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Financial insecurity characterizes modern life. It reflects ongoing instability in employment and
earnings which are notably pronounced in the gig economy. This instability is compounded by the
widespread use of automated decision-making tools that directly affect employment and income.
Over time, this “precariousness” unfolds as a sequence of events for individuals. Thus, to understand
and address it, a shift in perspective from decision-makers to individuals is necessary. This requires
that we develop “artificial societies” – computational simulations of an agent-based behavioral model
capable of capturing various related phenomena simultaneously, including individual consumption
responses to financial shocks, the influence of predictive tools on income, and the long-term behavior
of individuals striving to maximize utility. This individual-level perspective is one direction to study
precarity and inequity in artificial societies with computational simulations or models designed to
replicate and investigate the intricate behavior of complex social systems. However, there is also
a societal-level viewpoint wherein neither a singular decision-maker nor defined agent behavior
rules exist. Consequently, there is a need for a model that does not attempt to describe underlying
systems or capture individual actions. Adopting a system-based approach to studying inequity in
feedback loops opens avenues to explore social systems that are otherwise challenging to model
directly. This dissertation first introduces the concept of latent financial instability, or precarity,
to the artificial intelligence community. It develops agent-based computational models embodying
realistic human-like behaviors to explore precarity dynamics, drawing from various strands of inquiry
in economics. Additionally, we investigate work schedule instability and the impact of foresight
on financial security. Next, we present a model from linear systems theory to quantify feedback
in social systems holistically, enabling the examination of long-term policy effects even without
individually characterized feedback mechanisms. Our frameworks facilitate the examination of
precarity dynamics, the development of mitigation strategies for precarity, policy investigations, and
the production and sustainment of long-term equity.
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Chapter 1

Introduction

1.1 Motivation

Financial insecurity in the U.S. is on the rise, accelerated by the growth of the gig economy and the
associated income instability, increasing inequality, and the effects of algorithmic decision-making
[79, 207]. Studying financial insecurity necessitates a shift in focus – from the point of view of the
decision-maker to that of the decision subject. This centering of the subject on individuals is a
direction that unlocks the importance of moving away from aggregate measures to examine the
long-term effects of decision-making on people [148].

Conversely, closed systems with a specific decision-maker and certain engagement rules in place do
not suffice to examine broad-level societal dynamics. That is, if the objective is to achieve equity in
a broader societal system, studying the system in isolation is insufficient. In a societal-level system,
a singular decision-maker or exact agent behavior rules are non-existent. Additionally, analysis of
societal systems can be complicated by the presence of feedback, in which historical and current
inequities influence future inequity [170].

Our goal in this work is to study these concepts in an artificial society as computer simulations or
computational models designed to imitate and investigate the behavior of complex social systems
[22]. These simulated societies replicate the intricate dynamics of individuals to gain insights into
how individuals behave. Further, by offering a way to examine the effects of regulations and other
interventions, they shed light on the complex dynamics of society as a whole.

To account for both perspectives, in this dissertation, we explore two world views in studying financial

1
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instability and inequity in societies. This primarily consists of four previous conference publications
and manuscripts [148, 170, 149, 150]. First, we can study instability from the individuals’ perspective
when subjected to stimuli and financial shocks. Individuals react by making decisions on how to
spend and save their money – an “agent-based” or “individual-level” perspective (Chapter 3 [148],
Chapter 4 [149], and Chapter 5 [150]). Secondly, we can examine the high-level complex economy
and dynamics of power and not go deeper into modeling individual behavior (or modeling feedback
mechanisms individually and in their full complexity). This decidedly broad-level perspective is
“societal-level” (Chapter 6 [170]).

1.1.1 Individual (Agent-based) Perspective: Financial Instability1

Financial insecurity is a characteristic of modern life in America [207]. A combination of socioe-
conomic factors, increasing inequality, unstable jobs, and data-driven algorithmic decision-making
has left families increasingly vulnerable to financial “shocks” that can have an outsized and often
irreversible long-term effect on their finances.

Latent socioeconomic factors. Some individuals and households are more vulnerable financially
due to latent socioeconomic factors. According to financial reports [79, 207], these latent factors
can be demographic – communities of color tend to be more likely to experience negative income
shocks – as well as economic, with factors ranging from the need to support family, an unstable job
situation, and so on.

Job instability. The rise of the gig economy has led to an increase in paycheck instability with
associated long-term effects. Consider a gig worker versus an office worker with a stable job and
salary. While both might start with the same set of observable economic features, i.e., similar assets
and income levels, the gig worker’s finances (income and employment status) are prone to be more
volatile in the long run due to the nature of short-term and unpredictably valued contracts in the
gig economy [43].

The compounding effect of (negative) decisions. In an economy where decisions about
individual finances are increasingly controlled by algorithms, the effects of adverse decisions can
compound over time, yielding disproportionately large variances in outcomes even if individuals

1Adapted from: I. Pegah Nokhiz, Aravinda Kanchana Ruwanpathirana, Neal Patwari, and Suresh Venkatasub-
ramanian. "Precarity: Modeling the Long Term Effects of Compounded Decisions on Individual Instability." In
Proceedings of the 2021 AAAI/ACM Conference on AI, Ethics, and Society, pp. 199-208. 2021.
II. Pegah Nokhiz∗, Aravinda Kanchana Ruwanpathirana∗, Neal Patwari, and Suresh Venkatasubramanian. "Agent-
based Simulation of Decision-making under Uncertainty to Study Financial Precarity", In Proceedings of PAKDD
2024.
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have very similar financial starting points. The role of algorithmic decision-making in hiring and
assessing office workers has been well-documented [167, 21, 121]. In addition, gig work is another
battleground where the effect of algorithmic decisions become significant. For example, customer
satisfaction and job acceptance ratings play a pivotal role on gig platforms like Uber and Lyft as
they are used to incentivize workers to perform to companies’ accepted standards [114, 168]. One or
two low ratings and marginal rating differences get picked up by the algorithm that sets assignments
and rates for drivers. Over time, these differences can get compounded and bring down a worker’s
chances of being employed again for a new gig by the algorithm. This is particularly true for new
workers without a long history of high ratings [114, 175].

The looming risk of financial ruin. A recent CNBC survey revealed that 58% of American
households are living paycheck to paycheck [40]. A household that cannot build up savings is
one that is vulnerable to (even small) financial shocks. At the margins, this precariousness can
tip households over the edge into bankruptcy and even homelessness: a recent study from UCSF
indicated that the most commonly reported cause of homelessness was a loss of or reduction in
income (with 12% of respondents indicating this) [108].

The study of the social impact of automated decision-making has focused largely on issues of fairness
at the point of decision, evaluating the fairness (with respect to a population) of a sequence or
pipeline of decisions, or examining the dynamics of a game between the decision-maker and the
decision subject [219]. Ripple effects are not captured by changes in income or wealth alone or
by one decision alone. To study financial insecurity, we must reorient our frame of reference away
from the decision-maker and towards the decision subject; away from aggregates of decisions over a
population and towards aggregates of decisions (for an individual) over time.

There is a name for this precarious state of being and the missing piece is an examination of precarity:
a transdisciplinary term coined by Judith Butler [19, 25] which characterizes the latent instability,
precariousness, and therefore vulnerability of people’s lives. Researchers have proposed quantitative
measures of precarity [173]. Precarity also depicts how negative decisions can have ripple effects on
one’s well-being [19, 25] and it has been linked to automated decision-making [148].

Overview. In this dissertation we model and study this missing piece. That is, we propose
modeling frameworks to simulate the effects of automated decisions on an individual over time,
incorporating a quantification of their precarity. In an individual-level (agent-based) view of financial
instability (captured by precarity), we are interested in exploring the following research questions:

• How do income shocks affect the precarity of individuals over time? Does algorithmic decision-
making exacerbate the precarity of individuals?
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• Does precarity affect various income classes non-uniformly?

• Can we study interventions’ effects which would be difficult if not impossible to test “in the
wild”? Do the timing and amount (span) of interventions matter?

• Do latent factors other than observable features contribute to long-term precarity?

• How can we improve existing agent-based consumption models to study precarity?

The framework we propose to study and answer the questions above draws on a number of interrelated
threads of work in economics that seek to model human consumption. We first introduce precarity
to the AI community and develop rational utility maximization as well as bounded rationality
computational models to capture individual-level financial behavior under uncertainty at each step
of the simulation. We then improve our framework by incorporating human-analogous features
like minimum consumption requirements, time of death, and the desire to avoid bankruptcy (in
Chapters 3 and 4).

Contributions. Our contributions on an individual-level view are listed as follows:

• We first introduce the idea of precarity to the artificial intelligence community and automated
decision-making systems.

• By quantifying precarity, we show how the underlying population and various income classes
get more precarious in a long-term compounded decision setting using a newly designed
simulation framework.

• We improve existing agent-based econometric models (and thus our simulation framework)
on long-term financial behavior by adding realistic constraints such as risk of bankruptcy,
consumption constraints, and time of death to them.

• Our results illustrate how precarity, if ignored by policy-makers, can exacerbate the ill-effects
of automated decision-making, i.e., precarity can be exacerbated by the compounding effects
of repeated algorithmic decisions that take financial variables into account when making
predictions that in turn cause future financial shocks.

• We study various mitigation strategies to mitigate precarity.
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1.1.2 Individual (Agent-based) Perspective: Temporal Instability2

In addition to low wages and limited benefits, economically disadvantaged workers often contend
with unpredictable work schedules and there is a tendency to overlook this temporal aspect. Previous
research reveals that 80% of food industry workers have minimal to no influence on their schedules,
and 69% are obligated by the system to maintain schedules that are “open and available” for work
at any given time [125, 188]. 8.4% of workers and consultants/contractors aged 18-65 reported
significant fluctuations in their income on a monthly basis. 51% of these workers with volatile work
timetables attributed their income instability to an irregular work schedule [134].

With a just-in-time work schedule, managing one’s finances becomes increasingly difficult. Workers
earn income through their employment and use it to fulfill daily necessities like food, shelter,
transportation, clothes, recreation, and so on. In this context, the income earned by workers is
allocated to different purposes, leading to corresponding gains in utility based on how much they
save and consume optimally. Thus, planning a life (and maintaining the corresponding financial
welfare) with a volatile schedule would be an exceedingly difficult task.

Overview. Given that a) work schedule instability has a direct impact on individuals’ employment
and income, and b) the affected groups often comprise part-time workers, individuals in lower-
asset/income/education categories, and women of color who receive unfair advance notice compared
to their counterparts [134, 188], important lines of inquiry are:

• What are the adverse effects of this scheduling discrepancy on these protected groups in
precarious work environments?

• How can these potential adverse impacts be effectively measured?

• Recently, there have been new policy regulations and measures proposed that mandate
employers offer more advance notice when establishing or altering work schedules, aiming to
enhance predictability for workers [70]. How do these interventions work empirically?

To answer these questions (in Chapter 5), we need to study the consumption and saving behavior of
workers in the face of unforeseen financial shocks from unstable work timetables. Thus, the primary
goal of this chapter in the dissertation is to thoroughly investigate the dynamics and effects of work
instability on the earned utility of workers. This goal necessitates the development of an agent-based
behavioral model capable of simultaneously simulating several interconnected phenomena, i.e., the
model should encompass how individual consumption responds to unexpected financial shocks and

2Adapted from: Pegah Nokhiz∗, Aravinda Kanchana Ruwanpathirana∗, Aditya Bhaskara, and Suresh Venkatasub-
ramanian. “Counting Hours, Counting Losses: The Toll of Unpredictable Work Schedules on Financial Security”,
currently under submission.
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the behavior of individuals as they seek to maximize utility with different levels of information on
future events.

Most economic models of consumption and savings assume that individuals possess the ability to
fully look into the future when making consumption decisions [37, 35]. On the contrary, in real life,
information is limited, and our ability to act on it is also limited. Thus, how would individuals’
financial decision-making change if they only had a limited window of information into how their
financial well-being might change? This is particularly relevant in settings where workers are
increasingly only given limited visibility into income/asset-affecting decisions like how many hours
they will work or at what rate they will earn.

Therefore, we seek to model this using the language of online learning, i.e., an adaptive update of
the workers’ consumption policies (an online learning paradigm) where the policy is recalculated at
each step as more information on work schedules becomes available. We investigate how far utility
maximizing strategies depend on the degree of “foresight”.

Contributions. Overall, the main contributions of this temporal aspect are:

• We propose a novel algorithm, capable of handling varying levels of lookahead.

• We carry out a formal and empirical analysis to show that workers who possess a lookahead
benefit from an advantage that increases proportionally with the magnitude of their lookahead.

• We explore temporal equity, particularly in the context of the implications of lack of advance
notice (future lookahead) on work timetables that affect the disadvantaged subpopulations
more acutely.

• We explore various intervention strategies (adopted from fair workplace laws and acts) to
examine the adverse effects of just-in-time work schedules.

Note on our agent-based work. Our methodology in the “agent-based” or “individual-level”
perspective (Chapter 3 [148], Chapter 4 [149], and Chapter 5 [150]) employs simulations as a toolkit
to study long-term behavior. The efficacy of a simulation depends on the quality of the models
utilized to build it, and we employ rational agents for our epistemic inquiries. However, the use of
rational agents does not imply that we assume individuals always act optimally and are entirely
rational in reality; rather, it acknowledges that even if they are, there are limits on what they can do.
That is, by inquiry into limits, we show even under ideal models of utility maximization, the lack of
predictability and lookahead has concrete consequences in terms of precarity and financial stability.
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1.1.3 Societal Perspective: Inequity and Feedback3

Why have societal inequities endured despite decades of activism, educational efforts, policy reforms,
and the professed values of equality and non-discrimination? For example, segregation and inequities
in housing and employment have persisted in the U.S. despite decades under the Fair Housing Act
and Equal Employment Opportunity laws [29]. The answer, in our view, is rooted in the phenomenon
of feedback. In every system in which inequity persists over time, there are feedback mechanisms
which enable it to survive – as 1984 posits, “The object of power is power” [157]. Conversely,
activism, public pressure, and equitable policies are used to push toward equity – Frederick Douglass
said “If there is no struggle, there is no progress” [44] – and these can be seen as reactions to
historical and present inequality, and thus are also a type of feedback.

This dissertation argues that feedback modeling tools from systems theory are helpful in quantitatively
modeling mechanisms of feedback that help perpetuate and combat inequity. Good models help
us gain more understanding of the processes maintaining the status quo and can inform policies
which “produce and sustain equity” [105] when deployed in the real world. However, the economy
and dynamics of power are complex, and we do not intend to model the feedback mechanisms
individually and in their full complexity (as is attempted in system dynamics [88]). Instead, we
focus on inequity at a systems level, essentially from the outside of a black box, both maintained
and diminished over time by feedback mechanisms which quantify how much it will change or stay
stationary. What is the benefit of such a model? For one, we can use system identification tools to
find quantitative estimates for each type of feedback, and compare the amount of feedback by type
in different systems. Further, we can use the model to estimate future inequity. Finally, new policies
and algorithms which influence future inequity can be modeled as having feedback mechanisms
which operate in parallel with those in society and their impact on equity estimated.

Feedback is not merely a systemic response to how a system evolves over time. In societal settings,
policies and interventions form another form of feedback. When new algorithms operate in parallel
with societal mechanisms, as depicted in Figure 1.1, we can model their combined impact and
forecast how they impact our trajectory towards equity.

Overview. We consider the following questions:

• How can we design a framework for feedback that captures a wide variety of societal feedback
mechanisms?

3Adapted from: Lydia Reader, Pegah Nokhiz, Cathleen Power, Neal Patwari, Suresh Venkatasubramanian, and
Sorelle Friedler. "Models for understanding and quantifying feedback in societal systems." In Proceedings of the 2022
ACM Conference on Fairness, Accountability, and Transparency, pp. 1765-1775. 2022.
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Figure 1.1: Current societal systems have feedback mechanisms which make group inequities persist
over time. New policies & algorithms can have feedback mechanisms that act in parallel, altering
the inequity over time.

• How well does our model forecast future inequity? And how does the model compare to
existing simple models?

• How can we use the model to understand the effects of new policies or algorithms?

We employ one of the most extensively studied feedback systems in systems theory which is the
PID framework [113], consisting of proportional, integral and derivative forms of feedback. In this
dissertation, we use the PID framework purely as a descriptive tool (and not as a controller as is
common in systems theory) to answer the questions above. We argue with extensive examples and a
formal analysis that this simple framework for feedback captures a wide variety of societal feedback
mechanisms [170] (in Chapter 6).

Contributions. We can summarize the contributions of this societal perspective as follows.

• We present a method for modeling feedback in societal systems based on the PID framework
from (linear) systems theory.

• We show with an extensive list of examples the ways in which the PID framework effectively
captures real-world examples of moves toward (and away from) equity.

• We demonstrate the working of this model using three case studies involving historical and
persistent inequity.

• We demonstrate how the model can be used to evaluate the effects of policy shifts and
interventions.

1.2 Dissertation Organization

The remainder of the dissertation is structured as follows.
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• Chapter 2 on background and related work introduces the main econometric, social, agent-based
modeling/simulation, and feedback modeling concepts used in other chapters.

• Chapter 3 introduces a new framework to study precarity. We first introduce the idea of
precarity and model the long-term effects of compounded decisions on individual instability
using consumption models.

• Chapter 4 expands the previous chapter on agent-based modeling to study precarity with
realistic constraints. In this chapter, we develop a realistic model with realistic constraints to
investigate latent factors contributing to precarity and mitigation strategies.

• Chapter 5 explores work schedule instability in precarious work environments from a temporal
perspective. We explain the motivation behind employing an online model to study individual-
level behavior on how acquiring future information (e.g., the timetable for the upcoming
workweeks) would help with gaining more utility in the long run (both formally and empirically).

• In Chapter 6, we transition to a societal perspective, departing from the individual-level focus
of previous chapters. We explore feedback in societal-level systems wherein our proposed
framework is employed for understanding and quantifying feedback in societal systems using
PID.

• Lastly, in Chapter 7 we summarize the overall contributions and explain possible future
directions.



Chapter 2

Background and Related Work

We draw on ideas from economics, algorithmic fairness, social sciences, and the literature on
simulations of social systems. In this chapter, we will provide an overview of the key background
information pertinent to our contributions in the subsequent chapters (adapted from [148, 170, 149,
150]). We will commence by delineating the concept of precarity and methods for its quantification.
Subsequently, we will delve into the broader context of algorithmic fairness and simulation. Next,
we explain models of consumption and savings, the relevant work on temporal instability in work
schedules, and the literature on system dynamics.

2.1 Precarity

Precarity [18, 25] is a multi-faceted concept that very broadly speaks to the instability and precari-
ousness of people’s lives. It has been interpreted as an economic condition [213, 34], a sociological
condition that speaks the interconnectedness and therefore vulnerability of human lives [25, 26],
as a descriptor of a political class characterized by irregular or transient employment [195, 67] or
as a psychological condition of exclusion and displacement [5]. We can also interpret precarity
as the instability associated with sequences of negative decisions: specifically, the way in which
repeated negative outcomes can increase the likelihood of one falling into poverty. Ritschard et al.
[173] were the first to attempt to quantify precarity (in the context of the labor market) by looking
at transitions between more or less precarious states (for example, a full time versus a part time
job). This work observes that negative transitions have the most critical role in increasing precarity.
Aneja et al. [6] study the effect of incarceration on access to credit – arguing that incarceration
reduces the access to credit, which in turn increases recidivism. Another relevant work is by Abebe

10
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et al. [3]. In it, they build a theoretical model to capture the effect of income shocks on one’s chance
of going bankrupt and propose efficient allocations of limited stimulus to maximize the expected
number of individuals saved from bankruptcy.

2.1.1 Quantifying Precarity

Precarity (as discussed above) is a broad interdisciplinary notion describing the instability of modern
life. In this chapter, we focus on the economic aspects of precarity – how financial and other
shocks create uncertainty around one’s financial status. Within the social sciences, it has long been
recognized that standard measures of inequality – like the Gini index and others – cannot quantify
the dynamics of a precarious trajectory. Indeed, precarity has been referred to as a “slow death”
[94, 165] because of its progressive nature that unfolds for an individual over time.

Much research [161] has therefore gone into characterizing properties of sequences that describe
the state of an individual over time. Researchers have proposed measures that seek to capture
the number of distinct states, the number and direction of transitions between states, and even
incorporate the significance and meaning of individual states in the sequence. For example, to
capture the variability in states in a sequence, the entropy of the frequency distribution of states
has been regularly used. To capture effects at different time scales, other researchers have proposed
first constructing subsequences of the trajectory (akin to the use of skip n-gram models in text
analysis). In this dissertation, we use one of these measures, proposed by Ritschard et al. [173],
that seeks to capture three key aspects of precarity. We assume that an individual’s trajectory is
described as a sequence of states σ = s1, s2, . . . , st where si ∈ S and S is the set of states. A quality
function r : S → R indicates the level of financial wherewithal (where a higher quality implies a
better condition). Then the measure of precarity for a given sequence σ depends on

• The quality of the starting state r(s1)

• The net decline in state over σ

• The amount of variability in σ

Net decline in state. We assume the states in S are sorted from lowest to highest “quality”. In
any sequence σ, we can classify transitions between states as either negative or positive, depending
on which state is higher. Let q−(σ) be the proportion of transitions that are negative, and q+(σ) be
the proportion that are positive, and set q(σ) = q−(σ)− q+(σ). The quantity q(σ) represents the
net magnitude of negative transitions and ranges between −1 (for purely positive transitions) and 1

for purely negative transitions. We note in passing that the transitions can be weighted: in that
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case, the proportions are appropriately calculated in a weighted manner. We weigh them by the
hops (distance) a state has to the lowest quality state in a sequence.

The variability in the sequence. There are two factors used to define variability in σ. The first
is the number of states visited, or more generally the distribution of the states entered during the
sequence. This can easily be captured by computing the entropy h(σ) of the (normalized) frequency
distribution of states. This in turn, must be normalized by the maximum entropy possible, which is
merely log |S|. This does not however capture the transitions between states. For example, consider
the sequences σ = (1, 1, 1, 1, 0, 0, 0, 0) and σ′ = (1, 0, 1, 0, 1, 0, 1, 0). Clearly h(σ) = h(σ′) but σ′

reflects a more erratic state of existence. To account for this, Ritschard et al. [173] add in a term t(σ)

that merely counts the number of transitions to different states (normalized by |σ| − 1). Note that
t(σ)/(|σ| − 1) = 1/7 but t(σ′)/(|σ| − 1) = 1. These two terms are combined using their geometric
mean:

c(σ) =

 
h(σ)

log |S|
t(σ)

|σ| − 1

The precarity index. The overall precarity index of a sequence p(σ) is a function of the initial
quality r(s1), the net decline in state q(σ) and the amount of variability c(σ). In this dissertation,
we use [173]’s formulation of the index: whether other functional forms might provide different
sensitivity is a matter we defer to further research. The precarity index can then be defined as:

p(σ) = λr(s1) + (1− λ)c(σ)α(1 + q(σ))γ

This can be seen as a convex combination of the starting position and terms involving dynamic
components (controlled by λ). The two dynamic components are weighted by different exponents to
reflect different degrees of sensitivity and importance.

We can also now elaborate on why measures like the Gini index fail to capture precarity. Precarity
is a notion evaluated for an individual over time – the precarity index is a way to quantify this as a
kind of time average. The Gini index instead is a measure of inequality of a population measured at
a snapshot in time and acts as a population aggregate measure.

2.1.2 Fairness in Sequential Decision Making

Fairness in sequential decision-making is another pertinent piece of literature on the concept of
long-term precarity in the digital age. Zhang and Liu [219, 220] present a comprehensive review of
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work on fairness in sequential decision making broken down by whether the decision process affects
input features or not.

A large body of work considers the case where input features do not change [84, 73, 17, 97, 83, 202,
17, 120, 31, 68, 160, 46]. When considering how a population might evolve in response to decisions,
two broad lines of work emerge – those that consider two decision stages [122, 85, 99] and those
that consider finite or infinite-horizon decision making [89, 80, 221, 145, 123, 52].

This latter body of work is more closely related to our study. The broad goal here is to understand
how qualifications of different groups evolve in the long run under various fairness interventions and
the conditions to achieve social equality. They often focus on the problem of access and “dropout”
(when decisions lead to withdrawal from the market) as causes of disparity between groups and
propose various interventions to address this.

Another approach to understanding sequential decision making has been to take advantage of
simulations on Markov decision processes (MDP). As [47] argues, long-term fairness dynamics are
hard to evaluate, and so we need simulations to assess fairness over time. MDPs can also be formally
analyzed for long-term effects on (group and individual fairness) as explored by [92, 96, 208, 47].

Furthermore, automated decision-making algorithms are an integral part of sequential decision-
making. The general opacity of algorithms [55, 56] wherein their internal mechanics are unknown
by the decision subjects results in a volatile nature which makes them prone to unexpected change.
This lack of clarity can exacerbate precarity [24, 45].

2.1.3 Agent-based Simulation and Decision Making

Agent-based simulation has been used in many social settings, including fairness in lending [122],
resource allocation [54, 51], college admissions [90, 100], financial analysis [32], technology adoption
[106], studying supply chain shortages [215], and simulations of global crisis like the pandemic to
minimize the spread of virus [2].

To study the long-term effects of decisions from the perspective of individuals (in particular, in terms
of precarity), the relevant chapters in this dissertation follow in the path of research by D’Amour
et al. [47] and Zheng et al. [222] which use simulation as a mechanism to study long-term behaviors
of agents in systems.

2.2 Relevant Economic Models and Notions

In this section, we explain the related work on consumption models, ruin, and investment.
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2.2.1 Consumption Models

The most important part of our agent-based simulation framework in Chapters 3, 4, and 5 to study
phenomena such as financial precarity and work schedule instability is the process by which agents
consume and earn utility. In this section, we describe the standard toolkit from the literature on
consumption and then build our frameworks in Chapters 3, 4, and 5.

There are numerous models that seek to capture human consumption behavior. At their core, all
of these models assume that an agent consumes an amount c in order to maximize utility u(c),
where u(·) is some concave function. Agents are assumed to receive income yt at time t, as well
as maintaining assets xt. Further, most models assume some form of discounting : that an agent
prefers to receive utility now rather than later. This is formalized by saying that the actual utility
gained by consuming ct at some future time t is βtu(ct), where 0 < β < 1 is a discounting factor.

In all models, the goal is then to determine how an agent might choose consumption ct at each
time t to maximize their long-term utility, given by

∑∞
t=0 β

tu(ct). In other words, intertemporal
consumption models ask the individual to perform a discounted consumption utility maximization
with instant rewards being preferred to future rewards of the same size. [30]. The individual does
this via choices of when to consume or save [177]

The intertemporal consumption models used widely are the permanent income hypothesis, the
life-cycle model [37, 62, 159], and the neoclassical consumption model [27]. In the permanent income
hypothesis (PIH) model, the agent looks into the future and calculates the amount to consume
at a time point by considering the expected average income over time [61]. The life-cycle model
of consumption follows a similar construction, but incorporates the idea that an individual has a
certain time frame (in contrast to PIH where the agent lives indefinitely) over which they acquire
assets, and the goal in this model is to maximize the gain over the assets in the given time frame.

The neoclassical model is a simplified version of the life-cycle model in which the individual considers
the present time point and the future (as two time points) and comes up with a consumption for
the present day and the future based on the current and the future income parameters [37, 95].

Following up on §2.1, there are two limitations in existing consumption models based on discounted
utility when it comes to uncertainty and precarity. Firstly, both the PIH and life-cycle models use a
weighted aggregate of income to calculate permissible consumption. As a consequence, it is possible
for agents to consume (borrow) more than their available assets at any time step, which prevents us
from detecting bankruptcy.

Secondly, PIH does not handle uncertainty well, and when it attempts to do so, it forces the
individuals to engage in overly risk-averse savings, which does not match human behavior [206]. The
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neoclassical model assumes complete and perfect information about the future, and therefore, the
choice of consumption is uncertainty-free with perfect rationality [11]. More generally, precarity is a
measure of an individual’s financial trajectory, and thus cannot be properly modeled by measures
that smooth out financial behavior over time via aggregation.

The income fluctuation problem (IFP) is another relevant consumption model with dynamic
optimization over an infinite time horizon [127, 180, 35, 39, 107, 166, 171, 184]. It models uncertainty
in income at each time point and limits consumption to the available assets, rather than allowing
for unrestricted borrowing as in the earlier models.

We also note that while utility maximization is not necessarily the only way to model agents of
bounded rationality [15], it is the framework with the most extensive machinery and tools for
modeling.

2.2.2 Ruin Theory and Minimum Subsistence

Ruin theory has traditionally been used to model an insurer’s liability to insolvency [185, 8]. The
theory has also been used to examine income shocks and optimal stimulus allocation to minimize
bankruptcy [3, 158].

The idea of lower bounds on consumption – minimum subsistence – has been studied in the context
of determining utility-maximizing consumption [219, 223, 225, 193, 192, 7, 46, 138, 137]. Minimum
subsistence captures the notion that individuals have to consume enough to satisfy their basic needs
such as food, shelter, and clothing.

2.2.3 Investment Models

The body of work on investment models looks at an investor’s consumption and investment decisions
in continuous time to maximize utility [104]. These decisions often introduce constraints in the form
of upper bounds on the probability of going to ruin before the time of death [16, 71]. There are
also works in the economics literature that introduce borrowing [109, 64], debt [136], the effects of
debt on the parameters at a macro level, and controlling borrowing using constraints [138, 102, 75].
Additionally, in the field of investment, where high volatility and real-time information availability
are prevalent, there is a demand for an online model that can allocate investments among a set
of assets and maximize cumulative wealth through sequential optimizations. This application of
online learning is commonly known as online portfolio selection [42, 214, 118, 119]. It represents an
algorithmic trading strategy in online learning, wherein future prices of risky assets are predicted
using historical price information. Subsequently, online learning algorithms optimize the portfolio



16

by employing loss functions tailored to specific financial objectives, ultimately aiming to achieve
maximum wealth.

While investment models [16, 71] have valuable components, including modeling of uncertainty, they
can only imperfectly model consumption. Investment models involve strategic decisions about a
collection of financial investments (i.e., portfolio allocation) between risky and riskless investments
rather than decisions about consumption. An individual can control their chances of poverty or
financial ruin in these models through the reallocation of resources, which has no analog in managing
day-to-day decisions on how much to save or consume.

2.3 Temporal Instability and Lookahead

In this section, we include the related work on work timetable instability and the research in
reinforcement learning on capturing the notion of lookahead.

2.3.1 Work Schedule Instability

In terms of work schedule instability, the current focus of research primarily lies in the field of
sociology, specifically examining irregular work scheduling and its various repercussions. Unstable
schedules cause income volatility [77, 141, 57, 172, 186] and income volatility results in financial and
life hardship [13, 172, 116, 133, 111]. This encompasses issues such as burnout from precarious work
schedules [187, 82] and work-family conflicts [70, 86], particularly affecting parents with unpredictable
or just-in-time schedules. The impact also extends to areas like anxiety and child behavioral problems
linked to parental work instability [188]. Additionally, the field of Human-Computer Interaction
(HCI) has also strived to study similar repercussions with a participatory outlook [199, 212, 115].

Further, statistical data shows a pronounced unfairness in advance notices for altering work timetables
for underprivileged groups. Hourly workers, individuals with lower educational attainment, women
of color, and specific service sectors are disproportionately affected [188, 134] with managerial
discretion [211, 110]. These work schedules make it difficult to plan for the future [191] and difficulty
in planning would result in disproportionate financial poverty and hardship [65].

Along the same lines, there are some reports pointing to scheduling software and planning algorithms
as a factor behind more unpredictable scheduling, particularly for low-wage workers in the service
industry [101, 112, 72, 218]. For example, a New York Times article pointed out how some employees
with algorithmic schedules rarely learned their timetables more than three days before the start
point of a workweek [101] or how pay reduction is correlated with sudden schedule changes and sales
figures [125].
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2.3.2 Reinforcement Learning and Lookahead

The concept of lookahead has garnered significant attention in the recent landscape of reinforcement
learning (RL). Generally, in RL models, recent works look into the idea of H-step lookahead. In
H-step lookahead [194], the learner has a learned dynamic model and that is used to calculate the
action sequence to a horizon of size H to find the optimal policy that maximizes the cumulative
result. There are also approaches where the learner incorporates a greedy real-time dynamic
programming algorithm, replacing the greedy step with an H-step lookahead policy [49]. The works
of [139, 194, 33, 48] study the properties of H-step lookahead where the horizon is of a fixed size.

2.4 Feedback in Societal-level Dynamics

Our exploration of societal feedback in social systems is situated within the broader context of
studying the long-term effects of fairness in the presence of feedback. §2.1.2 discusses more on the
broader framework of sequential decision-making.

2.4.1 Long-term Fairness and System Dynamics

For a discussion of long-term fairness that does not explicitly model agent behavior and considers
system dynamics, we consider the work by Mouzannar et al. on affirmative action [144]. In this
work, group outcomes are considered under different affirmative action policies within different
systems to explore the cases in which affirmative action is an appropriate policy to reach long-term
equality.

For a more ‘model-free’ approach, we turn to the effect of feedback in the context of predictive
policing [54]. The interaction between predictive policing software and policing itself are analyzed
using a discrete urn model, and the feedback is shown to be positive, i.e., resulting in divergence;
Police end up vastly over-policing one neighborhood, regardless of the neighborhood crime rates [54].

2.4.2 Economic Models of Inequality

Most of the economic literature on inequality is about the relationship between growth and inequality.
The literature refers to either political economy or wealth effect arguments [12] in which the economy
is populated by a continuum of agents who are evolving over time (using agent-behavior modeling)
to either maximize individual gain or to bring about economic growth (as explained in the earlier
sections of this chapter). In addition, many such studies of inequality are built upon wealth
distributions where some form of general-equilibrium or quantitative models with heterogeneous
agents are in place [28, 12, 93]. Other models to forecast economic inequality require a concrete
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understanding of the macroeconomic explanatory parameters of the system. The model requires
explanatory parameters to fit historical data and forecast future inequality. Examples of such
parameters include human capital attainment, labor force indicators and macroeconomic indicators,
e.g., GDP and inflation [69]. Note that the Lorenz Curves [126], the Gini coefficient [142], and Theil
index [140] are some of the most well-known inequality measures, but are not models that can be
used to predict the trajectory of future inequities.

In a societal-level approach, we do not need to have such detailed information about the macroeco-
nomic and explanatory parameters of the system (which might not even be available or extractable
from the data). In addition, our viewpoint is broader than individual-based optimization, allowing
forecasting of the production and long-term sustainability of equity in a social system.

The area of “systems dynamics” applies feedback modeling to study the complex dynamical behaviors
of economic and social systems, for example, the interaction between road construction, recycling,
and mining [130]. Specific feedback mechanisms, including delays, differential and/or integral effects,
are assumed to exist, and specified with each model. In model-building in social work, community
engagement can be used to elucidate all of the possible feedback loops in the system [88].



Chapter 3

An Individual-level Framework to

Study Precarity

Adapted from: Pegah Nokhiz, Aravinda Kanchana Ruwanpathirana, Neal Patwari, and Suresh
Venkatasubramanian. "Precarity: Modeling the Long Term Effects of Compounded Decisions on
Individual Instability." In Proceedings of the 2021 AAAI/ACM Conference on AI, Ethics, and
Society, pp. 199-208. 2021.

The analysis of the societal ramifications of automated decision-making has predominantly concen-
trated on assessing fairness at the point of decision, scrutinizing the equity of decision sequences or
pipelines with regard to a specific population, or investigating the interactive dynamics between the
decision-maker and the subject of the decision [219].

What has been overlooked in this examination is an exploration of “precarity”, a term introduced by
Judith Butler [25] to delineate an unstable state of existence characterized by the susceptibility of
negative decisions to have far-reaching repercussions on an individual’s well-being. Such ramifications
extend beyond mere alterations in income or wealth or the impact of isolated decisions.

To delve into the concept of precarity, there is a necessity to shift our perspective away from the
decision-maker and toward the individual subject to the decision. This entails moving away from
analyzing aggregates of decisions across a population and instead focusing on the cumulative effects
of decisions made for an individual over time.

An individual who lives with higher precarity is more affected and less able to recover by the same
negative decision than another with low precarity. Thus including only the direct impact of a single
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decision or a few decisions is insufficient to judge if that system was fair. However, precarity is not
an attribute of an individual; it is a result of being subject to greater risks and fewer supports, in
addition to starting off at a less secure position. Precarity is impacted by racism, sexism, ableism,
heterosexism, and other systems of oppression, and an individual’s intersectional identity may put
one at greater risk in society, subject to a lower income for the same job, less able to build wealth
even at the same income level, and less able to recover from harm.

Given that automated decision systems and public policy rules operate in a world in which some
people’s long term well-being is impacted more by the same action, how do we account for the effects
of automated decisions and, more generally, proposed public policy rules? One may advocate for
pilot studies, in which the policy or algorithm is deployed on some group. However, since precarity
is a long-term consequence, a pilot study will necessarily take a long time to evaluate its effects.
When a policy is needed for urgent circumstances, such as addressing the impact of a pandemic,
there is little opportunity for testing policies in pilots.

Thus, in this chapter, we propose a modeling framework to simulate the effects of compounded
decisions on an individual over time, incorporating a quantification of their precarity. Our framework
allows us to explore the effects of different kinds of decision-making processes on individuals’ levels
of precarity. In particular, we are able to demonstrate the ill-effects of compounded decision making
on the fairness of automated decisions and policies.

While our model does not capture the full extent of the realities which place some individuals in
the precarious position of being more harmed by the same decision compared to someone in a less
precarious state, our model does add sufficient complexity to demonstrate how this can happen,
and further, a method to quantify the effect. The message for fairness advocates is that one must
look beyond the effect of a single decision on a large number of people, to look at how aggregates of
decisions over time impact individuals as a function of their precarity.

3.1 Contributions

The main contributions of this chapter can be summarized as follows:

• We introduce the idea of precarity to the world of automated decision making, drawing on an
extensive literature in sociology and economics.

• We build a simulation framework to experiment with and understand the evolution of precarity
in a population. This framework incorporates ideas from macroeconomics as well as the
framework of bounded rationality to capture the way income shocks affect the long-term
dynamics of individual wealth.
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• We present a suite of insights drawn from our simulation platform that validates some of
the observations on precarity we see particularly visible in the context of the encountered
COVID-19 pandemic and illustrates how we can evaluate the effectiveness of proposed policy
interventions.

3.2 A Simulation-based Methodology for Exploring Precarity

Continuing in the line of works like [47] and [222], we use a simulation framework to explore the
dynamics of precarity. In this simulation framework, individual agents make choices (and are subject
to decisions) within a system, and are described by parameters for income, wealth and health. We
use population-level economic data to initialize the system, and allow the agents to make either
locally reasonable decisions (in a bounded rationality-like framework) or allow them to maximize
expected utility within epochs. Using a simulation framework with realistic input parameters and
controls allows us to observe the evolution of the system in a way that would be difficult to do
formally (like for example, [3] is able to do for the more specific problem of income shocks), and
allows us to experiment with different kinds of interventions.

Agents. The agents are households who interact with simulated environments in an alternating
loop. Each agent is specified by their income, net worth, and health. An agent incurs expenses
each time period and also earns income. Agents must make decisions about their assets – whether
to consume, pay for expenses, save, or improve their health.

States. We associate each agent with a set of three states (one for each of income, net worth, and
health). Each state indicates which decile of the overall population they are in for that attribute (so
there are a total of 10× 10× 10 = 1000 possible states).

Metrics. We use sequences of states for each attribute separately to perform precarity computations
for each agent as described in §2.1.1. We set the needed values to calculate precarity as λ = 0.2,
α = 1, and γ = 1.2, as is done in [173]. Note that we use the term 1 + q(σ) to yield a term between
0 and 2: if the trajectory of the sequence is purely positive (thus setting q(σ) = −1) the precarity is
merely a function of the initial state. In our experiments in this chapter, we test several values of α
and γ, and they do not affect the results as long as they are above zero, since the overall effects on
the underlying population will be similar for all data points.

We record the precarity value of all households for each income decile.
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Initialization and Updates. We initialize a population of agents using parameters drawn from
published statistics. For initial income, we generate an income distribution of 10,000 points using
2019 income data of the US Census Bureau’s Annual ASEC survey of the Consumer Price Index
(2019 dollar values) as detailed by the IPUMS Consumer Price Survey [58, 163]. To each household,
we assign a net-worth (their financial and non-financial assets minus their liabilities). The net
worth is assigned by detailed median percentile net worth data and median net worth by income by
percentile data from the Federal Reserve.1 The health index average of the population is extracted
from the Census Bureau CPS Annual Social and Economic (March) Supplement 2019.2 Note that
we consider one health feature for the entire household. While health is of course a personal state,
this allows us to combine this data with the household-based data for the other attributes. Each
household has a set of basic expenditures each month (e.g., for food, housing, transportation, etc.).
These expenses are extracted from 2019 mean annual expenditures from the Consumer Expenditure
Surveys of the US Bureau Of Labor Statistics.3

Updating Health Information. Net worth automatically updates as agents spend their income
and/or save it. Income updates happen via a decision process that we describe below. What remains
is to describe how the health status updates. The relationship between health and income has
been observed to be positive and concave [164]. Wagstaff and van Doorslaer [204] have proposed
modeling this as a second degree polynomial whose first gradient is positive and the second gradient
is negative. To define the function, we use the principle of relative income theory where “health
depends on income relative to average incomes of one or more reference groups" [36]. That is, the
individual (we consider the household one entity) health equals income relative to a specific group’s
income reduced by the square of income relative to the group’s income:

hi = h̄+ η(wi − wg)− σ(wi − wg)
2,

where hi is the individual (household’s) health, h̄ is the mean health index of the whole population
(extracted from CPS), wi is individual (household)’s income, and wg is the income mean in the
group of reference, i.e., the income decile the household is in, in each round of decision making. η

and σ are positive model parameters. We choose parameters that result in a wider range of indices
for precarity states. We choose 1 and 10−20 for η and σ, respectively.

1https://www.federalreserve.gov/
2https://www.census.gov/programs-surveys/cps.html
3https://www.bls.gov/cex/tables.htm

https://www.federalreserve.gov/
https://www.census.gov/programs-surveys/cps.html
https://www.bls.gov/cex/tables.htm
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3.2.1 Income Shocks

The decisions are made for 10 rounds on a monthly income and expenditure monetary value basis.
The effects of positive or negative decisions are reflected on income after each round. We deduct
(add) a unit based on negative (positive) outcomes if the households do not stay in the same state.
We set this unit as 10% of their income, which has less financial calamity than setting a fixed
value (e.g., $500) for lower incomes since it decreases proportionally with their income. Clearly, a
higher value will be more beneficial for the wealthy and more ruinous for middle and lower income
households.

Benefit Decision Policy. Public policy can improve household financial stability by providing
benefits, and in these simulations, we explore the effect of decision classifiers which make these
decisions based on an individual’s current state. We introduce a lenient classifier, which accepts
50% of the initial population applying for the service based on their current income. The threshold
is a global fixed value for the whole population despite their previous transitions, highlighting the
fact that the decision-maker is unaware of the precariousness of the household. We implemented
the experiments for a range of classifier thresholds to see the precarity of the population for the
most lenient classifier, the most difficult classifier, and all other classifiers in between. We chose
the most lenient classifier to consider the most optimistic scenario for assigning positive decisions.
The harsher classifier has more impact on precarity levels. We try to make the default simulation
specification in the interest of lower income households.

3.2.2 Strategies

The final piece of the simulation is specifying how agents behave at each time step. The economics
literature typically views agents as rational (discounted) utility maximizers, and an extensive
literature has developed around different stochastic models under which to maximize utility. An
alternative approach is to take a viewpoint of bounded rationality : each agent now makes realistic
choices (stochastically) from a collection of options that are locally rational, but cannot perform
long-range utility maximization.

We simulate agent behavior under both of these models, which we describe below.

Rational Agents and Income Fluctuations Problem (IFP)

Referring back to 2.2, in this model [181, 182, 127, 180, 35, 39, 107, 166, 171, 184], an agent finds
a consumption-asset path {(ct, at)} where at is the assets (net worth) at point t, and ct is the
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consumption at point t, with the goal of maximizing

E

{ ∞∑
t=0

βtu(ct)

}
(3.1)

such that
at+1 = Rt+1(at − ct) + Yt+1 and 0 ≤ ct ≤ at (3.2)

Where, β ∈ (0, 1) is the discount factor, Yt is non-capital income (i.e., via labor), and Rt is the
interest rate on savings. For simplicity, in this chapter we will disregard gains from savings by
setting Rt = 1.

The non-capital income Yt is controlled by an exogenous state process z = {Zt}. As we shall see,
this is how we can introduce income shocks via decision processes.

The quantity u is the utility to the household. We use the Constant Relative Risk Aversion (CRRA)
[124, 205] utility

u(c) =
c1−γc

1− γc
,

which is a commonly used utility function in finance and economics that captures the idea that risk
aversion is independent of scale. Here, risk aversion refers to an individual’s inclination to prefer
low uncertainty (more predictable) but lower pay results over the results with high uncertainty
but higher payoffs [152]. We pick γc = 2 since the utility function has a c(1−γc) term and with a
smaller value, u(c) could become imaginary given that we use u(c − b) where b is their monthly
basic expenditures. This is to assure that they cover their basic needs in every round (if c < b then
there is negative utility).

A feasible consumption path (a, z) ∈ S is equivalent to the consumption path {ct}. However, {ct}
and its asset path {at} must satisfy the following:

• (a0, z0) = (a, z)

• the feasibility constraints in 3.2

• being measurable. This means that only before t (and not afterward) the consumption path
is a function of random variables. Thus, at time t the consumption cannot be a function of
unobserved outcomes.

An optimal consumption path (a, z) is a feasible consumption path that attains the supremum in
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max (.) for the objective 3.1, which can be shown to be:

u′(ct) = max {βREtu
′(ct+1) , u

′(at)} (3.3)

This can be optimized to find the optimal consumption. Please see Appendix A.2 for details.4

Markov Decision Process (MDP) Model

We now turn to our second approach to modeling agents. Here, each agent will occupy a state of a
Markov decision process, with transitions out of each node based on locally reasonable decisions
about asset management. Agents can use their savings to pay for their necessities and liabilities,
they can sell a tangible asset, opt for the conversion of a health-related tangible asset (such as an
insurance plan). They can use their income to increase their savings, invest in health improvement,
or build assets through consumption. The decision they make (stochastically) moves them to a
new state with modified attributes (income, wealth and health) accordingly. See Appendix A.1
for details on the transitions in this system. We note that the transitions are designed based on
prior studies of income and precarity [147] that describe typical behaviors of individuals in different
income classes when faced with income and health shocks.

The Decision-making Process. The IFP model presents challenges for the income shock process
that we described in §3.2.1. In the macroeconomic literature on income fluctuation (and indeed
also in the work by [3]), shocks are assumed to present in a stochastic form. Thus, while there is
randomness in the shock generation process, it is a predictable kind that can be optimized for (in an
expected sense). However, shocks generated by an external decision cannot be optimized for in the
same way (and indeed, this is an important element of precarity). In our simulation, we think of the
optimization process as happening in epochs between decision points. This model captures the idea
that long-range planning is constrained by decision points that the individual has no control over.

3.3 An Empirical Inquiry

With our simulation framework now in place, we are ready to explore a set of questions relating to
how precarity manifests itself. For each of these questions, we will run both simulation methodologies
described above in §3.2.2. We will run the simulation for a fixed number of time steps, recording
the (cumulative) precarity indices of individuals for each of the three state variables as their state

4Our explanations and implementation for this model are built upon https://python.quantecon.org/ifp_
advanced.html

https://python.quantecon.org/ifp_advanced.html
https://python.quantecon.org/ifp_advanced.html
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string gets longer. We will show the distribution of precarity index values across the population at
each time step in order to illustrate how the distribution evolves over time.

3.3.1 Evolution of Precarity

Our first sequence of experiments acts as a baseline to demonstrate how income shocks affect the
precarity of individuals over time with respect to each of the three state variables. The results (for
each of the variables) for the IFP model are shown in Figure 3.1 and the corresponding results for
the MDP model are shown in Figure 3.2.

(a) Income precarity (b) Net worth precarity (c) Health index precarity

Figure 3.1: Assessing household precarity over time - IFP model

(a) Income precarity (b) Net worth precarity

(c) Health index precarity

Figure 3.2: Assessing household precarity over time - MDP Model

Analysis. In both models, we observe that as the system progresses the precarity distribution
for net worth shifts rightward (i.e., there is an overall increase in precarity). The changes are of
different magnitudes (and we will explore the reasons for that next), but it is worth noting that
income shocks affect both net worth and health indices because of the interconnected nature of
these attributes in reality.

The health index precarity changes in a less consistent manner: indeed in the IFP model it appears
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that health precarity appears to decrease in certain parts of the distribution. We suspect this is
because of two factors: firstly, the health index is computed relative to the average income level in a
particular state. Thus, even if income decreases, the health index might appear to be “further” from
that mean value and spuriously indicate a better health index (see the discussion in §3.2). A second
cause of this effect could also be that individuals starting off with high precarity might have their
precarity reduce as they see similar states (even if they are inferior states): this is linked to the way
in which the different terms in the precarity index are weighted.

3.3.2 Heterogeneity in Precarity Evolution

The above picture is a global view on precarity across all income levels. One of the observed effects
of precarity is the non-uniform way in which individuals at different income levels might be affected
by financial shocks. To investigate this, we look at precarity distributions segmented by income
level. These classes are the lower 29% of the incomes, the middle 52% of incomes, and the upper
19% incomes.5 In the IFP model, the precarity index of income, net worth, and health can be seen
in Figures 3.3, 3.4, and 3.5, respectively. Figures 3.6, 3.7 and 3.8 show this for the MDP model.

Analysis. In general, we see the following consistent behavior. Higher income individuals maintain
a (low) level of precarity over time and sometimes even experience a decrease in precarity. Lower
income individuals experience a clear increase in precarity, and middle income individuals also
experience a precarity increase (but less). In other words, there is a compounding effect of income
shocks for individuals who are already in precarious positions, the exact concern that precarity seeks
to capture. While our simulation is a gross oversimplification of reality, this phenomenon has been
observed in the real world. During the pandemic for example, in March around 34.4% of low income
people with income less than $27,000 lost their job compared to that of only 13.2% high income
people with income more than $60,000.6

(a) Low income precarity (b) Middle income precarity (c) High income precarity

Figure 3.3: Assessing income classes’ precarity over time - IFP model

5https://www.pewresearch.org/fact-tank/2020/07/23/are-you-in-the-american-middle-class/
6https://tracktherecovery.org/

https://www.pewresearch.org/fact-tank/2020/07/23/are-you-in-the-american-middle-class/
https://tracktherecovery.org/
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(a) Low income net worth precar-
ity

(b) Middle income net worth pre-
carity

(c) High income class net worth
precarity

Figure 3.4: Assessing income classes’ net worth precarity over time - IFP model

(a) Low income health precarity (b) Middle income health precar-
ity

(c) High income class health pre-
carity

Figure 3.5: Assessing income classes’ health precarity over time - IFP Model

(a) Low income precarity (b) Middle income precarity (c) High income precarity

Figure 3.6: Assessing income classes’ precarity over time - MDP Model

(a) Low income net worth precar-
ity

(b) Middle income net worth pre-
carity

(c) High income net worth pre-
carity

Figure 3.7: Assessing income classes’ net worth precarity over time - MDP Model
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(a) Low income health precarity (b) Middle income health precar-
ity

(c) High income health precarity

Figure 3.8: Assessing income classes’ health precarity over time - MDP Model

3.3.3 Policy Interventions

A potential value of a simulation framework is our ability to experiment with interventions that
would be difficult if not impossible to test “in the wild”. We demonstrate the value of our simulation
with two policy interventions that might be implemented to alleviate precarity. Both interventions
are motivated by concrete measures that have been proposed to alleviate wealth shocks experienced
during the pandemic.

1. Fixed stimulus intervention: We consider a fixed stimulus intervention (measured as a fixed
monthly value of $1500 similar to the stimulus monthly checks during the pandemic 7) given
to all households who fall below the classifier threshold on every round. This form of fixed
stimulus is similar to the mitigation model suggested by Abebe et al. [3] (although in their
model the goal is to allocate different fixed amounts of stimulus to different individuals)

2. Precarity resistance: An alternate approach to dealing with income shocks was demonstrated
(among others) by Germany, where the government instituted a program to help people keep
their jobs and continue to be on the payroll [91].8 We modeled this by reducing the probability
of a transition to a poorer economic state after an adverse decision in our simulations. We
implement this in the MDP model by adjusting the transition probabilities directly and in the
IFP model by adjusting the transition process that generates the exogenous state Z.

We show the out-turn of the same policy interventions in the IFP model. These results are shown in
Figures 3.9 and 3.11. Figures 3.10 and 3.12 show the results for the MDP model, respectively.

Analysis. We see that these interventions have a measurable effect on decreasing household precarity
compared to Figure 3.2, as the number of households with higher precarity indices reduces. The
effect of enforcing an intervention on income is of a ripple effect on other tied features: we also
observe a decline in precarity for these features. In addition, we see a measurable effect of the

7https://www.nytimes.com/article/coronavirus-stimulus-package-questions-answers.html
8Germany’s Kurzarbeit Program: https://tinyurl.com/yd9qpahs

https://www.nytimes.com/article/coronavirus-stimulus-package-questions-answers.html
https://tinyurl.com/yd9qpahs
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(a) Stimulus effect on income (b) Stimulus effect on net worth (c) Stimulus effect on health

Figure 3.9: Stimulus effects - IFP Model

(a) Stimulus effect on income (b) Stimulus effect on net worth (c) Stimulus effect on health

Figure 3.10: Stimulus effects - MDP Model

(a) Markov persistence effect on
income

(b) Markov persistence effect on
net worth

(c) Markov persistence effect on
health

Figure 3.11: Precarity resistance - IFP Model

(a) Markov persistence effect on
income

(b) Markov persistence effect on
net worth

(c) Markov persistence effect on
health

Figure 3.12: Precarity resistance - MDP Model
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stimulus on the net worth and the count of households in the lowest income precarity values.

Note that the changes in the IFP model are more subtle because in the IFP model a household
consumes as much as possible, constrained by utility and basic needs. Therefore, although assets
increase with the $1500 stimulus, it also increases the consumption. Note that we employed the
interventions from the first round onward. We also tested the effects with interventions in later
rounds (e.g., round 6 onward). The effects of such interventions is negligible, implying that reacting
to the underlying population’s precarity after they are precarious beyond the point of recovery would
have little to no effect.

3.4 Chapter Summary

The main contribution of this work is the introduction of the rich sociological and the economic
notion of precarity to the community of researchers thinking about automated decision making, a
simulation framework to experiment with it and an empirical study of how precarity manifests in a
simplified macroeconomic system.

We believe that the study of precarity is important for two reasons. Firstly, it takes the focus of
decision making away from the decision maker and their goals for maximizing utility and other
socially desirable goals, and towards the experience of an individual subject to a sequence of decisions.
Secondly, this “averaging over time” reveals phenomena of inequality that are hidden underneath
gross population-wide measures of progress. Lastly, although this work is noted to the Artificial
Intelligence community, the contributions are also important for public policy.

In the following two chapters, we extend our investigation of this subject. Specifically, we aim to
enhance the realism of the model used to explore precarity and to scrutinize the issue of precarious
work environments from a temporal standpoint, focusing on the instability of work schedules. We
also examine societal issues such as the US wealth gap over many decades in Chapter 6.



Chapter 4

An Agent-based Model to Study

Precarity with Realistic Constraints

Adapted from: Pegah Nokhiz∗, Aravinda Kanchana Ruwanpathirana∗, Neal Patwari, and Suresh
Venkatasubramanian. "Agent-based Simulation of Decision-making under Uncertainty to Study
Financial Precarity", PAKDD 2024 (∗ represents equal contribution)

Returning to our individual-level perspective, to study precarity – how it appears, what conditions
make one precarious, and how we might mitigate it via interventions – we need to be able to model
long-term financial behavior realistically rather than merely relying on existing rational models or
over-simplified bounded rationality models like the MDP model in the previous chapter.

This is challenging because a) precarity is a property of an individual financial trajectory rather
than an aggregate property of a population and b) it requires modeling individual behavior in
response to repeated financial shocks rather than examining the effect of a single shock. Agent-based
modeling [128, 32, 106, 148] is, therefore, the appropriate approach to take; if we can realistically
model individual behavior, we can study how individuals respond to financial shocks and what kinds
of mitigation strategies might be most effective. As an example, according to the UCSF study on
homelessness in California, one finding was that a majority of homeless Californians had a median
income of $960 (significantly lower than the expenses needed to maintain a house), and 70% of them
believed that monthly assistance of $300-$500 would have prevented homelessness [108].

32
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4.1 Contributions

We develop an agent-based computational model to study precarity. Our simulation framework
consists of three components:

1. A mechanism for agents to maximize utility while subject to constraints under which precarity
emerges – the risk of bankruptcy, consumption constraints, and uncertainty about future
earnings and asset growth.

2. A mechanism to introduce income shocks into the system.

3. Mechanisms to intervene to mitigate the effects of external shocks.

This framework draws on a number of inter-related threads of work in the economics literature
that seek to model human consumption, effects of uncertainty in decision-making, and challenges of
avoiding ruin. One key contribution of our framework is combining all these constraints to show
how an agent might maximize utility under all of these constraints.

4.2 Modeling Consumption

Like the last chapter, the most important part of our agent-based simulation framework is the
process by which agents consume and earn utility. Here, we use the standard toolkit from the
literature on consumption and then build our (constrained) framework in §4.3.

Capturing Uncertainty. Once again, referring back to 2.2, the income fluctuation problem (IFP)
[127, 180, 35, 39, 107, 166, 171, 184] investigates how an agent might maximize utility when their
income yt fluctuates stochastically, while also assuming that assets earn a fixed rate of return r. To
recap, the objective is to maximize:

E

{ ∞∑
t=0

βtu(ct)

}
(4.1)

with respect to {ct}t such that xt+1 = r(xt − ct) + yt+1 and 0 ≤ ct ≤ xt where yt is non-capital
labor income, β ∈ (0, 1) is the discount factor, and r is the interest rate on assets (r ≥ 1). The
constant relative risk aversion (CRRA) utility of the individual is u(c) = c1−γc

1−γc
, which is a standard

utility function in economics [124, 205] used to capture people’s preference for low uncertainty and
lower gain compared to highly volatile outcomes with higher payoffs [152]. Parameter γc has a value
γc > 0.
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4.3 The Simulation Framework: Introducing Real Constraints

In order to model realistic agent behavior so as to capture precarity, our agents must a) try to avoid
ruin (i.e., situations when the assets go below zero); b) have a fixed time horizon (i.e., a “time of
death”); and c) have minimum required consumption (minimum subsistence) at each time step (for
e.g., for basic necessities like food and shelter).

Formally, we define ruin as the condition ∃t < ∞ such that xt ≤ 0. Having a time of death means
that the utilities are summed only till some time τd. Finally, minimum consumption introduces the
constraint ct ≥ c for all time t.

These constraints are related. For example, in the IFP model, utility-maximizing agents can
avoid ruin (i.e., continue to consume into the future) as long as there are no minimum subsistence
constraints (we illustrate this in a lemma in Appendix B.1). Some models avoid the issue of ruin by
allowing agents to go into debt indefinitely as long as eventually all dues are paid. To account for
ruin, we do not allow agents to take on debt in our model. Thus, in order to capture the above
constraints, we need to make modifications to the base IFP model. To do this, we will draw on a
different model of utility-maximizing consumption that arises in the context of investment.

4.3.1 Background: Modeling Ruin

Bayraktar and Young [16] introduce an investment model which has a time of death parameter τd,
time of ruin τ0 (τ0 = inf{t < ∞ |xt ≤ 0}), as well as a soft constraint that allows the individuals to
avoid ruin before the time of death. Their model can be described as follows:

max E

Ç∫ min(τd,τ0)

0

β̂tu(ct)dt

å
such that

dxt = [rxt + (µ− r)πt − ct]dt+ σπtdZt

P[τ0 ≤ τd] ≤ ϕ(x0)

where xt is the amount of current assets, πt is the amount invested in risky assets like volatile stock
investments, Zt is a Brownian motion, ϕ(x0) is a probability dependent on x0 which is the initial
amount of assets the agent starts with, and β̂ is a discount factor. r is the rate of return for riskless
assets (e.g., savings accounts). µ and σ are the rates for the static return and stochastic return
on risky assets, respectively. Given this constrained model, Bayraktar and Young [16] construct
an equivalent unconstrained optimization problem and then refer to prior work by Karatzas et al.
[104] to show how this unconstrained problem can be solved. Given their dynamic equations, the
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unconstrained optimization problem is stated as,

V (x0) = max E

Å∫ τ0

0

e−γtβ̂tu(ct)dt+ Pe−γτ0 β̂τ0

ã
,

where P ≤ 0 is a Lagrange parameter and E
Ä
e−γτ0 β̂τ0

ä
encodes the relaxation of P [τ0 ≤ τd] ≤ ϕ(x0).

The function V is called a value function, and γ comes from the time of death distribution which is
exponential with parameter γ.

4.3.2 Our New Model

Recall the objective function (4.1) from IFP. It will be helpful to consider the continuous relaxation
of the model. We consider a single-asset economy with a constant real interest rate. That is, let
xt, yt, and ct be the assets, income, and consumption, respectively, at time t and r be the real interest
rate on assets. This yields a dynamic equation dxt = [(r − 1)xt − rct + yt] dt and the objective,
max E

Ä∫∞
0

β̂tu(ct)dt
ä

where β̂ is a discount factor.

Combining this with the objective function and ruin constraints introduced by Bayraktar and Young
[16] in §4.3.1, we obtain the following optimization problem:

max E{ct|t=0... }

Ç∫ min(τd,τ0)

0

β̂tu(ct)dt

å
s.t. dxt = [(r − 1)xt − rct + yt] dt

P[τ0 ≤ τd] ≤ ϕ(x0)

(4.2)

Note that our model is stochastic since the income decision yt (and therefore ct and xt) is stochastic.
Therefore, we have expectations over the sequence ct in our optimization function, instead of just a
deterministic formulation. Model (4.2) is similar in form to the Bayraktar and Young [16] model.
This key insight allows us to borrow their idea of a value function with unconstrained optimization-
type formulation. Let c(xt) be a function that returns the optimal consumption value given xt and
let β = γ + log(1/β̂). We can see that the value function still remains

V (x) = maxE{xt|t=0... }

Å∫ τ0

0

e−βtu(c(xt))dt+ Pe−βτ0

ã
(4.3)

dxt = [(r − 1)xt − rct + yt] dt (4.4)

Eliminating the time-of-ruin parameter τ0. The optimization problem (4.3) involves a time
of ruin τ0 parameter that we do not have any information about. We need a method to remove τ0



36

from the equation to derive a function that does not depend on τ0. For this purpose, we can use a
tool that was used by Karatzas et al. [104]: the Feynman-Kac formula [98]. Feynman-Kac states
that, given a model dx = µ(x, t)dt+ σ(x, t)dWQ (where Q is a Wiener process), for any time T , the
function defined V (x, t) by ∂V (x,t)

∂t + µ(x, t)∂V (x,t)
∂x + 1

2σ
2(x, t)∂

2V (x,t)
∂x2 − g(x, t)V (x, t) + f(x, t) = 0

can be shown to be defined by,

V (x, t) = E

Ç∫ T

t

e−
∫ r
t
g(x,τ)dτf(xr, r)dr | xt = x

å
+ E
Ä
e−

∫ T
t

g(x,τ)dτV (xT , T ) | xt = x
ä

Letting σ(x, t) = 0, ∀x and µ(x, t) = ((r− 1)xt − rct + yt) and setting g(x, t) = β, f(x, t) = u(c(xt))

and V (XT ) = V (0) = P (since T = τ0 in our case) we can get the equations (4.3) and (4.4), and
Feynman-Kac then gives us,

βV (x) =
∂V (x)

∂t
+ ((r − 1)x− rc(x) + y)V ′(x) + u(c(x))

This gives us an optimization problem that is independent of τ0.

Solving the optimization problem. We will now try to solve this equation. We can first remove
the ∂V (x)

∂t to derive an equation that depends on V ′(x) so we have a homogeneous equation. Using
the model equation (4.4) we can show that, ∂V (x)

∂t = ∂V (x)
∂x

∂x
∂t = ((r − 1)x− rc(x) + y)V ′(x). This

gives us,

βV (x) = u(c(x)) + 2 ((r − 1)x− rc(x) + y)V ′(x)

= u(c(x)) +
(r − 1)x− rc(x) + y

r
u′(c(x))

where the second equation comes from solving for V ′(x) by taking the derivative with respect to
c(x) (which gives us V ′(x) = u′(c(x))/(2r)).
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Taking the derivative of βV (xt) with respect to xt, we get,

βV ′(xt)−
1

2r
βu′(c(xt)) = u′(c(xt))c

′(xt)

+

Å
r − 1

r
− c′(xt)

ã
u′(c(xt))

+

Å
r − 1

r
xt − c(xt)

ã
u′′(c(xt))c

′(xt)

+
yt
r
u′′(c(xt))c

′(xt)−
1

2r
βu′(c(xt))

= 0

and by setting u(c(xt)) to be the CRRA utility, and using the fact that u′(c(xt)) = c(xt)
−γc and

u′′(c(xt)) = −γcc(xt)
−1−γc , we get

0 = c(xt)
−γcc′(xt) +

Å
r − 1

r
− c′(xt)

ã
c(xt)

−γc

− 1

2r
βc(xt)

−γc −
Å
r − 1

r
xt − c(xt)

ã
γcc(xt)

−1−γcc′(xt)

− yt
r
γcc(xt)

−1−γcc′(xt)

which gives us

c′(xt) =

Ä
r − 1− β

2

ä
c(xt)

γc ((r − 1)xt − rc(xt) + yt)
(4.5)

Our ultimate goal was to find c(xt). We can see that given (4.5), c(xt) can be obtained by solving a
differential equation. Using a symbolic solver to solve the differential equation, we get

xt = k1c(xt)
γcr

r−1− β
2 +

γcr
β
2 + (γc − 1)(r − 1)

c(xt)−
yt
r

(4.6)

where k1 is a constant that we need to determine. To determine k1, we can first use the fact that
V (0) = P and the fact that βV (0) = u(c0) +

(y0−rc0)
r u′(c0) to derive the c0 value which can then be

plugged into the equation (4.6) to find the value of k1. Given k1, we have a well-defined polynomial
that involves c(xt) which we can solve for any specific xt using a polynomial solver. We defer details
on how we incorporate minimum subsistence constraints into this formulation to Appendix B.2.
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4.4 The Simulation Framework: Putting It All Together

We can now assemble the entire simulation framework.

Agents. Agents are initialized similar to §3.2. Agents attempt to maximize their utility in the
face of an uncertain future using the approach described in the previous section. We fix the asset
appreciation rate r = 1.10.

Shocks. A shock is a change to an agent’s financial state (i.e., observable economic features which
are income and assets). Shocks can affect their decisions on how to consume and save. In this
chapter, we consider shocks that affect income either positively or negatively. We include two
variants of real-world income shocks: permanent shocks and temporary shocks. Permanent shocks
are changes to income that last until the next permanent change (e.g., unemployment, promotions,
and demotions). Temporary shocks are changes that only affect the income at a specific point of
time (e.g., a one-time pay cut/bonus, reduction of work hours, or economic impact payment) and
do not have a lasting effect on income [103].

Algorithmic Decision Making In our experiments, we use a classifier that makes “decisions”
about an agent, yielding a shock (positive or negative). Given a shock value w, if the agent gets a
positive outcome from the classifier, income is changed by a multiplicative factor of 1 +w and if the
agent gets a negative outcome from the classifier, income is changed by a multiplicative factor of
1− w. We use a shock value of 0.4 for permanent shocks and a shock value of 0.6 for temporary
shocks. The choice of 0.4 for permanent shock size is due to the ratio between the average income
of two consecutive groups being around 1.4 and the choice of 0.6 for temporary shock size was to
ensure that there was a clear difference between the two types of shocks. For temporary shocks, the
change to the income lasts for a single time step, while for permanent shocks, the income is changed
permanently until another permanent shock happens.

In our experiments, we use a classifier that is trained to predict an agent’s “financial well-being”
based on their income and assets. Well-being is a subjective self-reported score (based on extensive
interviews) by the Federal Reserve that accounts for how people think are doing financially (if they
are “doing at least okay financially" or not) [153]. We construct a training set by assigning a label
of 1 to an agent based on the probability of an individual reporting that they are financially stable
(derived from the well-being score). The classifier that we use is a gradient-boosted binary classifier.

Experimental Environment. The experiments in this chapter were carried out using a Google
Colab environment. The language used is Python and the experimental suite only relies on generic
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libraries such as SciPy, NumPy, and Matplotlib.1. Like before, our implementation using IFP is
inspired by https://python.quantecon.org/ifp_advanced.html

Figure 4.1: Long-term precarity analysis of a sample population of 1,000 individuals. The individuals
are ordered from 1 to 1,000 based on their initial instability (lowest initial instability at the bottom).
The color coding shows the precarity value and darker colors represent higher precarity.

4.5 Simulation Study: Precarity

In this section, we deploy our simulation framework to study the precarity of agents as they consume
and earn in the face of financial shocks. To recap, precarity is about instability in a sequence or
history of events rather than as a population aggregate. This is why snapshot aggregate population-
level inequality measures cannot capture precarity and why researchers have developed measures of
precarity based on the analysis of individual trajectories over time [161].

Precarity Index. We quantify precarity as described in §2.1.1 based on Ritschard et al. [173]’s
measure, i.e., p(σ) = λr(s1) + (1− λ)c(σ)α(1 + q(σ))γ where the initial instability is r(s1), the net
decline of the sequence is q(σ) and the amount of variability is c(σ). The weighting hyper-parameters
are once again λ = 0.2, α = 1, and γ = 1.2 according to [173]. Note that a higher precarity index
denotes higher instability and is unfavorable.

We also encode agent trajectories as a sequence of asset distribution deciles. We set the initial
instability of an agent to be a function of the number of transitions required to reach the highest
asset decile from their current decile and their perceived well-being (as defined in §4.4), as follows.
We scale the transition-based difference by the inverse of the perceived well-being to have a more
comprehensive initial instability based on both actual monetary values and the perceived self-reported
economic well-being of people. Formally, for each agent, given their transition-based difference

1https://scipy.org/ https://numpy.org/ https://matplotlib.org/

https://python.quantecon.org/ifp_advanced.html
https://scipy.org/
https://numpy.org/
https://matplotlib.org/
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∆(s1) = 1 + smax − s1 (where smax is the best possible state and s1 is the current state), and a
well-being value ξ (in the range of 0 to 1), we set the initial instability to be r(s1) =

∆(s1)
ξ .

As observed by Nokhiz et al. [148], the precarity measure becomes less sensitive to any change as the
length of the trajectory increases. This is because of the potential decrease in the relative number
of transitions as a fraction of sequence length as well as a reduction in the variability of the visited
states over time. In this chapter, we mitigate this concern by evaluating precarity over a (sliding)
window (of size 10); this provides a sufficiently long enough history of events to compute precarity
at each time point.

4.5.1 Long Term Precarity

In this first experiment, our goal is to see how automated decisions and shocks affect long-term
population precarity. We run the simulation framework as described in §4.4. For a sample population
of size 1,000, we run this experiment for 60 timesteps (months). Each individual is given a lifetime
of 60 timesteps with permanent shocks happening every 25 timesteps. Temporary shocks happen
every 20 timesteps. The results are shown in Figure 4.1.

Analysis. There are two takeaways from the figure. Firstly, we can see the overall increase in
precarity is directly linked to people’s initial instability – the higher the initial instability is, the
more precarity increases, culminating at an unfavorable high precarity value. That is, agents with
low precarity (e.g., agents 0 to 100) have a corresponding lower precarity over time. More precarious
sub-populations (e.g., agents 200 to 800), however, observe an overall increase in their long-term
precarity with respect to their initial instability. Secondly, there is variability within groups with
similar initial instability. This means looking at the starting condition alone is not enough to predict
where someone will land in the future.

Figure 4.2: Two agents (a gig vs. office worker) with different latent initial instability, similar initial
assets, and similar starting income distributions. The colors red and blue correspond to the agents 1
and 2, respectively. Assets are in thousands of dollars.



41

Figure 4.3: Two agents with different initial instability and initial assets ($43,800) with marginally
different initial incomes. Agent 1 (red line) has a monthly income of $3,930 and Agent 2 (blue line)
has an income of $3,910. Assets are in thousands of dollars.

4.5.2 Factors Contributing to Precarity

The first simulation showed the long-term effects of financial fragility, as well as how (up to a point)
starting conditions can determine one’s financial outcome. In this set of experiments, we go a little
deeper into the hidden or latent factors of an individual’s financial state (that can lead out varying
outcomes) that contribute to overall financial precarity. This is important for policymakers as well
as for algorithmic decision-making: if the goal of interventions is to improve financial conditions for
individuals, then it is important to “see” the latent factors that can affect individual responses.

The approach we take is to compare pairs of individuals that differ in one key aspect and examine
the evolution of their financial state over time. In the first scenario, the latent factor we control is
income instability – the “gig worker vs. office worker” case. In the second, we look at individuals
with marginally different incomes – “minor income difference” . In our plots we show results for
two such individuals – we repeated these simulations for multiple pairs that fit each scenario and
obtained similar results.

Our goal is to examine: 1) if hidden differences (in latent instability) can lead to largely different
financial outcomes and 2) if marginal differences in observable features (portrayed in the marginal
difference in initial income) can lead to vastly different aftermaths.

For the first scenario, we consider agents with two different profiles. Agent one has lower initial
instability and agent two has a higher initial instability (even though their observable features i.e.,
assets and income, are exactly the same for an initial period). We can think of the first individual
as an office worker with a stable income and the second individual as a gig worker with more latent
instability and unstable income. The simulation environment is the same for both agents. After 20
months, and motivated by the volatile/insecure nature of gig work, Agent 2 experiences a drop in
income. Agent 2’s income distribution shifts to a lower income level (chosen uniformly at random
from the range of low-income values, in our experiments).
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In the second scenario, the two agents have exactly similar assets. They only have an income
difference of $20. All other experimental parameters are exactly similar for both agents. As before,
we simulate agent behavior using our simulation framework. Each agent is given a lifetime of 60
timesteps (months) with permanent shocks happening every 25 timesteps. Temporary shocks happen
every 20 timesteps.

Analysis. There are four takeaways from this experiment. Firstly, (see Figure 4.2), an automated
decision-maker that only looks at observable features, e.g., income and asset values (which are the
same for both individuals) to assign snapshot decisions cannot account for diverging consequences as
a result of the (hidden) instability. Secondly, in Figure 4.2, we observe the effects of the magnitude
of precarity: large hidden differences in instability could lead to considerably different financial
outcomes. Thirdly, in Figure 4.3, we observe the extreme difference in the precarity and asset
trajectories of agents who are only marginally different in their income values. This illustrates that
although their initial finances are very similar, small differences can lead to substantially differential
financial outcomes. Lastly, Figure 4.3 also shows that one initial negative outcome – the initial
decision – can have consequences that get amplified by the subsequent set of automated decisions
made for an agent. This illustrates the way in which compounded decisions can have a significant
effect on an individual trajectory.

4.6 Simulation Study: Interventions

Simulation can serve as a sandbox to test interventions that would otherwise be difficult if not
impossible to explore in the real world. Fiscal interventions are actions taken by the government in
the form of a collection of different subsidies, tax rebates, and unemployment benefits to address
different economic circumstances. The Coronavirus Aid, Relief, and Economic Security (CARES)
Act is a prime example of such a stimulus package [196]. We investigate the benefits of two types
of fiscal interventions: a) tax incentives in the form of tax breaks based on the agents’ income tax
brackets and b) direct subsidies (e.g., COVID-19 stimulus checks).

We measure the effectiveness of interventions in terms of their durability. We define durability in two
ways. Firstly, and temporally, we measure durability as the number of timesteps the agents would
have more money compared to the scenario in which they received no interventions, i.e., their asset
value be more than the baseline of the assets they would have gathered without any interventions.
Secondly, and financially, we measure durability as the net difference in assets (at the end of the
simulation) compared to not getting any help at all.
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Figure 4.4: Assets with 12-month tax breaks for the exact same pair per scenario in §4.5.2, Figures
4.2 and 4.3. Here, “gig worker” is the left and “income difference” is the right figure. Markers in
black, yellow, and green depict early, middle, and late interventions.

Figure 4.5: Assets with subsidies (of $3,000) for the exact same pair per scenario in §4.5.2, Figures
4.2 and 4.3. Here, “gig worker” is the left and “income difference” is the right figure. Markers in
black, yellow, and green depict early, middle, and late interventions.

4.6.1 Tax Incentives

In this setting, we provide the agents with tax breaks according to their corresponding income
bracket for tax season 2019-2020 [50] which effectively increases their income to the gross value for
that bracket. We wish to examine three different intervention dimensions: when the intervention is
made, how long the effect of the intervention lasts (i.e., the durability), and what effect changing
the span of the intervention has.

As in the previous section, we compare pairs of agents who differ in one of two ways (income
instability or a minor income difference). Each agent is given a lifetime of 60 timesteps (months)
with permanent shocks at every 25 months. Temporary shocks happen every 20 months. We explore
two lengths of 12 and 6 months of tax breaks with different start points for 50 pairs of agents in each
of the two scenarios above, as follows. In an early intervention when agents are latently different
based on precarity but have similar observable financial features, we assign the suffering second
agent one-year (6 months if exploring a 6-month span) tax breaks during the first month. In a
middle intervention, we provide the agent with a tax break at timepoint 24 for a year (or 6 months).
In the late intervention we explore another 1-year (or 6-month) tax break starting at timepoint 48
and after several shocks and automated decisions have already occurred.
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Analysis. Not surprisingly, interventions work. Durability increases for pairs of agents, as depicted
(on average) in Table 4.1. Figure 4.4 is a pictorial example of this for the 12-month case for one pair
– the exact same pair studied in §4.5.2. The corresponding after-intervention precarity plots are
in Appendix B.3. There are three specific takeaways from this experiment as well. First, in general,
earlier interventions when agents are latently different but have similar observable features result
in improved agent durability (While there is one case when the middle intervention yields slightly
better results month-wise, the difference relative to the early intervention is extremely minor in
comparison to the difference with the late intervention.) Secondly, the earlier interventions help
both temporal and financial durability. Lastly, the longer the intervention time span, the more
durable the agents will be both in terms of assets and months.

4.6.2 Direct Subsidies

Direct subsidies, also known as stimulus checks, are direct payments to help people in financial
need. In this setting, as before, our goal is to examine the three factors of the start time of the
intervention, resulting durability, and dependence on the intervention amount.

Table 4.1: Mean intervention durability for 50 pairs of agents in each scenario with early, middle,
and late tax breaks (studied separately for 12 months and 6 months). Assets are in thousands of
dollars and rounded to the closest $1,000.

Scenario Months Assets
Early Mid Late Early Mid Late

Gig Worker (12 m.) 41.3 19.2 4.7 110 20 7
Gig Worker (6 m.) 33.6 16.8 4.6 54 9 5
Income Diff (12 m.) 33.4 33.1 11.1 64 39 18
Income Diff (6 m.) 24.8 25.2 11 32 20 13

We explore two values of subsidies in the amounts of $3,000 and $600 (similar to the smallest subsidy

Table 4.2: Mean intervention durability for 50 pairs of agents in each scenario for early, middle, and
late subsidies (studied separately with $3K and $0.6K paychecks). Assets are in thousands of dollars
and rounded to the closest $1,000.

Scenario Months Assets
Early Mid Late Early Mid Late

Gig Worker (3K) 36.1 25.3 12.9 53 45 25
Gig Worker (0.6K) 29.4 21.8 11.1 12 11 6
Income Diff (3K) 46.1 35.5 23.3 47 46 31
Income Diff (0.6K) 28.4 28.4 20.6 9 10 8
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out of three COVID-19 installments during the two years of the pandemic peak in 2020-2021) with
different start points for 50 pairs of agents in each of the “minor income difference” and “gig vs.
office worker” scenarios examined above. Like before, we experiment with interventions that are
early (3 subsidy installments every 12 months starting at timepoint 12), middle (3 payments every
12 months starting at timepoint 24), or late (3 payments every 12 months starting at timepoint 36),
with two different subsidy amounts ($3,000 versus $600) in each intervention.

Analysis. As with tax relief, subsidies work, as we can see in Table 4.2. Similarly, Figure 4.5 is a
pictorial example of these results for the $3,000 case for one pair – the exact same pair in §4.5.2.
Corresponding post-intervention precarity plots are in Appendix B.3. The takeaways are similar to
what we see with tax incentives. That is, knowing the diverging latent precarious nature of agents
beforehand (as early as possible) can help policy-makers, in the long run, both in terms of time and
money. The same amount of funds allocated for a specific type of intervention could be optimally
used if it is disbursed before a diverging point in observable features when agents are only latently
precarious. Moreover, bigger stimulus checks help the agents amass more assets and stay afloat
longer.

Statistical Corroboration. The main goal of fiscal stimulus is to “maximize the near-term boost
to economic growth without weakening the economy’s longer-term prospects. This requires that the
plan be implemented quickly; that its benefits go to those hurt most by the economy’s problems;
and that these benefits not damage longer-term fiscal conditions” [217, 216]. Our findings illustrate
the effectiveness of early interventions when providing fiscal stimulus.

Published statistics after the CARES Act funds were disbursed show increased financial resilience to
adverse shocks among lower-income households. [10]. This durability is reflected in our findings. In
another statistic, payments provided under the Consolidated Appropriations Act (payments of $600
per eligible taxpayer) mostly disbursed in January 2021 resulted in personal savings increase from
13.5% in December 2020 to 20% in January 2021. This shows household wishes to save the money
[60] which matches our results on saving patterns and asset accumulation after interventions.

In terms of economic stress and assets, economic stress negatively affects families’ ability to save.
Economic stress resulted in less than 40% chance of household savings (according to data from
2010 to 2016), while families with no such stress had more than a 50% chance of saving [207].
This matches the overall trend we observed in the two scenarios we examined where compounded
adversity and latent volatility would result in fewer assets. We note that Nokhiz et al. [148] also
report on the effect of compounded shocks.



46

4.7 Chapter Summary

The main contribution of this chapter is a realistic agent-based simulation framework for exploring
financial insecurity precipitated by algorithmic decision-making through the lens of precarity. We
incorporate consumption bounds, time of death, and ruin as human-analogous constraints into our
framework because the more realistic the constraints and parameters in our model are, the more
we can hope to glean insights from our study. There are several ways in which we could develop
this framework further, including incorporating variability in the appreciation of assets, the ability
(within limits) to take loans, and adding other dimensions to the individual experience of precarity
(such as factors relating to health and macroeconomic parameters like inflation).



Chapter 5

Future Lookahead: Unstable Work

Schedules and Financial Security

Adapted from: Pegah Nokhiz∗, Aravinda Kanchana Ruwanpathirana∗, Aditya Bhaskara, and Suresh
Venkatasubramanian. "Counting Hours, Counting Losses: The Toll of Unpredictable Work Schedules
on Financial Security", Currently Under Submission (∗ represents equal contribution)

In the previous chapters, we discussed how financial insecurity is becoming a widespread issue,
propelled by rising financial shocks, compounded automated decisions, and inadequate wages.
Continuing our examination of individual instability, this chapter also maintains a focus on the
individual level.

While research on precarious work environments typically centers around financial aspects, there is a
tendency to overlook the temporal aspects of unstable work schedules [188]. One cannot plan a life
without a stable work schedule; therefore, the consequences extend beyond burnout and work-family
conflicts [187, 82, 70, 86] and manifest as financial shocks that directly impact workers’ income and
assets. Unforeseen fluctuations in earnings present challenges in financial management and affect
decisions on how much to save and consume. This ultimately diminishes the financial stability and
long-term financial welfare of affected individuals.

This problem is particularly glaring in sectors where workers have frequently varying work schedules
and receive little-to-no advance notice about changes [188, 77, 141, 57, 172, 186]. The lack of advance
notice disproportionately affects vulnerable subgroups, including the food service and retail sectors,
part-time and hourly workers, lower-income classes, those with lower education levels, and specific

47



48

racial groups [188, 187, 134]. People belonging to these groups on average, are more financially
precarious to start with, and it seems likely that the unpredictable nature of their work schedule
further exacerbates their financial fragility [13, 172, 116, 133, 111].

Our goal in this work is to study this issue quantitatively. Can we understand the degree to which
one’s ability to manage their finances depends on one’s ability to see into the future and plan? We
answer this question in this chapter by building a simulation framework that models how individuals
maximize utility in the presence of financial uncertainty and the need to avoid ruin. We use online
learning, specifically an adaptive update of workers’ consumption policies, recalculated at each step
as more information about work schedules becomes available.

With this framework in place, we can show formally as well as empirically how the ability of a
worker to anticipate their schedule changes enhances their long-term utility, and that conversely, the
inability to see into the future can exacerbate workers’ financial precarity.

This modeling approach is advantageous for several reasons. First, offline models generate a singular,
fixed policy incapable of adapting to new financial information/shocks. Secondly, the simultaneous
occurrence of financial data availability and optimization better aligns with real-world behavior.
Thirdly, the introduction of future lookahead allows for a nuanced exploration of its utility under
different conditions and parameters (i.e., different levels of foresight). Lastly, the online framework
with future information provides a robust simulation environment for studying the consequences of
work schedule instability and bias in future information availability.

This also opens avenues for empirically exploring mitigation strategies. This is in line with the
current ongoing efforts in adopting various policies and regulations to make altering work schedules
more equitable, e.g., the San Francisco Board of Supervisors’ mandates (based on the Retail Workers
Bill of Rights) that ensure more advance notice for hourly workers in retail chain stores when
establishing or altering work schedules [70].

5.1 Contributions

Overall, the main contributions of this chapter are:

• Online Algorithm with Lookahead: A novel online algorithm is proposed, capable
of handling varying levels of lookahead. The algorithm allows individuals to utilize the
deterministic information from the lookahead to modify their consumption decisions in real-
time, responding to and adapting to financial shocks as they occur. This algorithm becomes a
valuable tool for studying the impact of different degrees of foresight on decision-making.
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• Formal Analysis of the Effects of Lookahead: Workers who possess a lookahead benefit
from an advantage that increases proportionally with the magnitude of their lookahead, as
opposed to workers lacking any lookahead. Furthermore, it’s important to note that this gap
is tight under appropriate assumptions.

• Empirical Analysis of Future Information Provision: Individuals (workers) are provided
with future information regarding certain upcoming events. This aspect enables an empirical
exploration of the extent to which future information aids in financial management, contributing
to increased long-term utility.

• Temporal Equity in Workplace Schedules: We explore temporal equity, particularly in
the context of the implications of lack of advance notice (future lookahead) on work timetables
that affect the disadvantaged subpopulations more acutely.

• Mitigation Strategies: Various mitigation strategies with reference to fair workplace laws
and acts are explored to understand how the adverse effects of just-in-time work schedules,
particularly in terms of workers’ utility, can be alleviated. This investigation aims to identify
effective strategies for improving the overall well-being of workers facing schedule instability.

5.2 Determining Consumption and Savings: An Adaptive

Online Algorithm

Referring back to the concepts mentioned in §2.2, a crucial component of a framework designed
to investigate the significance of advance notice (future lookahead) involves creating a model that
captures consumption under lookahead while accommodating uncertainty. Specifically, it investigates
how individuals, facing financial uncertainty, make decisions regarding the amount to consume
and save. Although various models attempt to represent consumption under uncertainty, they
all fundamentally rely on the concept of discounted utility, which is the most common model in
economics for understanding the interplay between consumption and savings (as mentioned in
consumption models in §2.2). To recap, in a discounted utility model, the agent, at each time
step, consumes a certain amount c and receives utility u(c) from some concave function u. The
objective is to devise a policy to determine a consumption value c in a way that maximizes the total
discounted utility. After this brief introduction, we will formally articulate the specific cases we
study, assumptions, and models in the following section (§5.2.1).
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5.2.1 Our Models

In this section, we introduce the main models that we study in this work (by recalling the discounted
utility consumption models described in §2.2). We consider both deterministic and stochastic models
that use a discount factor β to compute the utility. We assume that time is discretized into integer
steps, and let T be the effective overall job timeframe (in other words, the time horizon for the
algorithm). Let at, ct, yt be the assets, consumption, and income at time t, respectively. We also let
Rt denote the gain from assets, i.e., the appreciation/depreciation rate of assets. Let u(.) (in our
context, we employ u(c) =

√
c which is in the class of isoelastic utility functions that are commonly

used in macroeconomics) be the utility. Let DY be the income distribution and DR be the returns
distribution.

In all the models, the goal of the algorithm is to maximize the total utility. More formally, it is to
solve the following optimization problem:

max

T∑
t=1

β(t−1)u(ct)

subject to: at+1 = Rt(at − ct) + yt

0 ≤ ct ≤ at

The constraint 0 ≤ ct ≤ at ensures that the worker consumes from the assets available to them.
This constraint ensures the worker could consume without going to ruin. The model equation
at+1 = Rt(at − ct) + yt shows how assets evolve over time given the consumption and income.

The offline or deterministic model. In the offline model, the income and return values yt, Rt

are known a priori to the algorithm (as, of course, is the starting asset value, a1). This is the most
common model considered in traditional economic theory, and the solution can be found using
dynamic programming. The “states” in the dynamic programming simply correspond to the time
step of interest and the total assets remaining.

The stochastic model. In the stochastic model, the income and return values are stochastic and
they come from known distribution. In this case, an algorithm can optimize the modified objective:

max

T∑
t=1

β(t−1) E(u(ct))



51

The parameters and the constraints follow the same definitions as in the deterministic case, with
the caveat being that yt, Rt are updated using the “realized” values (not their expectations). Note
that this is already an online algorithm: at every t, the algorithm computes the consumption value
using the expected y,R for the future, but as the yt, Rt values get updated, the algorithm changes
its behavior.

Finally, to explore the effects of future information and lookahead, we consider a combination of the
two models.

5.2.2 Online Consumption Algorithm with Lookahead

We finally consider a model that has “limited determinism” controlled by the extent of lookahead,
and the rest of the process is stochastic. Formally, at any time t, the algorithm knows the exact
values of yt+i and Rt+i, for i = 1, 2, . . . , τ , for some lookahead parameter τ .1 Additionally, it knows
the distribution of the parameters for later time steps. Once again, in contrast to offline economic
models, our online adaptive model finds an adaptive consumption policy, i.e., a policy that changes
over time given the lookahead as more information arrives.

The algorithm itself is a straightforward combination of the deterministic and stochastic cases. At
each step, the algorithm computes:

max

τ∑
t=0

βtu(ct) + E

(
T∑

t=τ+1

βtu(ct)

)

Note that the algorithm incorporates new data (as well as lookahead information) as it arrives,
which is why it is an online algorithm. For simplicity, we assume that a lookahead of τ implies the
agent is aware of the exact return and income values for the next τ time steps, and for the time
steps beyond τ , distributions of these parameters are known.

For this model, we define Algorithm 1. This algorithm solves a stochastic dynamic programming
(DP) at the start (in Line 2) where it populates the table V with the maximum utility values for
each asset and time point pair in the possible paths of the stochastic system. With this in hand, at
time point t, the goal is to run a deterministic DP in Line 4 using the precalculated table V and use
that information to calculate the optimal consumption choice at that time point t. This gives us an
online algorithm that yields a new consumption at each time point t, based on the set of historical
choices as well as the lookahead information available.

1It is also interesting to consider further hybrid models; e.g., the algorithm has a lookahead over yt, but not over
Rt. This is also realistic in practice since return rates are governed by the market while income lookahead can be
controlled by the employer. We do not consider such models in this work.
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Algorithm 1 Online consumption with lookahead
1: Let τ be the lookahead, x0 be the initial assets
2: Solve the following optimization problem and save the maximum utility for each x, t in a table

V where V [x, t] gives the utility of x, t pair,

maxE

(
T∑

t=0

βtu(ct)

)
xt+1 = Rt(xt − ct) + yt for all t
yt ∈ DY , Rt ∈ DR for t ∈ {0, . . . , T}

3: for r = 0 to T do
4: Solve the following optimization problem to get cr given xr using dynamic programming,

max

r+τ∑
t=r

βtu(ct) + V (xτ+1+r, τ + 1 + r)

xt+1 = Rt(xt − ct) + yt for all t
yt, Rt exactly known for all t ∈ {r, r + 1, . . . , r + τ}

5: Set xr+1 = Rr(xr − cr) + yr

6: return The sequence of cts at each time t
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5.3 Theoretical Analysis

In this section, we establish a few theoretical results on the consumption behavior and the “power
of lookahead”. We analyze the advantage that a worker privileged with lookahead, could attain
compared to an underprivileged worker without lookahead. Let yt, xt, ct be the income, assets and
consumption at time t. Let T be the timeframe of the job and u(c) =

√
c be the utility gained from

consuming c.

Our first result shows that even in the very simple setting of β = 1 (no discount factor), and income
yt in the range [0, Y ], the difference between the total utility of algorithms with a k-step lookahead
and without lookahead is Ω(k

√
Y ). This is true not only of the algorithms we study, but any

algorithm. This indicates that there are instances where a worker with lookahead privileges gains
an edge over an underprivileged worker without lookahead, and the advantage grows linearly with
the level of lookahead.

Theorem 1. Consider two individuals, one with a lookahead of k steps and one with no lookahead.
Let c1, c2, . . . , cT be the consumption of the individual with lookahead k and z1, z2, . . . , zT be the
consumption of the individual with no lookahead. Then, there exist instances where all incomes are
in the range [0, Y ], such that

T∑
t=1

√
ci −

T∑
t=1

√
zi ≥ Ω(k

√
Y )

While our lower bound result is strong for large values of k, it is not very strong for small values. This
is partly because we want to emphasize that a gap that grows with k holds even with Rt = β = 1.

Proof. As discussed above, we consider a very simple setting: β = 1, returns Rt = 1 for all t. Further
we will assume that the individuals start with a1 = 0 (no initial assets).

We consider the following input. Let Y be any parameter > 0.

yt =

Y for t ≤ k/2

x · Y for k/2 < t ≤ k

where x is a value uniformly sampled from [0, 1]. Note that both the individuals (the one with and
without lookahead) know this input distribution. For simplicity, we also assume that the total time
horizon T equals k (this assumption can be easily removed by setting yt =

(1+x)
2 Y for all t > k).

As a final simplification, since the incomes can all be scaled, we can assume that Y = 1 for the
remainder of the proof.
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First, consider the individual with k lookahead. Note that they can see the value of x, and thus
they can consume an amount (1+x)

2 at every time step. This is feasible because the first k/2 steps
have income yt = 1, and so the assets remain above the consumption at all time steps. This yields a
total utility (recalling that T = k) of k

»
1+x
2 .

Now, consider an individual who does not have any lookahead. Intuitively, they cannot guess the
value of x, and thus consuming 1+x

2 is not feasible. But note that the individual may use some
complex (possibly randomized) algorithm that consumes non-uniformly and achieve a high total
utility. We show that this is not possible.

The starting point of the proof is the classic minmax theorem of Yao [143]: for a given input
distribution, an optimal algorithm for inputs from drawn this distribution, is a deterministic
algorithm. In other words, in order to prove our desired lower bound, it suffices to restrict ourselves
to deterministic algorithms and prove a bound on the difference in total utility, in expectation over
the choice of x. For any deterministic algorithm, since in time steps 1, . . . , (k/2), the algorithm only
sees income of 1, the values consumption z1, z2, . . . , z(k/2) are all fixed. Let S = z1+ z2+ · · ·+ z(k/2).

First, suppose it so happens that ∣∣∣∣ S − k

2
· 1 + x

2

∣∣∣∣ > c · k, (5.1)

for some parameter c. In this case, we will argue that
∑

i

√
zi is significantly smaller than k

»
1+x
2 .

The starting point is the following inequality about the strict concavity of the square root function:

Lemma 2. Let a ∈ (1/2, 1) be a constant, and let w ∈ (0, 1). Then we have:

√
w ≤

√
a+

1

2
√
a
(w − a)− 1

8
(w − a)2.

The proof follows by a simple calculation.

Proof. We have:

√
w −

√
a− 1

2
√
a
(w − a) = (w − a)

Å
1√

w +
√
a
− 1

2
√
a

ã
=

(w − a)(a− w)

2
√
a(
√
w +

√
a)2

= − (w − a)2

2
√
a(
√
w +

√
a)2
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The denominator is ≤ 8, and thus by rearranging, the inequality follows.

Now, let us write a = 1+x
2 . By assumption, we have that |z1 + z2 + · · ·+ zk/2 − k

2a| > ck, and thus
we have ∑

i≤k

|zi − a| > ck. (5.2)

Next, we can use Lemma 2 to conclude that

∑
i≤k

√
zi ≤ k

√
a+

1

2
√
a

∑
i≤k

(zi − a)− 1

8
(zi − a)2.

Now, since the consumption cannot be larger than the overall income (which is ka), the middle term
on the RHS is ≤ 0. Thus, we have

∑
i≤k

√
zi ≤ k

√
a− 1

8
(zi − a)2.

Next, by the Cauchy-Schwartz inequality and (5.2),

∑
i

(zi − a)2 ≥ 1

k

(∑
i

|zi − a|

)2

> c2k.

Together, the above inequalities imply that
∑

i

√
zi ≤ k

√
a− c2k

8 . This shows that if the values zi

chosen by the deterministic algorithm satisfy (5.1), then the algorithm with no lookahead has total
utility Ω(k) worse than an algorithm with lookahead.

The final step is to prove that if x is chosen at random from (0, 1), the condition (5.1) holds with a
constant probability for some c > 0. Since S is fixed, the condition is equivalent to | 2Sk − 1+x

2 | > 2c.
Equivalently, | 4Sk − 1− x| > 4c. For any fixed α, if x ∼uar (0, 1) the probability that |α− x| ≤ 1/3

is clearly ≤ 2/3. Thus, the condition above must hold with c = 1/12, with probability at least 1/3.

Putting everything together, we have that with probability 1/3, the no-lookahead algorithm is Ω(k)

worse than the algorithm with lookahead, and it can never be better. Thus the expected difference
between the total utilities is also Ω(k). Yao’s minmax theorem implies that this lower bound also
holds for any (possibly randomized) algorithm.

Theorem 1 shows that an algorithm with lookahead has a provable advantage over an algorithm that
knows only the distribution of the incomes, even in the simplest setting where the decay factor β = 1

and the returns are all 1. Furthermore, the advantage grows linearly with the amount of lookahead.
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In particular, if an individual has infinite lookahead, they can have an advantage of Ω(T ).

Next, we show that when β = 1 and Rt = 1 for all t, the lower bound from Theorem 1 cannot be
improved.

Lemma 3. Suppose β = 1 and the return Rt = 1 for all t. Let y1, y2, . . . , yT be a sequence of
income values with yt ≥ 0 for all t. Then if the consumption sequence of a k-lookahead algorithm is
{c1, c2, . . . , cT }, there exists a no-lookahead algorithm whose total utility is

√
c1+

√
c2+ · · ·+√

cT−k.

In other words, the difference in the total utility (between the k-lookahead and the no-lookahead
algorithms) is simply √

cT−k+1+ · · ·+√
cT . In settings where all the ct are of magnitude O(income),

this corresponds to O(k) times the square root of the income, which is the lower bound in Theorem 1.

Proof. The proof is simple: a no-lookahead algorithm can mimic a k-lookahead algorithm, but with
a delay of k steps. We will call this the k-delay algorithm. Let c1, c2, . . . , cT be the consumption
squence of the given k-lookahead algorithm. The k-delay algorithm is defined as follows,

For t = 1 to T :

1. If t ≤ k, consume 0

2. Else consume ct−k

The total utility bound is easy to see. One only needs to check that the algorithm is feasible (i.e., it
satisfies the condition that the total consumption until time t is bounded by the total income plus
the assets until that time). This is easy to check because the algorithm consumes 0 for the first k

steps, while the income yt ≥ 0. Since the decay factor β = 1, delay does not change the utility the
algorithm receives.

Remark. We see that the proof relies on having β = 1. If we take into account factors such as
inflation (e.g., β = 0.95), then the “power of lookahead” can likely be made much more significant.

Note on Reinforcement Learning (RL) and Lookahead. The related work on RL and
lookahead has been discussed in 2.3.2. The idea of H-step lookahead in RL is similar to the
lookahead employed in our models. In RL models explored in these works, there is a reliance on
well-defined states and actions, involving the learning of model dynamics on the state-action space,
utilizing lookahead. This learned information is then used in sampling the next state. In contrast,
our models operate with no explicitly defined states.
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5.4 Experiments

In this section, we explore three different sets of experiments regarding the effects of lookahead, the
parameters involved in lookahead under uncertain job timetables, and mitigation schemes.

5.4.1 Experiment Setup

We will first introduce the different elements in our experiment setup.

Workers. Within our framework, agents represent employed individuals who earn weekly income,
own assets, and decide whether to consume or save. We create an income distribution of 10,000
individuals using 2019 income data from the US Census Bureau’s Annual ASEC survey of the
Consumer Price Index (by the IPUMS Consumer Price Survey) [58, 163]. In the first stage, we
eliminate outliers from the income distribution to address challenges related to individuals with
exceptionally high or low earnings, which can be challenging to compare due to significant scale
differences. We identify outliers by employing the commonly-used inter-quartile range (IQR)
proximity rule [38]. Subsequently, we categorize individuals into four distinct income groups: low
incomes ranging from $1.22 to $1125.49, low-middle incomes from $1125.49 to $2249.75, high-middle
incomes from $2249.75 to $3374.02, and high incomes from $3374.02 to $4498.29. This classification
is achieved by partitioning the overall income range into these four segments. To establish asset
values, individuals are assigned the median population asset value of $123,840, derived from median
percentile net worth data and median net worth by income percentile data from the Federal Reserve
[154].

Minimum Subsistence. Furthermore, our simulation considers minimum subsistence, i.e., the
constraint that the individuals must allocate funds for their minimum basic needs, such as food and
shelter [219, 223, 225, 193, 192, 7, 46, 138, 137]. This consideration acknowledges the fundamental
requirement for individuals to fulfill their basic necessities as part of the decision-making process
regarding consumption and utility maximization. The minimum subsistence values are derived from
mean annual expenditures in 2019 from the Consumer Expenditure Surveys of the US Bureau Of
Labor Statistics [155], stratified based on income levels. In essence, individuals with similar income
levels are obligated to cover equivalent amounts for their basic needs.

Shocks. Shocks, defined as alterations to an agent’s financial state due to schedule instability,
play a pivotal role in influencing decisions related to consumption and savings. These shocks can
either positively or negatively impact income, such as sudden work-hour reductions or increases.
The magnitude of income shocks ranges from −0.4 to 0.4, with shocks occurring as (1 + r)× income,
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where r represents the shock value. The shocks are generated from a Bernoulli process, with the
shock size parameter r uniformly sampled from [−0.4, 0.4].

Isolating the Impact of Lookahead and Other Parameters. At each time point (here, a
workweek), each individual within an income group shares identical observable features, such as
income, shocks stemming from unpredictable schedules, and returns on their assets. The sole point
of divergence among individuals within the same group is the extent of lookahead they possess. This
deliberate design choice aims to isolate the temporal impact of lookahead on utility, eliminating
other financial factors’ interference. The overall job timeline spans 26 weeks, equivalent to a 6-month
job duration. The return range on saved assets varies between 0.9− 1.1 with an added variance of
±0.05. The discounting factor β is set to the commonly-used value of 0.95.

5.4.2 Future Lookahead: An Empirical Inquiry

This section aims to examine the utility acquired by individuals under varying levels of lookahead.
Specifically, the experiment seeks to compare those with minimal (or no) information about the
future, such as protected groups like hourly, part-time workers, and specific racial groups that
typically receive limited or no advance notice, against other workers with more foresight. The
experiment setup is as explained in §5.4.1 and the outcomes of this experiment are depicted in
Figure 5.1.

Analysis. The insights from Figure 5.1 can be summarized in four key points.

• Firstly, workers with lower lookahead and minimal information about future instability ex-
perience significantly lower financial utility compared to those with higher lookahead. Un-
surprisingly, individuals struggle to manage their finances effectively when confronted with
unforeseen schedules.

• Secondly, lookahead has a positive impact overall. Workers with more lookahead can efficiently
manage their finances, resulting in higher utility.

• Thirdly, workers do not require full information about their work schedules in advance. Even
beyond the midpoint lookahead (lookahead 13), workers can achieve a utility comparable to
those with complete information about their schedules.

• Lastly, higher income leads to greater utility, as individuals can consume without concerns.
This is evident from the consistent shift of the plots along the y-axis.

However, irrespective of income level, having more than the midpoint level of lookahead proves
advantageous for individuals. Providing people with advance notice of their schedules can be
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Figure 5.1: The final utility gained for different levels of lookahead is illustrated for four distinct
income classes, each comprising 27 individuals. Workers are of similar features, with variations
solely based on the temporal aspect, i.e., the amount of lookahead in their work schedules. The
x-axis depicts the lookahead value and the y-axis represents the total utility at the end of T steps.
The two orange triangles are in place to highlight the difference in the level of lookahead needed for
approaching the near-maximum utility (near-maximum utility is a utility close to that of a worker
with full information at L26) as the income levels change.

reasonably implemented for the next 2-3 months of work without requiring employers to furnish
complete information at the start of their tenure. Notably, for higher-income workers, less future
information is needed to approach the utility values of someone with complete information, as
observed by the leftward movement of the orange triangles across all lookahead levels.

5.4.3 Dynamics of Asset Appreciation and Depreciation

Our simulated space provides a comprehensive platform for delving into the intricacies of parameters
within work scheduling. This exploration includes understanding the behavior of individuals with
diminishing assets compared to those experiencing favorable returns on their savings.

Therefore, in this section, our objective is to investigate the impact of asset appreciation and
depreciation, i.e., positive and negative return rates on workers’ assets on decision-making across
various levels of lookahead. This also serves as an examination of scenarios wherein the workers are
already at a (dis)advantage in terms of assets.

Assets depreciate when their value declines over time, influenced by factors like risky investments,
fluctuating market conditions, tax obligations, possessions becoming obsolete, and wear and tear, as
seen in vehicles, buildings, and cash saved without earning interest. Conversely, asset appreciation
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occurs when individuals receive returns on their savings or make profitable investments in stocks,
among other factors.

All experimental settings are similar to that of §5.4.1 other than the return rates on assets. Here,
we compare negative return rates in the range [0.75,0.95] to positive return rates in [1.05,1.25].

(a) Negative return rate analysis (b) Positive return rate analysis

Figure 5.2: Individuals with similar features but varying levels of lookahead under negative return
rates ranging from 0.75 to 0.95 on their assets, as well as positive return rates between 1.05 and
1.25 on their assets.

Analysis. The findings are illustrated in Figure 5.2. Several insights emerge from this analysis.

• Firstly, workers generally experience higher utility when they encounter favorable return rates.
This is evident by comparing the utility range in the negative rates plot, which spans from 15
to 40, to the positive plot, which ranges from 45 to 65.

• Secondly, with depreciating assets, individuals benefit significantly from small amounts of
lookahead, reaching near-maximum utility. People across income classes achieve a near-
maximum utility before Lookahead 10. There is a consistent decline in the lookahead value
required to attain near-maximum utility, reaching around lookahead 5 for the highest income
class and around 10 for the lowest income class. This observation aligns with the trend
observed in the previous section, where more income classes require less future information to
reach peak utility values.

• Thirdly, in the case of positive returns, individuals have more flexibility in consumption, as
they anticipate overall favorable returns ahead. Future information is not as crucial as in the
negative returns scenario, where they are not at a disadvantageous situation with depreciating
assets. This explains the late convergence of all income classes to the peak utility value (under
positive return rates).
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5.4.4 Interventions

In this section, the goal is to examine the mitigating effects of two intervention scenarios. In terms of
intervention policies, simulation provides a valuable sandbox environment for testing that might be
challenging or even impossible to explore in the real world. In a simulated work scheduling setting,
researchers, policymakers, and practitioners can experiment with various interventions, assess their
effects, and fine-tune strategies without real-world consequences.

Figure 5.3: The box plot (left) and the error bar plot (right) of the statistical distribution of
additional gained utilities for various interventions. The interventions considered are L0 + Money,
which involves compensation fees for individuals with no future information; L2, assigning at least
two weeks of lookahead to all; and L5, assigning at least five weeks of lookahead to everyone. In the
box plot, the green triangle represents the mean, and the green line represents the median. In the
error bar plot, the blue circle represents the mean and the error bars are 2 standard deviations from
the mean (95% confidence interval).

All experimental settings are similar to §5.4.1. We assign interventions (to a sample of 50 individuals
per intervention), as follows:

• Compensation: Workers will be compensated for sudden schedule changes and on-call shifts.
This policy is modeled after the measures approved by the San Francisco Board of Supervisors,
which introduced new protections for retail workers in the city, necessitating employers to
provide compensation for unpredictable schedules based on factors such as employment type,
hourly rate, hours of work [70]. Inspired by this policy, we disburse twice the amount of
earnings back when there is a negative shock.

• Mandatory minimum advance notice: Every worker should be entitled to a mandated
minimum lookahead, meaning they should be aware of their schedule for the upcoming two
weeks. This proposition draws inspiration from the Schedules that Work Act of 2014 (H.R.
5159) presented in Congress, which stipulates that if there are alterations to the schedule
and minimum hours, the employer must inform the employee at least two weeks prior to the
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start point of the new schedule [70]. Inspired by this policy, we assign workers two weeks and
roughly one month (5 weeks) of minimum lookahead, separately.

Analysis. The results for the intervention scenarios are depicted in Figure 5.3 as a box plot to
show the distributions (and a separate corresponding error bar plot to capture uncertainty). Three
insights can be derived.

• Firstly, interventions have a positive impact overall, evident from the increased utility across
all statistical metrics (mean, median, confidence interval, and all quartiles) post-intervention.

• Secondly, while compensation in the form of additional income for unanticipated schedule
changes is beneficial, it does not substitute for providing workers with advance notice of their
shift schedules. Having knowledge of future plans with the same income but a predictable
schedule appears to be more effective for workers’ financial well-being than an unforeseen,
volatile schedule compensated with fees. A comparison between L0 + Money and L2 indi-
cates that even incorporating two weeks of lookahead is more advantageous than providing
compensation for instability without any lookahead.

• Thirdly, offering just one month of advance notice results in a notable increase in utility,
as seen in the comparison between L5 and L0. Even small amounts of advance notice can
significantly enhance utility.

Note on the Robustness of Experimental Parameters/Results. It is important to mention
that we conducted these experiments with various random seeds, considering different runs (e.g.,
with a median asset of approximately $70,000 [9], representing the median working-class wealth, as
opposed to the population median), and with other realistic discount and return parameters, as well
as varied plausible shock sizes. The overall trends in our results in the previous sections remain
consistent as long as the chosen parameters fall within more realistic ranges. If one opts for more
extreme and unrealistic parameters, the distinctions observed in §5.4.2, 5.4.3, and 5.4.4 will become
even more pronounced.

5.5 Chapter Summary

The primary contribution of this chapter lies in the development of an online framework that delves
into the financial insecurity stemming from work schedule instability. We provide analytical insights
into how lookahead significantly enhances individuals’ utility, with a focus on the effectiveness of
increased lookahead. Our empirical investigation employs simulations and explores two distinct
intervention strategies aimed at mitigating the adverse effects of schedule instability. While our model
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is being deployed in a work setting, it applies to any scenario that involves temporal uncertainty
with the possibility of improvement with lookahead.

In the next chapter, we will completely shift our perspective from individual level to societal level.



Chapter 6

Feedback in Societal-level Systems

Adapted from: Lydia Reader, Pegah Nokhiz, Cathleen Power, Neal Patwari, Suresh Venkatasubrama-
nian, and Sorelle Friedler. "Models for understanding and quantifying feedback in societal systems."
In Proceedings of the 2022 ACM Conference on Fairness, Accountability, and Transparency, pp.
1765-1775. 2022.

Shifting our attention from the individual to the societal level prompts a fundamental question:
Why have societal inequities persisted despite extensive activism, educational initiatives, policy
changes, and the widespread espousal of values such as equality and non-discrimination?

In our analysis, the persistence of societal inequities can be attributed to the concept of feedback.
Within every system where inequity endures over time, there exist feedback mechanisms that sustain
it. Thus we borrow a tool from systems theory to study this phenomenon on a societal-level
holistically (as opposed to our agent-based outlooks in studying artificial societies in the previous
chapters), as follows.

One of the most extensively studied feedback systems in systems theory is the PID framework [113],
consisting of proportional, integral, and derivative forms of feedback. We argue, in this dissertation,
with extensive examples and a formal analysis that this simple framework for feedback encapsulates
a broad spectrum of societal feedback mechanisms. The framework itself is simple – requiring
only a few parameters – and this simplicity is both a value in our ability to interpret what model
parameters are telling us about the system, and situates in a favorable place in the tradeoff between
model complexity and the need for large amounts of training data. Since society changes over time,
it is useful to have a model whose parameters can be accurately estimated with as little history as
possible.

64
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An Example: Gender Pay Gaps. The pay gap between men and women is the result of a
complex system, impacted by cultural gender roles, biases in the workplace, occupational segregation,
and more [4]. While the gender pay gap in the U.S. has reduced over the past 50 years, progress
has slowed in recent decades [53]. We note three aspects of the pay gap. First, the current state
of inequity is reported on and publicised every year as the pay that an average full-time working
woman earns per dollar compared to the average full-time working man.1 Next, there is a long-term
historical inequity, proportional to the sum of this ratio over time, which is the gap in earnings
over the lifetime of an average woman retiring today. Finally, there is the short-term change, the
change-over-year in the inequity ratio, that represents how fast or slow we are moving towards equity
as a society based on this statistic. We refer to these three aspects of the pay gap as the proportional
(current state), integral (historical or long-term), and derivative (change). We can identify policies
that provide feedback proportional to each term. For example, the salary history question on job
applications contributes to keep future salaries (and inequity) close to current salaries and inequity
[1], and thus is a proportional feedback mechanism. Gendered career roles are built over time –
you are less likely to pursue a career if you do not see many people like you in that career – which
is related to the inequity over a lifetime of people who entered that field. We thus see this as an
integral mechanism. However, as women enter at higher rates into a profession previously dominated
by men, the wages in that profession decrease [117]. Further, reactionary political movements use
people’s resentments about lost privilege to gain power and reverse policies that helped to reduce
the gap [135]. We can see these as derivative mechanisms because the more progress towards equity
that is made, the more each effect increases pay inequity.

6.1 Contributions

We can summarize the contributions of this chapter as follows.

• We introduce an approach to model feedback in societal systems using the PID framework
(from systems theory).

• We illustrate through numerous examples how the PID framework adeptly represents real-world
instances of progress towards, or regressions from, equity.

• We showcase the functionality of this model through three case studies that address historical
and persistent inequities.

• We illustrate how the model can be leveraged to assess the impacts of policy changes and
interventions.

1https://www.aauw.org/resources/article/equal-pay-day-calendar/
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6.2 Typology of Feedback in Systems of Inequity

We list 19 specific examples of feedback mechanisms in Table 6.1 which either maintain society’s
inequity or help to reduce inequity over time. We consider well-publicized inequities in education,
employment, criminal justice, political representation, housing, and income. Although many more
mechanisms exist, we attempt to give examples that describe a variety of feedback types. In
particular, we posit in the rightmost column how next year’s inequity is related to current and past
inequity:

• Proportional : future inequity is a function of current inequity (rows 1-6),

• Integral : future inequity is a function of a sum of historical inequity (rows 5-15), or

• Derivative: future inequity is a function of the current change in (slope of) inequity (rows 4
and 15-19).

We note that future inequity due to one mechanism can be a function of multiple feedback types. We
also note that feedback mechanisms are from different sources, including government policies (rows
5, 7, 11, 18), organization policies (rows 8, 9, 10, 17), laws (rows 2, 14, 19), algorithmic decision
system (rows 5, 10, 11, 13), economic rule (rows 7, 12), activism (rows 3, 6), or human psychology
(rows 4, 9, 15, 16).

While our analysis of patterns of feedback is systemic and “in the aggregate”, we note that the
impetus to resist change, or even to adopt particular modes of change that may be ineffective, are
often rooted in well-studied group dynamics that typically contribute to the derivative element of
feedback. These include a) backlash: “The resistance of those in power to attempts to change the
status quo is a ‘backlash’, a reaction by a group declining in a felt sense of power” [131]; b) reactance:
the pushback when people are confronted with threats to their freedom [23], including not being
allowed to discriminate; and, in the case of racial inequity, c) color-blindedness: “Liberalism’s very
aspirations to color-blindness & equality – while admirable – can impede its goals, as they prohibit
race-conscious attempts to right historical wrongs”, i.e., change is slowed by them [156].

The purpose of Table 6.1 is to provide many examples of systems of inequity which are maintained
and challenged in ways that can be modeled with proportional, integral, and derivative feedback.
These mechanisms include existing and potential policies and algorithms, but any change in equity
induced by their use would be subject to the other feedback mechanisms of that system. This work
provides a simple quantitative model for systemic feedback mechanisms that could be useful in
analyzing changes.

Finally, we note what is left out of Table 6.1. There are multiple unpredictable ways in which
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Table 6.1: Policies, algorithms, laws, and activism provide feedback in multiple societal systems
which exhibit inequities, both to maintain and push back against oppression over time.

# System Description Equity? Mechanism

1 Education Edu. software is fed unequal student data from oppressive educational contexts;
tracking and ‘at-risk’ labelling keeps students stuck in their current track [129].

Anti Proportional

2 Employ-
ment

The US EEOC 4/5 rule allows legal remedy if, in part, the policy exhibits
>20% disparity in hiring within a protected group.

Pro Proportional

3 Surveil-
lance

Publicity about large inequities in facial recognition by race and gender led to
reduced disparities from targeted products [169]

Pro Proportional

4 Income,
Wealth

Support for progressive tax policy change can decrease when observing inequity,
(e.g., from observing an unhoused person [178]) due to belief in a just world.

Anti Proportional,
Derivative

5 Criminal
Justice

Since denying parole increases the rate of re-offending after release [203], the
current & past racial inequity in parole leads to future inequity in re-offense.

Anti Proportional,
Integral

6 Criminal
Justice

The #BlackLivesMatter movement was spurred both by specific incidents of
violence and long-term systemic violence against Black people [189, 197].

Pro Proportional,
Integral

7 Housing,
Wealth

The effects of discriminatory housing policies accumulate over time via lower
property value growth in Black and Latinx neighborhoods, which also leads
to mortgages with worse terms.

Anti Integral

8 Higher
Ed

Inequity of people admitted to college today will have an effect decades into
the future via legacy admits [41].

Anti Integral

9 Employ-
ment

Discrimination in a profession over decades means that there are few examples
of a minoritized group in that profession, which then makes members of that
group feel less welcome in that profession.

Anti Integral

10 Employ-
ment

Automated hiring models use data from the history of past hires, thus may
learn to repeat past discrimination [21].

Anti Integral

11 Criminal
Justice

Future police allocation to an area, and thus future discovered “incidents”, is
proportional to the cumulative history of incident reports [54].

Anti Integral

12 Income,
Wealth

Excess income (above consumption) adds to wealth in a cumulative sum over
time, & earns money on itself (the gross rate of return on wealth) [127].

Anti Integral

13 Health
Care

Algorithms that allocate medical resources to reduce costs assign fewer re-
sources to racial groups who historically received unequal treatment [151].

Anti Integral

14 Income The Lilly Ledbetter Fair Pay Act of 2009 allows lawsuits for wage discrimination
at one’s employer over one’s entire career.

Pro Integral

15 Income,
Wealth

Exposure to historical data about rising wealth inequality in the U.S. tends
to increase support for redistributive policies [132].

Pro Integral,
Derivative

16 Income As women become a higher percentage of a profession, employers reduce pay
to that profession and value it less [117].

Anti Derivative

17 Higher
Ed

The DIF (in SAT future test planning) ensures slow change in race & gender
gaps, rather than increasing the use of questions which defy those gaps [179].

Anti Derivative

18 Voting
Rights

Politicians can keep their power despite a changing population by redrawing
their district boundaries to include people more likely to vote for them.

Anti Derivative

19 Voting
Rights

Roberts: Voting inequity exists today but is less than it was in the past, thus
protection by the Voting Rights Act is not justified [174].

Anti Derivative
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inequity changes over time, e.g., due to a pandemic. In systems theory, this is called the disturbance
or process noise, adding to the feedback as depicted in Figure 1.1, which is distinct from the errors
in measuring inequity (which is referred to as measurement noise).

6.3 Dynamical PID State Model

We propose a model to quantify proportional, integral, and derivative (PID) feedback mechanisms
in systems with inequity. Each PID term is represented as a state variable in the model and is
incorporated as feedback on the future state of inequity.

Proportional. Equity is achieved when a societal system produces equal statistics across groups, for
example: “racial equity is a state in which race no longer predicts outcomes” [59].

We measure inequity at time n as:

x(n) =
outcome measure for people in group A
outcome measure for people in group B

− 1, (6.1)

where the “outcome measure” is a societal measure that should be equal across groups if equity is
achieved. At equity, the value of x(n) is 0. We choose the group in the numerator so that x(n) is
historically above 0, so that readers can consistently interpret x(n) as ‘inequity’, and work to reduce
x(n) to 0 as pro-equity. For example, in 1964, from U.S. Census statistics, 70.7% of white Americans
(which we set as group A) voted, and 58.5% of Black Americans (group B) voted [200], for a ratio of
1.209 and thus x(n) = 0.209. Our choice to subtract 1 in (6.1) is to ensure that minimizing |x(n)| is
a desirable goal.

Integral. The cumulative history of inequity is captured by the integral term, σ(n). We choose to
weigh the most recent history more heavily than the distant history by using an autoregressive filter.
Then, the cumulative inequity at time n is given by:

σ(n) = x(n− 1) + α · σ(n− 1) (6.2)

with 0 < α < 1

The filter has an infinite impulse response, meaning weights in the cumulative sum will never be
completely reduced to zero, but are instead proportional to a factor of αn at time n. We discuss α

further in §6.3.1.

Derivative. The derivative term at time n is the difference in inequity at time n and inequity at
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time n− 1:
ẋ(n) = x(n)− x(n− 1) (6.3)

Figure 6.1: A feedback model on a system with inequity x(n), in which the feedback is linear in
x(n) itself (the proportional term), in its weighted sum σ(n), and in the derivative ẋ(n).

State Model We define the state of our model to be the current proportional, integral, and derivative
terms at time n, s(n) = [x(n), σ(n), ẋ(n)]T . The PID terms are incorporated as feedback in our
model, as shown in Figure 6.1.

We describe any other changes to the inequity that is not feedback from the system’s outputs as
part of the disturbance w(n) = [w0(n), w1(n), w2(n)]

T . We model the dynamics as linear, that is, a
weighted sum of the three PID components of the inequity, as well as the disturbance. While it is
possible to include non-linearities in the dynamical equations by including an arbitrary function f

in the loop as shown in Figure 6.1, in this chapter, we let f(x) = x for simplicity.

Then we model the societal feedback as a linear function of these terms:

kT s(n) = kPx(n) + kIσ(n) + kDẋ(n), (6.4)

where k = [kP , kI , kD]T , which are the constants which describe how the state evolves. This linear
sum, kT s(n) then adds to the current state, specifically, the slope ẋ(n+ 1) at the next time n+ 1 is
calculated as the current slope ẋ(n) plus this feedback kT s(n) plus some disturbance:

ẋ(n+ 1) = ẋ(n) + kT s(n) + w2(n), (6.5)

where w2(n) is the slope disturbance. The system also progresses by: 1) adding the current slope
into the inequity for the next time, and 2) keeping track of the cumulative inequity by adding the
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current inequity to σ(n+ 1). These state update equations are thus:

x(n+ 1) = x(n) + ẋ(n) + w0(n)

σ(n+ 1) = x(n) + α · σ(n). (6.6)

These equations (6.5) and (6.6) implement the proportional, integral, and derivative feedback terms
as described and justified prior. In short we can write

s(n+ 1) = As(n) +w(n) (6.7)

where

A =

 1 0 1

1 α 0

kP kI kD + 1

 . (6.8)

We note that we do not measure all of the state variables at each time, as we only measure directly
the inequity x(n) at each time n. Further, we measure only a noisy version of the inequity x(n). We
assume additive noise. To match the typical notation from linear systems, we write s(n).

y(n) = Cs(n) + v(n), (6.9)

where C = [1, 0, 0] and v(n) is the measurement noise at time n.

6.3.1 Autoregressive Time Constant Selection

To select a value of the parameter for the autoregressive filter on the integral portion, we choose an
appropriate time constant, τ and calculate α as in (6.10).

α = e−
1
τ (6.10)

The selection of τ is domain-specific and should be based on a reasonable estimate of the time for
the impact of historical inequity to decay. For example, if we want terms in the cumulative sum
to decay in 10 years and there is one time step per year, α ≈ 0.9. If we want the terms in the
cumulative sum to decay in 100 time steps, then α ≈ 0.99.

6.3.2 Model Parameter Estimation

Given the dynamic model in (6.7) and a set of longitudinal data for {y(n)}n, we want to estimate
what parameters of the model are associated with its temporal dynamics. As stated, there is noise
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in the measurement, and there are disturbances that contribute to the state that are not explained
by the PID feedback model. How do we select values for the parameters k and α from a longitudinal
data set?

We provide one method here. Some systems identification methods estimate the entire update
matrix A from (6.8), but for our purposes, we only estimate the k parameters. For our three k

parameters, kP , kI , and kD, we derive a least squares estimator as follows. We define a vector
∆s(n) = s(n+ 1)− s(n). An equation for ∆s(n) can be written by subtracting s(n) from both sides
of (6.7):

∆s(n) = (A− I)s(n) +w(n), (6.11)

where I is the 3x3 identity matrix. Focusing on the 3rd row of the vector ∆s(n), since it is the one
element that is a function of the unknown k parameters,

ẋ(n+ 1)− ẋ(n) = kT s(n) + w2(n). (6.12)

Defining ẍ(n) = ẋ(n+ 1)− ẋ(n), we can then say that:

ẍ = Sk+w2, where, (6.13)

ẍ = [ẍ(1), . . . , ẍ(N)]
T

w2 = [w2(1), . . . , w2(N)]
T

S = [s(1), . . . , s(N)]
T

where we have recorded data from time n = 0 to N + 1. We could estimate k in multiple ways,
but one easy way would be to use a least-squares approach. Defining superscript + to indicate the
pseudoinverse of a matrix,

k̂ = (STS)+ST ẍ. (6.14)

We note that this estimate is the maximum likelihood estimate in a Gaussian noise case. In short, if
we have the full state s(n) for all times n, we can form the matrix S and vector ẍ and compute an
estimate for k̂.

However, we do not start out with a known state – we only measure y(n) at all times. Thus it is
necessary, in order to estimate the parameters k, to first estimate the state s(n) for all time n. This
creates a chicken-and-egg question. A standard approach is to use an expectation maximization
(EM) approach to alternately 1) calculate the expected value of the sequence of states {s(n)}n for all
n, and then 2) find the system parameters which maximize the likelihood given the calculated states
[66]. In our case, this second part is calculated with (6.14). The first part is described in §6.3.3.
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6.3.3 State Estimation

Since we do not measure the state directly or in the absence of noise, our model says that we do not
know exactly what the current inequity is, or its slope or cumulative sum. Given a historical set of
data measuring the inequity, and known parameters k, we use a Bayesian smoother to estimate the
state [183]. We denote this state estimate as ŝ(n) for n ∈ {1, . . . , N}.

As described above, from the state estimates we calculate the change in slope ẍ which we use with
the state S in (6.14) to re-estimate k. We iterate this algorithm until convergence, which we note in
practice takes less than 10 iterations.

6.4 Experiments

We test our model on the following real-world datasets:

1. Earnings, Men vs. Women: The inequity between men and women’s earnings is commonly
referred to as the gender pay gap, although we note that we do not have a data set inclusive of
other genders. For the U.S., we use annual data from 1960 to 2018 [146]. Compiled from U.S.
Census data, the data refers to the ratio of median income between men and women full-time,
year-round workers. In 2018, women workers’ median pay was $0.82 per dollar of men workers’
median pay. Equivalently, we use the inverse, that is, median pay for men divided by the
median pay for women, or 1.22, and subtract 1 to obtain an inequity of 0.22.

2. Voting, White vs. Black : The percentage of white people who voted divided by the percentage
of Black people who voted in the U.S., according to data collected by the U.S. Census Bureau
[200]. This data is for national congressional or presidential elections, i.e., every even year,
since 1964.

3. Income, Top 10% of Earners vs. 10% of All Income: We take the total income of people in
the top 10% by income and divide it by 10% of the sum of the income of all people in the
U.S. This value is thus a ratio of how much more the people in the top 10% are paid than
they would if income was split evenly among all people. The data comes from U.S. tax data
collected by Piketty and Saez [176, 162].

We consider the following experimental questions:

• How well does the model forecast future inequity?

• How can one interpret the model parameters?

• When does the model perform poorly?
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Figure 6.2: Training the model only from the historical (Col #1) first 1/2 of data; (Col #2) first
2/3 of the data, we estimate PID model parameters. Then we extrapolate (simulate the model) to
forecast the remaining years, and compare to the actual test period data, when x(n) is the U.S. (a)
earnings inequity of men vs. women; (b) voting inequity of white vs. Black; (c) income inequity of
top 10%. In all plots, x(n) is as defined in (6.1), and a value of 0 (—–) is equity.
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Data Set Training Proportional Integral Derivative
# Name τ (yrs) Data Used kP kI kD

1 Pay Gap Men vs. Women 10

First 1/2 0.0279 -0.0051 -1.07
First 2/3 0.0372 -0.0066 -1.25
All 0.0235 -0.0045 -1.08
Second 1/2 -0.0173 -0.0012 -1.22

2 Voting Gap White vs. Black 20

First 1/2 -0.0511 -0.0075 -1.63
First 2/3 -0.0729 -0.0033 -1.53
All -0.0656 -0.0062 -1.71
Second 1/2 -0.0595 -0.5278 -0.96

3 Income of Top 10% 100

First 1/2 -0.0150 0.0008 -1.31
First 2/3 -0.0218 0.0014 -1.25
All -0.0129 0.0006 -0.80
Second 1/2 0.0160 -0.0005 -0.72

Table 6.2: PID model parameters estimated from training. Values are interpreted as: Next year’s
slope increases by kP times the current inequity, increases by kD times the current derivative, and
increases by kI times the current cumulative sum. All parameters with signs that increase inequity
are red, those that decrease inequity are black, as detailed in §6.4.1.

• How does the model compare to existing simple models?

• How can we use the model to understand possible effects of new policies or algorithms?

6.4.1 Future Inequity Estimation and Parameter Interpretation

In this section, we divide the past into a training period and a test period in order to validate the
model’s extrapolation performance vs. real world changes in inequity in society. In other words, we
essentially pick a threshold year for the purpose of evaluation; the model is trained on the data up
to and including the threshold year, and the model then runs, starting with the next year through
the present. Since we have data to the present (which was not used in the training) we can see how
well the model estimates the “future”.

Our results on our three data sets are shown in Figure 6.2. We test (in the left column) using the
first half of data for training, and also (in the right column) using the first 2/3 of the data for
training. The training is shown as a green solid line, and the actual reserved test data is shown with
a green dashed line, and compared to a blue solid line for the model prediction.

We report the estimated model parameters in Table 6.2. We advocate for this model, in part, because
the model parameters are interpretable as quantifying feedback types. As detailed in Equations
(6.7) and (6.8), next year’s slope, ẋ(n+ 1), is kP times the current inequity x(n), plus kI times the
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weighted cumulative sum of inequity, plus kD + 1 times the current slope.2 In all of our data sets,
the current inequity and historical inequity, x(n) and σ(n) respectively, are both positive. Thus
any kP < 0 or kI < 0 push the model toward forecasting a decrease in inequity in the future, while
kP > 0 or kI > 0 would push the model toward forecasting an increase in inequity. However, the
sign on the derivative term has a different effect. kD < 0 indicates a push in the model against
the current change. If the current slope is negative, the effect of kD < 0 is to forecast slowed
down progress towards equity. In contrast, if kD > 0, the derivative feedback reinforces the current
direction of change predicted in the system. For each model, we next describe the performance and
interpret the parameters.

Earnings, Men vs. Women: The top row of Figure 6.2 shows forecasts for the gender pay gap. We
chose an integral term time constant α that corresponds to a decay time of 10 years. The model
predicts the downward slope of the data closely when trained on the first half of the data set. When
trained on the first 2/3, the model predicts the gender pay gap to decrease more quickly than it
actually did. Considering the parameters trained on the entire dataset, the positive sign on kP

indicates a positive association between current inequity and future inequity while the sign of kI
suggests a negative relationship between cumulative inequity and future inequity. The negative sign
on kD is associated with opposition to the current change. In other words, our model finds that
only the cumulative income gap is correlated with progress toward equity, while the current pay
differences and decrease in the gap over time correlate with feedback against equity.

Voting, White vs. Black : For the voting gap, we chose a time constant such that there is a decay
time of approximately 20 years. The voting gap data is particularly noisy, driven in part by different
participation rates between presidential election years and non-presidential election years, as well as
driven by particular candidates. For example, the 2008 and 2012 elections with President Barack
Obama on the ballot had particularly high turnout among Black voters. Nevertheless, the shape of
the model forecast closely matches the actual values in the test period. In the voting gap dataset,
both kP and kI correlate with reduced inequity for every training set used, while the sign of kD
indicates a resistance to the decreasing inequity. Because the actual data oscillates election to
election, i.e. a decrease in inequity one timestep is followed by an increase in inequity the next, the
magnitude of kD is generally large. Overall, increasing Black participation in voting (relative to
white participation) is found to correlate with resistance.

Income, Top 10% of Earners vs. 10% of All Income: We predicted that the cumulative effect of
past inequity would persist much longer into the future in the case of income inequality because
excess income is accumulated without loss over time. Therefore, we selected a time constant of

2Note the +1 comes from the fact that the current slope stays the same in the absence of any feedback.
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100 years. Notably, this model does not perform as well when trained on the first half of data, i.e.,
a period of constant and low inequity from 1945-1981. It may be because the model parameters
changed dramatically between the first half and the last half of the data set, coinciding with a wave
of tax, benefit, and unionization policy changes starting in the US after 1980 [76]. We can observe,
comparing the model parameters when trained on the “First 1/2” vs. on the “Second 1/2”, that the
proportional parameter switches from negative to positive, while the integral parameter switches
from positive to negative. As stated previously, positive values of kP mean that the slope increases
(towards higher inequity) while there is current inequity. We interpret this as saying in the period
1945-1981, the current inequity is associated with a reduction of inequity, while the cumulative
history of inequity is associated with increased inequity. In contrast, in the period 1982-2018, our
model finds evidence of a dramatic change in the dynamics of income inequality. In this timeframe,
the sign of the proportional term indicates a positive relationship with future inequity and the
integral term correlates with movement toward a smaller income gap, though with a weaker effect as
indicated by the smaller magnitude of kI . The smaller kD similarly suggests a weaker relationship
between rising income inequality and movement toward equity.

6.4.2 Our Model Compared to Existing Simple Models

In this section, we compare the PID model test forecasts to those generated by other simple regression
models that can be learned from a sequence of one-dimensional historical data. We calculate the
root mean squared error for linear regression, polynomial interpolation, and decision tree regressors3

and compare to the PID model. The results for each dataset and training set are shown in Figure
6.3.

Overall, we find that although there is no single model with the lowest error across all datasets and
training options, the PID model has one of the lowest error values in general. Given this, as well
as the interpretability and manipulability of the model as described previously in this section, we
believe that PID is a useful addition to the set of existing simple models.

6.4.3 The Impact of New Policies

The gender pay gap is decreasing, but as discussed previously, the rate of decrease is slowing
down. What would the effects be if the nature of feedback in the gender pay gap system could be
significantly altered? Consider the example of salary history being used to determine the offered
salary for a candidate for a job. The salary history question is believed to perpetuate pay gaps as
workers who are currently underpaid tend to get offered lower salaries when taking a new job. For

3All are implemented using sklearn’s packages and default parameters, with degree of 3 chosen for the polynomial
interpolation.
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Figure 6.3: RMS errors with respect to test data for each of the comparison methods as well as the
PID model for each of the datasets and training combinations.

example, consider that Washington University in St. Louis by policy limits the salary increase for
in-university transfers to a maximum of 15%. For people without the privilege to start their career
at a highly paid position (often women of color), climbing the ladder can lead to a higher position
but, due to salary history policies, sometimes absurdly low pay compared to others in the same job.

When California banned employers from using salary history in 2018, it is estimated that this led to
a 1% improvement in the gender pay inequality ratio over a synthetic control in the studied year
[78]. We might hypothesize that the feedback effect of the salary history question is proportional –
current pay inequity leads directly to future pay inequity. Let us use this hypothesis in the PID
framework to investigate the possible long-term effects of the policy under the assumption this policy
is the only significant change to the dynamics of the gender pay gap. Let us define the PID model
of the pay gap system using the parameter estimates from the entire dataset as shown in Table
6.2, kP = 0.0235, kI = −0.0045, and kD = −1.08. We define the policy to have its own PID terms,
k′P , k

′
I , k

′
D. If we assume that the salary history ban policy effects only the proportional term, then

we can assume k′I = 0, k′D = 0. To calculate k′P , we consider the the additive effect of the policy
parameters on the system parameters. In 2019, the system with the policy would have a 1% lower
output than the system alone. Using (6.6), we derive an equation to solve for k′P .

x(2018) + ẋ′(2018)

x(2018) + ẋ(2018)
= 0.99 (6.15)

where ẋ′(n) = ẋ(n− 1) + (kP + k′P )x(n− 1) + kIσ(n− 1) + kDẋ(n− 1). By substituting in the data
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on the gender pay gap, we find that k′P = −0.0536.

When we simulate the gender pay gap system with and without the salary history ban, we can see
that including the policy in the model makes the forecast approach equity much more quickly than
the system without the policy. While the policy only results in a 1% decrease in inequity initially,
over time, the effects of the policy are expected to be larger. However, it is important to note that
the annual 1% improvement in the first year does not continue indefinitely. The PID model here
accounts for the existing avenues of societal feedback that, over time, push against the initial change,
such that the slope in year 2040 is approximately the same with or without the policy.

However, this line of analysis makes some very significant assumptions, namely that this policy alone
is the only change in the dynamics of the gender pay gap. It is certainly possible that as one policy
is passed that reduces the effects of proportional feedback, the backlash can lead to the creation of
new mechanisms to counteract this change, such that effective k parameters are not as expected.
Progress is not inevitable, and while it certainly good to consider the best-case long-term effects of
a policy, it should not be assumed that a single action is enough to dramatically alter a long-lasting
system of inequity.

Figure 6.4: Forecasted gender pay inequity with the salary history ban in effect and without the
salary history ban.

6.5 Chapter Summary

We present arguments for, and methods to generate, a model for the feedback present in societal
systems of inequity. Inequities in outcomes due to racism, sexism, classism, and other systems of
oppression are preserved by feedback mechanisms which maintain the status quo, and are reduced
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by mechanisms which push to address disparities. We build a model with proportional, integral,
and derivative feedback terms, and show how historical data can be used to estimate the model’s
parameters, which then quantify how much of each type of feedback exists in society. We use the
model to forecast future trajectories of the inequity and compare our model to alternatives, and show
that the error is generally lower than other simple modeling methods. The parameters represent
the particular mechanisms, which if changed, would quantitatively alter the trajectory. The model
thus introduces a connection between linear systems theory and systemic oppression which could
be useful in the modeling and analysis of policy and other mechanisms designed to address social
inequity.

Answering the question, “when will we reach equity?” is not just an exercise. U.S. Supreme Court
Justice Sandra Day O’Connor, writing the majority opinion in Grutter v. Bollinger that preserved
affirmative action, wrote that the “Court expects that 25 years from now, the use of racial preferences
will no longer be necessary” [201]. That was 19 years ago; racial inequity in college admissions
persists, and O’Connor has since said “That may have been a misjudgement” [198]. But we hope
that the model we introduce can do more than provide a likely imperfect window into the future.
By explicit reporting of the proportional, integral, and derivative terms, we posit that those seeking
equity and those interested in projecting into the future may be better able to reason about the
relative impacts of current inequity, longstanding and accumulated inequity, and resistance to – or
support for – change.



Chapter 7

Concluding Remarks

In this chapter, we summarize this dissertation’s contributions and discuss potential future directions.

7.1 Summary

Overall, we investigated precarity and inequity from individual and societal perspectives. From
an individual outlook, we investigated the issue of compounded decisions’ effects on individual
instability (precarity) by employing a consumption model and Markov Decision Process model to
examine how individuals behave in the face of financial shocks. We then expanded this work and
studied the long-term effects of financial shocks (in particular, for gig workers with more volatile
employment versus office workers with more stable income and employment) with a more realistic
model that incorporated realistic constraints such as the desire to avoid ruin, considering expenses
for basic needs and time of death.

In both contexts, we explored the efficacy of various policy interventions in mitigating the adverse
effects of financial shocks on precarity and showed their effectiveness.

Shifting the focus to the temporal aspect of work schedule instability, we unveiled how inadequate
advance notice of schedule changes can profoundly impact workers’ financial well-being. By enhancing
existing consumption models with an online adaptive algorithm, we explored the effects of future
lookahead on workers’ financial stability both theoretically and empirically.

Lastly, we transitioned to a societal perspective to study the persisting inequity in complex social
systems holistically. We believe there is persisting inequity (despite years of education, activism,
and policy changes) because of inequity in feedback mechanisms that are put into place to make it
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survive. To capture these feedback mechanisms which are too complex to be studied otherwise, we
borrow a tool from systems theory that studies feedback mechanisms in complex systems, namely
proportional-derivative-integral (PID) framework. PID has three disaggregated feedback terms and
states future inequity in terms of current inequity, the sum of historical inequity, and the slope of
change in current inequity. This framework helps quantify and study inequity in feedback systems
and use mitigation strategies in various cases of historical and current persistent inequity such as
income gap and pay gap.

7.2 Future Work

Although our work lays the groundwork for investigating the issues described in §7.1, there are some
limitations and potential future research directions.

7.2.1 Group Inequality and Precarity

Thus far, all simulations use parameters that apply to the entire population of households. While
individuals in the simulation start at different states, incomes, wealth, and health, the model is
identical for every individual. Yet, it is clear that different demographic groups experience bias and
discrimination in society. Historical discrimination has a huge impact on an individual’s starting
point [14, 74], and ongoing discrimination has a major impact on one’s income even for the same
job (via gender [20] or ability [209]), income shocks [224], health shocks [87], and wealth shocks, as
well as the likelihood of benefiting from public policy. In a sense, one’s demographic group changes
how the economic model must be run. One might apply this model to members of a particular
intersectional group who benefit from or are harmed by discrimination in the same manner. Future
work could also use multiple models, one each for individuals in different intersectional groups,
to show how model differences can lead to disparate results by groups in precarity and financial
positions in society.

7.2.2 Heterogeneity and Interconnections among Social Measures

Our framework, like any simulation framework, is limited by what we have chosen to retain and omit.
Our simulation assumes societal homogeneity – all individuals are subject to the same forces and
constraints, outside of economic differences. This of course, fails to reflect other forms of inequity in
society like the ones described above, and is a direction for further exploration. The system could,
however if there is heterogeneity in individuals, take that into account in its decisions.

Our choice of income, net worth and health as state variables is well-grounded in the literature on
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macroeconomic models. However, our modeling of how income and wealth factors influence and are
influenced by health relies on a simple formula equating these factors. This interconnection could be
explored and improved in future research.

7.2.3 Other Temporal Aspects and Interventions

To improve our online framework in studying altering work schedules’ long-term effects, future
enhancements could involve the integration of additional factors influencing financial dynamics,
which are correlated with temporal uncertainty. This may include incorporating constraints on
retirement savings, distinguishing between risky and riskless assets, and accounting for broader
socioeconomic changes, such as alterations in workplace organizational structures or shifts in job
locations.

Other potential future directions could investigate targeted interventions within specific work settings
or environments (e.g., specific interventions designed for the food and retail sectors), aiming to
alleviate the impacts of biased decision-making on individuals over extended time horizons.

7.2.4 Feedback Models and Societal Outlooks

There are further future directions in line with our work on studying feedback in social systems
with a PID model, as follows.

Portability trap. Are we falling into the “portability trap” [190]? We train our model for each
domain / data set, and do not make assumptions about the particular structure of any one system
of inequality. However, we are making model assumptions that may not hold in every case — we do
not anticipate that a linear feedback model will be sufficient, or that proportional, integral, and
derivative terms are best to model the actual mechanisms that keep systemic inequality in place in
every type of inequity.

Perception vs. Reality. We use measurements of inequity as the driver for societal feedback mech-
anisms. However, people’s estimates of the level of inequity are inaccurate in the U.S. and U.K.,
and their estimates are heavily influenced by how much inequality they see locally [81]. If people
support policies based on perceived inequity, and perceived inequity is not proportional to measured
inequity, this could affect the accuracy of our model. Our model presumes that, society-wide, future
changes in inequity are at some level influenced by present, historical, and past changes in measured
inequity.

Multidimensionality of Oppression. We model only one inequity measure at a time. In reality,
multiple factors contribute to the totality of oppression [63]. For example, the income gap leads to
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the wealth gap, which then increases the health equity gap. As another example, inequity in the
educational system produces future inequity in the criminal justice system [210] via a mechanism
called the school-to-prison pipeline. We can imagine extending the model to include multiple
measures, and the feedback between different states, although the model complexity would grow.

Overall, this dissertation aims to deepen the understanding of precarity and inequity across individual
and societal levels, laying the groundwork for future inquiries into these critical issues.



Appendix A

An Individual-level Framework to

Study Precarity: Additional Details

A.1 MDP Detials

In this section, we describe the exact values we choose for the transitions between the MDP states.
The transition matrices follow a financial security logic. That is, the more income a household
has, the more financially secure they will be, meaning even if a higher income household incurs
a financial shock, they have the means (financial and non-financial assets) to cover for their loss.
Lower and to a less noticeable degree the middle income households, on the other hand, are less
secure, and given a positive decision, they have more chances of staying in the same state due to the
previous liabilities. And with a negative decision, they tend to move to inferior states with higher
probabilities compared to higher-income households. We set the middle-income classes’ chances to a
random 50% chance in most cases to give them better chances of improvement. A household can
locally reason to go to worse states, better states, or stay in the same states (due to previous debts)
as decisions are assigned to them.

The three inferior states given a financial shock due to a negative outcome are:

1. Burning out their savings (encompassed in their net worth),

2. Selling one of their non-financial assets which are health-related (e.g., selling their vehicle or
house and falling back on public transportation in the midst of the pandemic, which results in a
reduction in their health index). Note that since the net worth encompasses both financial and
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non-financial assets, the value of their net worth does not change here. Rather, transiting from
a health-related non-financial asset to a financial one will result in a health index reduction by
a factor one score (on the scale of the health indexes in the Census Bureau CPS Annual Social
and Economic (March) Supplement 2019).

3. Some of the family member opts out of their health insurance to cover for the debts and
liabilities, which in turn reduces their health value by a factor of two scores.

The three positive states given a positive decision are:

1. Adding the additional income to their net worth

2. Opting for a better health care plan which improves their health index by a factor of one score.

3. Simply consuming more

The exact values of transition probabilities are as follows: Given a negative transition, the chances
of lower-income classes going to a worse state is 29.6% (we have three options for bad states given
a negative outcome) while the chances of them staying in the same state and not incurring any
financial shocks is 11.11%. The middle-income class is given 50% chance to stay in the same position
given a negative (positive) outcome and a 16% chance of going to either of the inferior (better) states.
Higher-income classes have 55% chances of staying in the same state given a negative outcome and
15% chances of going to an inferior position for each of the 3 inferior states (similar probabilities for
a positive outcome for lower income classes). Given a positive outcome, the higher income class has
11.11% chances of staying in the same state and 29.6% chances of going to each of the better states.
After each step of the decision making one of these choices is randomly sampled for the household.
The income, net worth, and health indexes get updated accordingly, and the agents continue to
interact with the system and environment in an alternating loop.

A.2 Finding Optimal Consumption in IFP

The IFP model [180, 181, 182, 127] uses an endogenous grid method (EGM) to find the optimal
consumption path. That is, the EGM necessitates a grid of savings si where each saving is the
amount of assets with the consumption subtracted. The grid is utilized to interpolate the optimal
consumption function. The basis of the grid is on savings because if the assets are not sufficient, the
household would consume them all. Else, the savings will be positive (note that the solution which
is considered is the origin-based a0 = c0 = 0). Also, if s > 0, then c < a. This implies that we can
forgo the maximum in 3.3 and solve the following at each si:
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ci = (u′)−1
¶
β EzR̂(u′ ◦ σ) [R̂si + Ŷ , Ẑ]

©
The endogenous asset grid can be computed using ai = ci + si once we have tuples {si, ci}. We can
get an approximation of the policy (a, z) 7→ σ(a, z) by interpolating {ai, ci} at each z (note that
z ∈ Z so it can be paired with ai).

Model and Implementation Details. In the current model, the exogeneous state process {Zt}
is a multi-state process and transition matrix P . We will also assume that Rt = exp(arζt + br)

where ar, br are constants and {ζt} is i.i.d. standard normal. The labor income itself is defined on
the state, percentiles of income.

Using the endogenous grid, and iterating over the interpolations of the optimal consumption
functions, until the consumption function converges to a sufficient level, the implementation derives
an approximate optimal consumption function. Note that the optimal consumption function gives
the consumption value for a given pair of assets and the state. To derive the exact sequence
of the consumption from this, we require information on the sequence of states for the specific
instance, which we acquire through the defined process following a Markov-like process. The current
implementation then uses that information and the approximate optimal consumption function, as
well as the basic needs bounds to showcase the consumption path, i.e., sequence of cts and ats.



Appendix B

An Agent-based Model to Study

Precarity with Realistic Constraints:

Additional Details

B.1 Additional Proofs and Results on IFP

Given the generic IFP model, we study different settings where we have different constraints on
consumption. We assume that there is a basic needs (minimum subsistence consumption) value
that provides a lower bound on consumption leading to the inequality constraint in IFP model by
setting bt ≤ ct ≤ at for all t, where bt is a known basic needs parameter. Note that the basic needs
we discuss are different from the mainstream optimal consumption paths: previous work always
assumes that there are enough assets available at all times to cover basic expenditure (thus the
individual would never go bankrupt) [193]. But in our setting, we consider a realistic scenario that
due to uncertainty, the individual cannot always act ultimately rationally and have enough assets to
cover their minimum subsistence, and hence, the amount of assets could drop to a value below the
basic needs.

The constraints (e.g., minimum subsistence) we introduce play a vital role in the consumption
behavior of an individual. For instance, in the IFP model, an agent that is maximizing utility
can avoid ruin assuming they have any realistic constraint such as minimum subsistence. This is
formalized in our Lemma 4.
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Lemma 4. Assuming the income yt (yt ≥ 0) is drawn from a distribution with known mean (denoted
by y), if we allow the agent to manage their consumption without any restrictive constraints other
than 0 ≤ ct ≤ xt, then under the CRRA utility with γc =

1
2 the agent always prefers consuming with

infinite horizon over going to ruin early. If on the other hand we require the minimum subsistence
constraint bt ≤ ct together with the IFP constraint ct ≤ xt, then there are instances with no feasible
solution even if agents might possess sufficient assets xt + yt

The proof of Lemma 4 is as follows,

Proof. Assume you are given parameter β and utility u(c) = 2 · c1/2 (u(c) = c1−γc

1−γc
with γc = 1

2 ).
Also, assume r = 1 for the current model.

Consider the optimal consumption sequence that you get where the agent goes to ruin at time point
T (here, asset ruin is assumed to be the point where the available assets for the next iteration reach
0). Let this be C = {ĉ1, ĉ2, . . . , ĉT }. Note that going to ruin at time T is possible only if yT+1 = 0

(since ĉT ≤ aT and aT+1 ≥ yT+1 and therefore if YT+1 > 0 then aT+1 > 0).

Let ϵ be such that ĉT ≥ ϵ (1+β2)2

4β2 (Note that (1+β2)2

4β2 ≥ 1 for all β > 0 since this translates to
(β2 − 1)2 ≥ 0). Consider the amended sequence where C∗ = {ĉ1, ĉ2, . . . , ĉT − ϵ, ϵ, . . . }. We can
see that with this consumption sequence, the agent does not go to asset ruin at point T since we
consume less than ĉT and we still have ϵ left.

Let U =
∑T−1

t=1 βt · 2 · ĉ1/2t . Let the total utility from sequence C be F (C) and the total utility from
sequence C∗ be F (C∗). We can see that F (C) = U + βT · 2 · ĉ1/2T and F (C∗) ≥ U + βT · 2 · (ĉT −
ϵ)1/2 + βT+1 · 2 · (ϵ)1/2.

Given our ϵ, we can see that,

ĉT ≥ ϵ
(1 + β2)2

4β2

=⇒ ĉT − ϵ ≥ ϵ
(1− β2)2

4β2

=⇒ (ĉT − ϵ)1/2 ≥ ϵ1/2
(1− β2)

2β

=⇒ ĉT − ϵ+ 2βϵ1/2(ĉT − ϵ)1/2 + β2ϵ ≥ ĉT

=⇒ (ĉT − ϵ)1/2 + β · ϵ1/2 ≥ ĉ
1/2
T

which implies that F (C∗) ≥ F (C) and therefore, C∗ is a better consumption sequence. This
contradicts our earlier assumption that C is the optimal consumption sequence.
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While we have only shown this for a specific choice of γc, it should be possible to see similar but more
complicated arguments that would work for any concave utility function since they fundamentally
behave the same way. Now we can see that the agent can always avoid ruin and optimize utility if
allowed variability in consumption (without realistic elements).

That is, in the proof of Lemma 4 the agents are allowed to consume almost nothing (the proof of
Lemma 4 works if we allow the agent to consume infinitesimally small amounts). But in real-world
scenarios this is unrealistic. Therefore, we add a lower bound for basic needs when considering
consumption in the following proposition. We can see that this could lead to early ruin with IFP.

Proposition 5. Assume we have minimum subsistence constraints, bt ≤ ct where bt is the minimum
subsistence at time t, as well as an upper bound on the consumption introduced by IFP [127],
ct ≤ xt (also assume return on saving, r is 1). Assume the model behaves under the equation,
xt+1 = xt + yt− ct. Under these constraints, there are instances where the individuals would have no
feasible solutions with IFP that could account for minimum subsistence even though the individual
might be able to account for it by spending the current income, yt.

We will argue the validity of this claim, as follows,

Proof. Consider the case where xt < bt for some t. We can clearly see that the constraint bt ≤ ct ≤ xt

can no longer be satisfied so there is no valid solution at that point. Since IFP does not allow
borrowing, the agent cannot survive with minimum subsistence. Note that this is true even if
(xt − bt) + yt > 0. This implies that even though we could have accounted for the lack of assets by
borrowing from the available income, the constraints on IFP do not allow this course of action and
the agent fails to provide for the required minimum subsistence. This implies that the IFP model
would not have an admissible solution and therefore IFP fails at this point. This provides us with
the desired result.

In summary, under the IFP model, the agent can only consume from the assets and cannot use
income, and it could force the agent into situations where they cannot satisfy the consumption
constraints which they might have been able to fulfill if they were allowed to use their income.

B.2 Detailed Argument on the Model from §4.3.2

In this section, we will analyze how we introduce ruin to IFP and how it leads to our model, as
well as the technical details involved in introducing the minimum subsistence constraints to the new
model in §4.3.2.
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For the rest of the section, we will mainly use the following notations. We will use t for time and
xt, yt, bt, ct for the assets, income, minimum subsistence, and consumption at time t respectively.
We define τ0 be the time to ruin, i.e. τ0 = inf{t |at ≤ 0}. Also, we define τd to be the time of death
where τd comes from an exponential distribution with parameter γ. We let u(c) be the utility (where
u is a concave function) achieved by the consumption value c (we will also assume u(0) = 0) and β

be the discounted factor in the discounted utility model.

Adding Ruin Constraints to IFP

In this section, we will introduce the ruin constraints to IFP and derive a modified model that we
will use thereafter. Let ct, xt and yt be the consumption, assets and income at time t. Let r be
the return on assets. We will first modify the IFP to include ruin, minimum subsistence and time
of death. Introducing time of death, idea of ruin, and minimum subsistence to IFP gives us the
following,

max E

Ñ
min(τd,τ0)∑

t=1

βtu(ct)

é
s.t. xt+1 = r(xt − ct) + yt

bt ≤ ct ≤ xt

Given that the optimization now terminates at the time of ruin, we need to add some constraints
that would allow the agent to control their consumption such that they have an opportunity to
avoid ruin. To do this, we will use the same constraint used by [16]. Their work introduces a soft
constraint P[τ0 ≤ τd] ≤ ϕ(x0) where ϕ(x0) is a probability parameter that depends on the initial
assets. Note that given this ruin constraint, we can remove the upper bound on ct since the ruin
constraint would prevent the individuals from borrowing without bounds (the task which the upper
bound is meant to do)
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This gives us,

max E

Ñ
min(τd,τ0)∑

t=1

βt−1u(ct)

é
s.t. xt+1 = r(xt − ct) + yt

bt ≤ ct

P[τ0 ≤ τd] ≤ ϕ(x0)

and the continuous relaxation of this leads to,

max E

Ç∫ min(τd,τ0)

0

βtu(ct)dt

å
s.t. dxt = ((r − 1)xt − rct + yt)dt

bt ≤ ct

P[τ0 ≤ τd] ≤ ϕ(x0)

As we have seen in §4.3.2, we can see that this can be written as,

max E

Å∫ τ0

0

e−γtβtu(ct)dt+ Pe−γτ0βτ0

ã
(B.1)

s.t. dxt = ((r − 1)xt − rct + yt)dt (B.2)

bt ≤ ct (B.3)

where P is a Lagrange parameter and E (e−γτ0βτ0) is the same as P[τ0 ≤ τd] ≤ ϕ(x0).

Given that we have a proper formulation, the next step we take is to work out a solution for this.
We first start off with the equation (B.1), for which we provide a detailed analysis on how to solve
and how we can derive an optimal consumption value given the the equation (B.1), in §4.3.2. Next,
we provide details on how we can add minimum subsistence using a Lagrange parameter and what
this implies for the solution.

Additional Details on §4.3.2 and Adding Minimum Subsistence

In this section, we will mainly provide some additional details on the value function we derived
such as how we derive k1, and then show the modifications we would have when we add minimum
subsistence constraints. In §4.3.2, we have shown how we can derive a value function V for the
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(a) Gig vs. office worker precarity analysis (b) Minor income difference precarity analysis

Figure B.1: 12-month tax interventions for the same two scenarios studied in §4.5.2. The gig vs.
office worker scenario has agents starting with different latent initial instability, similar initial assets,
and similar starting income distributions. The colors red and blue correspond to agents 1 and 2,
respectively. The minor income difference scenario starts with different initial instability and initial
assets ($43,800) with marginally different initial incomes. Agent 1 (red line) has an income of $3,930
and Agent 2 (blue line) has an income of $3,910. The lines with markers in black, yellow, and green
represent early, middle, and late intervention start points, respectively.

problem and how we can solve this to get a polynomial that involves c(xt),

xt = k1c(xt)
γcr

r−1− β
2 +

γcr
β
2 + (γc − 1)(r − 1)

· c(xt)−
yt
r

and we can see that the solution to the derived equation satisfies maximization of the value function
(since it was derived as a solution to the value function),

βV (x) = u(c(x)) +
((r − 1)x− rc(x) + y)

r
u′(c(x)) (B.4)

For any fixed set of values of γc, β, r, finding c(xt) boils down to solving a polynomial of some
specific degree. As we have states before in §4.3.2, given V (0) = P , we can also see that,

βP = βV (0) = u(c0) +
(y0 − rc0)

r
u′(c0)

=
c1−γc

0

1− γc
+

y0
r
c−γc

0 − c1−γc

0

=
γc

1− γc
c1−γc

0 +
y0
r
c−γc

0

where c0 is the consumption when x = 0 and y0 is the income at that point (note that since we
assume the income process stops at this point in our setting, we can assume y0 to be 0).
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(a) Gig vs. office worker precarity analysis (b) Minor income difference precarity analysis

Figure B.2: Stimulus interventions for the same two scenarios studied in §4.5.2. The gig vs. office
worker scenario has agents starting with different latent initial instability, similar initial assets,
and similar starting income distributions. The colors red and blue correspond to agents 1 and 2,
respectively. The minor income difference scenario starts with different initial instability and initial
assets ($43,800) with marginally different initial incomes. Agent 1 (red line) has an income of $3,930
and Agent 2 (blue line) has an income of $3,910. The lines with markers in black, yellow, and green
represent early, middle, and late intervention start points, respectively.

Note that, given c0, and when β/2 ≫ r − 1, we get,

0 = k1 +
γcr

β
2 + (γc − 1)(r − 1)

· c
1+ γcr

β
2

−(r−1)

0

which gives us the desired k1.

Minimum Subsistence. In this section, we will try to introduce the minimum subsistence
constraint on top of the value function we derived previously. Let x be the assets, c(x) be a function
that gives consumption value given x and b be the minimum subsistence value. Note that, given
equation B.4 introducing the consumption constraints can be done as follows,

maxβV (x) = u(c(x)) +
((r − 1)x− rc(x) + y)

r
u′(c(x))

s.t. c(x) ≥ b
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via a modification involving the Lagrange multipliers over the constraints. With this, we get a
modified value function V̂ (x) (with Lagrange multiplier λ).

βV̂ (x) = βV (x) + λ(b− c(x))

= u(c(x)) +
((r − 1)x− rc(x) + y)

r
u′(c(x))

+ λ (b− c(x))

In order to analyze the behavior of this function, we can KKT conditions. With KKT conditions,
we get the following. We can see that complementary slackness gives us,

λ(b− c(x)) = 0

Also from the constraint itself, we get c(x) ≥ b.

Using the stationary conditions we also get,

∂βV̂ (x)

∂x
= 0

=⇒

u′(c(x))c′(x) +
((r − 1)− rc′(x))

r
u′(c(x))

+
((r − 1)x− rc(x) + y)

r
u′′(c(x))c′(x)− λc′(x) = 0

which gives us,

λ =
((r − 1)x− rc(x) + y)

r
u′′(c(x)) +

r − 1

r

u′(c(x))

c′(x)

Along with complementary slackness, we can see that this implies,
î
((r−1)x−rc(x)+y)

r u′′(c(x)) + r−1
r

u′(c(x))
c′(x)

ó
(b−

c(x)) = 0 which is a well defined differential equation given b. Given this differential equation, we
can see that we can still use analytical methods on top of this and find solutions to c(x) given any
fixed b. Let c1 be the solution to x = k1c(x)

γc + γcrc(x)
(γc−1)(r−1) −

y
r−1 . In this setting, we can see that

we get the consumption,

c(x) = max{c1, b}
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These functions were calculated using the WolframAlpha1 symbolic engine. We can see that this
gives us an approach to find the c(x) value and therefore a way to define a consumption sequence.

B.3 After-intervention Precarity

The post-intervention precarity plots follow the same pattern as the corresponding asset plots in
§4.6. That is, with financial help (tax breaks or stimuli) the agents become less precarious. The
more impactful interventions, i.e., earlier and more persistent interventions help the agents become
less precarious more prominently than smaller interventions. The results are shown in Figures B.1
and B.2 for both the scenarios studied in §4.5.2 and the corresponding interventions in §4.6.

1https://www.wolframalpha.com/
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