 
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drift diffusion model, as to our knowledge the DDM has not previously been used to 

investigate feedback-based criterion shifts in recognition memory. 

 

General Discussion 

 We tested the hypothesis that PE signals drive dynamic control of recognition 

decisions. In an old/new recognition memory task, we manipulated the magnitude of PEs 

by providing false positive feedback following either low confidence or high confidence 

errors. This approach yielded two key results. First, the magnitude of PEs causally 

impacted the magnitude of dynamic criterion shifts such that larger PEs led to greater 

shifts in criterion. Second, this pattern of results was best explained by a model wherein 

PE is scaled relative to the underlying retrieved memory strength associated with a 

recognition decision. This suggests that the Expected Value of a recognition memory 

decision, which is in turn used to compute PEs following outcomes, is linked to the 

retrieved memory strength. Finally, converging results from drift diffusion modeling 

show that these criterion shifts involve a change in the way that evidence retrieved from 

memory is evaluated, more so than a simple change in response bias. Together, these 

results provide empirical evidence consistent with recent theories positing an important 

role of PEs and reinforcement learning circuits in the cognitive control of declarative 

memory retrieval (Han & Dobbins, 2009; Scimeca & Badre, 2012; Wixted & Gaitan, 

2002). 

 Cognitive control strategies are critical to the efficient use of declarative memory. 

Previous work has suggested that declarative memory control strategies are learned and 
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updated in a manner akin to skill-learning (Benjamin, 2007; Scimeca & Badre, 2012). 

Although we hypothesize that this is broadly applicable across declarative memory, here 

we used recognition memory as an experimental task to demonstrate one of the primary 

predictions of this hypothesis: the magnitude of PEs should impact adjustments in 

memory control strategies. Earlier work showing that feedback could influence shifts in 

criterion was consistent with this hypothesis, but did not directly manipulate the 

magnitude of PEs (Han & Dobbins, 2008, 2009). By targeting false feedback to either 

high or low confidence responses, we were able to show that the degree to which this 

feedback deviates from a participant’s expectations impacts the magnitude of shifts, 

directly implicating PEs in the control of recognition decisions. 

 An important assumption underlying our experimental logic is that self-reported 

confidence is in some way linked to a participant’s expectation of a successful outcome. 

We considered two alternatives regarding how confidence may be linked to this Expected 

Value. Under the Expected Response Outcome alternative, this EV is positively 

correlated with the level of reported confidence for both “old” and “new” responses: 

responses made with low confidence are associated with a low EV; responses made with 

high confidence are associated with a high EV. Under the Memory Strength alternative, 

this EV is linked to the underlying retrieved memory strength associated with any test 

item: items that elicit low memory strength are associated with a low EV; items that elicit 

high memory strength are associated with a high EV. In this case, reported confidence is 

positively correlated with EV for “old” responses and negatively correlated with EV for 

“new” responses. These two alternatives are primarily distinguished by their predictions 

for PEs following “new” responses, and our data support the Memory Strength 
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alternative: targeting false positive feedback to high confidence “new” responses resulted 

in a larger criterion shift than did targeting false positive feedback to low confidence 

“new” responses. 

 Interestingly, this indicates that false positive feedback made following a high 

confidence “new” response results in a large PE and large increase in the propensity to 

respond “new” in the future. Conversely, false positive feedback following a high 

confidence “old” response results in a small PE, and only a small increase in the 

propensity to respond “old” in the future. This idea may seem inconsistent with previous 

work in the recognition memory literature: making recognition decisions about items that 

elicit memory signals near the decision criterion is more difficult and more prone to 

erroneous decisions, while making recognition decisions about items eliciting memory 

signals further from the decision criterion is easier and more accurate (Stretch & Wixted, 

1998a).  

From this perspective, it may seem counterintuitive that participants use 

successful memory retrieval as a predictor of generally positive outcomes. However, in 

many real-life situations and indeed in many laboratory tasks, retrieving sufficient signal 

from long-term memory is critical to successful performance. For example, in a source 

memory task, retrieval of the specific source detail is critical to success (e.g. Johnson et 

al., 1993; Mitchell & Johnson, 2009). Old/new item recognition is a particular case in 

which “absence of evidence” can be used as “evidence of absence.” That is, a retrieval 

attempt that elicits a very low level of memory evidence results in an easy, high-

confidence “new” response in a recognition task. But in any situation in which an 
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individual is searching memory for specific information, a retrieval attempt that elicits a 

very low level of memory evidence is unrewarding. 

This pattern of Memory Strength EVs may be task-dependent. Because the 

participant is in a “memory test”, they may assign higher value to states with high 

memory evidence, since high memory evidence is more likely to be associated with the 

explicit (or assumed) goals a memory task (i.e. find “old” items). Alternatively, the 

pattern may be task-independent. Individuals may have learned, in a Pavlovian manner, 

that successful retrieval generally followed by positive outcomes. Intriguingly, this 

positive association with retrieval evidence may relate to mere exposure effects, whereby 

simple, implicit exposure to a stimulus results in increased preference for that stimulus 

(Whittlesea & Price, 2001; Zajonc, 1968, 2001).  

A final possibility is that there are separate “oldness” and “novelty” inputs into 

the memory-decision system (Kafkas & Montaldi, 2014, 2015; Rutishauser et al., 2015). 

The oldness signal increases from left-to-right across the horizontal evidence axis, and 

the EV signal may be derived from the “oldness” signal. Similar models exist in the 

context of perceptual decisions (e.g. Law & Gold, 2009). The formation and generality of 

this hypothesized “oldness bonus” remains an open question and should be tested in 

future work (see Chapter 4). 

Learning to evaluate declarative memories through a nondeclarative RL system 

 The present study is part of a growing literature on the interaction between 

memory systems that are often dichotomized as “implicit” and “explicit” (Scimeca & 

Badre, 2012; Shohamy & Adcock, 2010). The pattern of results we obtain highlights why 
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it is critical to test the predictions of nondeclarative PE-based learning in the context of 

declarative memory. We argue that the reinforcement learning mechanisms widely 

studied in decision making and working memory perform similar functions in the service 

of the cognitive control of declarative memory. However, declarative memory differs in 

qualitative ways from the conventional settings where RL is studied. For example, if the 

learning that occurs in our paradigm were simply a special case of RL, in which 

participants learned that a certain type of response was simply more predictive of a 

positive outcome in the context of this task, then we would expect to find a symmetrical 

pattern of results between “old” and “new” responses (consistent with the Expected 

Response Outcome alternative.) The asymmetry that we find in our results is not easily 

explained by this sort of simple RL process. Instead, our results indicate that EVs are 

related directly to the success or failure of the memory process. 

This interpretation is further supported by the results from the DDM. Recognition 

memory decisions involve evaluating latent memory signals. We found that changes in 

the evaluation of memory evidence (the drift criterion parameter) better described our 

data than did changes in the propensity to make a specific response (the response bias 

parameter). As such, the learning we observe is not simply straightforward stimulus-

response learning but instead points to a deeper interaction between the reinforcement-

learning and declarative memory systems, whereby feedback drives changes in 

evaluating latent memory evidence. This suggests that these changes should broadly 

impact any memory task that taps into this evaluation process. However, the generality of 

this effect remains an open question.  
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 The notion that criterion shifts involve changes in evidence evaluation is also 

relevant to recent debates about the differentiation model of criterion shifts in recognition 

memory (Criss, 2010; Starns, Ratcliff, & White, 2012). In short, this model posits that 

strength-based criterion effects are the result of differentiation between the target and lure 

distributions of memory strength, and that better differentiation shifts the lure distribution 

to the left on a strength axis of a signal detection theory model. Although our results do 

not preclude a role of differentiation in other instances of criterion shifts, it is difficult to 

explain the present results via a differentiation account. Because all groups encountered 

identical items during the study phase (as well as during the test phase), there should be 

no difference in the strength distributions between groups. Instead, we posit that our false 

feedback manipulation resulted in dynamic adjustments in evaluative processes used to 

assess memory signals retrieved from existing strength distributions. 

A neural substrate for learning from PEs in declarative memory 

 We interpret the present results as evidence for a role of PEs and reinforcement 

learning processes in the control of recognition memory decisions. This makes an 

intriguing link between learning within the context of memory decisions and well-

established circuits that compute Prediction Error in the brain.  Various brain regions 

have been implicated in computing PEs, and recent theories have posited a potential role 

for striatal PEs, in particular, in the cognitive control of declarative memory (Scimeca & 

Badre, 2012). Within the domains of probabilistic learning and decision making, there is 

considerable evidence linking neural PEs in striatum to nondeclarative learning 

(Liljeholm & O’Doherty, 2012; O’Doherty et al., 2004, 2003; Schultz et al., 1997). 
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However, only recently has there been growing interest in a potential role for PE-based 

learning in declarative memory retrieval.  

 Though direct examples of the types of PE studied here have yet to be tested in 

the brain, there exists fMRI evidence tying striatal activity to feedback processing in 

declarative memory more generally. Tricomi and Fiez (2008) used a paired-associate 

learning task in which participants saw pairs three times and received feedback after each 

trial. On the first encounter with a cue, participants could only guess the correct target; on 

subsequent encounters, participants’ decisions could be informed by their memory for the 

correct association. Neuroimaging revealed striatal activity to feedback on the memory 

trials, but not the initial learning trial, suggesting that striatal activity was only present 

when the feedback was informative to memory performance. O’Connor and colleagues 

(2010) showed that striatal activity indexes deviations of memory expectations by 

combining a recognition paradigm with cues regarding the likely status (old or new) of 

upcoming test probes. A contrast between invalid and valid cue trials included activity in 

striatum, consistent with the idea that this region is sensitive to deviations from 

expectations in a declarative memory context. 

 As already noted, the criterion results further suggest that retrieved memory 

strength is linked to an Expected Value used to compute PEs; that is, retrieved memory 

strength is predictive of positive outcomes in the future and should be therefore be valued 

as rewarding. This interpretation is consistent with neuroimaging data on the “retrieval 

success” effect – contrasts between hits and correct rejections consistently show 

activation of striatum (Spaniol et al., 2009; Wagner et al., 2005), and this striatal activity 

is evident even when comparing false alarms versus correct rejections (Abe et al., 2008). 
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This activity may be tracking the expectation that successful retrieval is predictive of a 

positive outcome. What constitutes a positive outcome can also depend on the relevant 

task goals. When hits are incentivized with monetary rewards, this striatal effect is 

greatly enhanced (Han et al., 2010). By contrast, when correct rejections are incentivized, 

the striatal response to hits persists at baseline levels even as the striatal response to 

correct rejections is substantially enhanced. Thus, in a typical recognition task, it appears 

that hits may be interpreted as rewarding both due to goal-attainment and due to pre-

existing associations with successful outcomes.  The present results suggest that future 

work using human neuroimaging techniques (see Chapter 3) and/or studying patient 

populations with pathology of the nigra-striatal dopamine system will lead to further 

insights into the basic mechanisms by which decision making in recognition memory is 

adapted to changes in task and circumstance. 

Accounting for prior results within an RL framework  

 The PE-based learning described here provides a concrete mechanism for 

dynamic control of recognition memory decision criterion. There are likely many 

processes that can impact criterion, including both declarative and nondeclarative 

influences, and multiple processes probably contribute depending on task structure and 

task goals. For example, experimenter instructions and overt incentive manipulations 

likely engage more explicit top-down control to set an appropriate decision criterion. PE-

based learning instead represents a nondeclarative process, and ostensibly acts 

dynamically over the course of the recognition test. 
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 The RL model of controlling dynamic shifts in recognition criterion provides a 

framework for understanding the positive and negative results in the extant literature. 

One pattern of apparently conflicting results is the interaction between strength 

manipulations and external feedback. Two studies that manipulated both of these factors 

provide an instructive example. As discussed earlier, Verde and Rotello (2007) reported 

no shifts in criterion between test blocks containing strong and weak target items in the 

absence of external feedback, even when the blocks were marked with semantic cues. 

However, they found that providing external feedback did result in a criterion shift 

between strong and weak blocks. In contrast, Hicks and Starns (2014) reported no impact 

of external feedback on criterion shifts between strong and weak memory strength test 

blocks. 

 One potential explanation for this discrepancy is the amount of feedback that was 

provided in each study. The experiments conducted by Hicks and Starns (2014) used 

block sizes of 10-40 items and only provided explicit feedback following incorrect 

responses (although positive feedback was implied by the absence of negative feedback 

following correct responses). Verde and Rotello (2007) used a block size of 80 items and 

provided explicit feedback on every trial. This extended block length and consistent 

feedback may have provided enough time for the gradual accumulation of feedback to 

drive criterion shifts; whereas the block lengths and intermittent feedback used by Hicks 

and Starns may have been insufficient for accumulated feedback to impact criterion.  

 This is consistent with the incremental nature of RL and false-feedback based 

criterion shifts, as demonstrated here and previously (Han & Dobbins, 2008; 2009). 

Together with the positive results of combining feedback and base-rate differences (e.g. 



96 

 

Kantner & Lindsay, 2010), this suggests that veridical feedback can be a useful source of 

information when there are inherent strength-based or base-rate differences in a 

recognition test, and when there is sufficient time to accumulate evidence from feedback.  

However, many recognition tests do not manipulate strength distributions or base-

rate differences and report no impact of veridical feedback (Kantner & Lindsay, 2010; 

Starns, White, & Ratcliff, 2010). Why does veridical feedback not impact criterion under 

these conditions? The RL framework provides a potential explanation for this pattern of 

results. Learning in RL is largest when outcomes significantly deviate from expectations, 

resulting in large PEs and large learning signals. If feedback does not meaningfully 

deviate from expectation, learning is unlikely to occur. As an example, the average 

criterion reported by Kantner and Lindsay (2010) was approximately 0.08 for participants 

receiving feedback and 0.07 for participants not receiving feedback (an optimal, neutral 

criterion is 0.00). Similarly, participants in the Veridical conditions of the present study 

adopted a slightly conservative criterion. This may be because the learning signals 

provided by veridical feedback point, on balance, to a neutral or slightly conservative 

criterion that matches the participant’s default criterion. This speculation is supported by 

the individual analyses correlating net PE with criterion. In these analyses, the 

accumulated PE encountered by participants in the Veridical condition is consistent with 

a relatively neutral criterion (see Figure 2.4).  

 Thus, this RL framework proposes two conditions that promote dynamic criterion 

shifts. First, criterion shifts are more likely to occur when there is enough time to 

accumulate sufficient evidence in favor of a criterion shift. Second, criterion shifts are 

more likely to occur when outcomes (e.g. external feedback) sufficiently deviate from 
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underlying expectations and the existing criterion. In the present study we used false 

positive feedback to bias the net PE experienced by individuals, but this framework 

predicts that any manipulation of outcomes (such as selectively omitting positive 

feedback; e.g. Han & Dobbins, 2008) that sufficiently biases the net PE should show the 

same pattern of shifts. 

Relationship between the RL framework and existing models of recognition memory 

Our framework proposes that individuals are learning to behave according to 

decision policies for a given level of retrieved memory strength evidence. In this sense, 

the absolute level of retrieved memory strength serves as a context for the decision. Thus, 

the framework aims to describe recognition memory decisions in the same way as 

conventional value-based or perceptual decision making models. In these models, 

individuals must learn the appropriate decision policies for a given context, wherein the 

context is typically a specific perceptual stimulus, such as a particular shape or symbol. 

However, in recognition memory decisions the relevant context is not a discrete stimulus, 

but instead, it is a latent state drawn from a continuous abstract dimension: the level of 

memory evidence (memory strength) evoked by a stimulus. In a typical recognition test, 

test items are only presented once and multiple test items will result in similar levels of 

retrieved memory evidence.  Therefore, the individual must learn the values and actions 

that are appropriate for specific levels of memory strength (Scimeca & Badre, 2012). For 

example, an individual might learn that the appropriate policy for a high level of memory 

strength is to act as if the item is old (e.g. make an “old” decision; Cox & Dobbins, 2011) 

because this policy is more likely to result in a positive outcome given this level of 

memory strength. Likewise, through experience, an individual might learn that in the 
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context of low memory strength, acting as if the item is old is unlikely to result in a 

positive outcome.  

In this “Reinforcement Ratio” framing, when an individual retrieves a given level 

of evidence, the individual acts based on her/his previous reinforcement history under 

similar levels of evidence in the past (Wixted & Gaitan, 2002). This framework is 

analogous to likelihood-ratio models of recognition memory in which a memory decision 

is based on the relative probability that a level of memory evidence would be produced 

by an old versus a new item (Cox & Dobbins, 2011; Glanzer et al., 2009). In a basic 

likelihood ratio model, an individual considers an item as “old” whenever this ratio is 

greater than 1, which occurs above the intersection of the new and old distributions. This 

pattern of responding is akin to using a neutral criterion in a signal-detection framework. 

Similarly, our Reinforcement Ratio model proposes that individuals learn the 

reinforcement contingencies that occur for a given level of evidence. Thus, as an 

example, when biased feedback results in a more liberal criterion, an individual has 

learned that there are more levels of memory evidence over which she should act as if the 

item is old. Previous theorists have proposed similar models of recognition memory in 

(G. S. Brown & White, 2009) and in humans (Cox & Dobbins, 2011; Koop et al., 2014; 

Mickes et al., 2011; Ratcliff & Starns, 2013; Wixted & Gaitan, 2002) whereby an 

individual learns evidence-to-decision policies through a history of reinforcement. 

The Reinforcement Ratio framework predicts that individuals will learn a 

response profile similar to that predicted by a likelihood ratio model. Indeed, Wixted and 

Gaitan (2002) have proposed that reinforcement histories provide the underlying learning 

mechanism by which humans learn to perform like likelihood ratio computers. This is 
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illustrated in the following example. Consider the level of evidence just above the 

intersection of the new and old distributions. Veridical feedback following correct “new” 

and correct “old” decisions made for this level of evidence will result in the same 

magnitude positive PE (because PE is scaled relative to memory strength) but “old” 

decisions are more likely to result in positive feedback (because old items are more likely 

at this level of evidence). Therefore, based on this pattern of reinforcement, an individual 

will learn that the appropriate decision policy given this level of evidence is to act as if 

the item is old. This will also hold for all levels of memory evidence above the 

intersection of the two distributions because p(old|strength) > p(new|strength) above the 

intersection. Conversely, “new” responses will be more frequently reinforced for all 

levels of memory evidence below the intersection of the two distributions because 

p(new|strength) > p(old|strength) below the intersection.  

This learned response profile can explain the seemingly-puzzling results observed 

when individuals are given a recognition memory tests that consists either entirely of 

targets (a target-pure test) or entirely of unstudied lures (a target-free test). When 

participants complete these tests without any feedback, the criterion for target-pure tests 

and target-free tests are strikingly similar (Cox & Dobbins, 2011; Koop et al., 2014). 

Although this result is challenging for strength-based models and formal likelihood-ratio 

models, it is easily explained by a Reinforcement Ratio model. Responses on both target-

pure and target-free lists are essentially driven by habits, or the learned decision policies 

for different levels of memory evidence  (Cox & Dobbins, 2011). When participants are 

provided feedback on target-pure or target-free lists, they are able to use this feedback to 

adjust their responding to the drastic differences in base rates (Koop et al., 2014). The 
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idea that recognition decisions are shaped by learned, habitual decision policies is also 

consistent with work showing that an individual’s criterion shows trait-like stability 

across time, test material, and test format (Kantner & Lindsay, 2012). 

The Reinforcement Ratio framework also accommodates the Memory Strength 

alternative that is supported by the present results. Under the MS alternative, correct 

“new” responses are more likely to receive large positive PEs compared to “old” 

responses, because new items are generally associated with lower memory strength. 

Thus, one might predict that individuals will become increasingly conservative over the 

course of a recognition test with veridical feedback. However, just as this deviation does 

not occur in empirical data, this sort of deviation does not occur in the Reinforcement 

Ratio framework. Rather, the distribution of value over memory strength will primarily 

affect the rate at which the appropriate decision policy for the continuum of states along 

the memory strength dimension is learned. As an example, consider again the level of 

evidence just above the intersection of the new and old memory strength distributions. 

Veridical feedback following correct “new” and correct “old” decisions made for this 

level of evidence will result in the same magnitude positive PE (because PE is scaled 

relative to memory strength) but “old” decisions are more likely to result in positive 

feedback (because old items are more likely at this level of evidence). Therefore, based 

on this pattern of reinforcement, an individual will learn that the appropriate decision 

policy given this level of evidence is to act as if the item is old. This will also hold for all 

levels of memory evidence above the intersection of the two distributions because 

p(old|strength) > p(new|strength) above the intersection. Because the converse is true 
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below the intersection, the individual will learn that the appropriate decision policy for 

these low levels of evidence is to act as if the item is new. 

However, the Memory Strength alternative is not easily accommodated by global-

matching or strength-based models in which an individual maintains and updates a single 

criterion value as a reference and compares retrieved memory evidence to this reference. 

In these models, adjusting the criterion based on PEs scaled relative to a memory strength 

value function would result in systematic deviations such that an individual making 

recognition decisions with veridical feedback would become increasingly more 

conservative. This would occur because a basic version of this model would use the PEs 

experienced across all levels of memory evidence to update a single threshold value. That 

is, in a recognition task with veridical feedback, the average positive PE experienced for 

correct “new” decisions is larger than the average positive PE experienced for correct 

“old” decisions, averaging across all levels of memory evidence. If these PEs were 

combined to update a single criterion threshold, the larger positive PEs for “new” 

decisions would result in an ever-increasing conservative threshold. 

Conclusion 

In conclusion, we have demonstrated that targeting false feedback to either high 

or low confidence memory responses impacts the magnitude of dynamic shifts in 

recognition decision criterion. This is novel evidence for a role of prediction errors and 

reinforcement learning in the control of recognition memory decisions and provides 

direct empirical support for the final hypothesis laid out in Chapter 1. Reinforcement 

learning theory has proven a fruitful framework for understanding probabilistic learning, 
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decision making, and action selection, and the present work extends this framework to 

the domain of recognition memory decisions. This not only provides a new domain in 

which to test predictions of reinforcement learning, but provides a concrete mechanism 

for how individuals evaluate and adjust control processes involved in declarative memory 

decisions. 
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Supplemental Material 

 

Section I: False feedback manipulation checks in main experiment 

 The feedback manipulation in the main experiment was successful at targeting 

false feedback to high or low confidence responses. The count of false feedback trials 

was submitted to a feedback group (FF-Old / FF-New) by targeted confidence (Low 

Confidence / High Confidence) ANOVA. The average targeted confidence for Low 

Confidence groups was significantly lower than for the High Confidence groups (Means 

= 0.26, 0.62; F(1,60) = 95.860, p < 0.001). The experimental script was designed to 

provide 30 false feedback trials to each participant; the mean number of false feedback 

trials was 33.1. This deviation was likely to do participants proclivity to make increased 

errors (due to the false feedback manipulation) over the course of the experiment, such 

that the experimental script initially underestimated participants’ error rates and provided 

additional false feedback trials. 

There was a significant difference in the number of false feedback trials between 

the Low and High Confidence groups (F(1,60) = 6.927, p < 0.05) such that participants in 

the Low Confidence groups were provided more false feedback than the High Confidence 

groups (Means: FF-Old – Low Confidence: 37.4; FF-Old – High Confidence: 29.4; FF-

New – Low Confidence: 34.1; FF-New – High Confidence: 31.6). Note that this 

difference alone cannot explain the pattern we report in the decision criterion, as the 

larger criterion shifts were shown by the FF-Old – Low Confidence group and the FF-

New – High Confidence group. Furthermore, looking specifically at the two FF-New 

groups, which showed the greatest difference in the magnitude of criterion, there was not 
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a significant difference in the number of false feedback trials provided (t(1,30) = 0.0941, 

p = 0.354). 

Section II. Supplemental data: overview and experimental methods 

 Here we report data from two pilot studies completed using the false feedback 

recognition paradigm. The results from these experiments provide important insight into 

the efficacy of the false feedback manipulation and provide independent replications of 

many of the important results reported in the main chapter. 

Method 

Methods were identical to the main experiment except where noted below. 

Participants. Fifty-three participants (34 females; age, 18-22 years; mean, 19.5 years) 

participated in Experiment A and fifty-three participants (36 females; age, 18-23 year; 

mean, 19.0 years) participated in Experiment B in exchange for course credit or payment.  

All participants had normal or corrected-to-normal vision and were native English 

speakers. Participants gave written informed consent according to guidelines established 

and approved by the Human Research Protections Office of Brown University. After 

completing the experimental session, participants were thoroughly debriefed regarding 

the false feedback manipulation. Participants were assigned randomly to experimental 

group. 

Procedure. The stimulus set consisted of the same 772 words as the main experiment. 

Participants studied 672 words during the semantic judgment task, divided into six 

blocks. Participants proceeded to the recognition test immediately following the study 

phase. The recognition test phase consisted of 100 target items and 100 lure items in 

random order, divided into four blocks of 50 trials each. Because the recognition test was 
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appended to an ongoing study of semantic decisions (which we do not discuss here), the 

list of 100 lure items was fixed across participants. 

False Feedback Manipulation. A Veridical Feedback (VF) group provided a baseline 

control for the experimental groups in both Experiments A and B. The false feedback in 

Experiment A was manipulated between two groups: a FF-Old and FF-New group. The 

FF-Old group received false positive feedback on 70% of their “old” errors, independent 

of their response confidence, and veridical feedback on all other trials. The FF-New 

group received false positive feedback on 70% of their “new” errors, independent of their 

response confidence, and veridical feedback on all other trials. 

 In Experiment B, the validity of feedback was again manipulated between a FF-

Old and a FF-New group. Additionally, we initially aimed to target false positive 

feedback to either low or high confidence responses. For half of participants in each of 

the FF-Old and FF-New groups, false feedback was more likely to be provided to errors 

made with confidence ratings above the midpoint of the confidence scale: 100% of 

targeted errors (either false alarms or misses) made above the midpoint of the scale 

received false positive feedback, 40% of targeted errors made below the midpoint of the 

scale received false positive feedback, and all other trials received veridical feedback. For 

the other half of participants in each group, false feedback was more likely to be provided 

to errors made with confidence ratings below the midpoint (100% for targeted errors 

below the midpoint, 40% for targeted errors above the midpoint).  

However, this experimental manipulation was unsuccessful: the mean confidence 

of false feedback trials did not differ significantly between these high and low confidence 

subgroups. In a 2 [Group: FF-Old / FF-New) x 2 [Targeted Confidence: Low / High] 
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ANOVA on the average confidence of trials that received false feedback, there was no 

main effect of condition (F(1,49) = 0.773, p = 0.384) and no significant main effect of 

targeted confidence (F(1,49) = 3.145, p = 0.082). Similarly, post-hoc tests revealed that 

the manipulation was not significant at either level of condition: a t-test between FF-Old-

HC and FF-Old-LC did not pass conventional levels of significance (p = 0.051); a t-test 

between FF-New-HC and FF-New-LC was not significant (p = 0.590). Given this failure 

of the targeted confidence manipulation, we collapsed across this manipulation for all 

further analyses. 

 Inspection of the data suggested that the false feedback manipulation failed 

because of individual differences in the distribution of responses over the range of the 

confidence scale. This observation motivated the adaptive algorithm used in the main 

experiment, which was designed to tailor false feedback to each individual’s response 

tendencies, therefore maximizing the difference in targeted confidence across participants 

while providing an approximately equal number of false feedback trials to each 

individual. The manipulation check analyses reported in Section I of the Supplemental 

Material indicate that the manipulation used in the main experiment was successful. 

Results 

SDT and confidence analyses. Criterion, d-prime, hit rate, and false alarm rate as a 

function of group are provide in Supplemental Table 2.4. We replicated the main effect 

of false feedback on criterion in both Experiment A (F(2,50) = 13.415, p < 0.001, ηp
2
 = 

0.349) and in Experiment B (F(2,74) = 6.00, p < 0.005, ηp
2
 = 0.140). Confidence ratings 

as a function of accuracy are shown in Supplemental Table 2.5. We replicated the 

finding that correct responses are made with higher confidence than incorrect responses 
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in both (F(1,105) = 667.511, p < 0.001, ηp
2
 = 0.864).  Due to space limitations, we do not 

consider any other statistical tests. 

Net PE and criterion correlational analyses. Using the procedure outlined in the main 

chapter, we computed the Net PE that each participant encountered across all trials of the 

recognition test. We computed separate Net PE scores under the assumptions of the 

Memory Strength alternative (an MSNPE score) and under the Expected Response 

Outcome alternative (an ERONPE score). We collapsed across all participants from 

Experiments A and B for the correlational analysis. Both the MSNPE (R = 0.44, p < 

0.001) and ERONPE (R = 0.46, p < 0.001) were significantly and positive correlated with 

terminal criterion. As in the main experiment, one source of this correlation could simply 

be a main effect difference between groups. To account for this effect, we performed a 

multiple regression analysis that included three predictors: Group (FF-Old, FF-New, VF), 

Memory Strength Net PE, and Expected Response Outcome Net PE. In this regression 

model, both the Memory Strength Net PE and Expected Response Outcome Net PE 

remained significant predictors of criterion (both p’s < 0.05).  

Drift Diffusion Model analyses. Using the same methods described in the main chapter, 

we replicated the drift diffusion modeling analyses on the supplemental data from 

Experiments A and B. We focused on the comparison between the drift criterion model 

and the response bias model. We fit each model separately for Experiment A and 

Experiment B. The DIC scores for each model are shown in Supplemental Table 2.6. 

For both Experiment A and B, the drift criterion model provided a better fit to the data 

(indicated by lower DIC score), replicating the result from the main experiment in 

independent data sets.  
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Measure Group Time   

    First Half Second Half 

Criterion Veridical Feedback 0.05 (0.04) 0.10 (0.04) 

  False Feedback - New (Exp A) 0.35 (0.08) 0.24 (0.05) 

  False Feedback - New (Exp B) 0.17 (0.06) 0.21 (0.05) 

  False Feedback - Old (Exp A) -0.04 (0.07) -0.15 (0.09) 

  False Feedback - Old (Exp B) 0.00 (0.07) -0.09 (0.06) 

D-Prime Veridical Feedback 1.48 (0.10) 1.67 (0.09) 

  False Feedback - New (Exp A) 1.19 (0.24) 1.07 (0.23) 

  False Feedback - New (Exp B) 1.34 (0.12) 1.36 (0.12) 

  False Feedback - Old (Exp A) 1.24 (0.15) 1.13 (0.14) 

  False Feedback - Old (Exp B) 1.43 (0.08) 1.41 (0.08) 

Hit Rate Veridical Feedback 0.75 (0.02) 0.76 (0.02) 

  False Feedback - New (Exp A) 0.59 (0.04) 0.61 (0.04) 

  False Feedback - New (Exp B) 0.67 (0.03) 0.67 (0.02) 

  False Feedback - Old (Exp A) 0.73 (0.03) 0.75 (0.03) 

  False Feedback - Old (Exp B) 0.75 (0.02) 0.77 (0.02) 

FA Rate Veridical Feedback 0.23 (0.02) 0.18 (0.01) 

  False Feedback - New (Exp A) 0.20 (0.04) 0.23 (0.05) 

  False Feedback - New (Exp B) 0.22 (0.02) 0.21 (0.02) 

  False Feedback - Old (Exp A) 0.29 (0.03) 0.35 (0.04) 

  False Feedback - Old (Exp B) 0.26 (0.03) 0.28 (0.02) 

 

Supplemental Table 2.4. Criterion, D-Prime, Hit Rate, and False Alarm Rates for 

Supplemental Data.  

Values in parentheses represent standard error of the mean. FA: false alarms. 
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Group Response Type 

 
Correct Incorrect 

Veridical Feedback 0.70 (0.03) 0.47 (0.03) 

False Feedback - New (Exp A) 0.69 (0.03) 0.50 (0.05) 

False Feedback - New (Exp B) 0.68 (0.03) 0.46 (0.02) 

False Feedback - Old (Exp A) 0.70 (0.03) 0.53 (0.03) 

False Feedback - Old (Exp B) 0.67 (0.03) 0.47 (0.03) 

 

Supplemental Table 2.5. Confidence Ratings for Correct and Incorrect Responses. 

Values in parentheses represent standard error of the mean. 
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 Model DIC deviance pD 

Experiment 1A Drift Criterion 12642 12420 222 

 Response Bias 12700 12488 213 

Experiment 1B Drift Criterion 18050 17725 325 

 Response Bias 18117 17799 318 

 

Supplemental Table 2.6. DDM model comparison in Experiments A and B. Lower DIC 

values indicate better fitting model. In each experiment, the drift criterion model better fit the 

data. DIC: deviance information criterion. 

 

 

 

  



111 

 

 

 

 

 

 

 

 

 

 

 
 

Supplemental Figure 2.7. Quantile plots of observed and simulated RT 

distributions. Five RT quantiles (.1, .3, .5, .7, .9) from the empirical RT distributions 

from the main experiment (X’s) are plotted for “old” and “new” responses. Simulated 

RTs from the drift criterion DDM model (squares), response bias DDM model (triangles), 

and full model (diamonds) are shown for comparison. For all quantiles for all models, the 

respective empirical quantile fell within the credible 95% interval of the simulated data. 
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CHAPTER 3 

Striatal Prediction Errors Support Dynamic Control of Declarative Memory 

Decisions
‡
 

Adaptive memory requires control over how retrieved evidence is interpreted 

given the context. Yet the neural substrate that supports adjustments to memory decisions 

remains unknown. In Chapter 2, I showed that adjustments to recognition memory 

decisions follow the behavioral hallmarks of PE-based learning, and that these PEs are 

scaled relative to a value signal derived from the underlying memory strength associated 

with a decision. In this chapter, I use functional neuroimaging to show that predictions 

errors coded by the striatum update control over a memory decision.  

Human participants completed a recognition memory test that incorporated biased 

feedback to drive adjustments of the recognition criterion. Using model-based fMRI, I 

found that PEs – the deviation between the outcome and expected value of a memory 

decision – correlated with striatal activation and predicted individuals’ final criterion. 

Importantly, unlike conventional reinforcement learning, striatal PEs were scaled relative 

to memory strength rather than the expected trial outcome. Modeling further indicated 

that learning adjusted the evaluation of mnemonic evidence rather than response bias, 

consistent with the results of Chapter 2. Finally, I observed that the learned criterion 

transferred to a free recall task. Thus, I provide convergent evidence that declarative 

memory decisions can be adjusted via striatal learning signals.  

                                                           
‡
 This chapter has been adapted from a manuscript submitted for publication:  

Scimeca, J. M., Katzman, P. L., & Badre, D. (under review). Striatal prediction errors support dynamic 

control of declarative memory decisions. 
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Introduction 

The human brain is capable of efficiently retrieving and acting on information 

from memory that has high utility given the current circumstances. Intrinsic features of 

our memory systems related to basic encoding, retrieval, and consolidation partly 

confront this “information retrieval problem” (J. R. Anderson & Milson, 1989; Schacter 

& Addis, 2007). However, strategic cognitive control processes supported by 

frontoparietal brain networks further guide retrieval toward high utility outcomes given 

our current goals (Badre, Lebrecht, Pagliaccio, Long, & Scimeca, 2014; Badre & 

Wagner, 2007; Barredo, Oztekin, & Badre, 2013; Dobbins, Simons, & Schacter, 2004; 

Mitchell & Johnson, 2009; Wagner et al., 2005). It follows that memory disorders arising 

in patients with compromised cognitive control systems are often traceable to a failure of 

strategic guidance and use of memory (Aly et al., 2011; Schacter et al., 1996; Wheeler et 

al., 1995). Yet a striking observation has been that healthy individuals apply these 

memory retrieval strategies efficiently, balancing costs and benefits, and further, that they 

do so without explicit instruction (J. R. Anderson & Milson, 1989; Badre & Wagner, 

2007; Benjamin, 2007; Moscovitch, 1992; Rugg & Wilding, 2000). Thus, a fundamental 

question concerns how the brain acquires and adapts memory control processes.  

Outside of the memory domain, reinforcement learning (RL) mechanisms are 

thought to contribute to the acquisition and adaptation of policies for strategic action 

selection. In the brain, frontostriatal circuits are central to this process, with frontal cortex 

supporting maintenance of task relevant information and the nigra-striatal dopamine 

system mapping value to the selection of appropriate actions and policies. Ventral 

striatum, particularly the nucleus accumbens, has been widely associated with receipt of 
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primary and secondary rewards (Haber & Knutson, 2010; Knutson, Adams, et al., 2001), 

as well as reward prediction error (PE), which reflects the degree to which an 

experienced outcome value deviates from the expected value (EV). Across many 

experiments, these striatal value signals have been shown to drive learning of cognitive 

control for action selection and nondeclarative learning (Badre & Frank, 2012; Frank et 

al., 2004; Gläscher et al., 2010; Haber & Knutson, 2010; Maia & Frank, 2011; Schultz et 

al., 1997).  

Thus, one hypothesis is that cognitive control of memory is similarly acquired 

through a reinforcement learning (i.e., nondeclarative learning) process, wherein positive 

PEs reinforce a reliance on a prevailing memory strategy and negative PEs punish it 

(Badre et al., 2014; Scimeca & Badre, 2012). Importantly, however, the application of 

RL mechanisms to the learning of cognitive control over memory is complicated by 

several unknowns regarding how value is assigned to memory decisions and outcomes 

(Elward et al., 2014; Han et al., 2010; Schwarze, Bingel, Badre, & Sommer, 2013; 

Scimeca & Badre, 2012).  

We focus here on how human participants learn to relate evidence from memory 

to a decision and response; specifically, we address adjustments of the recognition 

memory criterion. Recognition memory involves classifying a stimulus as novel (new) or 

previously encountered (old). Recognition memory theory commonly assumes that all 

items will elicit at least some match to long-term memory and thus will provide some 

evidence of oldness, termed “memory strength” (Eichenbaum et al., 2007; Malmberg, 

2008; Mitchell & Johnson, 2009; Norman & O’Reilly, 2003; Ratcliff & McKoon, 2008; 

Stretch & Wixted, 1998a). The memory strength distribution for old items (i.e., items 
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studied during learning) will be higher than the distribution for new items (i.e., unstudied 

items), although these distributions can overlap (Figure 3.1a). The recognition decision 

criterion specifies the threshold level of evidence above which an “old” decision is made 

(Figure 3.1a). Criterion setting is a form of mnemonic control in that it relates retrieved 

evidence to a task-dependent decision and response. 

Having a dynamic recognition criterion provides the primary means by which an 

individual can balance errors due to misidentifying a new item as old (false alarms) or 

failing to recognize an old item (misses). A neutral criterion falls at the intersection of the 

studied and unstudied distributions (Figure 3.1a). A conservative criterion requires more 

evidence for an “old” decision, while a liberal criterion requires less evidence for an 

“old” decision. The optimal criterion placement depends on an individual’s context and 

goals (Rotello & Macmillan, 2007). For example, depending on whether you are at a 

conference or in a foreign country, you may be more or less likely to approach someone 

who is only vaguely familiar. Both the expectation that the person is actually someone 

you have met and the expected value of speaking to them or the costs of being wrong 

differ across these two scenarios. Thus, expectation and value arise at multiple stages in 

the retrieval and decision process.  
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Figure 3.1. Two alternative models of computing PEs for memory decisions. (a) 

Standard signal detection model of recognition memory decisions. Memory strength 

increases along the x-axis from left to right; confidence increases for responses further 

from the criterion. The neutral criterion shown here falls at the intersection of the 

memory strength distributions for unstudied and studied items. The scale of responses 

depicted in panels b and c is directly mapped onto the scale depicted in panel a. (b) The 

expected values (EV) and prediction errors (PE) associated with positive feedback 

following four representative responses under the Expected Response Outcome 

alternative. (c) The EVs and PEs associated with positive feedback following four 

representative responses under the Memory Strength alternative. Blue arrows correspond 

to positive PEs following a “new” decision and thus reinforce a more conservative 

criterion, whereas orange arrows correspond to positive PEs following an “old” decision 

and thus reinforce a more liberal criterion. 
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One implicit manipulation that reliably produces dynamic adjustments in 

recognition criterion is biased feedback (Han & Dobbins, 2009). For example, providing 

false positive feedback following incorrect “old” responses drives individuals to adopt a 

more liberal criterion. We used this paradigm to induce adjustments to decision criterion 

and identify the underlying neural mechanisms. We hypothesized that feedback will elicit 

memory-related PE signals in striatum, and these PEs will drive adjustments in 

recognition criterion by reinforcing or punishing the preceding memory decision. 

However, a challenge to testing this hypothesis is that the source of EV associated with a 

memory decision is unknown. We thus considered two alternative models of how the EV 

and PE are determined for memory decisions. 

The first alternative, which we term the Expected Response Outcome (ERO) 

alternative, holds that the EV of a memory decision is directly related to the expected 

outcome of the full trial following a response. As such, this EV can be estimated directly 

from the “confidence” in the memory decision. That is, a high confidence rating reflects a 

high expectation of getting the trial correct, and so receiving positive feedback. This 

relationship holds equivalently for both “new” and “old” responses. In signal processing 

terms, higher confidence ratings correspond to memory decisions for items further from 

the criterion (Figure 3.1a; Stretch & Wixted, 1998). Figure 3.1b shows four possible 

responses under this alternative. For example, positive feedback following a high 

confidence “new” response would result in a relatively small positive PE and a modest 

conservative shift in criterion (Figure 3.1b, top row). 

The second alternative, which we term the Memory Strength (MS) alternative, 

holds that the EV of a memory decision is linked to the retrieved memory strength that 
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led to that decision, such that greater retrieved memory strength is linked to greater EV; 

i.e., “oldness” confers higher EV regardless of the response that follows. Under this 

alternative, the EV of a decision is related directly to memory strength, and so while EV 

will be positively correlated with confidence ratings for “old” decisions, it will be 

negatively correlated with confidence for “new” decisions (Figure 3.1a). Figure 3.1c 

shows four possible responses under this alternative. For example, positive feedback 

following an item with low memory strength (i.e. a high confidence “new” response) 

would result in a relatively large positive PE and thus a large conservative shift in 

criterion (Figure 3.1c, top row).  

Both of these alternatives have plausible support from the existing literature. 

Individuals in recognition tasks typically demonstrate reliable metacognitive accuracy: 

high confidence responses are more likely to be followed by a positive outcome than are 

low confidence responses (Chua, Schacter, Rand-Giovannetti, & Sperling, 2006; Stretch 

& Wixted, 1998a). This is consistent with the ERO alternative and is largely analogous to 

the conceptualization of EV in conventional RL domains. The MS alternative is 

consistent with theories that argue that successful memory retrieval has utility for 

retrieval monitoring and for memory-guided action, and is therefore rewarding (Elward et 

al., 2014; Gallo, 2013; Han et al., 2010; Johnson et al., 1993; Mitchell & Johnson, 2009); 

as well as theories that posit that retrieval elicits approach/further processing (e.g., 

familiarity gated retrieval; Hayama & Rugg, 2009; Kahn, Davachi, & Wagner, 2004).  

 We used the logic described in Figure 3.1 to test the hypothesis that striatal PEs 

drive adjustments in the recognition criterion.  First, using trial-by-trial estimates of MS-

PE and ERO-PEs, we test the hypothesis that striatum will track PE and these PEs will 
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drive shifts in memory criterion. Then, using drift diffusion (DDM) modeling and a free 

recall transfer protocol, we demonstrate that learning is localized to the evaluation of 

retrieved evidence, as opposed to a response bias.  

 

Results 

Biased feedback elicits dynamic adjustments in recognition memory decisions 

Participants completed a recognition memory test during fMRI scanning (Figure 

3.2a; see Methods). Overall, participants were able to accurately perform the task (mean 

proportion correct = 76.41%; SEM = 1.21%) and fewer than 5% of trials were non-

response errors. The mean response time was 993 ms (SEM: 12 ms). 

Following a jittered delay, feedback concerning the accuracy of the response was 

provided on each trial. False positive feedback was provided on approximately 70% of 

incorrect “old” responses (false alarms). All other responses received veridical feedback. 

This biased feedback drove participants to adopt a more liberal criterion over the course 

of the experiment (Figure 3.2b), consistent with previous behavioral work (Han & 

Dobbins, 2009; Chapter 2). The criterion shift effect was supported by a main effect of 

time on criterion (F(5,90) = 2.938, p = .017, ηp
2
 = .140), as well as by planned t-tests 

comparing the terminal criterion against the initial criterion (t(18) = 2.848, p = .011, 

Cohen’s d = 0.692) and against a neutral criterion of zero (t(18) = 3.730, p = .002, 

Cohen’s d = 0.859).  
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Figure 3.2. Behavioral task stimuli and results. (a) Participants indicated their old/new 

responses using a continuous confidence scale and received feedback following a jittered 

delay. (b) The biased feedback paradigm elicited a liberal shift in criterion (i.e., more 

negative criterion values) over successive runs of the recognition test. Error bars are 

SEM. 

 

Striatum codes prediction errors for recognition memory decisions  

To identify PE signals in the brain, we calculated trial-by-trial EVs and PEs to use 

in model-based fMRI analyses. We constructed a separate general linear model (GLM) 

for each of the ERO and MS alternatives using the respective EV and PE values (Figure 

3.1; see Methods). This approach allows the regressors in each model to capture both the 

shared and unique variance for each alternative. 

 We first considered the neural circuitry that tracked trial-by-trial Memory 

Strength PEs (MS-PEs) at feedback. As predicted, the striatum, along with other brain 

areas, tracked MS-PEs following memory decisions (Figure 3.3b; Supplemental Figure 

3.6; Supplemental Table 3.1). The signal across an anatomical region-of-interest (ROI) 

encompassing the whole striatum (see Methods) was significantly associated with MS-PE 

(t(18) = 4.858, p < .001, Cohen’s d = 1.114). Moreover, this striatal signal predicted 

individuals’ terminal criterion (R = -0.547, p = .015; Figure 3.4a), such that individuals 

with greater PE-related activation of striatum showed larger adjustments to their 

recognition criterion. 
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Figure 3.3. FMRI responses to trial-by-trial PE estimates. (a) Representative example 

of PEs predicted by the Memory Strength (MS-PE) and Expected Response Outcome 

(ERO-PE) alternatives. The two alternatives make correlated but dissociable predictions. 

(b) Striatum tracks the trial-by-trial PE associated with the shared and unique variance of 

the Memory Strength alternative. (c, d) When the predictors are restricted to unique 

variance, MS-PE is coded in striatum and ERO-PE is coded in right inferior frontal gyrus 

and bilateral inferior parietal cortex. (e, f) Signal extracted from anatomical ROIs (inset; 

see text for definitions) reveal a significant ROI × predictor interaction. Whole brain 

statistical maps are thresholded at p < .05, FDR cluster corrected. Color maps represent t 

statistics with a range from 0 to 8. Parameter estimates are in arbitrary units. Error bars 

are SEM. **p < .01 versus zero. 
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Figure 3.4. Correlation of striatal PE with terminal SDT criterion and DDM drift 

criterion. MS-PE parameter estimates from striatum predict individuals’ terminal 

criterion estimated from signal-detection theory (SDT; a) and terminal drift criterion 

estimated from drift diffusion modeling (DDM; b). More liberal criterion values are 

plotted down in both panels. Parameter estimates are in arbitrary units and reflect the 

contribution of both shared and unique variance for MS-PE to BOLD signal in striatum. 

 

 We found a similar pattern of results for the neural correlates of Expected 

Response Outcome PEs (ERO-PEs). ERO-PE also activated striatum, among other brain 

regions (Supplemental Figure 3.6; Supplemental Table 3.2). However, as will be 

discussed below, this similar pattern is likely due to the large degree of shared variance 

between the MS-PE and ERO-PE predictors (Figure 3.3a).   

 

Memory Strength Prediction Errors better explain striatal signal  

 We constructed a third GLM that included both MS-PE and ERO-PE regressors 

(see Methods). This approach allows the regressors to compete for variance and thus 

activity associated with either regressor in this model will be due to the unique variance 

above and beyond their shared variance. We found that the unique variance of MS-PE 

was tracked by striatum (Figure 3.3c; Supplemental Figure 3.6; Supplemental Table 

3.1). The unique variance of ERO-PE was not significantly associated with any activity 
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in striatum. Instead, the unique variance of ERO-PE was associated with activation in 

bilateral inferior parietal cortex and right inferior frontal gyrus (Figure 3.3d; 

Supplemental Figure 3.6; Supplemental Table 3.1). A direct contrast of the unique 

variance of MS-PE > ERO-PE, though conservative, revealed a marginally significant 

cluster in right striatum (k = 4; p < .001, uncorrected; peak coordinates: x=9, y=17, z=4; p 

= .053 FWE SVC; see Methods). The reverse contrast (ERO-PE > MS-PE) did not reveal 

reliable activation in striatum or elsewhere. 

 To assess the pattern of unique variance across the striatum relative to other 

regions in the brain, we complemented this voxelwise analysis with ROI analyses and 

sought to test a predictor × region interaction (Henson, 2006). We first extracted the 

signal from the anatomical striatum ROI (Figure 3.3e). Activity across the entire striatal 

ROI was significantly associated with unique MS-PE (t(18) = 4.172, p < .001, Cohen’s d 

= 0.957) but not with unique ERO-PE (t(18) = 1.162, p = .260, Cohen’s d = 0.266), 

although the difference between the two predictors did not reach significance (t(18) = 

1.558, p = .137, Cohen’s d = 0.357). Then, guided by the functional activations observed 

for unique ERO-PE, we used the AAL database to construct a second anatomically 

defined ROI by combining bilateral inferior parietal masks with a mask of right inferior 

frontal gyrus opercularis (Figure 3.3f). Activity in this anatomical ROI was significantly 

associated with unique ERO-PE (t(18) = 3.355, p = .004, Cohen’s d = 0.770) but not with 

unique MS-PE (t(18) = -0.224, p = .825, Cohen’s d = -0.051) and there was a reliable 

difference between ERO-PE and MS-PE (t(18) = 2.114, p = .049, Cohen’s d = 0.827). 

We submitted the parameter estimates for unique MS-PE and unique ERO-PE from these 

two ROIs to a 2×2 ANOVA and found a significant predictor × ROI interaction (F(1,18) 
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= 13.224, p = .002, ηp
2
 = .424). Taken together, these results show that the signal in 

striatum is better explained by the MS-PE predictor than by the ERO-PE predictor, 

relative to the opposite pattern observed in frontoparietal regions. 

 

Expected Value is broadly coded by both retrieval and value networks 

We found that the MS-EV regressor of shared and unique variance was coded in a 

broad network that included precuneus, medial PFC, caudate, posterior cingulate, and 

amygdala (Supplemental Figure 3.7; Supplemental Table 3.2). This network 

overlapped with the “core” recollection network (Elward et al., 2014; Rugg & Vilberg, 

2013; Spaniol et al., 2009) and regions typically exhibiting “retrieval success” effects 

(Scimeca & Badre, 2012; Spaniol et al., 2009; Wagner et al., 2005). Many of these 

regions have also been implicated in representing subjective value during choice tasks 

(De Martino, Fleming, Garrett, & Dolan, 2013; Knutson et al., 2005; Roy, Shohamy, & 

Wager, 2012). The ERO-EV regressor of shared and unique variance was correlated with 

a similar network of regions (Supplemental Figure 3.7; Supplemental Table 3.2), 

overlapping with regions identified in previous studies of recognition confidence (Chua 

et al., 2006).  

When we included MS-EV and ERO-EV in the same analysis (GLM 4; see 

Methods; Supplemental Figure 3.7; Supplemental Table 3.2), we found that the unique 

variance of these regressors was represented in overlapping areas of ventromedial PFC 

and precuneus (De Martino et al., 2013). ERO-EV, but not MS-EV, was represented in 

the left anterior frontal pole, left superior frontal gyrus, and left putamen. MS-EV, but not 

ERO-EV, was represented in a more posterior portion of vmPFC. 
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The psychological locus of learning is in memory evaluation 

 Participants made more “old” responses over the course of the recognition test, 

indicating a liberal shift in criterion. As such, there are (at least) two possible 

psychological loci where learning could have occurred. One explanation is that the 

adjustment simply involved an increased propensity to make the “old” response because 

“old” responses more frequently led to positive feedback outcomes. Thus, individuals 

learned to bias their responding towards “old” responses regardless of the retrieved 

memory evidence, akin to the learning observed in typical RL and decision-making 

paradigms. We term this “response-level learning”. An alternative explanation is that the 

more liberal criterion reflects adjustments to the evaluation of retrieved memory 

evidence. That is, individuals learned to adjust the threshold above which they considered 

a given level of memory evidence as “old”. We term this “memory-level learning”. Thus, 

though the imaging data suggest that memory-level PE is the learning signal driving 

criterion shifts, it remains important to establish that these shifts actually reflect the 

adjustment of memory process (i.e., the interpretation of evidence from memory), as 

opposed to motor or response learning. 

To probe the psychological locus of learning, we first applied computational 

modeling to the behavioral data collected during the fMRI experiment. A liberal criterion 

shift due to either memory-level or response-level learning will have the same result on 

response proportions (increased proportion of “old” responses) and thus standard signal-

detection theory analyses cannot distinguish between these two alternatives. However, 

the DDM framework accounts for both response proportions and the distribution of 
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response times associated with response types (Ratcliff & McKoon, 2008), and includes 

separate parameters that correspond to the memory-level learning and response-level 

learning alternatives (Ratcliff & McKoon, 2008). 

In the DDM, drift criterion (dc) determines whether a given level of retrieved 

memory evidence is considered evidence of oldness or evidence of newness. The 

response bias (z) parameter determines whether an “old” or a “new” response is more 

likely, regardless of the level of memory evidence. As such, shifts in dc or z map in a 

straightforward way to the memory-level versus response-level accounts of criterion 

shift, respectively. These parameters are identifiable because they make distinct 

predictions regarding the response time distributions for “old” and “new” responses 

(Ratcliff & McKoon, 2008). 

We first compared two DDM models: one in which the drift criterion was allowed 

to vary across participants and over time (memory-level learning), and one in which 

response bias was allowed to vary across participants and over time (response-level 

learning). The Drift Criterion model provided a better fit to the data (Drift Criterion 

model DIC: 6457.97; Response Bias model DIC: 6570.35; see Methods; Supplemental 

Table 3.3; Supplemental Figure 3.8).  This suggests that the adjustments made during 

the recognition test involved memory-level learning and independently replicates 

previous behavioral work (Chapter 2). Finally, the MS-PE striatal signal (shared and 

unique variance) across participants was correlated with the terminal drift criterion values 

estimated from the Drift Criterion model (R = 0.55, p = .016; Figure 3.4b). 

Although the Response Bias model did not fit the data as well as the Drift 

Criterion model, we note that the correlation between striatal MS-PE and the terminal 
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response bias values from the Response Bias model approached significance (R = 0.45, p 

= .052). Thus, we fit a final model that included both drift criterion and response bias and 

therefore allowed the parameters to compete to explain the patterns in the behavioral 

data. In this combined model, striatal MS-PE reliably predicted terminal drift criterion (R 

= 0.47, p = .041) but there was no relationship with terminal response bias (R = 0.07, p = 

.790). Taken together, these results show that shifts in drift criterion better fit the 

behavioral data and are closely linked to the MS-PE signals in the brain. 

 

Transfer of Recognition Memory Criterion to Free Recall 

To further distinguish between the response-level and memory-level alternatives 

and to demonstrate the generalizability of learning, we conducted a separate behavioral 

experiment to test whether the adjustments made during the recognition test extended to 

mnemonic evaluation processes involved in monitoring free recall performance. An 

individual’s recognition criterion is predictive of that individual’s false recall rate (i.e., 

critical lure recall) in the Deese-Roediger-McDermott (DRM) false memory paradigm 

(Kantner & Lindsay, 2012). This suggests that evaluating memory evidence during 

recognition memory decisions and monitoring freely recalled items for output can tap a 

shared underlying evaluative process.  For example, free recall participants may generate 

candidate responses and then assess their associated memory strength, verbally reporting 

those responses that have sufficient evidence for oldness. 

If the criterion shifts we observe in the biased-feedback recognition paradigm are 

due simply to shifts in response bias (response-level learning), then terminal recognition 

criterion does not reflect memory evaluation, per se, and therefore would not predict 
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DRM false recall. However, because the neuroimaging and computational modeling 

indicate that the criterion shift is due to adjustments in a memory evaluation process 

(memory-level learning), we predicted that terminal criterion following biased-feedback-

induced shifts would successfully predict DRM false recall rates.  

Two new groups of participants completed a recognition memory task. One group 

received biased feedback that induced a liberal criterion and one group received biased 

feedback that induced a conservative criterion (see Methods; Supplemental Figure 3.9). 

Immediately following the recognition test, participants completed a DRM free recall 

task for ten DRM lists, each comprising words semantically related to a critical lure word 

that was omitted from the study list.  

We found that terminal criterion in the biased-feedback recognition task predicted 

DRM critical lure recall: participants who adopted a more liberal criterion recalled more 

critical lures (R = -0.357, p = .022; Figure 3.5). Additionally, we found that average lure 

recall differed between groups as predicted: the group biased towards a liberal criterion 

was more likely to recall critical lures than the group biased towards a conservative 

criterion (t(39) = 1.706, one-tailed p = .048, Cohen’s d = 0.531; Figure 3.5).  
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Figure 3.5. Free recall transfer experiment performance. (a) Average critical lure 

recall for two groups of independent participants that completed a free recall DRM 

paradigm immediately after a recognition test with biased feedback that induced either a 

conservative (Biased Feedback - Conservative) or liberal (Biased Feedback - Liberal) 

criterion.  The group that learned a conservative recognition criterion recalled fewer 

critical lures than the group that learned a liberal recognition criterion. P value shown for 

one-tailed t-test between groups. Error bars are SEM. (b) Criterion at the end of the 

biased-feedback recognition paradigm predicted the number of critical lures recalled. 

 

 

Discussion 

 Here, we provide convergent evidence that memory strategies can be learned 

through RL mechanisms that rely on EV and PE signals deriving from memory retrieval 

outcomes themselves. Specifically, we found that striatum tracked a trial-by-trial PE 

signal following feedback in a recognition memory test, with the PE signal scaled relative 

to the strength of retrieved memory evidence. This PE signal was predictive of 

individuals’ final criterion in the recognition test. Next, we showed that the behavioral 

results were best fit by a DDM in which learning occurred at the level of the evidence 

evaluation rather than a specific response bias. Finally, we observed that the criterion 
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learned during recognition memory transferred to free recall. The computational 

modeling and free recall results are both consistent with the learning of a general criterion 

by which mnemonic evidence is evaluated rather than a specific response tendency. 

These results advance an emerging literature on facilitative interactions between 

nondeclarative and declarative memory systems (Scimeca & Badre, 2012; Shohamy & 

Adcock, 2010). Although previous work has focused primarily on interactions during 

encoding (Shohamy & Adcock, 2010; Wittmann et al., 2005), the current study provides 

empirical evidence that the nondeclarative system also influences cognitive control of 

declarative memory retrieval. Specifically, memory outcome-derived value could be one 

means by which mnemonic control strategies are learned. Previous work has proposed 

that PEs may serve to evaluate and update the retrieval strategies that give rise to 

clustering patterns in free recall tasks (Becker & Lim, 2003; Long et al., 2010). And, in 

the domain of semantic retrieval, a recent study of rule-guided retrieval found that 

striatum was sensitive to unexpected outcomes and tracked the degree to which relying 

on the rule benefitted subsequent memory decisions (Badre et al., 2014). However, the 

present study provides the first direct evidence that learning of memory control processes 

can be mediated by PEs coded by the nigra-striatal system.  

The present results further inform the functional form by which memory 

outcomes confer value. In the context of the present study, the strength of retrieved 

memory was inherently valued, and indeed, PEs derived from this memory strength 

signal drove striatal responses. By contrast, there was little evidence that the overt 

response outcome drove PE or striatal responding beyond the variance this signal shared 

with MS-PE. Though perhaps counterintuitive from the perspective of conventional RL, 
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the idea that match to memory would be inherently valued is plausible given prior 

research. For example, mere exposure effects have been widely observed in social 

psychology, wherein people show preference for objects, people, and images they have 

consistently encountered previously (Zajonc, 1968). Further, general recognition of an 

object often triggers further retrieval, so called familiarity-gated recollection (Hayama & 

Rugg, 2009; Kahn et al., 2004). Put another way, evidence of oldness elicits a type of 

mnemonic approach response.  

Further consistent with the conclusion that value was mnemonic in origin, the 

MS-EV signal correlated with a set of regions that overlapped with regions in the “core 

retrieval network” (Elward et al., 2014; Rugg & Vilberg, 2013; Spaniol et al., 2009). 

Among these were activations in ventromedial frontal areas previously associated with 

meta-mnemonic “feelings-of-knowing” (Schnyer et al., 2004) and memory schemas 

(Warren, Jones, Duff, & Tranel, 2014). An intriguing, though speculative, possibility is 

that initial retrieval of evidence from long-term memory results in a schema match or 

schema activation, and it is this congruency between retrieval outcome and a prevailing 

schema representation that is valued. This hypothesis requires testing, but has clear 

implications for how learning and valuation may occur in more complex tasks and 

situations.  

Outside of the absence of robust ventral striatal activation, the regions correlating 

with the EV signals also overlapped with the network of regions that have been shown to 

encode subjective value; and indeed some of these regions are the same as those in the 

“core retrieval network” discussed above (De Martino et al., 2013; Knutson et al., 2005; 

Roy et al., 2012). In particular, overlapping areas in medial PFC and precuneus correlated 
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with unique signals from both MS-EV and ERO-EV. It is a notable that a recent decision-

making study showed a similar pattern of results: in an economic choice task, both value 

and subjective confidence were separately identifiable in overlapping areas of 

ventromedial PFC and precuneus (De Martino et al., 2013). This decision-making study 

also found that subjective confidence, but not value, was represented in a more anterior 

region in right rostrolateral prefrontal cortex. We similarly observed activation for ERO-

EV, but not MS-EV, in anterior PFC, suggesting that more anterior regions of PFC may 

have access to metacognitive confidence signals but not value signals in both economic 

and mnemonic decisions. 

It is important to emphasize that the present results do not necessarily indicate 

that response outcome has no impact on learning or recognition criterion. We also 

observed activation that tracked ERO-PE in right inferior frontal gyrus and bilateral 

inferior parietal cortex. Although we did not have a priori predictions regarding this 

signal, an intriguing post hoc account comes from research in the decision-making 

literature that has distinguished between reward prediction errors (coded in striatum) and 

state prediction errors (Gläscher et al., 2010). State prediction errors (SPEs) occur when 

observed state transitions deviate from an internal model of the environment, and these 

SPEs have been identified in lateral prefrontal cortex and inferior parietal cortex 

(Gläscher et al., 2010).  The ERO-PE signal may reflect participants’ surprise when 

feedback deviates from metacognitive expectations (Badre et al., 2014), e.g. positive 

feedback following a low confidence response. However, additional work is needed to 

explore the potential role of SPEs in declarative memory.  



133 

 

The present work not only informs the field of declarative memory research but 

also provides a new domain in which to generalize RL theory. Recent years have seen a 

growing understanding of the contributions of striatum and RL to higher-level cognition 

(Badre & Frank, 2012; Frank et al., 2004; Gläscher et al., 2010; Haber & Knutson, 2010; 

Maia & Frank, 2011), and the dynamics of RL in declarative memory potentially differ in 

important ways from typical RL tasks. Many RL tasks involve learning simple response-

outcome mappings for concrete stimuli, although these principles have been extended to 

more complex actions and policies (Badre & Frank, 2012; Gläscher et al., 2010). Our 

results suggest that RL taking place during recognition memory is not at the level of a 

simple stimulus-response-outcome mapping. Instead, the DDM results and the 

demonstration of successful transfer to free recall suggest that the RL mechanisms update 

an evaluative control process that operates on the latent and multidimensional contents of 

retrieved memory representations. In other words, RL principles generalize beyond overt 

actions and action policies, to “cognitive” actions like memory retrieval. Further, the fact 

that MS-PE rather than ERO-PE drove striatal responses and learning in the current task 

demonstrates that depending on the task and type of learning, value can derive from 

complex latent processes, instead of (or in addition to) the overt outcome of a plan or 

response.   

  The current study provides a clear motivation to assess striatal contributions to 

declarative memory in patients with nigra-striatal dysfunction, such as Parkinson’s or 

Huntington’s disease. Although these patient populations show profound impairments in 

implicit learning tasks (Knowlton et al., 1996), they also show more subtle deficits in 

declarative memory retrieval similar to the deficits seen in patients with frontal lobe 
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damage, and this pattern may be due to their inability to appropriately evaluate and 

update retrieval strategies (Scimeca & Badre, 2012). More generally, our findings suggest 

that successful control of declarative memory retrieval can be thought of as a skill that is 

learned and updated through the non-declarative reinforcement learning system. This 

novel perspective, combined with the observation of successful transfer of learning across 

retrieval tasks, may have important implications beyond the lab, such as for memory 

training interventions in the clinic or the classroom. 
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Methods 

Experiment 1: FMRI study of recognition criterion learning from biased feedback 

Participants. Nineteen right-handed adults (age = 18-29 years, mean = 22.8 years; 7 

women) with normal or corrected-to-normal vision completed the neuroimaging study 

and are included in the analyses. All participants were without psychiatric or neurological 

conditions, contraindications for MRI, or medications affecting the CNS. All participants 

gave written informed consent and were compensated $20/hour according to guidelines 

established and approved by the Institutional Review Board of the Research Protections 

Office at Brown University. Four additional participants completed the experiment but 

were excluded a priori from all analyses because of excessive head movement detected 

during preprocessing (> 3mm translation in a single run). We did not predetermine 

sample size, but our sample size is within the range used in previous behavioral studies of 

this paradigm (Han & Dobbins, 2008, 2009; Chapter 2), as well as previous fMRI studies 

of memory from our lab (e.g. Badre et al., 2014). 

Task procedure and analysis. The stimulus set consisted of 640 nouns naming concrete 

objects. For each participant, 280 words were randomly selected to be used in the study 

phase, 240 of which were included as studied items in the test phase. An additional 240 

words were randomly selected to be used as unstudied (lure) items in the test phase. 

 The study task took place on a laptop computer outside the scanner. Participants 

were instructed to make one of two semantic judgments about each presented item and 

were not forewarned of the upcoming recognition test. On each trial, a word was 

presented for 300 ms, followed by a fixation screen for 1 s, followed by the response 

prompt. The prompt indicated which semantic judgment to make by providing the 

possible answer choices: “organic/inorganic” or “small/large” (relative to a typical-sized 
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shoebox). Participants had 1s to indicate their response with a key press and failure to 

respond on time elicited an auditory tone as feedback; no other feedback was provided 

for any responses. Participants completed 280 trials with an inter-trial interval of 1.2 s. 

Self-paced breaks were provided after the 96
th

 and 192
nd

 trials. The order of the study 

words was randomized for each participant. 

 The recognition test was completed within the MRI scanner. The test phase 

consisted of 480 trials divided into six runs each seven minutes and ten seconds in length; 

participants were allowed a self-paced break between runs. Participants were told that 

they would be presented with a mix of studied (old) and unstudied (new) items and to 

respond to the test prompt “Is this item old?” by indicating “YES” with their index finger 

and “NO” with their middle finger on the response box (Figure 3.2a). We refer to “YES” 

responses as “old” responses and “NO” responses as “new” responses throughout the 

chapter. Participants had 1.5 seconds to initiate their response from the time the test item 

appeared on the screen; response time (RT) was coded based on the elapsed time between 

item presentation and the initiation of the button response. 

 Participants were further instructed to indicate their confidence by holding down 

the response button.  This caused a bar to move along an unfilled rectangle underneath 

the corresponding “YES” or “NO” response (Figure 3.2a). Participants were told that the 

top of the rectangle corresponded to high confidence and the bottom of the rectangle 

corresponded to low confidence. They were told to position the bar to match their 

confidence and encouraged to use the whole range of confidence ratings for their 

responses. The bar moved at a speed such that it took 1.5 seconds to move across the 

entire rectangle, which was 300 pixels high. To deconfound confidence rating from the 



137 

 

movement of the bar, the bars started at the top of the rectangles on half of trials and the 

bottom of the rectangles on the other half. This positioning was always visible to the 

participant before they initiated their response. If participants wanted to indicate a 

confidence rating that corresponded to the end of the rectangle where the bar started, they 

were told to press the response button very briefly (e.g. a low confidence response when 

the bar starts at the bottom of the rectangle). The test prompt, probe word, and answer 

choices remained on screen for the duration of the confidence rating.  

 A fixation screen of variable duration followed the response/confidence rating and 

was followed by a feedback screen indicating either “Correct!” or “Incorrect!” (Figure 

3.2a). False positive feedback was provided following approximately 70% of incorrect 

“old” responses to new items (false alarms). For each participant, the experimental script 

tracked the range of confidence responses provided for false alarms to determine the 

median false alarm confidence rating before each trial. 100% of false alarms made with a 

confidence rating below this median received false positive feedback, and approximately 

40% of false alarms made with a confidence rating above this median received false 

positive feedback. All other trials received veridical feedback.  

False feedback was targeted to low confidence false alarms because both the MS-

PE and ERO-PE alternatives predict that this pattern of feedback will result in a large 

behavioral effect: a large liberal shift in criterion (see Chapter 2). After feedback, a filler 

fixation screen was presented such that the total length of the trial, not counting the 

variable inter-stimulus interval between response and feedback, summed to 4 seconds. 

This filler fixation screen transitioned seamlessly to the inter-trial interval fixation screen 

of variable duration. 
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 Design efficiency was optimized using a combination of Optseq2 

(http://surfer.nmr.mgh.harvard.edu/optseq/) and custom-made scripts. An equal number 

of studied and unstudied items were presented in each run; the probe word presented on 

each studied/unstudied trial was randomly drawn from the studied and unstudied items 

for each participant. The order of studied and unstudied items, the timing of the inter-trial 

interval, and the timing of the inter-stimulus interval were optimized to maximize 

detection power and allow us to separably estimate effects associated with response from 

those associated with feedback. The duration of the inter-trial interval fixation had a 

mean of 2 seconds and a range of 1-11 seconds. The duration of the inter-stimulus 

fixation between response and feedback had a mean of 2.85 seconds and a range of 1-6 

seconds. 

 To acquaint participants with the response method used for the recognition test, 

they completed an ostensibly unrelated estimation task immediately following the study 

phase and before the test phase. The display was visually similar to the display used in 

the recognition test, but the test word was replaced with either “right” or “left” and a 

number between 0 and 100. Participants responded with either the left or right arrow key 

on the laptop and moved the bar to the corresponding position in the appropriate 

rectangle. They completed 40 trials of this practice task. Feedback was only provided on 

non-response trials. 

We computed the recognition criterion for each run (80 trials) of the scanning 

session using the standard signal-detection approach (Macmillan & Creelman, 2005; 

Wickens, 2002). Criterion was calculated as:  

𝑧(𝐻𝑖𝑡 𝑅𝑎𝑡𝑒) − 𝑧(𝐹𝑎𝑙𝑠𝑒 𝐴𝑙𝑎𝑟𝑚 𝑅𝑎𝑡𝑒)

−2
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Eq. 1 

Initial criterion refers to criterion for the first run and terminal criterion refers to criterion 

for the final run. These criterion values were submitted to a repeated-measures ANOVA 

with Run as a factor, and follow-up t-tests as described in the Results. Note that we use 

the terminal criterion values, instead of a difference score between terminal and initial 

criterion, for our correlation analyses because false positive feedback was possible 

immediately from the onset of the experiment, and thus initial criterion does not provide 

a clean baseline to compute a difference score. 

fMRI data collection and preprocessing. Whole-brain imaging was performed on a 

Siemens 3T TIM Trio MRI system. High-resolution T1-weighted (multi-echo MP-

RAGE) anatomical images were acquired for visualization (TR = 2200 ms; echo times = 

1.54 ms, 3.36 ms, 5.18 ms, 7.00 ms; flip angle = 7º; 144 sagittal slices; 1.2 × 1.2 × 1.2 

mm). Functional images were collected over six runs using a gradient-echo echo-planar 

sequence (TR = 2 s; echo times = 28.0 ms; flip angle = 90º; 40 axial slices; 3 × 3 × 3 

mm). Head motion was restricted using firm padding surrounding the head. Stimuli were 

projected onto a screen and viewed through a mirror attached to a 32-channel head coil. 

Responses were provided with the right hand through a Mag Design and Engineering 

MRI-compatible four-button response pad. The first five volumes of each functional run 

were discarded to allow for T1 stabilization. 

Preprocessing and data analysis were performed using SPM8 

(www.fil.ion.ucl.ac.uk/spm). Image data quality was first assured via visual inspection 

and using customized versions of TSDiffAna (http://sourceforge.net/projects/spmtools/) 

and ArtRepair software (http://cibsr.stanford.edu/tools/human-brain-project/artrepair-
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software.html). Functional images were then corrected for differences in slice acquisition 

timing by resampling all slices to match the first slice. Images were then motion 

corrected across all runs using B-Spline interpolation. For four participants that had head 

motion greater than 3mm across the entire session but not within a single run, motion-

correction was applied separately for each run. As already noted, participants with 

movement of greater than 3mm within a run (N=4) were excluded. Nuisance regressors 

were included for all participants to account for run-to-run variance. Data were then 

normalized based on MNI stereotaxic and then spatially smoothed with an 8-mm FWHM 

isotropic Gaussian kernel.  

fMRI data analysis and visualization. Data analysis was conducted under the 

assumptions of the general linear model as implemented in SPM8. Single subject effects 

were estimated using a fixed-effect model. All regressors were generated by convolving 

stick functions (duration = 0) with a canonical hemodynamic response function and its 

temporal derivative. Nuisance regressors were included to account for run-to-run 

variance and low-frequency signal components. Linear contrasts at each voxel were used 

to obtain subject-specific estimates for each effect. These estimates were entered into 

second-level analyses treating subjects as a random effect, using a one-sample t test 

against a contrast value of 0 at each voxel.  

Unless otherwise noted, activations detected with whole-brain analyses were 

considered statistically reliable to the extent that they survived a False Discovery Rate 

(FDR)-corrected threshold of p < .05 at the cluster level. Whole-brain maps were initially 

thresholded at p < .001, uncorrected, and cluster corrected to p < .05 using SPM’s FDR 

algorithm. The critical cluster extent for each contrast is listed in each corresponding 
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table. Because the analysis contrasting unique MS-PE versus unique ERO-PE is 

particularly conservative, we report activation using an uncorrected p < .001 threshold. 

Given our a priori hypotheses regarding effects in striatum, we also used small volume 

correction (SVC) using an anatomical striatum mask that combined the Automated 

Anatomical Labeling database (AAL; Tzourio-Mazoyer et al., 2002) definitions of 

bilateral caudate and putamen, applying Family-Wise Error (FWE) height correction 

across this small volume. We explicitly note this alternative approach in the Results. We 

note that applying this alternative correction method (SVC using p < .05 FWE height 

correction within the striatal mask) across all of our reported whole-brain analyses 

provides a pattern of results that is qualitatively similar to the FDR cluster-corrected 

results that we report. Such consistency between whole-brain cluster correction and SVC 

height correction suggests robustness to our key striatal results.  

All figures are from group contrasts rendered on the MNI canonical brain in 

neurological convention. The statistical thresholds used for display purposes are listed in 

the figure captions. All coordinates are in MNI space and correspond to the peak voxel in 

the cluster. Local maxima reported by SPM within a cluster are also reported. 

Microanatomical labels were determined based on inspection of the Talairach and 

Tournoux atlas (Talairach & Tournoux, 1988), and macroanatomical labels were 

determined using the Harvard-Oxford Probabilistic Atlas implemented in FSL 

(www.fmrib.ox.ac.uk/fsl) and prior literature. 

Whole-brain analyses were complemented by Region of Interest (ROI) analyses. 

ROIs were defined using anatomical masks from the AAL database (Tzourio-Mazoyer et 

al., 2002). As already noted, our striatum ROI was constructed by combining the AAL 
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definitions of bilateral caudate and putamen (total volume: 32,232 mm
3
), as our lab has 

used previously (Badre et al., 2014). We also constructed an anatomical ROI guided by 

the functional activations associated with our ERO-PE regressor, in order to test for an 

ROI × effect interaction, as described in the Results. This ROI was constructed by 

combining the AAL definitions of bilateral inferior parietal cortex and right inferior 

frontal gyrus opercularis (total volume: 41,528 mm
3
). To assess ROI activation, the time-

series signal averaged across the entire ROI was extracted using the MarsBaR toolbox 

(Brett, Anton, Valabreague, & Poline, 2002), and the respective GLM was regressed 

against this time-series. The parameter estimates (beta values) associated with each 

regressor were computed and the parameter estimates for regressors of interest were 

subjected to repeated-measures analysis of variance, t tests, and correlation analyses as 

described in the Results. All reported p values are two-tailed unless explicitly noted 

otherwise, and considered significant at p < .05. All error bars indicate standard error of 

the mean. 

 

fMRI general linear models. Parametric regressors for fMRI analyses were calculated 

using trial-by-trial Expected Values (EVs) and Prediction Errors (PEs) under both the 

Memory Strength and Expected Response Outcome alternatives. For the Memory 

Strength alternative, we transformed response confidence on each trial to derive a 

Memory Strength EV (MS-EV) as depicted in Figure 3.1, such that high confidence 

“new” responses were coded as the lowest memory strength and high confidence “old” 

responses were coded as the highest memory strength. For “new” responses, maximum 

confidence corresponded to an MS-EV of 0 and minimum confidence corresponded to an 
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MS-EV of 0.5. For “old” responses, minimum confidence corresponded to an MS-EV of 

0.5 and maximum confidence corresponded to an MS-EV of 1. For each trial, we 

calculated the MS-PE by taking the difference between the presented outcome (veridical 

and false positive feedback: 1; negative feedback: 0) and MS-EV for that trial. For the 

Expected Response Outcome alternative, we derived an Expected Response Outcome EV 

(ERO-EV) on each trial that was directly related to response confidence: for both “new” 

and “old” responses, minimum confidence responses corresponded to an ERO-EV of 0 

and maximum confidence responses corresponded to an ERO-EV of 1, as depicted in 

Figure 3.1. For each trial, we calculated the ERO-PE by taking the differences between 

the presented outcome and ERO-EV for that trial. 

We first constructed two versions of our GLM: a Memory Strength GLM and an 

Expected Response Outcome GLM. The GLMs were identical except for the parametric 

regressor that was included. We included a condition regressor for trial onset and a 

condition regressor for the presentation of feedback. In each GLM, the trial onset 

regressor was modulated by the respective EV parametric regressor and the feedback 

presentation regressor was modulated by the respective PE parametric regressor. These 

parametric regressors were convolved with the HRF and temporal derivative basis 

functions. We further included separate condition regressors for the trial onset and 

feedback events of non-response trials on which the participant made an error of 

omission. These regressors were treated as nuisance regressors; they were not modulated 

by a parametric regressor and were not analyzed. We included identical nuisance 

regressors in our third and fourth GLMs described below. 
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In each of these models the parametric regressor captures all variance associated 

with that regressor above and beyond the variance captured by the primary condition 

regressor. For example, the MS-PE regressor in the MS GLM would include only 

variance above and beyond the main effect of feedback presentation, and would include 

variance shared with the ERO-PE values as well as any variance unique to MS-PE. 

Likewise, the ERO-PE regressor in the ERO GLM would include variance shared with 

the MS-PE values and its unique variance. The average correlation between the MS-PE 

and ERO-PE predictors after convolution with the canonical HRF was R
2
 = 0.52 (the 

correlation was first determined within each participant, transformed to a z-score, 

averaged across all participants, and transformed back to a correlation coefficient.) The 

average correlation between the convolved MS-EV and ERO-EV predictors was R
2
 = 

0.19.  

Our third GLM included the MS-PE and ERO-PE parametric regressor in the 

same model. This model included a condition regressor for trial onset and a condition 

regressor for feedback presentation; these were not modulated by any parametric 

regressor. Instead, we convolved the MS-PE and ERO-PE values with the HRF and input 

these values as two user-entered regressors. This allows the two PE regressors to compete 

for variance in the model and capture only unique variance(Henson, 2007). This is 

similar to what happens when two parametric regressors are included as modulators on a 

condition regressor in SPM. By default, SPM performs serial orthogonalization such that 

the first parametric regressor includes both shared variance and its unique variance, and 

the second parametric regressor includes only its unique variance. For example, if a 

hypothetical GLM included MS-PE as the first parametric regressor and ERO-PE as a 
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second parametric regressor, the ERO-PE regressor would only capture the unique 

variance.  

Finally, including both MS-PE and ERO-PE as user-defined regressors within the 

same model allows them to directly compete for variance and therefore allows us to 

perform a direct contrast in the GLM framework. Thus, our fourth GLM included both 

MS-EV and ERO-EV parametric regressors in the same model. Like our third GLM, this 

model included a regressor for trial onset and a regressor for feedback presentation; these 

were not modulated by any parametric regressor. Instead, we convolved the MS-EV and 

ERO-EV values with the HRF and input these values as two user-entered regressors. 

Drift diffusion modeling analysis. In the DDM, the decision process arises from noisy 

evidence accumulation (or drift) towards one of two response bounds(Ratcliff, 1978). For 

recognition decisions, one bound corresponds to an “old” response and the other bound 

corresponds to a “new” response. Thus, over time, evidence accumulation drifts towards 

one of these response bounds at a rate (i.e., the drift rate; v) that is determined by the 

strength of evidence recovered from memory. Evidence that is evaluated as signaling 

“old” leads to a positive drift rate, towards the “old” boundary. Evidence that is evaluated 

as signaling “new” leads to a negative drift rate, towards the “new” boundary. The 

accumulation process is terminated when the drift reaches either boundary, and the 

corresponding response is made. Stronger evidence would lead to a larger drift rate, and 

thus, a faster response. 

 The response bias, z, determines the starting point of the diffusion process relative 

to either of the response boundaries. When bias is closer to the “old” response boundary, 

participants are overall more likely (requiring less evidence) to respond “old” 
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independently of the strength of the evidence (drift rate).  Shifts in response bias result in 

a larger effect on the leading edge of the RT distribution relative to shifts in the drift 

criterion (Ratcliff & McKoon, 2008). 

The drift criterion parameter, dc, in the DDM determines whether observation of a 

signal of a given strength is more likely to elicit drift towards the “old” or “new” 

boundary. This is not thought to change how a memory strength or match signal is 

retrieved from long term memory (which is impacted by factors such as strength of 

studied items) but instead how this match signal is evaluated and mapped onto drift rate 

(Criss, 2010; Ratcliff & McKoon, 2008; Ratcliff & Starns, 2009; Starns, Ratcliff, & 

McKoon, 2012; White & Poldrack, 2014). From this perspective, the drift process can be 

thought of as a series of small signal detection processes, where at each time step, the 

evidence for an item is sampled. If that sample is greater than the old/new criterion then 

the drift is incremented toward “old,” and is otherwise incremented toward “new.” The 

criterion of those signal detection processes conducted at each time step is the drift 

criterion. Changes in drift criterion have a larger impact on the tail than do changes in 

bias (Ratcliff & McKoon, 2008). 

The recognition decision was modeled using the DDM, following prior work 

(Ratcliff et al., 2004). For all model variants, parameters were fit to the accuracy and RT 

data (from both correct and error trials). We estimated bias (z) and drift criterion (dc); 

along with parameters for an initial non-decision interval (t), thought to reflect processes 

like encoding of the target; and the distance between the boundaries (a). Response time 

data were examined for outliers: any response faster than 300ms was considered a guess 

or an error and excluded from the analyses (Criss, 2010; Ratcliff et al., 2004; Starns, 
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Ratcliff, & White, 2012). Non-response errors (when participants failed the response 

deadline) were excluded from analysis. These constituted fewer than 5% of trials on 

average across participants.   

Model fitting was conducted using the Hierarchical Drift Diffusion Modeling 

(HDDM) module (Wiecki et al., 2013). This Python module uses a hierarchical Bayesian 

estimation procedure that fits the DDM parameters based on all participant data 

simultaneously. This is analogous to random effects estimation in that it treats between-

subject variance as a random variable while fitting within-subject parameters 

simultaneously. A Markov-chain Monte-Carlo (MCMC) procedure estimated the DDM 

parameters’ posterior distributions. 10,000 samples from the distributions were estimated. 

The first 3,000 samples were discarded (burn in), and of the remaining samples, every 

tenth sample was retained (thinning). Model convergence was assessed based on Monte-

Carlo error (MC error) and visual assessments of chain convergence (Gelman et al., 

2004). Model selection was based on minimization of the deviance information criterion 

(DIC), which is more readily compatible with MCMC estimation than Akaike 

information criterion or Bayesian information criterion. In our implementation of the 

model, more liberal values of z and dc correspond to more positive values. For visual 

comparison to SDT plots, we have plotted liberal down in all figures. 

Experiment 2: Transfer of Memory Criterion to Free Recall 

Participants. Forty-six participants (mean age: 20.2 years, range 18-28 years; 28 female) 

who did not participate in the fMRI experiment participated in the recognition-free recall 

experiment. Five participants were excluded from all analyses because they indicated on 

a post-test questionnaire that they were familiar with the DRM paradigm(Kantner & 
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Lindsay, 2012). All participants gave written informed consent and were compensated 

$10/hour according to guidelines established and approved by the Institutional Review 

Board of the Research Protections Office at Brown University. Experimenters were blind 

to the learning condition assignment of each participant during the experimental session 

and during coding of free recall responses.  We note that a subset of the participants 

included in this experiment and analysis are included in the analysis of recognition 

memory criterion described in Chapter 2. The two groups included in the present 

experiment correspond to the FF–Old – Low Confidence and FF–New – High 

Confidence groups. However, the free recall data reported here have not previously been 

reported. 

Task Procedure and Analysis. Participants first completed a false feedback recognition 

paradigm similar to the one used for the fMRI experiment. They studied 240 words and 

completed a recognition test composed of 144 studied words and 144 unstudied words. 

The test was divided into 6 blocks of 48 trials separated by self-paced breaks. One group, 

the Biased Feedback – Liberal group, received false feedback on approximately 70% of 

false alarms and veridical feedback on all other responses. The false feedback was 

targeted to low confidence responses to maximize the effectiveness of the liberal criterion 

shift. The second group, the Biased Feedback – Conservative group, received false 

feedback on approximately 70% of “new” errors (targeted to high confidence responses 

to maximize the effectiveness of the conservative criterion shift) and veridical feedback 

on all other responses.  

 Immediately following the recognition test, participants completed study/test 

cycles for ten DRM lists (Roediger & McDermott, 1995). The ten lists with the highest 
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rate of free recall critical lure intrusions from Stadler, Roediger, and McDermott (1999) 

were selected. Within each list, the words were presented in the order they are listed in 

Stadler, Roediger, and McDermott (1999). Eight permutations of list order were created 

and each participant received one of these orders at random. The fifteen study words 

were presented one at a time on the screen and the participant read the word aloud at a 

rate of one per 2 seconds. Immediately following study, a prompt initiated the recall 

phase and participants had two minutes to verbally recall as many words as they “were 

reasonably sure had been presented on the list”.  

 Raters blind to the experimental condition listened to the recall verbalizations of 

each participant using the Penn TotalRecall toolbox 

(http://memory.psych.upenn.edu/TotalRecall) and coded for the presence or absence of 

the critical lure on each list. The total number of critical lures recalled by each participant 

was calculated and submitted to t-test and correlation analyses. Based on previous results 

(Kantner & Lindsay, 2012), we predicted that the Biased Feedback – Liberal group 

would recall more critical lures than the Biased Feedback – Conservative group. Thus, 

we performed a directional t-test and report the one-tailed p-value. For the correlation 

analysis, we computed the recognition criterion for each block (48 trials) and used the 

terminal criterion (from the final block) for the correlation with critical lure recall, 

paralleling the correlational approach used in Experiment 1.  
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Supplemental Material 

 

Supplemental Figure 3.6. Whole brain activation maps showing correlates of Prediction Error signals. The first row shows the 

shared and unique variance associated with the Memory Strength PE (MS-PE); the second row shows just unique variance associated 

with MS-PE. The third row shows the shared and unique variance associated with the Expected Response Outcome PE (ERO-PE); the 

fourth row shows just the unique variance associated with ERO-PE. Whole brain statistical maps are thresholded at p < .05, FDR 

cluster corrected. Color maps represent t statistics with a range from 0 to 8. 
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Supplemental Figure 3.7. Whole brain activation maps showing correlates of Expected Value signals. The first row shows the 

shared and unique variance associated with the Memory Strength EV (MS-EV); the second row shows just unique variance associated 

with MS-EV. The third row shows the shared and unique variance associated with the Expected Response Outcome EV (ERO-EV); 

the fourth row shows just the unique variance associated with ERO-EV. Whole brain statistical maps are thresholded at p < .05, FDR 

cluster corrected. Color maps represent t statistics with a range from 0 to 8. 
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Supplemental Figure 3.8. DDM drift criterion and response bias estimates as a function of time. The left panel plots the drift 

criterion (dc) values as a function of time derived from the Drift Criterion Model. The right panel plots the response bias (z) values 

derived from the Response Bias model. More liberal values are plotted down. The DIC (deviance information criterion) values were 

used for model-selection; the preferred model is the one with a lower DIC. Error bars represent 95% confidence intervals. 
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Supplemental Figure 3.9. Recognition criterion in the free recall transfer experiment. Participants in the Biased Feedback – 

Conservative and Biased Feedback – Liberal adopted a conservative and liberal criterion, respectively, over the course of the 

experiment. More liberal criterion values are plotted down. Error bars represent SEMs.   
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Supplemental Table 3.1.  fMRI Activations for Prediction Errors from Memory Strength and Expected Response Outcome 
Alternatives   

    
MNI 

Coordinates 
Number of 

voxels 
Peak Statistics 

Region ~Brodmann's Area x y z T Z 

                

MS-PE Shared and Unique Variance               

Critical cluster extent: 399               

                

Left hippocampus   -33 -19 -20 8542 7.95 5.15 

Left precentral gyrus 6 -6 -16 49   7.32 4.92 

Right caudate   6 17 1   7.18 4.87 

Left amygdala   -24 2 -17   7.03 4.82 

Right parietal operculum cortex 41 45 -19 19   6.89 4.76 

Right supramarginal gyrus 40 57 -28 31   6.74 4.70 

Left middle frontal gyrus 9 -30 26 43   6.73 4.70 

Left postcentral gyrus 1 -57 -19 28   6.67 4.68 

Right superior parietal lobe 5 21 -49 61   6.61 4.65 

Occipital pole 18 -12 -85 16 399 6.14 4.45 

                

MS-PE Unique Variance               

Critical cluster extent: 157               

                

Left caudate   -3 8 1 157 6.34 4.54 

Right caudate   9 20 4   6.16 4.46 

Left thalamus   -3 -7 10   5.76 4.28 

Left postcentral gyrus 40 -45 -28 52 252 5.35 4.09 

Left precentral gyrus 4 -33 -22 67   4.79 3.80 
  
               

ERO-PE Shared and Unique Variance               
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Critical cluster extent: 126               

                

Right superior temporal gyrus 22 57 -10 -8 7097 8.03 5.17 

Left superior temporal gyrus 22 -51 -16 -2   7.74 5.07 

Left precentral gyrus 6 -12 -19 70   7.59 5.02 

Right precentral gyrus 6 9 -25 64   7.29 4.91 

Right putamen   30 -19 4   6.98 4.80 

Right cingulate gyrus 24 12 -16 43   6.71 4.69 

Left medial frontal cortex 11 -9 44 -14 172 5.75 4.28 

Right frontal pole 10 9 62 4   5.35 4.09 

Left middle temporal gyrus 21 42 -52 10 126 5.75 4.28 

Right occipital pole 18 21 -79 1 165 5.14 3.98 

                

ERO-PE  Unique Variance               

Critical cluster extent: 77               

                

Right supramarginal gyrus 40 51 -40 49 199 7.12 4.85 

Right angular gyrus 40 57 -55 43   4.75 3.78 

Right inferior frontal gyrus, pars opercularis 44 48 11 13 77 5.83 4.31 

Left angular gyrus 40 -51 -52 49 103 5.53 4.17 

Left supramarginal gyrus 40 -45 -49 37   4.35 3.55 

                

All reported clusters were significant at a False Discovery Rate (FDR)-corrected threshold of p < .05 at the cluster level. Whole-brain maps were 
initially thresholded at p < .001, uncorrected, and cluster corrected to p < .05 using SPM’s FDR algorithm. The critical cluster extent for each 
contrast is listed above. 

Rows that denote the peak voxel within a cluster include a value for "Number of voxels". Local maxima within the cluster reported by SPM are 
listed on subsequent rows. 
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Supplemental Table 3.2. fMRI Activations for Expected Value from Memory Strength and Expected Response Outcome 
Alternatives   

    
MNI 

Coordinates 
Number of 

voxels 
Peak Statistics 

Region ~Brodmann's Area x y z T Z 

                

MS-EV Shared and Unique Variance               

Critical cluster extent: 523               

                

Left precuneus 30 -9 -52 19 5051 10.67 5.92 

Left frontal pole 10 -3 56 1   8.89 5.44 

Left paracingulate gyrus 10 -6 56 10   8.63 5.36 

Left posterior cingulate gyrus 31 -6 -43 31   8.35 5.28 

Left inferior parietal lobule 7 -45 -73 31   8.12 5.20 

Left medial frontal cortex 10 -3 47 -11   7.71 5.06 

Left cerebellum   -18 -64 -17 523 9.31 5.56 

Left inferior temporal gyrus 21 -48 -40 -14 1083 7.68 5.05 

Left middle temporal gyrus 21 -57 -22 -17   7.28 4.91 

Left superior temporal gyrus 22 -48 -1 -5   7.07 4.83 

Left parietal operculum cortex 40 -51 -34 22   7.03 4.82 

Right amygdala   30 2 -23 943 7.22 4.89 

Right postcentral gyrus 40 63 -16 19   6.32 4.53 

Right inferior temporal gyrus 20 57 -31 28   6.13 4.45 

                

MS-EV Unique Variance               

Critical cluster extent: 42               

                

Left precuneus 31 -6 -64 28 566 9.79 5.70 

Left posterior cingulate gyrus 31 -12 -46 34   7.99 5.16 

Right posterior cingulate gyrus 31 9 -40 40   6.17 4.46 

Left inferior parietal lobule 7 -42 -73 46 163 7.05 4.82 
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Left cerebellum   -12 -67 -14 195 7.02 4.82 

Left paracingulate gyrus 32 -3 47 -2 175 6.86 4.75 

Right anterior cingulate gyrus 24 6 29 10 122 6.31 4.53 

Left anterior cingulate gyrus 24 -12 38 13   4.38 3.57 

Anterior cingulate gyrus 32 0 -1 40 48 5.56 4.19 

Right parietal operculum cortex 40 57 -31 25 42 4.60 3.69 

                

ERO-EV Shared and Unique Variance               

Critical cluster extent: 130               

                

Left frontal pole 10 -12 62 19 2122 9.91 5.73 

Left medial frontal gyrus 11 -3 47 -14   9.01 5.48 

Left superior frontal gyrus 8 -15 29 64   8.67 5.37 

Left middle frontal gyrus 8 -39 14 58   6.69 4.68 

Paracingulate gyrus 10 0 50 4   6.30 4.52 

Left orbitofrontal gyrus 11 -33 38 -14   5.64 4.23 

Subcallosal cortex 32 0 26 -11   5.25 4.04 

Anterior cingulate gyrus 32 0 35 4   5.05 3.93 

Left posterior cingulate cortex 23 -6 -46 25 4908 9.00 5.47 

Left middle temporal gyrus 21 -54 -22 -17   8.18 5.22 

Left precuneus 31 -3 -64 25   7.43 4.96 

Left lateral occipital cortex 18 -24 -88 1   6.88 4.76 

Left superior parietal lobule 7 -24 -43 55   6.35 4.54 

Left precentral gyrus 6 -3 -16 52   6.19 4.47 

Right postcentral gyrus 5 12 -31 55   5.96 4.37 

Right superior parietal lobule 5 21 -49 55   5.91 4.35 

Left putamen   -24 -1 -2   5.72 4.26 

Left inferior parietal lobule 40 -48 -67 43 666 7.60 5.02 

Left inferior parietal lobule 39 -45 -70 25   6.95 4.79 

Right lateral occipital cortex 19 48 -70 -8 149 7.03 4.81 

Right superior temporal gyrus 21 60 -10 -8 708 6.12 4.45 
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Right parietal operculum cortex 13 54 -28 19   6.03 4.40 

Right precentral gyrus 6 63 5 13   5.34 4.08 

Right optic pole 17 18 -94 10 130 5.57 4.20 

                

ERO-EV Unique Variance               

Critical cluster extent: 87               

                

Left frontal pole 10 -15 59 19 1277 10.18 5.80 

Left medial frontal cortex 11 -3 47 -14   9.12 5.51 

Left superior frontal gyrus 8 -12 29 52   6.49 4.60 

Left orbital frontal cortex 11 -36 26 -20   5.73 4.27 

Left orbital frontal cortex 47 -24 35 -14   5.11 3.97 

Left middle temporal gyrus 21 -57 -22 -14 2590 7.79 5.09 

Left posterior cingulate gyrus 23 -9 -43 34   7.40 4.95 

Left superior parietal lobule 5 -30 -43 58   6.02 4.40 

Left precuneus 23 -3 -64 25   5.75 4.28 

Right precentral gyrus 6 6 -19 64   5.70 4.25 

Right superior parietal lobule 5 27 -46 61   5.66 4.24 

Left occipital pole 18 -24 -94 -5 231 7.48 4.98 

Left inferior parietal lobule 39 -45 -67 40 664 7.23 4.89 

Left lateral occipital cortex 39 -48 -73 19   7.23 4.89 

Right lateral occipital cortex 18 48 -70 -8 306 6.54 4.62 

Right parietal operculum cortex 13 54 -28 19 422 5.40 4.11 

Left putamen   -24 -4 -5 87 5.16 3.99 

Left cerebellum   -36 -70 -23 91 4.35 3.55 

                

All reported clusters were significant at a False Discovery Rate (FDR)-corrected threshold of p < .05 at the cluster level. Whole-brain maps 
were initially thresholded at p < .001, uncorrected, and cluster corrected to p < .05 using SPM’s FDR algorithm. The critical cluster extent 
for each contrast is listed above. 
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Supplemental Table 3.3. Comparison Between Drift 
Diffusion Models 

Model DIC deviance pD 

Drift Criterion 6457.98 6313.06 144.91 

Response Bias 6570.35 6447.43 122.92 

Lower DIC values indicate better fitting model.  
DIC: deviance information criterion. 
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CHAPTER 4 

Remembering to Learn: Perceived Oldness and Task Goals Modulate Encoding at 

Retrieval 

Successful memory retrieval has been linked to activity in brain systems 

associated with value and reward, such as striatum. However, the factors that contribute 

to these putative value signals and the behavioral consequences of these signals remain 

unclear. Based on the established role of reward and value in enhancing episodic 

encoding, we hypothesized that value signals during memory retrieval support adaptive 

re-encoding of retrieved information (the first hypothesis outlined in Chapter 1). Here we 

use a variant of the testing effect procedure to test the behavioral predictions of this 

hypothesis. In an initial test, we manipulated the relationship between perceived oldness 

and task goals, two factors which have been linked to striatal activity during memory 

retrieval (Han et al., 2010). Crossing these factors in an initial retrieval test allowed us to 

assess the independent impact of these factors on performance in a final test.  We found 

that both perceived oldness and goal-attainment support retrieval-based re-encoding, 

when task goals are made sufficiently salient. We interpret the re-encoding effects of the 

current studies as a behavioral consequence of putative striatal value signals. Thus, these 

behavioral results provide converging evidence consistent with multiple co-occurring 

striatal value signals during retrieval and suggest that an important function of these 

signals is to support re-encoding of retrieved information.  
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Introduction 

 A core function of adaptive memory is to encode information that may prove 

valuable in future contexts and to retrieve information that is valuable in a current context 

(J. R. Anderson & Milson, 1989; Scimeca & Badre, 2012; Shohamy & Adcock, 2010). 

This requires that the memory system be able to appropriately index valuable information 

such that it is prioritized in memory. The nigra-striatal dopaminergic value system is 

known to be critical to value-based learning in action selection and decision-making 

(Cools, 2011; Daw & Tobler, 2014; Haber & Knutson, 2010; O’Doherty et al., 2004), and 

recent work has begun to explore the role of striatal engagement in declarative memory 

retrieval (Badre et al., 2014; Elward et al., 2014; Han et al., 2010) and encoding (Murty 

& Adcock, 2013; Shohamy & Adcock, 2010; Wittmann et al., 2005). However, the 

functional form by which striatum assigns value to different retrieval outcomes and the 

subsequent impact of these value signals on future memory remains unknown. Here we 

use a variant of the testing effect paradigm to test the hypothesis that value signals during 

episodic memory track task-independent oldness and task-specific goal-attainment, and 

that these value signals in turn support re-encoding of retrieved information (Scimeca & 

Badre, 2012). 

 Functional magnetic resonance imaging (fMRI) studies of human memory have 

found that striatal activation is commonly observed during simple recognition tasks when 

contrasting hits (correct responses to studied target items) versus correct rejections 

(correct responses to unstudied lure items). This finding is typically referred to as the 

“retrieval success” effect (for relevant meta-analyses, see Kim, 2011; Scimeca & Badre, 

2012; Spaniol et al., 2009; Wagner et al., 2005). Despite the ubiquity of this finding, the 
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factors that drive the striatal response remain unresolved. Recently, Han and colleagues 

(Han et al., 2010) proposed two non-exclusive accounts for the retrieval success effect. 

The “retrieval-dependent account” proposes that the striatal response is linked to the 

perceived oldness of retrieved information (i.e. ecphory, cf. Schacter, Eich, & Tulvlng, 

1978) which underlies “old” responses but not “new” responses. Under this account, the 

striatal response marks successful recovery of information from long-term memory as a 

valued retrieval outcome, independent of the goals of the current task. In contrast, the 

“goal-attainment account” proposes that the striatal response is linked to the motivational 

significance associated with “old” responses. As Han and colleagues noted, a typical 

memory test in a laboratory setting will often explicitly or implicitly indicate that the goal 

of the test is to remember previously studied items, and participants may thus be more 

motivated to make “old” responses than “new” responses. 

 Thus, perceived oldness and task goals are aligned in a typical memory test, and 

dissociating between these accounts of striatal activity therefore requires that task goals 

be experimentally crossed with perceived oldness. Han and colleagues (Han et al., 2010) 

accomplished this by incentivizing either “old” or “new” responses with a monetary 

reward during separate recognition tests. Using fMRI, they observed increased striatal 

activity for the incentivized response, consistent with the goal-attainment account. 

However, they also observed above-baseline striatal activity for “old” responses even 

when “new” responses were incentivized, at a level comparable to the activity observed 

in a recognition test without incentives. This suggests that striatal activity may reflect 

both goal-attainment and perceived oldness.  
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A related fMRI study that combined a source memory task with incentives 

identified voxels in striatum that exclusively showed memory effects, separate voxels that 

exclusively showed reward effects, and voxels that showed both effects of memory and 

reward (Elward et al., 2014). As the authors note, this pattern is not easily accounted for 

by a single construct (that is, by perceived oldness or goal-attainment alone), and is 

instead compatible with multiple striatal value signals that co-occur during retrieval. 

 These previous studies used the pattern of striatal activity associated with 

different types of retrieval outcomes to make forward inferences about the value of 

perceived oldness and goal-attainment (Elward et al., 2014; Han et al., 2010; Henson, 

2006; Moran & Zaki, 2013). In the present study, we sought to assess putative striatal 

value signals associated with perceived oldness and goal-attainment by measuring their 

influence on future behavior: specifically, their influence on subsequent memory for 

items encountered during retrieval. In studies of encoding, recruitment of the nigra-

striatal system by reward and reward anticipation is associated with enhanced encoding 

(Adcock et al., 2006; Murty & Adcock, 2013; Shohamy & Adcock, 2010; Wittmann et 

al., 2005). We hypothesized that recruitment of this value system by perceived oldness or 

goal-attainment would result in a similar enhancement of retrieval-based re-encoding. 

 To test this hypothesis, we utilized a variant of the testing effect procedure. In a 

typical testing effect experiment, participants first study a list of items and then one group 

of participants completes a memory test for those items while the other group completes a 

second study phase of the same items. On a final test of memory, the group that 

completed the initial memory test performs better than the group that completed two 

study phases (P. C. Brown, Roediger, & McDaniel, 2014; Roediger & Butler, 2011; 
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Roediger & Karpicke, 2006a, 2006b). In the present experiments, all participants 

completed an initial and final test. Following from the logic of Han and colleagues (Han 

et al., 2010), we crossed perceived oldness and task-goals during the initial test in order 

to identify the impact of these factors on performance in the final test. 

Although an expanding literature has begun to delineate which manipulations give 

rise to the testing effect, there currently exists little mechanistic theory regarding the 

neurocognitive basis for these effects (Roediger & Butler, 2011). Therefore, the current 

study allows us to address two open and related questions: (1) Is perceived oldness and/or 

goal-attainment associated with value during retrieval? (2) Do these value signals support 

retrieval-based re-encoding? 

Experiment 1 

 All participants completed three tasks: a study task, Test 1, and Test 2. We 

manipulated task goals in Test 1 through a simple instructional manipulation. One group 

of participants was instructed that Test 1 was a memory test and that their task was to 

recognize old words that had been presented in the study task (Memory Group). A second 

group of participants was instructed that Test 1 was a novelty detection test and that their 

task was to identify new words not previously encountered in the study task (Novelty). 

All participants were told that Test 2 was a word identification task in which their job 

was to indicate whether each word was old or new.  

 Both Test 1 and Test 2 had the same task structure as typical recognition tests: 

half of the items were targets (items encountered in a previous task) and half of the trials 

were lures (items not previously encountered). Critically, the target items in Test 2 were 
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composed of both the targets and lures encountered in Test 1 (see Figure 4.1 and Logic 

and Design below for more details). This allowed us to sort targets in Test 2 based on two 

factors: whether they were perceived as old or new in Test 1; and whether or not they 

were associated with goal-attainment in Test 1. For the Memory Group, perceived 

oldness and task goals were aligned: “old” responses in Test 1 were perceived as old and 

associated with goal-attainment. For the Novelty Group, perceived oldness and task goals 

were crossed: “old” responses in Test 1 were associated with perceived oldness, while 

“new” responses were associated with goal-attainment. Therefore, the specific pattern of 

performance for different types of targets in Test 2 allows us to identify the impact of 

putative value signals on retrieval-based re-encoding during Test 1. 

 The retrieval-dependent account predicts that both the Memory Group and the 

Novelty Group will show a re-encoding benefit for perceived oldness. The goal-

attainment account predicts that the Memory Group will show a perceived oldness benefit 

while the Novelty Group will show a perceived newness benefit. Finally, both perceived 

oldness and task goals may be associated with value, as suggested by the imaging results 

described above (Elward et al., 2014; Han et al., 2010). If this is the case, then the 

Memory Group will show a large benefit of perceived oldness (which is aligned with task 

goals) while the Novelty Group will show an intermediate effect (because perceived 

oldness and task goals will have opposing effects). 
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Figure 4.1 Experimental Design for Experiment 1. The task prompts and flow of 

words across the three tasks in Experiment 2. In the Study task, all participants made a 

pleasantness judgement. In Test 1, the Memory Group (orange) and Novelty Group (blue) 

were provided different task prompts. All responses in Test 1 were classified as either 

Hits, Misses, False Alarms (FAs), or Correct Rejections (CRs), depending on the 

participant’s responses (colored arrows and response in quotes). Items perceived as old 

(Hits, FAs) are shown with a filled gray background; items perceived as new (Misses, 

CRs) are shown with a patterned background. Goal-congruent responses are shown in 

green font. Critically, perceived oldness and task goals are aligned for the Memory Group 

but crossed for the Novelty Group. In Test 2, targets consisted of items encountered in 

Test 1 (labeled here by their Test 1 response type) and items encountered only at study. 

An equal number of new words were used as lures. All participants made an “OLD or 

NEW?” word identification judgment in Test 2. The primary difference in Experiment 2 

is that the ratio of targets to lures in Test 1 was changed from 1:1 to 5:1. See Logic and 

Design in the text for more details.  
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Method 

Participants. Thirty four participants (21 female; age, 18-23 years; mean = 19.6 years) 

participated in exchange for payment. All participants had normal or corrected-to-normal 

vision and were native English speakers. Participants gave written informed consent 

according to guidelines established by the human Research Protections Office of Brown 

University. Two participants (one from the Memory Group and one from the Novelty 

Group) were excluded from all analyses because they had d-prime scores more than two 

standard deviations below the mean, resulting in 16 participants in each group. 

Procedure. The experiment consisted of three tasks across two consecutive days. On the 

first day, participants completed a Study task and Test 1. During the Study task, 

participants made a pleasantness judgment for a series of 300 words. On each trial, the 

word was presented centrally and the answer choices (pleasant / unpleasant) were 

presented on either side of the screen, counterbalanced across participants. Participants 

had 1.5 seconds to respond by pressing either the “1” key (choice on the left) or “2” key 

(choice on the right). Following the response, the answer choices would disappear and 

the word would remain on the screen for the remainder of the trial. A central fixation 

cross was presented for an inter-trial interval of 0.5 seconds.  

 Test 1 followed immediately after the Study task. Participants were randomly 

assigned to either the Memory Group or the Novelty Group at the beginning of the 

experiment, and the framing of Test 1 differed between the two groups: instructions for 

each condition were identical except for the name given to the task (memory test or 

novelty detection test) and the phrase instructing them to either “identify old items” or 
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“identify new items”. To remind participants of the task instructions, the task prompt was 

presented at the top of the screen for each trial: “Is this item OLD?” or “Is this item 

NEW?”, respectively. 

 On each trial, the task prompt appeared at the top of the screen with a word 

presented centrally below. The answer choices (“yes” / “no)” were presented on either 

side of the screen, counterbalanced across participants, along with an unfilled rectangle 

used as a visual analog scale of confidence (see Chapters 2 and 3). Participants made 

their response with the left and right arrow keys and indicated their confidence on each 

trial by holding down the key: as they held down the key, a small bar moved up the 

rectangle underneath the corresponding response. Participants were instructed that 

moving the bar higher up in the rectangle corresponded to higher confidence, and to 

release the key when the bar was at the appropriate height. If participants did not release 

the key, the bar stopped at the top of the rectangle and it was coded as maximum 

confidence. This confidence rating is similar to previous studies in our lab (such as the 

experiments described in Chapters 2 and 3). All responses were included in analyses, 

irrespective of participants’ reported confidence. 

 Participants had 2 seconds to make their initial response; the confidence rating 

took a maximum of 1.5 seconds to make a maximum confidence response. Following the 

response, the task prompt and word remained on the screen such that each trial was fixed 

to 3.5 seconds. A central fixation cross was presented for an inter-trial interval of 1 

second. Test 1 consisted of 500 trials: 250 target words and 250 lure words (see Figure 

4.1 and Logic and Design for more details). Participants were allowed a self-paced break 

every 50 trials.  
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 Approximately 24 hours later, participants returned to the lab to complete Test 2. 

The 24 hour delay was used because previous studies of reward-related enhanced 

encoding have found that reward-related encoding effects are larger after longer delays 

(e.g. Wittmann et al., 2005), likely due to the role of dopamine in long-term potentiation 

and consolidation (Huang & Kandel, 1995; Jay, 2003; Lemon & Manahan-Vaughan, 

2006; Li et al., 2003). For all participants, this task was referred to as a “Word 

Identification Task”. Participants were informed that some of the words they would be 

asked to identify were encountered in one or both of the tasks from the first day, while 

some words were not encountered on the first day. All participants were instructed to 

“identify whether the word is old or new”. The task prompt “OLD or NEW?” or “NEW 

or OLD?” appeared at the top of the screen, counterbalanced across participants, and 

participants indicated their response using the left or right shift key (using their index 

finger on separate hands). The rest of the task timing and stimulus screen was identical to 

Test 1, with participants again indicating their response confidence using a visual analog 

scale. Test 2 consisted of 500 trials: 250 target words and 250 lure words (see Figure 4.1 

and Logic and Design). No feedback was provided in any task. 

 In order to prevent confounds associated with motor responses, separate button 

responses were used for each of the three tasks. Additionally, the two answer choices for 

each task (Study: pleasant / unpleasant; Test 1: yes / no; Test 2: old / new) could appear 

on either left or right side of the screen. The presentation was fixed within each 

participant: that is, the side of a response choice did not vary from trial to trial. Instead, 

the side of the responses for each task was counterbalanced across participants, such that 

these three factors were fully crossed every eight participants.  
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Logic and Design. Figure 4.1 shows the flow of words across the Study task, Test 1, and 

Test 2.  The total stimulus set consisted of 800 adjectives. The studied items, Test 1 lures, 

and Test 2 lures were randomly drawn from this set for each participant. The Study task 

consisted of 300 words: 250 words were also used as Test 1 targets and 50 words were 

not included in Test 1 but were included as Test 2 targets (“Study only” items). Words in 

the Study task were presented in pseudo-random order such that every 30 trials was 

composed of 25 words to be used as Test 1 targets and 5 words to be used as “Study 

only” items in Test 2. 

Test 1 consisted of 500 words: the 250 studied words served as targets, and 250 

unstudied words served as lures. Based on a participant’s responses, all words in Test 1 

were classified as Hits (correct responses to Test 1 targets), Misses (incorrect responses 

to Test 1 targets), false alarms (FAs; incorrect responses to Test 1 lures), or correct 

rejections (CRs; correct responses to Test 1 lures). In Figure 4.1, items that were 

perceived as old (Hits, FAs) are shown with a filled gray background and items that were 

perceived as new (Misses, CRs) are shown with a patterned gray background. Words in 

Test 1 were presented in pseudo-random order such that every 50 trials was composed of 

half targets and half lures. 

 The colored arrows and quoted responses under Test 1 in Figure 4.1 indicate the 

corresponding response for each group that resulted in the four possible Test 1 outcomes 

(Memory Group: orange arrows; Novelty Group: blue arrows). Responses congruent with 

task goals are shown in green font. Critically, perceived oldness and task goals are 

aligned for the Memory Group (Hits and FAs) but these factors are crossed for the 

Novelty Group such that items perceived as new (Misses and CRs) are congruent with 
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task goals. This crossing unconfounds the impact of perceived oldness and task goals 

during Test 1 retrieval-based re-encoding.  

 A subset of items from each of the four Test 1 response types (Hits, Misses, FAs, 

CRs) were used as Test 2 targets. 50 words that were encountered during the Study task 

by not in Test 1 were included as targets in Test 2, for a total of 250 target words. 250 

words not encountered during the Study task or during Test 1 served as lures in Test 2. 

Words in Test 2 were presented in pseudo-random order such that every 100 trials 

consisted of 50 lures and 50 target items (15 Hits, 5 Misses, 5 FAs, 15 CRs, 10 Study 

only words). 

 To ensure that the composition of Test 2 targets would be approximately equal for 

each participant, only a subset of the Hits (75 words), Misses (25 words), FAs (25 

words), and CRs (75 words) from Test 1 were included as Test 2 targets. The specific 

words from within each response type were chosen at random. If a participant did not 

have a sufficient number of trials for one response type (e.g. a participant with high 

accuracy who only made 23 misses in Test 1), these items were replaced with another 

Test 1 item such that there were exactly 100 targets encountered at Test 1 & Study (Hits 

and Misses) and exactly 100 targets encountered at Test 1 Only (FAs and CRs) included 

in Test 2 for all participants (e.g. a Hit item was used in place of a Miss item for 

participants with an insufficient number of misses in Test 1.) 

Analysis approach. The primary measure of interest was accuracy in Test 2 as a function 

of response type in Test 1. We used the standard signal-detection theory measure d-prime 

(Macmillan & Creelman, 2005; Wickens, 2002) which is defined as the difference 
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between z-transformed hit rate and z-transformed false alarm rate. False alarm rate was 

calculated from “old” responses to Test 2 lures. Hit rates were calculated separately for 

“old” responses to Hits, Misses, FAs, and CRs (defined by Test 1 response) and Study 

only items, which were in turn used to generate five d-prime measures, as shown in 

Figure 4.2 and Figure 4.3. 

Results and Discussion 

Test 1 Performance. There was no group difference in d-prime (memory group: M=1.50, 

SD=0.45; novelty group: M=1.69, SD=0.40; t(30) = 1.27). 

Test 2 Performance: The Role of Perceived Oldness and Task Goals. To assess the role of 

perceived oldness and task goals on retrieval-based re-encoding, d-prime scores from the 

four conditions of interest (Hits, Misses, FAs, CRs as defined by Test 1 response) were 

submitted to a between-subjects repeated measures ANOVA with factors of repetitions 

(encountered at study and test: Hits, Misses; encountered at test only: FAs, CRs), 

perceived oldness (perceived as old: Hits, FAs; perceived as new: Misses, CRs), and 

group. Accuracy rates for these four conditions and for studied-only control items are 

shown for each group in Figure 4.2.  

There was a main effect of perceived oldness across groups (F(1,30) = 98.035, p 

< 0.001) such that items perceived as old during Test 1 were better recognized during 

Test 2. To test whether this effect persists even in the absence of veridical memory, we 

specifically compared the items encountered at test only (FAs and CRs). Items 

incorrectly perceived as old (FAs) were better recognized than items correctly classified 

as new (CRs) in both the memory (t(15) = 3.08, p < 0.01) and novelty groups (t(15) = 
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4.61, p < 0.001). This is consistent with studies that have identified increased striatal 

responses for false alarms compared to correct rejections (e.g. Abe et al., 2008) and 

suggests that perceived oldness is associated with re-encoding regardless of the veridical 

content of memory retrieval. 

 We did not find evidence that task goals modulate re-encoding at retrieval: the 

statistical interaction between group and perceived oldness was not significant (F(1,30) = 

0.020). Instead, the effect of perceived oldness was observed within both the memory 

group and the novelty group, as depicted by the difference scores shown in the bottom 

row of Figure 4.2. The nonsignificant interaction may reflect a true null effect of task 

goals, or it may reflect a failure of the instructional manipulation. Although the 

instructions for the novelty group framed Test 1 as a novelty detection task, participants 

may have still treated the task as a memory test and simply adjusted their responses to 

match the task prompt. The aim of Experiment 2 was to address this potential issue by 

increasing the saliency of novelty during Test 1, akin to typical oddball studies of novelty 

detection. 

 The Novelty Group had greater overall accuracy compared to the Memory Group 

(main effect of group, F(1,30) = 5.910, p = 0.021). It is possible that the novelty detection 

task supported encoding of items during Test 1 such that overall memory was enhanced 

for Test 2, despite the absence of a specific effect of task goal. However, an alternative 

explanation is that the participants randomly assigned to the Novelty Group had better 

memories than the participants assigned to the Memory Group independent of the group 

manipulation. 
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Figure 4.2. Accuracy for All Test 2 Targets in Experiment 1. The top row shows Test 

2 accuracy for all Test 2 target items. Items are sorted by their Test 1 response type, as 

indicated by the horizontal axis labels. Filled bars indicate items perceived as old in Test 

1; patterned bars indicate items perceived as new in Test 1; green indicates items that 

were goal-congruent in Test 1 (see main text and Figure 4.1 for more details). Items 

encountered during the Study phase only are shown for comparison. The bottom row 

shows difference scores to summarize the retrieval-based re-encoding benefit of 

perceived oldness (plotted upward) or perceived newness (plotted downward). Both the 

Memory Group and Novelty Group showed a perceived oldness benefit such that those 

items perceived as old in Test 1 were better recognized in Test 2. 
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Experiment 2 

 In Experiment 1, we did not find evidence that task goals influenced retrieval-

based re-encoding. It is possible that the instructional manipulation was not sufficient to 

get participants in the Novelty Group to treat Test 1 like a novelty detection test, and 

instead they simply treated it like a memory test and adjusted their responses to match the 

test prompt. To make the manipulation of task goals more salient in Experiment 2, we 

additionally manipulated the base rate of target and lure items in Test 1. A common 

paradigm used to study novelty detection is the “oddball paradigm”, in which novel 

events are rare events (oddballs). We therefore changed the ratio of target items to lure 

items to 5:1 in Test 1, in the range of proportions typically used in studies of the oddball 

paradigm (Braver, Barch, Gray, Molfese, & Snyder, 2001; Linden et al., 1999; Marois, 

Leung, & Gore, 2000; Mayer, Harrington, Adair, & Lee, 2006; Tricomi et al., 2004). The 

proportion of targets and lures was changed to 5:1 for both the Memory Group and the 

Novelty Group. Importantly, this task design still allows us to identify separate effects of 

perceived oldness and task goals because these factors remain crossed between the two 

groups. 

Method 

Participants. Thirty three participants (21 female; age, 18-32 years; mean = 20.1 years) 

participated in exchange for payment. All participants had normal or corrected-to-normal 

vision and were native English speakers. Participants gave written informed consent 

according to guidelines established by the human Research Protections Office of Brown 
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University. One participant was excluded from all analyses for failing to respond on over 

20% of trials in Test 2, resulting in 16 participants in each group. 

Procedure. The timing and task structure of the Study, Test 1, and Test 2 tasks were 

identical to Experiment 1 except for the number of items used in each test, as described 

below. Critically, the proportion of lure items in Test 1 was reduced from 50% to 17% 

(100 lure words out of 600 total words), similar to the proportion used in oddball tasks 

used to study novelty detection.  All participants were explicitly instructed that the 

majority of items included in Test 1 would be items encountered during the initial (study) 

task. Importantly, the Memory Group was still instructed that they would be completing a 

memory test and that their job was to identify old words; the Novelty Group was still 

instructed that they would be completing a novelty detection test and that their job was to 

identify new words.  

Logic and Design. Words in Experiment 2 were drawn from the same pool of 800 words 

used in Experiment 1; a random subset of only 760 words were used for each participant. 

The studied items, Test 1 lures, and Test 2 lures were randomly drawn from this subset 

for each participant. The overall flow of words in Experiment 2 was similar to that 

depicted in Figure 4.1, but a different number of words was associated with each box. 

 The Study task consisted of 520 words: 500 words were also used as Test 1 

targets and 20 words were not included in Test 1 but were included as Test 2 targets. Test 

1 consisted of 600 words: 500 studied words served as targets, and 100 unstudied words 

served as lures. Based on a participant’s responses, all words in Test 1 were classified as 

Hits, Misses, FAs, or CRs. As in Experiment 1, perceived oldness and task goals are 



177 
 

aligned for the Memory Group but crossed for the Novelty Group. Words in Test 1 were 

presented in pseudo-random order such that every 60 words was composed of 50 targets 

and 10 lures. To make the high proportion of target items especially salient, the first ten 

trials were always target words for all participants. 

 A subset of items from each of the four Test 1 response types (Hits, Misses, FAs, 

CRs) were used as Test 2 targets. An additional 20 words that were encountered only 

during the Study task were included as targets, for a total of 140 Test 2 targets. 140 words 

not encountered during the Study task or Test 1 served as lures in Test 2. To ensure that 

the composition of Test 2 targets would be approximately equal for each participant, only 

a subset of the Hits (40 words), Misses (20 words), FAs (20 words), and CRs (40 words) 

from Test 1 were included as Test 2 targets. The specific words from with each response 

type were chosen at random. Like Experiment 1, if a participant did not have a sufficient 

number of trials for one response type, these items were replaced with another Test 1 

item such that there were exactly 100 Test 1 & Study items (Hits and Misses) and exactly 

100 Test 1 Only items (FAs and CRs) included in Test 2 for all participants. 

Results and Discussion 

Test 1 Performance. There was no group difference in d-prime (Memory Group: M=2.32, 

SD=0.10; Novelty Group: M=2.37, SD=0.12; t(30) = -0.32). 

Test 2 Performance: The Role of Perceived Oldness and Task Goals. To assess the role of 

perceived oldness and task goals on retrieval-based re-encoding, we performed the same 

analysis as in Experiment 1: d-prime scores from the four conditions of interest were 

submitted to a between-subjects repeated-measure ANOVA with factors of repetitions, 
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perceived oldness, and group. Accuracy rates for these four conditions and for studied-

only control items are shown for each group in Figure 4.3.  

 There was a main effect of perceived oldness (F(1,30) = 26.705, p < 0.001) and 

an effect of task goals (interaction between group and perceived oldness: F(1,30) = 4.55, 

p = 0.041) on Test 2 memory performance. This pattern of results is consistent with two 

co-occurring value effects contributing to retrieval-based re-encoding during the first 

retrieval test: a value signal associated with perceived memory evidence and a value 

signal associated with retrieval outcomes that are consistent with task goals. The reliable 

effect of task goals stands in contrast to Experiment 1 and is likely due to the 

manipulation of base rates during the first retrieval test: while participants in the Memory 

Group maintained memory retrieval as their task goal, the rarity of new items combined 

with the instructional manipulation to make the task goal of detecting novel items more 

salient for the Novelty Group. 

 Follow-up analyses constrained to each group separately revealed that the effect 

of perceived oldness was reliable for the Memory Group (F(1,15) = 48.984, p < 0.001) 

but not for the Novelty Group (F(1,15) = 3.161, p = 0.096), although there remained a 

qualitative benefit for perceived oldness in both groups, as shown in the bottom row of 

Figure 4.3. Thus, it appears that the value associated with perceived oldness has a larger 

impact on retrieval-based re-encoding than the value associated with task-congruent 

retrieval outcomes, at least given our task manipulations. We cannot rule out the 

possibility that additional manipulations which further enhanced the value associated 

with detecting novel items (e.g. by incentivizing “new” responses; or by providing a 

cover story which asserted that an individual’s ability to detect novel events is predictive 
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of general intelligence; cf. Han et al., 2010) might result in a larger effect of task goals 

such that the Novelty Group showed enhanced memory for perceived newness. 

 There was no difference in overall memory between the two groups (F(1,30) = 

0.079). This suggests that the effect of group observed in Experiment 1 was not due to the 

group manipulation but instead due simply to individual differences in overall memory 

between the participants assigned to each group. 

 

Figure 4.3. Accuracy for All Test 2 Targets in Experiment 2. The top row shows Test 

2 accuracy for all Test 2 target items. Items are sorted by their Test 1 response type, as 

indicated by the horizontal axis labels. Filled bars indicate items perceived as old in Test 

1; patterned bars indicate items perceived as new in Test 1; green indicates items that 

were goal-congruent in Test 1 (see text and Figure 4.1 for more details). Items 

encountered during the Study phase only are shown for comparison. The bottom row 

shows difference scores to summarize the retrieval-based re-encoding benefit of 

perceived oldness (plotted upward) or perceived newness (plotted downward). There was 

a main effect of perceived oldness (all difference scores are positive) but this effect was 

modulated by task goals (the positive difference scores in the Novelty Group are 

significantly reduced). This suggests that both perceived oldness and task goals impacted 

retrieval-based re-encoding during Test 1. 
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General Discussion 

 We hypothesized that one function of striatal activity typically observed during 

memory retrieval is the adaptive re-encoding of valued information (Scimeca & Badre, 

2012). The current studies provide behavioral evidence consistent with this hypothesis: 

we found that both perceived oldness and goal-attainment support retrieval-based re-

encoding. Previous neuroimaging studies have identified these two factors as potential 

sources of value-related activity in the nigra-striatal system during retrieval (Elward et 

al., 2014; Han et al., 2010). We interpret the re-encoding effects of the current studies as 

a behavioral consequence of these putative value signals. Thus, these behavioral results 

provide converging evidence consistent with multiple co-occurring striatal value signals 

during retrieval. 

 Using fMRI, Elward and colleagues (2014) identified distinct striatal signals 

associated with successful memory (due primarily to recollection) and external reward 

(due to monetary incentive). Here we identify distinct re-encoding effects associated with 

perceived oldness (likely due to a combination of familiarity and recollection) and goal-

attainment (due to task goals). Together, these findings point to an emerging consensus 

that striatal signals during retrieval arise from multiple sources of value. However, future 

work that combines more elaborated behavioral paradigms and neuroimaging will be 

required to determine which manipulations tap into the same underlying construct, and 

which constructs are represented in overlapping or distinct neural populations within the 

nigra-striatal system. For example, the monetary incentives used in previous studies 

(Elward et al., 2014; Han et al., 2010) represent an exogenous reward, whereas the 

manipulation of task goals  in the current studies represents a more endogenous source of 
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motivational reward. This distinction between exogenous and endogenous rewards may 

result in recruitment of distinct neural substrates and thus could exert an influence on re-

encoding through distinct neural pathways. 

 During initial encoding, value signals have been shown to support enhanced 

subsequent memory (Adcock et al., 2006; Murty & Adcock, 2013; Shohamy & Adcock, 

2010; Wittmann et al., 2005), and the neurobiological mechanisms that link value to 

enhanced memory during initial encoding provide a set of candidate mechanisms for 

retrieval-based re-encoding. One possibility is that interactions between the nigra-striatal 

system and hippocampus directly support enhanced memory (Adcock et al., 2006; 

Shohamy & Adcock, 2010; Wolosin, Zeithamova, & Preston, 2012), potentially through 

dopamine-mediated long-term potentiation or synaptic tagging (Dunsmoor, Murty, 

Davachi, & Phelps, 2015; Huang & Kandel, 1995; Jay, 2003; Lemon & Manahan-

Vaughan, 2006; Li et al., 2003). Another possibility is that nigra-striatal value signals 

modulate a broad cortical network, such as frontal and visual cortices, to enhance 

processing of value-relevant information and thus indirectly support hippocampal-

dependent encoding (Murty & Adcock, 2013). Given the widespread projections of the 

dopaminergic value system (Cools, 2011; Fallon & Cools, 2014; Lisman & Grace, 2005; 

Shohamy & Adcock, 2010), value signals during encoding and retrieval likely exert their 

downstream effects through a variety of pathways.  

 In the current studies, we used recognition tests because this afforded us a tightly 

controlled paradigm in which to demonstrate the initial behavioral effect of retrieval-

based re-encoding. Specifically, we used recognition probes from an initial recognition 

test as probes on a final recognition test. However, it is possible that value signals during 
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retrieval support re-encoding more broadly: for example, perceived oldness (or goal-

attainment) associated with a probe on the initial test may also enhance encoding of test-

irrelevant information that is presented simultaneously (such as a novel paired-associate 

or a source detail). This broader effect has been found in studies of reward-enhanced 

memory during initial encoding (e.g. Murty & Adcock, 2013). Furthermore, item 

recognition provides a relatively constrained retrieval environment, relative to more 

effortful memory tests such as source tasks or free recall. Given that the current studies 

establish a basic link between value and retrieval-based re-encoding, future work can 

seek to delineate the scope and generality of value-based re-encoding across different 

forms of retrieval. 

 Because the current studies used recognition, one alternative explanation of the 

perceived oldness effect is the effect of retrieval fluency. Fluency describes the ease with 

which information is processed or accessed, and this fluency can influence memory 

decisions and metacognitive judgments (e.g. Benjamin, Bjork, & Schwartz, 1998). 

Although all words were randomized across participants, it is possible that idiosyncratic 

patterns of participant-specific fluency drove “old” responses during both Test 1 and Test 

2.  For example, certain words may be processed more fluently by a participant for 

idiosyncratic reasons, and this fluency could make the participant more likely to respond 

“old” to these words during Test 1. During Test 2, the participant would again be more 

likely to respond “old” to these items. However, this effect may not be due to the re-

encoding benefit of perceived oldness during Test 1 but instead is again due to the high 

levels of fluency the participant experiences for these specific words. Critically, this 

fluency explanation cannot account for the effect of task goals that we observe in 



183 
 

Experiment 2 (reflected in the statistical interaction between perceived oldness and 

group). Therefore, while we cannot rule out a possible contribution from retrieval 

fluency, this alternative explanation cannot account for the full pattern of observed 

results.  

 Finally, the retrieval-based re-encoding results described here provide one 

potential mechanism for commonly observed testing effects, although it is almost 

certainly the case that other cognitive mechanisms also play a role (Roediger & Butler, 

2011). The present results also have potentially important implications for testing that is 

used in educational settings and for the implementation of memory rehabilitation 

programs (Middleton & Schwartz, 2012), highlighting the importance of considering 

motivation, goals, and value in these contexts. 
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CHAPTER 5 

Conclusions 

The central thesis of this dissertation is that the nigra-striatal dopaminergic value 

system makes important contributions to declarative memory retrieval, in support of the 

flexible and adaptive nature of memory. Intelligent and flexible behavior requires that we 

bring to bear information from past experience that is currently relevant in order to guide 

future thought and action. It is apparent from everyday life, and from over a century of 

psychological research into memory processes (Benjamin, 2007; James, 1890; Schacter et 

al., 1978), that healthy individuals can readily exert this form of strategic access to 

memory. Research in recent decades has focused on the important role of a frontal-

parietal brain network in implementing this control (Badre & Wagner, 2007; Moscovitch, 

1992, 1994; Thompson-Schill, D’Esposito, Aguirre, & Farah, 1997; Wagner et al., 2005; 

Wheeler, Stuss, & Tulving, 1997). This dissertation provides foundational empirical 

evidence that striatum, likely in concert with frontally-mediated control processes, is also 

critical to flexible control of declarative memory retrieval. 

As reviewed in Chapter 1, the existing neuroimaging and neuropsychology 

literatures are consistent with a role of striatum in retrieval. Although striatal activity is a 

consistent finding in fMRI studies of memory (Spaniol et al., 2009), the striatum has 

rarely been the primary focus of these studies. However, our review identified a pattern in 

that striatal activation was often observed in studies that placed control demands on 

retrieval. The specific patterns of memory deficits observed in patients with dysfunction 

of the nigra-striatal system, such as Parkinson’s disease and Huntington’s disease 
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patients, provided converging evidence and further implies a causal link between striatum 

and effective control of retrieval. Importantly, we note that controlled processing is 

involved not only in the processes involved in accessing information from long-term 

memory, but also in the processes that monitor and evaluate the content retrieved from 

memory (Benjamin, 2007). 

Building from this review, we leveraged existing theories of striatal function that 

have emerged from studies of value-based learning, decision-making, and action 

selection (Cools, 2011; Daw & Tobler, 2014; Doll & Frank, 2009; Haber & Knutson, 

2010; Shohamy & Adcock, 2010) to propose three hypotheses regarding the specific 

contributions of striatum to declarative memory: (1) striatum marks valued retrieval 

outcomes and supports adaptive re-encoding of retrieved information; (2) striatum gates 

into working memory a goal or cue that biases memory access towards relevant 

information; (3) striatum supports reinforcement learning of control policies that operate 

during retrieval. The empirical work contained in this dissertation was designed to 

specifically address the first and third hypotheses. 

The series of studies discussed in Chapters 2 and 3 addressed the role of striatally-

mediated reinforcement learning processes during recognition memory decisions. In 

recognition memory, an individual must evaluate memory evidence in order to decide 

whether the level of evidence indicates that a stimulus has been previously encountered. 

In this sense, a decision policy operates on the contents retrieved from memory to 

determine the most appropriate decision (“old” or “new”). This decision policy is 

summarized by the signal detection theory measure of the decision criterion (Macmillan 

& Creelman, 2005; Wickens, 2002). We manipulated the degree to which feedback 
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deviated from an individual’s expectations by targeting false feedback to either high or 

low confidence responses, with the intent of manipulating the magnitude of the 

experienced Prediction Errors. This manipulation impacted the degree to which 

individuals adjusted their decision criterion, implicating PE-based learning in the 

regulation of memory decisions. 

We combined this behavioral paradigm with fMRI to investigate the neural 

substrates of PE-based learning in recognition memory. Reinforcement learning has been  

linked to the nigra-striatal dopaminergic system by converging evidence from 

neuroimaging, neurophysiology, computational modeling, patient studies, and genetics 

studies (Doll & Frank, 2009; Frank et al., 2007, 2004; Haber & Knutson, 2010; Schultz, 

1998) and the striatum in particular is known to track reward PE signals (Badre & Frank, 

2012; Gläscher et al., 2010). We found that striatum tracked PEs during recognition 

memory and that the magnitude of this neural signal predicted individual differences in 

adjustments to criterion (mirroring similar findings from the value-based learning 

literature, Schonberg, Daw, Joel, & O’Doherty, 2007). The combination of behavioral 

and neuroimaging results provide strong converging evidence that a striatally-mediated 

RL system regulates control processes in declarative memory retrieval. This fills a 

fundamental gap in theories of cognitive control of memory by implicating a concrete 

mechanism and well-characterized neural system as the means by which healthy 

individuals can dynamically evaluate and adjust mnemonic control processes. 

Critically, in both the behavioral and neuroimaging results, we found that PEs in 

recognition memory are scaled relative to a value signal that is linked to the memory 

strength underlying the memory decision, as opposed to a value signal tied to response 
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confidence. In making our initial predictions about the role of PEs in recognition 

memory, we turned to analogous experiments conducted in standard RL tasks. RL 

principles have been extended to a variety of different experimental domains that fall 

under the umbrella of value-based learning and decision-making. However, this particular 

result is not easily predicted from the existing RL literature. Instead, this finding serves to 

highlight the importance of explicitly testing RL principles in other domains, like 

declarative memory.  

The underlying reason why PE signals are scaled relative to memory strength 

remains unclear and will require additional experimental work. One salient difference 

between the current tasks and many RL tasks is that we required participants to determine 

the appropriate decision for a given level of memory evidence, which is an abstract latent 

state. This stands in contrast to the more concrete stimuli that often provide the learning 

context in typical RL tasks. The expected value of memory decisions may be linked to 

the level of memory evidence because the current task required control processes to 

operate on the latent memory signal.  

An alternative explanation is that individuals may have learned, through a lifetime 

of experience, that higher levels of memory strength are typically associated with positive 

outcomes and thus should be inherently valued. A related possibility is that the specific 

framing of the recognition test is the source of the link between memory evidence and 

value. That is, because the task was framed as a “memory test” in which the implicit goal 

was to remember information from long-term memory, memory evidence may have been 

ascribed motivational value. As noted in Chapter 1, striatum is responsive not only to 

item familiarity but also to novelty, depending on goals and context. It may be that the 
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relationship between memory evidence and value would be reversed if the experimental 

task were framed as a novelty-detection task (that is, signals of novelty or low levels of 

memory evidence would be associated with high expected value).  

The experiments described in Chapter 4 begin to address these questions while 

simultaneously testing the first hypothesis regarding striatal contributions to memory 

retrieval: that striatum supports re-encoding of retrieved information. By framing a 

retrieval task as either a “memory test” or a “novelty-detection test”, we can begin to 

determine whether the striatal valuation system assigns value to task-independent 

evidence of oldness or to retrieval outcomes consistent with task-goals (or some 

combination of both). By analogy to effects typically observed during initial encoding 

(Shohamy & Adcock, 2010), the retrieval-based re-encoding hypothesis  proposes that 

value associated with retrieval outcomes during retrieval should result in enhanced 

memory on subsequent memory tests. Using a modified testing effect procedure, we thus 

measured behavioral performance on a final memory test to infer the value of retrieval 

outcomes during an initial test. Consistent with the hypothesis, we found evidence that 

both task-independent perceived evidence of oldness and goal-congruent retrieval 

outcomes supported retrieval-based re-encoding.  

Whereas the current studies used the behavioral consequences of value as the 

primary outcome measure, the findings make straightforward predictions regarding the 

underlying neural substrates: both perceived oldness and goal-attainment should result in 

striatal activity during retrieval, which in turn should be predictive of subsequent memory 

on a final test. However, future neuroimaging work can provide additional insights into 

the specific nature of retrieval-related striatal value signals and their mechanism of action 
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on enhancing subsequent memory. Perceived oldness and goal-attainment may tap into 

overlapping or distinct neural populations in striatum (Elward et al., 2014). Likewise, 

these factors may modulate retrieval-based re-encoding through overlapping or distinct 

interactions with other brain structures like frontal cortex and hippocampus (Murty & 

Adcock, 2013). 

In this dissertation, I used fMRI to measure neural activity linking our 

experimental manipulations to changes in behavior. This approach identified the striatum 

as the source of mnemonic PEs. However, fMRI is an observational method, and 

demonstrating a causal role for the nigra-striatal dopaminergic system in regulating 

retrieval control policies will require interventional approaches such as pharmacological 

manipulations or studies of patient populations. For example, the present framework 

predicts that patients with nigra-striatal dysfunction, such as Parkinson’s or Huntington’s 

disease patients, should show marked deficits in their ability regulate recognition 

decisions based on feedback. This deficit in the patients’ ability to dynamic adjust 

memory control processes should be present despite the patients’ generally typical 

performance in recognition tasks. Intriguingly, this account also predicts that patients 

who show decreased overall memory performance but relatively spared metacognitive 

accuracy (which has been observed in e.g. Alzheimer’s disease patients; Gallo, Cramer, 

Wong, & Bennett, 2012) should be able to use feedback-based cues to regulate 

recognition decisions, so long as their nigra-striatal system is intact. Future work with 

patient populations will provide critical insight into effective memory training and 

rehabilitation approaches (Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013; 
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Lustig, Shah, Seidler, & Reuter-Lorenz, 2009; McDaniel & Bugg, 2012; Middleton & 

Schwartz, 2012). 

Finally, this research program describes an important link between declarative 

and nondeclarative memory systems, often studied in isolation. Striatum and associated 

structures have been linked to a wide-range of psychological processes from Pavlovian 

conditioning to abstract rule-learning and working memory management (Badre & Frank, 

2012; Chatham, Frank, & Badre, 2014; O’Doherty et al., 2003). Here we demonstrate an 

important role for this system in episodic memory. This informs a more nuanced 

understanding of the relationship between memory systems in the brain – a modern 

model that is replacing the long-dominant taxonomy of memory systems that posited 

rigidly demarcated declarative and nondeclarative systems (e.g. Scoville & Milner, 1957; 

Squire & Wixted, 2011; see also Cabeza & Moscovitch, 2013; Dew & Cabeza, 2011; 

Dudai & Morris, 2013). Research that provides a better understanding of how these 

various brain systems interact during the control of memory will advance our 

understanding of both cognitive control and memory systems, in general. 
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