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1. BACKGROUND

1a. Neurons as letters
In the year 196 B.C., Egyptian priests recorded the praise of their ruler, the
Pharaoh Ptolemy 5, in stone. They carved in the two scripts of Egypt at the time, the
more formal Hieroglyphs, as well as the written lingua franca, Demotic. But they also
carved in a third language. This was because the Ptolemys, unlike earlier dynasties, were
Macedonian. Ptolemy 1st was one of Alexander the Great’s generals, helping Alexander
conquer all the lands from Greece to India. When Alexander died at age 33, there was no
one named to inherit his vast empire. The empire quickly fragmented, none of
Alexander’s generals commanding as much support as Alexander himself had. Ptolemy
1st ended taking control of Egypt, and so Ptolemy 5’ths priests carved their praise in
Greek.
In 30 BC, the first Roman emperor, Octavion, finally defeated his rivals Mark
Anthony and Cleopatra, and annexed Egypt into the Roman Empire. This ended 352
years of Ptolemaic rule. Latin became the written language, and relatively quickly
Hieroglyphs and Demotic script fell out of use and were forgotten.
Curious individuals had been trying, unsuccessfully, to decipher the meaning of
Hieroglyphs for ~1300 years when Ptolemy 5th’s stele was discovered near the city of
Rosetta by the French expedition to Egypt in 1799. It was taken by the British two years
later. By two years after that, the ancient Greek script was translated. It was quickly
recognized that the Demotic and Hieroglyphic scripts roughly corresponded to the Greek,
and that therefore this stone could be used as a code book for the forgotten languages.
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This prospect seemed especially interesting to the British polymath Thomas
Young. Early attempts at translation were hampered by the assumption, made for as long
as people had been trying to decode hieroglyphics, that individual pictographs
represented individual words. Young realized that the word “Ptolemy” was composed of
multiple pictographs, and therefore individual pictographs represented sounds or letters,
rather than whole words. This insight, independently made by the French scholar Jean
François Champollion, was what eventually led to the translation of the Rosetta stone,
and Hieroglyphics in general.
While working on the problem of the Rosetta Stone, Young also formulated a
theory of color vision. The theory is quite concise:

“Now, as it is almost impossible to conceive each sensitive point of the retina to contain
an infinite number of particles (receptors), each capable of vibrating in perfect unison
(responding) with every possible undulation (wavelength), it becomes necessary to
suppose the number limited, for instance (to three); and that each of the particles is
capable of being put in motion less or more forcibly, by undulations differing less or
more from a perfect unison; for instance, the undulations of green light will affect equally
the particles in unison with yellow and blue, and produce the same effect as a light
composed of those two species; ...” 1
“the different proportions, in which (the motions) may be combined, afford a variety of
traits beyond all calculation.”2 Parentheses from3.

Young recognized that to account for humans’ fantastic visual acuity would
seemingly require an infinite number of receptor cell types. But this poses a problem:
there isn’t an infinite amount of space in the retina. His theory solves this problem by
hypothesizing that the retina uses a ‘population code’. Instead of many receptor cell types
each responding to a small range of wavelengths of light, Young hypothesized that there
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could be a small number of receptor cell types each responding to a wide range of
wavelengths. By looking at the pattern of activity across the different types of receptor
cells, the brain could uniquely represent a very large number of colors without having to
build and maintain a very large number of receptor cells.
It is interesting to consider how similar Young’s theory of color vision is to
Young’s thoughts about Hieroglyphs. Translating Hieroglyphs required an understanding
that some words are built up from different combinations of multifunctional pictographs,
exactly like an alphabet. Similarly, In Young’s theory of vision different colors are
initially represented by different patterns of activity across a small number of
multifunctional receptor cell types. In both settings, combinatorics allows many things to
be represented using a few components (letters/cells). One wonders how much of
Young’s thinking about the brain was influenced by his thinking about ancient Egypt.

1b. Evaluating Young’s theory
Modern neuroscience supports Young’s theory of vision. Humans possess only a
handful of visual receptor cell types. These cells can be characterized by presenting a
range of wavelengths of light to a cell, and recording the strength of the physiological
response. This is called the cell’s action spectrum. Doing so for all visual receptor cell
types reveals overlapping action spectra each covering large ranges of the visible light
spectrum.
If these broadly responsive receptor cells were independently used to signal the
existence of certain wavelengths, the brain would be presented with an ambiguous signal.
Using information theoretic terminology, such a code would not provide enough
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information to allow for the kinds of visual behaviors humans are capable of. We can
therefore rule out such a code, using the data processing inequality4. Evidently, these
receptor cells do not work in isolation, and precise wavelength information is extracted
by computing the pattern of activity across the different receptor cell types.
Modern neuroscience has also extended the scope of Young’s idea. Vision can be
thought of as just one place where the brain confronts a general problem: how to uniquely
represent a large number of things with a small number of cells? This is perhaps the
fundamental problem in all our sensory systems, where “things” are locations on the skin
(somatosensation), wavelengths of mechanical vibration (audition), or chemicals
(olfaction and gustation). The same problem is confronted in the context of learning and
memory, where “things” are unique memories, and in motor systems, where “things” are
precise movements. Young’s general idea provides a general answer: the solution is to
represent individual things across populations of multifunctional cells. I will hereafter
refer to this by the term ‘combinatorial code’. There is now ample evidence that
combinatorial coding is used by the brain in a wide variety of contexts5,6.
A combinatorial code can often be inferred from the fact that perceptual or
behavioral discrimination thresholds are better than theoretically possible if neurons
worked in isolation. For example, if one records from a mechanosensory cell, one can
map out set of locations on the skin that cause the cell to respond. This is termed the
cell’s spatial receptive field. If single cells were working in isolation, then stimulating
any two points that cause the cell to produce a response of equal strength would be
perceptually indistinguishable. But experiments clearly show that animals can
discriminate such stimuli. This disagreement can be solved if we consider the
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discrimination task at the level of the neural population. The receptive fields of many
mechanosensory cells overlap such that touching a single spot of skin activates a unique
pattern of cells. Although the responses of a single cell may be equal when we touch two
nearby spots of skin, the pattern of activity across the population of cells is different, and
this makes the observed behavioral performance possible. There are many cases like this,
where to move from the activity of single neurons to explanations of behavior we require
an intermediate level of explanation, that of the neural population.
It needs to be noted that generality of Young’s idea is a weakness as well as a
strength. My interest, which I presume I share with most neuroscientists, is to provide a
mechanistic account of animal perception and behavior. To do so, it will be necessary to
describe how sensory data is initially represented by the brain, and how these
representations are transformed in order to generate behavior. While combinatorial
coding constrains these representations and transformations, it does not determine them.
For example, showing that different wavelengths of light are represented across
populations of photoreceptors does not describe how that information is transformed in
order to generate a movement towards certain wavelengths and not others. This sort of
account will require a more detailed model of how neurons respond to their inputs. We
will revisit this issue.

1c. Perceptual labelled lines
Young’s theory of color vision seems all the more remarkable considering the
state of neuroscience at the time. Philosophers had been theorizing about the problem of
how we become aware of the external world ever since Aristotle. Until the 19th century,
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it was thought that objects in the world emitted some sort of ghostly essence, and humans
possessed a 'sensorium' that was able to perceive these essences and thus become aware
of the sensory world.
19th century thinkers broke from this tradition, and began to modularize the
senses. The most famous move in this direction was made by Johannes Müller, in his law
of specific nerve energies. Müller was the first to explicitly divide the single sensorium
into five sensory systems, the now familiar vision, audition, somatosensation, gustation,
and olfaction. Using psychophysical evidence like the fact that pushing on your eye
produces a visual sensation, Müller's argued that each of the 5 senses has a sensory
surface that is most sensitive to certain types of stimulation, and that activation of one of
these sensory surfaces is somehow linked to perception of that form of energy.

“The same cause, such as electricity, can simultaneously affect all sensory organs, since
they are all sensitive to it; and yet, every sensory nerve reacts to it differently; one nerve
perceives it as light, another hears its sound, another one smells it; another tastes the
electricity, and another one feels it as pain and shock. One nerve perceives a luminous
picture through mechanical irritation, another one hears it as buzzing, another one senses
it as pain. . . He who feels compelled to consider the consequences of these facts cannot
but realize that the specific sensibility of nerves for certain impressions is not enough,
since all nerves are sensitive to the same cause but react to the same cause in different
ways. . . (S)ensation is not the conduction of a quality or state of external bodies to
consciousness, but the conduction of a quality or state of our nerves to consciousness,
excited by an external cause.”7

Boring sums up Müller's law by saying that he replaced “the animal spirit
explanation for 5 animal spirits, one specific to each of the 5 senses.”8 This is perhaps a
bit unfair. Müller's theory can be criticized for its vagueness, as there is no explanation
for how the different sensory surfaces become activated, or how this activation is linked
to perceptions and behaviors. But explicitly assigning different roles to our different
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sensory organs has been hugely influential. Indeed, we still largely divide our senses into
5 categories, or ‘systems’.
Müller's theory motivated a generation of psychophysicists. The strategy taken by
the majority of workers in this area was to attempt to subdivide the senses beyond
Müller's initial partition. Using a variety of techniques, perceptual experiments were
performed on humans to try to discern how many unique sensory experiences are
possible within each of the 5 major senses. If the major senses could be subdivided in this
way, it could be argued that there was some link between the differential activation of a
sensory surface and a unique perceptual. This term created to describe this link was
‘labeled lines’. Different experimenters developed (widely) different numbers of these
perceptual labeled lines9.

1d. Putting Young and Müller on the same footing
Sensory neuroscience has been strongly influenced both by Müller’s labeled lines
and by Young’s combinatorial coding ideas. As discussed above, Young’s population
coding has been applied meaningfully to populations of neurons in all 5 of Müller’s
senses, as well as to neurons related to movement, memory, and more general settings of
information processing in neural networks.
The concept of a labeled line had to be significantly changed for it to work in
neuroscience. Unlike Young, Müller and his school were theorizing about the number of
unique perceptions, and were not directly concerned with how neurons actually converted
activation of a sensory surface into a perception. Because of this, any theory of neural
coding, including Young’s combinatorial coding, is consistent with Müller’s perceptual
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labeled lines. However, the idea of labeled lines became associated with a different
theory of neural coding than Young’s, one more in the spirit of Müller’s work. After
observing that the activity of a single type of neuron responds to certain behaviorally
relevant stimuli, it is often posited that the perception of and behaviors related to those
stimuli can be directly linked to this single type of neuron. By this reasoning, the
perceptual labeled lines of Müller and his followers can be mapped onto single neurons
dedicated to single stimuli10.
This formulation of labeled lines, which I will call single neuron coding, as it is
really a hypothesis about how stimuli are encoded within groups of neurons, is directly
opposed to Young’s idea of population coding. In a population code a single neuron does
not represent a single stimulus; it participates in the representation of many stimuli which
are uniquely represented at the population level. In single neuron coding, a single neuron
represents a single stimulus; a range of stimuli are represented by a range of cells
sensitive to non-overlapping stimuli.
Also as we have discussed, the utility of a combinatorial code is the ability to
represent many stimuli with few neurons. In a single neuron code, representing N things
requires N types of neurons. This fact rules out single neural codes in any situation where
a large number of stimuli need to be behaviorally discriminated using a relatively small
number of neuron types. This is the regime in which most human sensory systems
operate, for example, where a spectrum of colors are represented by 3 photoreceptor
types, and over one trillion odors can be perceived11 through the activity of less than one
thousand types of olfactory receptors12.
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Single neuron codes do appear to apply in more specialized roles. For example, in
insects certain ecologically relevant odors are perceived by receptor neurons sensitive to
only a single chemical13,14. Perhaps having dedicated neurons in these situations allows
for more sensitivity than representation through a combinatorial code would allow.
However, single neuron codes have been argued to apply in many contexts where
behavior necessitates a combinatorial code, or where the evidence is equivocal. Mcllwain
speculated that neuroscientists have been drawn towards explaining sensory systems in
terms of single neuron codes because of their simplicity, and the fact that until recently
physiologists were limited to record one neuron at a time.

“As you sit in a darkened laboratory with your attention riveted to the sounds of the
audiomonitor and probe a neuron's receptive field with a tiny visual stimulus, it is easy to
forget that the cell you are listening to is but one of many that are responding to the
stimulus. And from there it is but a small step to the assumption that the cell is a 'labeled
line' for that aspect of the stimulus which produces the most vigorous response.”5

Reflective accounts like Mcllwain’s, coupled with the advent of technologies that
allow for the activity of many neurons in a population to be recorded at the same time,
have convinced most neuroscientists that all but one of Müller’s five senses use a
combinatorial code to represent spectra of sensory information.

1e. Basic Tastes
The only exception is the sense of taste, or gustation. Here it is widely accepted
that in animals as diverse as flies and humans the gustatory system is built to recognize a
small number of ‘basic tastes’ (BTs)10. What are BTs, and how well do they describe
gustatory information processing?
9

Humans have been classifying the number of taste perceptions for quite a long
time. By the second century BCE, the Chinese recognized five tastes, sweet, sour, salty,
bitter, and acrid15. In 350 BCE. Aristotle proposed 7 tastes, sweet, succulent, pungent,
harsh, sour, saline, and bitter16. Words for three to five taste categories can be found in at
least “Afrikaans, Arabic, Albanian, Chinese, Danish, Dutch, English, French, German,
Greek, Hebrew, Hindi, Hungarian, Indonesian, Irish, Italian, Japanese, Latin, Maori,
Nepali, Oromo, Papua, Persian, Polish, Portuguese, Russian, Samoan, Sanskrit, Scotch,
Serbo-Croatian, Slovak, Spanish, Swahili, Swedish, Tagalog, Urdu, Vietnamese, and
Yiddish.”3
The presence of four taste words in German (süß –sweet, sauer-sour, salzig –salty,
bitteren-bitter) led some psychophysicists following Müller to argue that there are four
unique taste perceptions. For example, von Skramlik reasoned

“The number of sensory qualities that belong within the taste domain is naturally
infinitely large; nevertheless it cannot be denied that the same sensations,
even occurring from various different stimuli, reoccur quite often. From the outset, it
appears that a large number of descriptions for taste sensations are not necessary.
A closer inspection of the relationships shows nevertheless that the number of
expressions for taste sensations is extremely insufficient. Very few adjectives are
available for description, the primary being sweet, salt, sour, bitter. These adjectives are
so characteristic that with practice in using these descriptions a taste quality can be
represented within reasonable limits.”17

Is this reasoning valid? It is perhaps tempting to think that the presence of a small
number of taste category words, which further are largely consistent across languages,
reflects the inherent capacities of the human gustatory system. However, ignoring the
impact of culture on forming these words, as von Skramlik did, is a mistake. Studies of
human color perception sheds light on this issue18. Like tastes, most human cultures have
10

developed a small number of ‘basic color’ words (black, white, green, blue, yellow, red,
etc.) and these words are largely consistent across cultures. It has been argued, most
influentially by Berlin and Kay, that this reflects the underlying consistency of the human
visual system19. However, more recent work supports the idea that the presence and
consistency of these words instead reflect a shared cultural representation of color20.
Obvious support of this position comes from the fact that humans are able to perceive and
discriminate between many more colors than the basics. Further, genetic variation gives
rise to humans with a wide range of color discrimination ability, and yet does not result in
these peoples’ inability to use the basic color words correctly, or the desire to add new
basic color words. Surely biology constrained the development of basic color words, but
these words, like all words, were developed to describe culturally meaningful
phenomena, not physiology.
Analogously, the choice of taste words was almost certainly made based on the
kinds of chemicals that were used by most early human groups. Many cultures hit upon
souring foods by fermentation, sweet fruits grow around the world, etc. Because taste
words are the product of a complicated interplay between biology and culture they cannot
be used to reason about the information processing capacities of the gustatory system.
von Skramlik’s reasoning was mistaken.
More careful psychophysics work suggests that gustatory perception is not
accurately described in terms of 4 BTs. Addressing this point requires a clear definition
of what exactly having 4 BTs would mean for human perception. Schiffman and Erickson
propose a working definition: If humans perceive 4BTs then 4 tastes, and only 4 tastes,
are perceptually distinct and separable21. This can be contrasted with the possibility that
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there is a continuum of taste perceptions intermediate to the 4BTs, the possibility that
there are additional tastes that are not able to be described in terms of the 4BTs, and the
possibility that there is both a continuum of tastants and additional tastes.
When a single tone is presented to human subjects, almost 100% of people
describe the perception as “singular”. When two to four tones are presented together, it is
recognized as a mixture of pure tones, and perceived as more “complex” than single
tones. This has led audition to be described as an “analytic” sense; the perception of a
combination of tones can be analyzed to uncover the component, “basic” tones22. When
individual tastants are presented to subjects, they are perceived as ‘singular’. When two
to four tastants are presented in a mixture however, most mixtures are also perceived as
singular, and of no more complexity than single tastants. Gustation can be described as a
“synthetic” sense, where mixtures of tastants produce unique perceptions that cannot be
broken down into a description of their components22. This predicts that if one uses the
4BT terminology to describe the perception of a tastant, that description will be relative
to the presence of other tastants. Indeed, NaCl (salty) is often confused with HCl (sour)
when presented in a sucrose (sweet) solution21. These findings support the idea that there
is a continuum of gustatory perceptions. Additional support comes from the fact that
many chemicals are described in terms of multiple basic tastes. Urea and MgSO4 taste
sour-bitter23. Aspartame and sodium saccharin taste bitter-sweet24.
One might concede that the taste of individual chemicals as well as mixtures form
a continuum, but assert that the 4BTs are useful in defining that continuum. This position
is well put by Spector and Kopka.
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“…if discriminability between two bitter-tasting compounds is displayed, it could be
because one or both of the compounds stimulates receptor processes that lead to other
qualitative taste sensations (e.g., sweetness). For example, humans report that saccharin
has both bitter and sweet taste qualities.” 25

This position treats the 4BTs as basis vectors defining a 4 dimensional perceptual
space. Chemicals and mixtures fall at various points within this space, and can be
described in terms of the 4BT basis. Specifically, we could describe the proposed space
as (sweet, sour, salty, bitter). Sucrose, the classic sweet tastant, would fall at (1,0,0,0).
Quinine, the classic bitter tastant, would fall at (0,0,0,1). Saccharin, described as bittersweet, might fall at (1, 0, 0, 1).
Some reflection reveals that this actually undermines the position of the 4BTs. If
we select 4 tastants associated with multiple BTs, then as long as at least one of our
chosen tastants has some component of each BT, simple linear algebra lets us rotate the
basis of the perceptual space. For example, we could define the same space in terms of
(bitter-sweet, sour-sweet, salty-sour, and bitter-sour). In this rotated space the bitter-sweet
taste of saccharin becomes a “basic taste”, and the sweet taste of sucrose would be
considered in terms of multiple BTs. There are an infinite number of ways that the space
could be rotated, and therefore the choice of BTs becomes arbitrary. This of course
matters for gustatory psychophysics. But it should also matter to neuroscientists. If we
accept that humans can perceive a continuum of tastants, there is no more reason to look
for the neural basis of the perception of sweet as there is for the perception of sweet-sour,
or bitter-sour, or sweet-salty-bitter.
Psychophysical studies also call into question the dimensionality of tastant space.
This line of work was started by von Skramlik himself, who tried and failed to recreate
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the perception of a tastant in terms of a mixture of sucrose (sweet), NaCl (salty), HCl acid
(sour), and quinine (bitter)17. Schiffman et al. asked subjects to describe tastants in terms
of a wide variety of taste words, including the 4BTs. They found that individual salts
were reliably described as distinct, but could often not be put in terms of the 4BTs. When
they could, the salts could be described in terms of BTs other than salty. For example, a
low concentration of NaCl is commonly perceived as sweet26,27. When subjects were
asked to rate tastants in terms of ‘sweet’, ‘salty’, ‘sour’, ‘bitter’, and ‘amount left over’,
the amount left over was often very high21.
When two chemicals typically associated with different basic tastes are mixed
together, the perception of the mixture depends on the specific chemicals used, even
when matched for perceived intensity. For example, mixing NaCl (salty) with urea (sour,
bitter) produces a taste described as less bitter than urea alone. Mixing NaCl (salty) with
MgSO4 (sour, bitter) produces a taste described as equally bitter, but less salty than NaCl
alone24,28. This suggests that the perception of a tastant cannot be described in one
dimensional terms (like bitter intensity). In order to predict how a mixture of two tastants
will be perceived it is insufficient to know how bitter urea tastes. One also needs to know
where urea falls on at least one additional dimension, the interaction with NaCl.
But perhaps the best example that taste perception has more than four dimensions
is the story of umami. ‘Umami’ is a Japanese neologism coined by Kikunai Ikeda in
1901. It combines the word umai (delicious) with mi (taste). Two staple Japanese foods,
kombu (a type of seaweed) and dashi (dried bonito flakes) were found by Ikeda to
contain high concentrations of glutamate. He argued that the perception of this taste was
distinct from the 4BTs, and therefore constituted a fifth BT. This has been largely
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accepted by modern gustatory researchers. Humans do taste glutamate distinctly29, and
therefore umami should be recognized as a BT under our working definition. What isn’t
clear is why all the other tastants that humans can perceive as distinct aren’t given the
status of BTs.
In sum, a modern understanding of anthropology undermines von Skramlik’s
logic for initially proposing the 4 BT model, and modern psychophysics suggests that the
perception of taste forms a high dimensional continuum. Describing tastes in terms of 5
BTs does not do justice to our own capabilities. We can taste things intermediate to and
beyond the basics. This point is of course obvious to the wine or beer connoisseur, or the
chef, all of whom use much larger taste vocabularies. The scientific interpretation of this
ability has been that in everyday life the complicated perception of flavor is a
combination of a simple gustatory system and a complex olfactory system30. No doubt
the sense of smell is both complex and an important component of flavor perception.
However modern studies of gustatory perception control for this factor, and still find a
description in terms of BTs inadequate. Apparently, the sense of flavor is a multisensory
experience using high dimensional representations of both odors and tastants.

1f. Gustatory behavior
Pfaffman, while a student of Lord Adrian, was the first to study the neurons of the
gustatory system. In a fateful decision, he decided to accept von Skramlik’s assertion that
the gustatory system of humans is responsible for detecting only 4 basic tastes.

“Classical experiments on the human have led to the view that there are four basic taste
qualities, saline, sour, bitter and sweet (v. Skramlik,'26). These are said to depend on the
15

existence of four different types of taste end organ, each type specifically sensitive to salt,
acid, quinine and sugar respectively. The present experiments have been concerned with
the search for some analogous set of chemically sensitive endings in the cat's tongue.”31
Here Pfaffman extended von Skramlik’s 4BT (this is before the idea of umami
caught on) model of perception from human to other animals. This was done without
evidence or argument. But to be fair, he proposed the theory before much evidence
existed. Contemporary studies of animal behavior reveal that there is little evidence to
support such an extension of the BTs.
The BT model has difficulty explaining the wide variety of species and tastant
specific gustatory behaviors. While it is widely believed that all animals are attracted to
things humans consider sweet, and are averse to tastants humans consider bitter, this is
not actually the case. There is no simple way to judge whether an animal will be attracted
or averse to a tastant. For example, humans, as well as rats, spiny mice, and gerbils are
attracted to the sugar maltose. Dogs, armadillos, cows, and squirrel monkeys are
indifferent or averse to maltose32. Cats are not attracted to any sugars32, and do not
discriminate it from water33. Moths will visit flowers possessing nectar high in sucrose,
while bats and flies will visit nearby flowers with glucose and fructose rich nectar34. Rats,
hamsters, gerbils, and spiny mice prefer the taste of polysaccharides to sugars. Humans
describe the taste of polysaccharides as bland and slightly unpleasant32.
Humans describe the taste of many alkaloids and glycosides as “bitter” and
unpleasant. But many animals actually prefer low concentrations of certain deterrent
chemicals over water. Goats (Capra hircus) prefer quinine dihydrochloride. Pygmy goats
(C hircus), Virginia opossum (Didelphus virginiana) and the mouse Peromyscus aztecus
prefer quinine hydrochloride. Squirrel monkeys prefer quinine sulphate. The domestic
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mouse prefers sucrose octaacetate35. These paradoxical preferences have been given the
wonderful name of the Schweppes effect, after the brand of tonic water that humans
enjoy because of its low concentration of QHCl35.
Why is there such diversity in how different species react to tastants? Glendinning
has advanced an interesting hypothesis concerning bitter tastes36. He reasoned that every
species is presented with a dilemma: Given that some, but not all, bitter tastes are toxic,
choosing to ignore the bitter taste risks poisoning. But especially when food is scarce,
avoiding all bitter tastes risks starvation. The percent of food containing toxic chemicals
depends on what a species consumes: while nearly 10% of terrestrial plants contain toxic
chemicals37, poisonous animals are relatively rare and often signal their toxicity36. This
leads to different kinds of animals choosing different strategies.

“It is hypothesized that mammals in different trophic groups have evolved different
strategies for coping with the unpredictable bitterness/toxicity relationship. Carnivores,
which rarely encounter bitter and potentially toxic foods, have a low bitter threshold and
tolerance to ingested poisons; herbivores (particularly browsers), which commonly
encounter bitter and potentially toxic foods, have a high bitter threshold and tolerance to
ingested poisons; and omnivores, which encounter bitter and potentially toxic foods
somewhat less frequently than herbivores, have an intermediate bitter threshold and
tolerance to ingested poisons.” 36.
This theory does an admirable job of relating the study of gustatory behavior to
evolutionary theory. It further provides a useful framework for thinking about other
differences in taste preferences across trophic groups. But while Glendinning’s theory
suggests why different trophic groups have different relationships to the same tastants, it
does not explain the diversity of species-tastant relationships seen within a tropic group.
Rabbits and hamsters are both herbivores, but up to 100 mM NaCl is attractive to rabbits,
but aversive to hamsters33. A second look at the taste preferences of different species
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described above shows that this variability cannot be explained only through differences
across trophic levels.
Instead of interpreting animal preferences in terms of the BTs, this variability can
be explained if one considers tastants individually. This extension of Glendinning’s
theory hypothesizes an evolutionary arms race between predators and prey. Prey plants
and animals are under evolutionary pressure to develop toxic chemical defenses, or to
develop nontoxic tastants that taste enough like toxic tastants to be avoided by predators
(a kind of gustatory Batesian mimicry). Predators are under pressure to develop the
ability to discriminate the truly toxic tastants from the mimics. Just like in the original
theory, the strength of this pressure will depend on a species’ trophic level. But the
diversity of species-tastant relationships comes not just from this fact, but from the fact
that these evolutionary arms races are local. Prey plants and animals are not evolving
tastant defenses to defend against all predators, just the ones in the local ecosystem.
Predators are not evolving the ability to discriminate all deterrent tastants, just the ones
found at certain levels of the local ecosystem.
This theory can be usefully applied to attractive tastants as well. Indeed, our
current understanding of nectar-pollinator relationships is chemical specific. Different
plants use different chemicals as nectar rewards to attract different local pollinator
species, which in turn will only visit certain species of plants34. Thus, the diversity of
ways in which species react to tastants can be accounted for simply through evolutionary
adaptive radiation.
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1g. Neural population activity
Let us return to Pfaffman. Understandably ignorant of later work on animal
behavior, Pfaffman developed a preparation in the cat (later, hamster) where one of the
afferent nerves connecting the tongue to the brain could be recorded from
electrophysiologically. He delivered what he considered exemplar chemicals from the
4BT categories: sucrose for sweet, quinine for bitter, HCl for sour, and NaCl for salty.
Interestingly, he found that single neurons increased their rate of action potential (spike)
generation in response to more than one of the four chemicals. From this data, he
concluded that the BTs are each represented using overlapping sets of neurons responsive
to more than one basic taste. This has become known as the Across Fiber Pattern theory
in gustation.

“The extension of Muller's law of specific energies to cover different qualities of
sensation within the different modalities equates phenomenological classes with
anatomical or physiological entities. As experience and evidence in the field of
physiological psychology generally accumulate, it is apparent that such one-for-one
correlations of physiological with psychological terms cannot be supported. Thus the
patterns of sensitivity found in the electrophysiological studies do not conform to the four
basic taste categories of salt, sour, bitter, and sweet.”38

While superficially similar, this theory is not the same as Young’s combinatorial
coding. In Pfaffmann’s theory, the goal of the gustatory system is to encode BT
categories. In Young’s theory, the goal is to encode a large number, or even a spectrum
of sensory stimuli. Both theories argue that their respective goals are achieved using
neurons sensitive to multiple stimuli. But while Young reasoned that broadly tuned
neurons are necessary in order to encode a large number of stimuli using a small number
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of neurons, it is unclear why the brain would need to use broadly tuned neurons if there
were only 4-5 stimuli to encode, as in Pfaffmann’s theory.
The AFP theory proved to be quite influential. In the years following Pfaffmann’s
first recordings, a collection of gustatory areas were discovered in the brain, and most of
these areas have been studied physiologically. The CT nerve that Pfaffman recorded from
is but one of three afferent nerves involved in vertebrate gustation, the others being the
greater superficial petrosal nerve and the glossopharyngeal nerve. 10 Different nerves
innervate different but overlapping regions of the tongue and soft palate, receiving input
from taste receptor cells. All the nerves project to the nucleus of the solitary tract (NST)
in the brainstem39. This nucleus also receives somatosensory input through the lingual
branch of the trigeminal nerve40. It connects with oral motor nuclei of the brainstem, as
well as with the ipsilateral pontine parabrachial nucleus (PBN). The PBN makes
reciprocal connections with the lateral hypothalamus, central nucleus of the amygdala,
bed nucleus of the stria terminalis, and insular (gustatory) cortex41. It also projects
bilaterally to the ventral posterior medial (VPM) nucleus of the thalamus, which in turn
makes reciprocal connections with gustatory cortex and the amygdala42.
Early physiological work closely followed Pfaffmann’s method: One of the above
mentioned nerves or nuclei was targeted with extracellular electrodes in an anesthetized
animal. A small number of tastants, chosen as exemplars of the BTs, were washed over
the animals tongue for 5-10 seconds, and the number of spikes during that period was
counted. Neurons responsive to multiple stimuli were found at all levels of the gustatory
system in a variety of animals, including primates43–52.
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These results established some of the main pieces of the gustatory system, and
were consistent with the AFP theory. It is difficult to conclude much about how tastant
information is processed from these studies, because of the small number of stimuli used
and the crude way of describing neural activity. Indeed, by using only single examples of
the BTs, these studies make it impossible to distinguish whether the gustatory system
uniquely represents tastants through combinatorial coding, or BT categories through an
AFP code.
Later work has employed more sophisticated methods for analyzing neural
responses. The early practice of counting the number of spikes in the 5-10 seconds
following tastant stimulation can be seen as a strongly biased hypothesis about how
gustatory neurons represent information. If downstream neural circuits are sensitive to
this statistic of spiking, then all is well. But if downstream neurons are sensitive to other
statistics, then it is possible that information used by the brain is missed by the choice of
analysis.
When the tastant responses of neurons from many levels of the gustatory system
were examined at a finer temporal scale, it was found that single neurons responded with
different temporal patterns of activity to different tastants53. This has led some to
hypothesize that the BTs are represented by broadly responsive neurons producing
category specific temporal patterns of spiking activity54–60.
Additional support for considering the more detailed temporal dynamics of
gustatory neural activity comes from animal behavior. Animals have been shown to
detect61 and discriminate62 tastants in under a second. When compared to NST neural
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responses from a population of neurons, discrimination time correlates with the
difference in spike rate at this fast timescale62.
Other later work used increasingly large sets of tastants to characterize gustatory
neurons. These studies showed that not only do neurons at many levels of the gustatory
system respond to multiple BTs, but neurons are differentially sensitive to tastants
associated with a single BT. For example, Dahl et al. 63 presented several tastants
considered bitter to rats while recording from two of the nerves connecting the tongue to
the brain. They found one neuron that responds to denatonium(d) and strychnine(s), but
not caffeine(c) or yohimbine(y). Another neuron responds to d,c, and y, but not s.
Another responds to c, but not d,c, or s. Another responds to d,c,y and s, etc63.
Researchers confronted these tastant specific neural responses in one of two ways.
Some sought to reduce the observed diversity of neural types. This was often done using
a statistical technique called hierarchical clustering. In this method, every neuron is
represented as a vector with length equal to the number of tastants delivered, and values
equal to the number of spikes that that the neuron produces in response to each tastant
(typically in the 5-10 s following tastant delivery). Each neuron-vector is first considered
as a unique ‘cluster’. The two closest clusters, under a Euclidean distance metric, are then
clustered together, followed by the next nearest, and then the next, etc. This process ends
when all neuron-vectors are clustered together.
By setting a threshold on the maximum distance allowed to group two clusters,
neurons can always be grouped into a small number of categories. The response profiles
of individual neurons within a category are then averaged together, and the distinguishing
features of the cluster-average responses discussed. As the averaged responses of
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different clusters respond to stimuli associated with more than one basic taste, this
analysis is usually interpreted as supporting an AFP code for BT category64–74.
The practice of identifying a small number of clusters in hierarchical clustering
and ascribing significance to them represents a misuse of the technique75,76. Without prior
information motivating the selection of a certain distance threshold and thus number of
clusters, the choice is an arbitrary one. Clustering and then averaging the responses of
different neurons in a cluster serves to reduce the heterogeneity of neural responses,
creating only the illusion of simplicity.
Other researchers embraced the heterogeneity of neural responses, realizing that it
could allow for tastant specific, rather than BT category specific information to be
represented by the gustatory system63,77–79. Woolston and Erickson put things clearly:

“There seems to be neither compelling empirical nor theoretical evidence for ignoring
the diversity seen in the response profiles of taste neurons in favor of classification
schemes. The data do not force the conclusion of response pattern types, and the logic for
such types seems equivocal.”80

Recently, several studies have combined a large stimulus set with more detailed
data analysis. Tastant specific temporal responses have been observed in several
populations of neurons81,82. For example, Wilson et al. recorded neural activity from the
NST of mice being presented with multiple tastants considered bitter by humans.
Different neurons were found to not only respond to different but overlapping sets of
tastants, but also to respond with tastant specific temporal patterns of activity. Studying
the evolution of the population activity over time, the representation of different tastants
could be pictured as population vectors tracing out tastant specific trajectories through
neural state space. This suggests the possibility that postsynaptic neurons use the
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representation of different tastants across neurons and time to discriminate tastant
identity, a specific type of combinatorial coding82.

1h. The activity of single neurons
30 years after producing the AFP coding theory, Pfaffman, working with his
student Frank, reinterpreted their data. While hamster CT neurons increased their spike
rate to more than one of the 4BT exemplar chemicals, they all respond most strongly to a
single chemical. In 1973 Frank put forward the argument that these ‘best’ responses are
what the neurons actually represent47. The observed responses to ‘non-best’ stimuli were
described as merely noise, presumably removed by subsequent populations of neurons.
She concluded that the gustatory system uses a single neuron code to represent the 4BTs
(see page 7 for a discussion of single neuron codes. This theory is usually referred,
confusingly, as gustatory labelled lines).

“In the more recent results on gustation in our laboratory and those of others, although
individual receptors appear to have a wide sensitivity, i.e. a chemical spectrum, they are
classifiable into receptor types or clusters. These can be identified and designated by the
chemical which causes the largest response, i.e. their best stimulus. In the early days of
taste electrophysiology, these apparently more complex relationships caught our attention
almost to the point of obscuring the regularities present.”83

Researchers following Frank’s early work conducted many of the same type of
experiments described above: Tastants representative of different BTs were presented to
an animal while recording from a gustatory nucleus or nerve. The spikes occurring in the
5-10s following tastant presentation were counted, and the taste that elicited the most
spikes became the recorded neuron’s “best” taste. This “best” taste is interpreted as what
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the neuron really is representing; all “non-best” responses were considered to be
“noise”74,84–87.
These studies suffer from the same limitations as the early AFP studies, namely a
stimulus set that prevents the discrimination of BT category vs. tastant specific neural
responses, and a crude encoding model. In addition, they have a pretty large logical
problem built in to the experimental interpretation: the fact that regardless of the set of
stimuli and the metric used for determining response strength, there will always be one
stimulus that produces the “best” response. If the presence of a “best” stimulus is a
sufficient condition for concluding a single neuron code, as this work posits, than we
must conclude that every sensory system works through a single neuron code. This
conclusion is ruled out by information theory. As I discussed when introducing
combinatorial codes, it is possible to rule out single neuron codes in the early visual or
somatosensory systems based on the high information content of animal behavior, and
the low information content of single neuron codes. Therefore, the presence of a “best”
stimulus cannot be used as sufficient evidence for concluding that a system employs a
single neuron code. While this is the case regardless of the distribution of response
strengths, the fact that responses to “non-best” stimuli are often nearly as strong as “best”
stimulus responses47 casts this theory even further into doubt.
Although partitioning responses into “best” and “non-best” reveals little about
gustatory information processing, the idea that some features of a neuron’s activity are
used by postsynaptic neurons while others are filtered out is an interesting one. Neurons
are certainly capable of producing spiking responses that reflect a nonlinear combination
of their inputs. Because of this, it is very possible that a neuron could be sensitive only to
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the very strongest responses of their presynaptic inputs. However, if this actually
occurred in the gustatory system, one would expect neurons at higher levels of the system
to respond to fewer tastants than their presynaptic neurons. Postsynaptic neurons would
filter out their weaker inputs, and respond only to those tastants that activated presynaptic
neurons the strongest. Synaptically connected paired recordings, which could test this
idea directly, have not been performed. But the fact that neurons in tongue, the cortex,
and the areas in between respond broadly to many tastants suggests that such a filtering
operation is not performed by the gustatory system.
To summarize, the idea of BTs has had a profound influence on physiological
studies of the gustatory system. The two major theories, AFP coding and single neuron
coding, are both hypotheses on how the BTs are represented by the system, and do not
question the validity of the BTs themselves. The diversity of neural responses seen at
many levels of the gustatory system does not lend itself well to an interpretation in terms
of the BTs. The observed diversity is expected if the system employs a combinatorial
code for individual tastants.
The influence of BTs on this area have caused many to focus on whether neurons
respond to certain types of tastants and not to others, rather than focusing on how any
responses are transformed as information passes through the gustatory system. None of
the theories described above, including combinatorial coding, are specific enough to
describe the computations performed at any level of the gustatory system. The anatomy
suggests that gustation is complex and highly integrated with other systems in the brain.
A more specific theory of the system would describe why
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1i. Taste receptors and receptor cells
Perhaps the most active area of recent research in gustation has been on the initial
representation of tastants. Here too has been the area of greatest contemporary debate. I
will first review some basic anatomy and physiology.
In vertebrates, tastants chemicals are initially detected when they contact the
tongue and soft palate. The tissues are studded with structures called taste buds, each of
which contains a collection of 50-100 tightly packed taste cells. Taste cells can be
divided into three classes, based upon the types of receptors and neurotransmitters that
they express88. The most prominent of these receptors are the taste receptors, of which
there are ~35 thus far identified in mice10.
Activation of receptors expressed in type two and three cells leads the generation
of all or none electrical action potentials89. Type one taste cells are thought to perform a
more supporting role, and do not spike.88 Most receptors are G-protein coupled, with
receptor activation producing a signaling cascade that elevates the internal calcium
concentration enough to cause the opening of TrpM5 channels90. The opening of these
channels allows sodium to enter the cell, depolarizes it, and causes action potentials.
Some other receptors work more directly: for example sodium activates a sodium
selective channel in type three taste cells, leading to sodium influx and depolarization91,92.
The details of how many chemicals that animals can behaviorally detect activate taste
cells remain unclear93,94.
It is hypothesized that the large depolarization of taste cells caused by action
potential generation is necessary for a variety of neurotransmitters to be released95. Type
two taste cells do not form synapses, instead releasing Adenosine triphosphate (ATP)
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through pannexin hemichannels96 as well as the ion channel CALHM1.97 ATP excites
free afferent nerve fibers,98,99 type three taste cells, as well as the type two receptor cells
that released it100. Type three taste cells directly synapse onto afferent neurons,
presumably influencing their activity99. They also release serotonin (5-HT),101 which
inhibits type two taste cells, as well as self-inhibits type three taste cells100. Several other
neurotransmitters are expressed by taste cells and may play a role in gustatory
information processing. These include GABA102, norepinephorine103, acetylcholine104,
and glutamate105.
1st order afferent neurons with cell bodies in the geniculate ganglion project to
taste buds in the anterior of the tongue through the chorda tympani (CT) nerve, and to the
soft palate through the greater superficial petrosal nerve. The posterior tongue is
innervated by the glossopharyngeal nerve, with cell bodies located in the petrosal
ganglion10. The pattern of taste bud innervation by afferent neurons appears to be
somewhat species specific. In mice, 3-5 neurons target a single taste bud, while 2-16 have
been reported in rats, and 3-35 in hamsters. In mice, a single neurons appears to only
target a single taste bud, while in rats, cats, and sheep neurons have been shown to target
multiple buds106. While it is known that some neurons form synapses and some do not,
the specificity of taste cell-neuron connections is unknown. It is unclear, for example,
whether single neurons receive input from taste cells that express a certain combination
of gustatory receptors.
How is information about tastants represented and transformed as it passes
through these initial steps of the gustatory system? The first step to answering this
question is to describe the encoding properties of the taste cells. Work in this area has
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been highly influenced by the idea of basic tastes. In particular, it plays a central role in
the research conducted by Zuker and Ryba. As their work has become the textbook view
on gustation107, it warrants close study. In their first words on the topic,

“Mammals taste many compounds but are believed to distinguish between only five basic
taste modalities: sweet, bitter, sour, salty, and umami (the taste of monosodium
glutamate). Although the discriminatory power of taste appears modest, it provides
animals with valuable sensory information for the evaluation of food.”108

Zuker and Ryba differ from Pfaffman in their motivation for using BT
terminology. Pfaffman imported the BTs directly from human perception, without
argument. Zuker and Ryba associate the BTs with different proposed functions of the
gustatory system. This becomes clearer in a later review, where they explicitly assign a
small number of behaviors to each basic taste,

“Umami and sweet are “good” tastes that promote consumption of nutritive food (such as
the building blocks for protein synthesis and energy), whereas bitter and sour are “bad”
tastes that alert the organism to toxins and low pH, promoting rejection of foods
containing harmful substances (for instance, noxious plants or spoiled or unripe fruits).
Salt can taste either “good” or “bad” to us and be attractive or repulsive to mice,
depending both on the concentration of sodium and on the physiological needs of the
taster…”10

This link between the BTs and specific ecological functions serves as a very
potent motivation for finding how single BTs are initially represented by gustatory
receptors. If a receptor for a BT could be found, then through this link, a wide class of
behaviors could be explained. However, we have seen that gustatory behaviors cannot be
so simply categorized. Given the diversity of relationships different species have with
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individual tastants, it seems unlikely that universal statements linking taste to behavior
can be accurately made. Despite this, Zuker and Ryba interpret the function of the ~35
gustatory receptors thus far discovered in terms of a single neuron code for the BTs. I
will next review both the evidence upon which this interpretation rests, and the
interpretation in detail.

1i.1. Bitter
The first gustatory receptors to be studied in detail were a family now recognized
to contain ~30 receptors, termed T2Rs108. Heterologous expression studies showed that
single receptors are sensitive to subsets of tastants considered bitter by humans. The
specificity of T2Rs appears to vary widely. Tested with 104 bitter chemicals, some
human T2Rs respond to only a single chemical, some to 50109. In mice the receptor T2R5 responds to cycloheximide, but not quinine, atropine, brucine, caffeic acid, denatonium,
epicatechin, phenyl thiocarbamide, 6-n-propylthiouracil, strychnine, or sucrose
octaacetate110. Mice lacking this receptor show a decreased (but not abolished) sensitivity
to cycloheximide, but normal sensitivity to the bitter tastant quinine111. This supports the
idea that an animal’s sensitivity to a broad range of tastants is accomplished by a large
number of receptors sensitive to different, overlapping subsets of tastants.
Consistent with this, polymorphisms in different T2Rs are associated with deficits
in detecting specific tastant chemicals110. Further, the large genetic sequence differences
between T2Rs across species can sometimes account for tastant specific differences in
detection ability. For example, humans describe b-glucopyranosides and
Phenylthiocarbamide (PTC) as bitter, but mice do not detect these chemicals. Mice
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expressing human receptors sensitive to these chemicals in T2R expressing cells are able
to detect them111.
It is therefore clear that there is no bitter receptor. However, a case has been made
for bitter taste receptor cells (TRCs). Different T2Rs are co-expressed in the same taste
cells, suggesting that single TCs may be more broadly responsive to tastants than
individual T2Rs. To further test this idea, Meuller et al.111 removed a step in the signaling
cascade of T2Rs, PLC beta2. Mice lacking PLC beta2 lost sensitivity to several normally
aversive chemicals. PLC beta2 was then selectively expressed under the promoter of a
specific T2R. This rescued the aversive behavior in response to all the delivered aversive
tastants, not just the tastants that the specific T2R responds to. Identical results were
obtained when PLC beta2 was selectively restored during adulthood, addressing the
possibility that these results were due to developmental changes in the system. If the
selectivity for tastants seen in a heterologous expression studies matches the selectivity in
vivo, this is strong support for T2R expressing TRCs being more broadly responsive than
individual T2Rs111.
These findings have led to the hypothesis that by co-expressing most or all of the
T2Rs, certain TRCs function as general detectors of bitter taste.

“Our finding that each taste receptor cell expresses a large number of T2Rs is consistent
with the observation that mammals are capable of recognizing a wide range of bitter
substances, but not distinguishing between them.”108
“These results show that the bitter taste circuitry can be established without bitter sensory
input, and unequivocally demonstrate that individual T2R cells operate as broadly tuned
bitter sensors.”111
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These conclusions reach past the experimental evidence, extending the inferred
sensitivity to 8 tested bitter compounds to the many thousands of chemicals that humans
taste as bitter, including but not limited to

“Hydroxyl fatty acids, fatty acids, peptides, amino acids, amines, amides,
azacycloalkanes, N-heterocyclic compounds, ureas, thioureas, carbamides, esters,
lactones, carbonyl compounds, phenols, crown ethers, terpenoids, secoiridoids, alkaloids,
glycosides, flavonoids, steroids, halogenated or acetylated sugars, and metal ions.” 109

More direct measurements of TRC responses, done with calcium imaging from
TRCs in the tongue, reveal that different taste cells respond to different but overlapping
sets of bitter tastants112. Further, the tastant specific neural responses, animal behaviors,
and human perceptions discussed above cannot be explained if single TRCs function as
general detectors of bitter tastants.

1i.2. Sweet and umami
A second, smaller group of gustatory receptors are termed T1Rs. There are three
types of T1Rs, T1R1-3. T1Rs do not appear to be expressed in T2R expressing TRCs113.
T1R3 is sometimes co-expressed with T1R1, sometimes with T1R2, and sometimes with
neither113–115. In a heterologous expression system, mouse T1R2+3 expressing cells
respond to sucrose, fructose, saccharin, acesulfame-K, and dulcin, but not maltose,
glucose, galactose, aspartame, and several D-amino acids86,89,90. T1R1+3 expressing cells
respond broadly to L-amino acids116, and cells expressing T1R3 alone respond to high
concentrations of several sugars 117.

32

Mice lacking T1R2 or T1R3 have less sensitivity to sucrose, glucose, maltose,
and saccharine, although they are still attracted at high concentrations113. Mice lacking
both T1R2 and T1R3 do not respond to these chemicals117. Mice lacking T1R1 or T1R3
cannot detect several L-amino acids, and are impaired at detecting others117.
It has been argued that a dimer of T1R2+3 functions as the mammalian sweet
receptor, and by being expressed in cells not expressing T1R1 or T2Rs, make certain
TRCs selective for sweet taste.

“Indeed, functional expression studies in heterologous cells revealed that T1R3 combines
with T1R2 (T1R2+3) to form a sweet taste receptor that responds to all classes of sweet
tastants, including natural sugars, artificial sweeteners, d-amino acids and intensely sweet
proteins.”118

Several lines of evidence call this assertion into question. T1R2+3 cells do not
respond to many things that humans taste as sweet, and that mice are attracted to. T1R3
responds to sugars, and is often expressed without T1R2 in a TRC. T1R2 knockout mice
are still attracted to many sugars, and display almost normal attractive behavior in
response to sweeteners like polycose and Aceflame K119–121. Further, certain chemicals
can inhibit the CT nerve responses to some sweet tastants and not others122, and single
afferent neurons can respond to different subsets of sugars in the same animal64. These
phenomena would not be possible if a single receptor or cell type mediated the receptivity
to sweet.
It has also been suggested that T1R1+3 serves as a receptor for umami taste.

33

“Final proof that T1R1+3 functions in vivo as the amino-acid (umami) taste receptor was
obtained from the study of T1r1- and T1r3-knockout mice “118

The studies that this quote refers to, described above, strongly show that T1r1 and
T1r3 knockout mice display a deficit at detecting L-amino acids. There is some
controversy surrounding these knock out studies; a different T1R3 knockout mouse is
reported to largely retain the ability to detect MSG and sucrose123. Setting this issue
aside, the question becomes whether a broad amino acid receptor can be termed the
umami receptor. Zuker and Ryba, after studying the responses of T1R1+3 correctly
concluded

“…T1R1+3 responds to most L-amino acids, but not all amino acids taste the same: some
are attractive to mice and sweet to humans, whereas others are neutral; some are even
perceived as bitter and are aversive to animals.”116

Indeed, humans describe glycine, alanine, and threonine as sweet, proline as
sweet-acidic, monosodium glutamate and lysine as salty, arginine as salty-bitter,
phenylalanine as “obnoxious”, “repulsive” and “poisonous”, tryptophan as “ruinous”,
“minerally”, and “burning”, cysteine as “sulphurous” and “complex”, tyrosine as “weak”,
“flat”, and “dilute”, and leucine as “weak” “sweet”, or “tastless”29,78.
Mice and rats show preferences that roughly correlate with human perception of
L-amino acids, tending to prefer those described as sweet, avoid those described as bitter,
and be neutral to those humans describe as having a weak taste. Mouse preference is also
dependent on tastant concentration, with several L-amino acids attractive at low
concentrations and aversive at high. Interestingly, other animal species display
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remarkably different preferences for L-amino acids. House cats, and the house musk
shrew (Suncus murinus) have preferences anti-correlated with those of mice124. These
behavioral results call into question the proposed simple links between amino acids,
umami taste, and “good” tastes. Because many amino acids that T1R1+3 respond to are
describes as sweet by humans and are preferred by mice, T1R2+3 cannot be the sole
sweet receptor. And because many amino acids that T1R1+3 respond to are describes as
bitter by humans and are aversive to mice, T2Rs cannot be the sole bitter receptors. Also,
because T2Rs and T1R1+3 are expressed in non-overlapping sets of TRCs113–115, cells
expressing multiple T2Rs cannot function as the sole bitter TRCs.
Rather than being the umami receptor, T1R3 is likely one of multiple receptors
that respond to L-amino acids. Calcium imaging of TRCs in the tongue revealed that
T1R3 knockout mice display physiological responses to many amino acids, including Lglutamate125. A metabotropic glutamate receptor, mGluR-4, is expressed in TRCs,
responds to glutamate, and when knocked out produces a defect in detecting MSG126,127.

1i.3. Receptor addition experiments
One very interesting experiment deserves special mention. After establishing that
T1R2+3 responds to many chemicals mice are attracted to, and some T2Rs respond to
chemicals that mice are averse to, Zuker and Ryba expressed the synthetic opioid
receptor RASSL with either T1R2117, or with one of the T2Rs111. Control mice do not
detect the ligand for RASSL, spiradoline. In contrast, when RASSL is co-expressed with
T1R2, mice are attracted to the taste of spiradoline, and when co-expressed with one of
the T2Rs, mice avoid the taste of spiradoline. The authors conclude,
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“Together, these results substantiate the coding of both sweet and bitter pathways by
dedicated (that is, labelled) lines.” 111

Here ‘labelled lines’ refers to a single neuron code. By ‘pathways’, Zuker and Ryba mean
that single neuron (well, technically ‘cell’ rather than ‘neuron’, because TRCs are
epithelial cells) coding is maintained through a succession of neural populations, with
sweet TRCs selectively connecting with sweet 1st order neurons, connecting with sweet
2nd order neurons, etc. They argue that the fact that activating certain cells leads to
attractive behavior, and activating certain other cells leads to aversive behavior proves
that both these cells as well as cells further downstream can be cleanly associated with
different basic tastes (sweet and bitter) 111.
But, as previously discussed by several groups53,88, it is unclear how these
receptor addition experiments prove single neuron coding through a succession of neural
populations. To see why, Chaudhari and Roper offer a useful thought experiment:

“Take for example a computer keyboard. Striking the “A” key activates a combination of
electronic signals that results in the illumination of a combination of pixels to produce the
first letter of the alphabet on screen. If the plastic key (the “receptor”) on the keyboard
were changed, striking the replacement key would still produce the letter “A” on screen.
The experiment does not inform one about the electronic coding that is out of sight
between the two visible events, and does not imply that labeled wires link the base of the
key to particular pixels.”88

Chaudhari and Roper’s thought experiment reveals how the receptor addition
experiments do not constrain gustatory information processing. Certain TRCs respond to
tastants that mice are attracted to, and others respond to tastants that they are averse to.
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The link between receptor activation and behavior is complicated and mysterious. The
receptor addition experiments activate these same TRCs using a novel stimulus. The fact
that this reproduces attractive or aversive behavior does not reveal anything about the
link between receptor activation and behavior.

1i.4. Sour
A nonselective polycystic kidney disease-like cation channel called PKD2L1 is
expressed in TRCs not expressing T1Rs or T2Rs. Killing these cells resulted in a loss of
CT nerve spiking in response to three acids presented to the tongue94. When co-expressed
in a heterologous expression system with another channel, PKD1L3, cells become
sensitive to acids128. These facts motivated the argument that a PKD2L1 receptor
complex is the receptor for the BT of sour, and by being expressed in unique population
of TRCs mice use a single neuron code.

“The results presented here establish that sour taste, much like our previous findings for
sweet, umami and bitter taste, is mediated by a unique cell type, independent of all other
taste qualities.” 94

These conclusions are inconsistent with the finding that mice lacking a functional
Pkd1L3 gene exhibit normal behavioral aversion in response to acidic tastants129. Other
channels have been proposed to partially mediate receptivity to acid tastants130.

1i.5. Salty
Using calcium imaging, it has been shown that NaCl and KCl excite different but
overlapping TRCs when applied to the tongue. The epithelial sodium channel (ENaC) is
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expressed in TRCs, partially overlapping with PKD2L1 expressing cells. It responds
specifically to sodium and is active at low concentrations of NaCl application. The
integrated spiking activity of the CT nerve is normally very strong when NaCl is applied,
and relatively weaker when some other salts are applied. Knocking out ENaC selectively
reduces the CT nerve responses to NaCl application, making it approximately as strong as
the responses to some other salts. ENaC knockout mice display normal aversion to high
concentrations of NaCl and other salts, but do not show the wild type attraction to low
concentrations of NaCl91.
These findings were interpreted as support for single neuron coding of the BTs.
The BT of salt was partitioned, with ENaC functioning as a sodium detector and some
unknown receptors responding non-selectively to NaCl and other salts. Single neuron
coding was argued to apply because ENaC expressing cells were not co-expressed with
T1Rs and T2Rs. ENaC’s partial co-expression with PKD2L1 was deemed unimportant,
as

“Indeed there is total segregation of the cells responding to salt (low and high
concentrations) versus those responding to acid stimulation (that is, sour cells never
respond to salt stimuli….” 91

What receptors respond non-selectively to salts? Recently it has been shown that
The “bitter” T2Rs and the “sour” receptor PKD2L1 do. Removing either the PKD2L1
receptor or Trpm5, which is necessary for T2R function, reduces sensitivity to salts.
Rather than selectively abolishing aversion to bitter, sour and salty stimuli, mice created
with both receptors non-functioning did not display aversion behavior in response to a
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wide range of delivered tastants, making it difficult to interpret the receptor’s combined
effects131.
These new finding are particularly interesting. They definitively show that
different salts are initially represented by different and overlapping sets of TRCs sensitive
to tastants associated with more than one BT and not all the tastants within a BT.
Calcium imaging studies show the same result132. Further, the complicated interactions
between taste cells result in making the taste cells that synapse onto 1st order afferent
neurons (type 3 cells) more broadly responsive to tastants than the TRCs133. This suggests
that rather than achieving their broad responsiveness by integrating the activity of
narrowly tuned TRCs, 1st order afferent neurons at least partially inherit their broad
responsiveness from taste cells.

1i.6. Summary
In sum, despite popular interpretation, close study of the initial representation of
tastes by TRCs calls into question the merits of describing the process using BT terms.
Single receptors do not respond to basic tastes. Instead, tastants within a basic taste are
recognized by multiple receptors, each only sensitive to some of the tastants associated
with a BT (T1R2+3, T1R3, ENaC) sensitive to multiple basic tastes (T1R1+3), or both
(T2Rs, PKD2L1). It is probable that we currently underestimate the degree to which
different receptors respond to overlapping sets of tastants, given the small numbers of
tastants used in most experiments. Multiple receptors are expressed in TRCs, but not in a
way that forms BT specific TRCs.
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Besides drastically oversimplifying the diversity of receptor types, TRC types,
and gustatory behavior, at this level of analysis the BT interpretation artificially narrows
the types of stimuli that are considered to activate the gustatory system. There is a long
history of maintaining the BT interpretation by pushing the receptivity of certain
chemicals into other sensory systems. von Skramlik did so in 1926:

“As we have discussed, taste stimuli do not always cause pure taste sensations. Many
testable substances also act on receptors adjacent to the taste organs. But various
sensations can be produced by taste substances which have been proven to stimulate only
the taste sense.”
To von Skramlik, these “true” taste substances were of course those that could be
described in terms of the 4BTs. Here he comes dangerously close to a “no true Scotsman”
fallacy, with the 4BT partition of gustatory perception being maintained by designating
any exception to the partition as somehow not a taste.
Being specific about what constitutes a gustatory stimulus, and what should be
thought of as a stimulus for some other sensory system like olfaction, nociception,
thermoreception, or mechanoreception, is important. It can be seen as a step in the
process of determining the gustatory system’s stimulus space, which is necessary in order
to build accurate models of how neurons in the system respond to tastants. But the
separation of different stimuli into different sensory ‘systems’ is useful only if the
nervous system actually treats these stimuli differently. If it doesn’t, then our partition of
sensory space into different ‘systems’ stands on the same shaky ground as the BTs
themselves. Chaudhari and Roper define gustation in a less problematic way, stating
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“Strictly speaking, gustation is the sensory modality generated when chemicals activate
oral taste buds and transmit signals to a specific region of the brainstem (the rostral
solitary nucleus).”88

This definition of gustation is pleasingly precise, making it clear how one would
classify some new stimulus as gustatory or not. It can be usefully modified by adding that
if some other nerve were discovered to convey information that is used to inform
perceptions or behaviors that are considered gustatory, it should be considered as part of
the gustatory system. After all, this link to perception and behavior is the only reason that
we associate nerves projecting to the rostral solitary nucleus with gustation in the first
place. Also, the stimuli activating the system do not strictly need to be chemicals. Zuker
and Ryba’s receptor addition experiments and Müller’s law of specific nerve energies
apply here: the perception of taste does not depend on the nature of what activates the
gustatory system, but how it becomes activated.
Under this definition, many stimuli have now been found that should be
considered gustatory, but are not universally recognized as such. One prominent example
is carbon dioxide (CO2). Humans can perceive the presentation of CO2. PKD2L1
expressing cells, which we now know to respond to acids and salts131, also respond to
CO2134. This seems to be accomplished through these TRCs expressing the carbonic
anhydrase Car4. Car4 knockout mice have weakened CT responses to CO2134.
Because CO2 directly activates TRCs, it should be considered a gustatory
stimulus. This proves problematic to the 5BT model, and especially a single neuron
coding model, as CO2 is distinct from the 5BTs, and activates ‘sour’ cells (which are also
activated by salts). Chandrashekar et al. dealt with this problem by arguing that because
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CO2 activates non-gustatory sensory cells as well, it can be considered as a multisensory,
rather than a taste stimulus.

“Humans perceive five qualitatively distinct taste qualities: bitter, sweet, salty, sour, and
umami (a savory sensation characterized by the taste of monosodium glutamate). Sweet
and umami are sensed by members of the T1R family of heterotrimeric guanine
nucleotide binding protein (G protein)–coupled receptors (GPCRs) (1–3); bitter stimuli
are detected by T2R GPCRs (4–7); and sourness is sensed by cells expressing the ion
channel PKD2L1 (8–10). In the tongue, these receptors function in distinct classes of
taste cells, each tuned to a specific modality (7, 8, 11, 12). In addition to these wellknown stimuli, the taste system appears to be responsive to CO2” 134
“Although CO2 activates the sour-sensing cells, it does not simply taste sour to humans.
CO2 (like acid) acts not only on the taste system but also in other orosensory pathways,
including robust stimulation of the somatosensory system (17, 22); thus, the final percept
of carbonation is likely to be a combination of multiple sensory inputs.” 134

There are many more examples of stimuli not recognized as proper tastants that
activate the same cells as the 5BTs. Mice and humans can discriminate the taste of
calcium, a chemical vital for many cellular functions135. High concentrations of calcium
are avoided by mice unless deprived of calcium in their diet. The “sweet” receptor T1R3
responds to the presentation of calcium. It has been shown to have the same calcium
binding pocket residues as the calcium sensing receptor. T1R3 KO mice do not avoid
high concentrations of calcium.136 Washing some tastants out of the mouth with water
produces a ‘water taste’. This is caused by some tastants, including the artificial
sweetener acesulfame-K, actually inhibiting T1R3. Washing with water afterwards
disinhibits the receptor, producing the perception of a taste137. The temperature sensitivity
of TRPM5, a channel downstream of T1R and T2Rs in gustatory signal transduction,
serves to make the strength of TRC activation dependent on local temperature138. This
may underlie the fact that humans perceive a taste when portions of the tongue are
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warmed or cooled139.The receptors GPR40 and GPR140 respond to the presentation of
fats. These receptors are expressed in TRPM5 expressing TRCs. In a 2 bottle choice test
mice prefer the taste of fatty acids, and KO mice for either receptor lowers their
preference, as well as the integrated CT nerve response140. Capsaicin is the chemical
found in chili peppers that feels hot and burning when eaten. The capsaicin receptor
VR1141 is expressed in most TRCs expressing T1R2 “sweet” or T1R3 “sweet” and
“umami”, and in ~96% of T2R6 “bitter” expressing TRCs142. TRPM8, a receptor
responding to cold temperatures and the chemical menthol143 is expressed in nerve fibers
innervating taste buds144.
Narrowing the scope of gustation to align with how the nervous system initially
represents different types of stimuli is important. However, the above examples show that
this has been taken too far. There doesn’t appear to be any principled reason that the
many kinds of stimuli that activate the same taste cells as traditional tastants are not
considered to be legitimate tastes. This is problematic for the BT model, and single
neuron coding of BTs in particular. However, with these different stimuli activating
different but overlapping sets of cells, unique representation is possible under a
combinatorial code.

1j. Insect Studies
Constituting over 80% of all animal species, insects deserve to be studied in their
own right. But with relatively simple accessible nervous systems, insects offer the
opportunity to uncover basic principles about how nervous systems work in general. The
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physiological complexity of the mammalian gustatory system makes insects especially
attractive models for studying the neural basis of gustation.
In insects, tastant chemicals are initially detected when they come into contact
with specialized hair cells called sensilla that stud the antenna, mouthparts, wings, legs,
and abdomen of most insects145. Each sensillum houses two to four neurons, a mixture of
gustatory receptor neurons(GRNs) and mechanosensory neurons146. GRNs in the legs and
wings project to ganglia in the insect body, while GRNs in the mouthparts and antennae
project to a region of the insect brain called the sub-esophageal zone (SEZ). Each GRN
expresses several receptors for tastants. The most common of these receptors are termed
gustatory receptors (GRs). The number of GR types expressed depends on the insect
species. 68 have been identified in Drosophila melanogaster, 114 in Aedes aegypti
mosquitos, 10 in the honeybee Apis mellifera, 17-97 in different ant species, and 58 in
the water flea Daphnia pulex147.
The expression pattern and intracellular signaling cascade of GRs has not been
fully characterized147, but it is clear that some receptors are expressed in non-overlapping
sets of neurons, some are expressed in completely overlapping sets of neurons, and some
are partially overlapping147.
Since the 1950’s, the spiking activity of GRNs has usually been studied using the
tip recording technique. A tastant is loaded into a glass pipet which is then fitted over
one of the animal’s sensilla148. Although this approach allows for an extracellular
recording of the responses of GRNs, the tip technique has several limitations. Assigning
the extracellular responses to a single GRN is difficult because there are several GRNs in
each sensillum, and delivering a range of tastants requires making many sequential tip
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recordings. Also, every tastant must be mixed with a conductive salt solution to allow
recording the neurons’ electrical activity. Further, potentially important properties of the
response dynamics of GRNs cannot be recorded using this technique; it is impossible, for
example, to know how a GRN responds immediately after a tastant has been removed.
Finally, by itself, this technique does not allow recording the responses of higher order
gustatory neurons.
Classic work using this technique, extensively reviewed by Detheir146, concluded
that the responses of GRNs could be classified into just a handful of types, with
sensitivities for water, sweetness, saltiness, and bitterness. More recently, however, it was
found using the tip technique that fly GRNs exhibit a more diverse range of response
profiles. In this respect strikingly similar to mammals, many GRNs responded to
chemically diverse tastants, and with a variety of temporal activity patterns. Further, a
given tastant could elicit responses from a population of different GRN types, and these
neurons responded with tastant-specific changes in spike rate147,149. It seems possible that
GRNs exhibit more complicated temporal patterns of spiking activity that cannot be
assessed comprehensively using the tip technique.
GCaMP imaging has also been used to record the responses of GRNs.150 By coexpressing GCaMP along with different GRs it is possible to measure calcium activity in
GRNs expressing a specific GR. This is done through imaging the axons of many GRNs
in the SEZ. Experiments using this approach suggest that different GRNs respond to
different and largely non-overlapping groups of tastants10,150,151. However GCaMP
imaging of GRN axons has several rather severe limitations. The relationship between
GCaMP signal and spiking activity is uncharacterized, but most likely nonlinear152,
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making it difficult to interpret the meaning of a signal. And because different GRs are
expressed combinatorially within a single GRN153, co-expression of GCaMP with a
single GR actually expresses GCaMP protein in a heterogeneous population of GRNs.
Thus the presence of a GCaMP response cannot indicate that a specific GRN type is
activated, or how it is activated. Like the tip recording technique, GCaMP measures
from GRNs fall short of ideal in ways that compromise our ability to understand how
these receptor neurons function.
Thus, while insects represent attractive models in which to study fundamental
questions about gustatory information processing, existing methods do not allow for
many of the questions debated in mammalian gustation to be addressed.
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2. RESULTS

2a. Moth gustatory behavior
The gustatory system is responsible for detecting the thousands of chemicals that
animals contact, and informing many important behaviors. It has been suggested that this
is accomplished relatively simply, where every chemical is associated with a small
number of ‘basic tastes’10,17,47. It is debated whether different basic tastes are initially
represented using non-overlapping subsets of cells (labeled lines)87,94,111,116,117,150, or
overlapping subsets (across fiber patterns)53,59. Testing these hypotheses requires detailed
knowledge of how tastes are initially represented within the population of receptor cells,
and how this representation is transformed as it moves to higher order populations. This
has proven difficult given the system’s physiological complexity and the technical
difficulty of delivering tastant chemicals while recording cellular activity in vivo.
Insect models offer the potential for such a point to point analysis154. Here I
studied the gustatory system of the adult moth Manduca sexta. I found that moths, like
other animals, could produce tastant specific behaviors. Recording the tastant induced
activity of first and second order gustatory neurons, I found that individual tastants are
uniquely represented as spatiotemporal patterns of activity distributed across the GRN
population. Tastant representations are then substantially transformed by postsynaptic
neurons. My results suggest that in order to generate chemical specific behavior,
chemical specific information is processed by the gustatory system.
Insects can use gustatory receptor neurons (GRNs) located in sensilla studding the
distal 1/3 of the proboscis, mouthparts modified to form a drinking straw like organ, for
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gustatory discrimination and conditioning146. When a high concentration of sucrose is
applied to the proboscis, Manduca are known to reflexively extend their proboscis155.
Most animals are capable of producing different behavior in response to different
tastants 36,81,156,157. I sought to find tastants that Manduca react to differently. Any two
tastants that produce different behavior must be distinctly represented by the nervous
system, following the data processing inequality4. Finding such tastants would thus
provide a useful constraint on the interpretation of neural activity. Working with the
assistance of the high school intern Chelsea Campillo, I tested the tastant specificity of
Manduca proboscis extension behavior by delivering a range of tastants to the proboscis.
Behavioral and physiological experiments were performed on moths reared from
eggs on an artificial diet4 at 26 degrees in >70% humidity. We tested the probability of
proboscis extension in response to a variety of stimuli. 1-2 day old moths were vertically
fixed in tubes with their head exposed and the most proximal 1/3 of the proboscis secured
in a small tube.5 Moth’s eyes were colored with ink to eliminate visual cues. A behavioral
test consisted of delivering 50 µl of a stimulus being delivered to the distal 2/3 of the
proboscis. The subsequent 5 minutes of behavior was recorded by a digital camera (Flea
3, Point Grey). After this, the proboscis was washed with distilled water prior to the next
test. A single moth was used for 5 behavioral tests, each separated by 5 minutes. Epochs
of proboscis extension were manually scored from video using a GUI custom written in
Matlab (Mathworks). Moths were considered to have extended their proboscis if they
raised it for >5 seconds following tastant presentation. Tastants were presented in a
random order, and the experimenter was blind to tastant identity throughout testing and
analysis.
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We chose chemically diverse tastants commonly used in gustatory behavioral
experiments. For all tastants except caffeine and lobeline, equal proportions of 50, 250,
500, 750, and 1000 mM concentrations were delivered pseudo randomly. Caffeine and
lobeline do not dissolve into water at these concentrations, so caffeine was presented at
1/10, and lobeline at 1/100 these concentrations, as done previously149. For each tastant,
results were pooled across all concentrations to show concentration independent
differences in tastant behavior (Fig. 1).
All the presented tastants caused moths to extend their proboscis above the rate in
response to distilled water alone. The rate of proboscis extension varied with tastant
identity; the presentation of sucrose elicited much more frequent extension than all other
presented tastants (Chi squared test with Bonferroni correction, p<0.05). This included
the other tested sugars, trehalose and maltose. Although moths sometimes extended their
proboscis in response to these other sugars, they extended their proboscis just as often to
NaCl, KAc, caffeine, and lobeline (Chi squared test, p>0.05 after Bonfferoni correction).
Thus, differential proboscis extension behavior shows that moths can recognize the
presence of diverse chemicals, and can discriminate the taste of sucrose from that of two
other sugars.
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Figure 1: Tastant specific moth behavior. The rate of proboscis extension following the
presentation of the listed tastants (n=89.75 +/- 0.25 moths/tastant). Red error bars are
s.e.m.

2b. A new method for studying the gustatory system
The moth’s nervous system could use a variety of strategies to represent tastants
that would be consistent with the behavior we observed. I sought to understand which
strategy is used by recording the activity of GRNs. I first designed a method to deliver
tastants at high temporal precision while recording neural activity.
The moth’s proboscis was fixed with epoxy into a rigid tube. A small piece of
mesh was installed 5 mm above the proboscis. The proboscis coil rested against this
mesh, ensuring that the proboscis was placed in the same location across moths. Filtered
water was pumped over the proboscis using a peristaltic pump (Manostat compulab 3) at
40 ml/min. The output tube of a pressurized 16-valve perfusion system (Bioscience
50

Tools) was installed 1 cm above the mesh. To deliver a tastant, pressure was applied with
a Pico Pump (World Precision Instruments). This was followed by the opening of a single
valve, injecting tastant into the water stream. To record the precise timing of tastant
delivery, I colored tastant solutions with a small amount of food coloring (Fast green
FCF, Sigma. 0.05% w/v). The tastant concentration present over the proboscis was
monitored with a color sensor (FS-V31, Keyence) installed 5 mm below the perfusion
system output, just above the mesh. Color sensor signals were amplified 5x by a DC
amplifier (Brown-Lee Model 440). The delivery system was controlled and color sensor
recorded using custom designed Labview software (PCI-MIO-16E-4 DAQ cards,
National Instruments).

Figure 2: A schematic of the tastant delivery system.
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To estimate the concentration of tastant that reaches the moth after dilution in the
water stream, I injected tastants into water colored with the same concentration of dye as
the tastants. This was taken as 100% concentration delivery. I then observed what
fraction of color sensor signal was generated by injecting colored tastant into uncolored
water. In this way, I estimated that after dilution in the water stream the concentration
that reaches the moth is ~77% that of concentrations listed throughout the text (Fig. 3).

Figure 3: Estimating the concentration of tastant that reaches the moth. (Blue) The color
sensor voltage trace in response to tastant delivery into uncolored water. (Red) as blue
trace except the uncolored water has been colored with the same concentration of dye as
the tastants. Traces = mean of 5 trials of each condition.
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Using color sensor intensity as proportional to tastant concentration is valid
because the sensor’s responses were found to be linear throughout the range of color
intensity used in this, and all subsequent experiments(Fig. 4).

Figure 4: Color sensor reading is proportional to tastant concentration. Diluting colored
tastant by the amounts listed on the Y axis produced a linear decrease in color sensor
voltage. (Blue Dots) Single trial color sensor amplitude averaged over 1s tastant delivery.
(Red) Best fit line.

To record from GRNs while tastants were delivered in this way, intact moths were
fitted into tubes with their heads exposed. After protecting the proboscis and antennae
with small plastic tubes secured with epoxy, a wax cup was built up surrounding the
ventral side of the head capsule. The dorsal part of the head capsule was first removed
and the Buccal Compressor158 muscle (a large muscle used for drinking fluids) was cut
for recording stability. This opening was then sealed with wax. The ventral side of the
head capsule was then bathed in Manduca physiological saline159. The Labial Palps,
exoskeleton, and trachea covering the brain were removed, exposing the maxillary nerve.
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Saline was then removed and replaced with crystals of Collagenase/Dispase (Roche
Diagnostics) dissolved in saline (10% w/v). After this caused the Dilator-3158 muscles to
tear (large muscles used for proboscis extension, 2-3 minutes), the collagenase mixture
was replaced with saline. The sheath covering the brain was then removed. For stability,
a platform made from a flattened insect pin was inserted through the esophagus
underneath the SEZ, and secured to the tube with wax. During experiments, a constant
flow of fresh saline was passed over the brain.
The GRNs of the proboscis project into the brain through the maxillary nerve.
The maxillary nerve in Manduca is purely afferent, containing GRNs and
mechanosensory neurons. My tastant delivery system was designed in part to minimize
the change in mechanosensory input to the proboscis, in order to isolate gustatory
responses. Motor neurons evolved in proboscis movement project through other
nerves158. I was able to make sharp intracellular recordings selectively from the axons of
GRNs by targeting the nerve.

Esophagus

S

SEZ

Figure 5: The maxillary nerve. Shown is a frontal view of the moth brain (z stack), with
the GRNs of the left Maxillary nerve (indicated with dashed ellipse) filled with
Rhodamine-Dextran projecting mostly into the left half of the SEZ.
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My intracellular recordings revealed that different GRNs responded to different
tastants, with different changes in spike rate. Some of these responses were locked to the
timing of the stimulus, and were quite reproducible over many trials (green box in Fig. 6).
Other tastant responses outlasted the stimulus by many seconds (ex. GRN 4 in Fig. 6).
Both excitatory and inhibitory responses were observed. Also, compared to receptor cells
in other sensory systems, GRNs exhibited remarkably little response adaptation, even
when activated very strongly by a prolonged stimulus.

Figure 6: GRN intracellular recordings. Raster plots of 4 example GRNs, presented with
several tastants and concentrations. Multiple trials of the same tastant (5-7) are shown.
(Left, Green box) A closer view of GRN 1’s responses to 1000 mM sucrose. (Bottom,
blue) Intracellular voltage trace of the last trial in each raster where there was an action
potential. (Bottom, red) Color sensor voltage, showing tastant delivery time (1s.).

The instability caused by the small size and flexibility of the maxillary nerve
made holding intracellular recordings for more than 5-10 minutes impossible. In order to
increase the number of GRNs that I could record from, as well as the number of tastants
that I could deliver during a single experiment, I developed an extracellular recording
technique.
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When I placed bundles of handmade twisted wire extracellular electrodes
‘tetrodes’ into the maxillary nerve, I could record very large extracellular signals from
several GRNs simultaneously. In order to extract the activity of single units (neurons), a
method known as spike sorting needs to be applied. My laboratory’s method of spike
sorting160 was not able to be easily modified to deal with the wide distribution in spike
sizes or the extremely narrow spike waveforms that GRNs produced. It further did not
allow for a quantitative assessment of errors in sorting. I therefore worked with my
colleagues Zane Aldworth, Nitin Gupta, and Mark Stopfer to develop a novel computer
assisted spike sorting method. We combined the desirable features of Christoph Pouzat’s
Spikeomatic160 and the Klienfeld laboratory’s UltraMegaSort2000161,162 into an easily
modifiable set of Matlab scripts. This took the form of using Pouzat’s method of dealing
with waveforms overlapping in time (superpositions) and Klienfeld laboratory’s method
of estimating the percent of sorting errors. Our method is presented in detail in an
appendix (section 4).

2c. Profiling the responses of GRNs to tastants
Using my tastant delivery system and extracellular recording technique, I
recorded the activity of 83 GRNs in response to a 1s square wave of 12 tastants (Fig. 7).
Tastants and concentrations were selected based on either known ecological importance
to moths34, or because of association with one of the basic tastes in previous
literature149,150. Tastants used were sucrose, glucose, trehalose, maltose, sodium chloride,
lithium chloride, and potassium acetate (1000 mM), caffeine (100 mM), and (-)-lobeline
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hydrochloride, berberine chloride, and denatonium benzoate (10 mM), with filtered H2O
delivered as a control.
I observed a great diversity in GRN resting activity (ex. GRN 1, 67), in the set of
tastants that caused different GRNs to respond (ex. 1, 31, 77), and the temporal structure
of these responses (ex. 27, 48, 67). For example, GRN 43 had a low baseline spike rate of
0.3 Hz, responded to the presence of NaCl, LiCl, and caffeine with bursts of spikes of
different peak rates (32.11, 67.91 and 22.19 Hz respectively), responded to KAc with
spiking that outlasted tastant stimulation, and responded to lobeline and berberine with
spiking activity that only peaked after tastant removal (40.13 and 52.21 Hz) (Fig. 8).

Figure 7: GRNs exhibit a diversity of tastant responses. Raster plots of 83 GRNs (rows)
responding to 12 tastant stimuli (columns). Tastant presentation time is marked with
shading. Scale bar is 5 seconds. Rows are ordered by hand, based roughly on correlation
across tastant responses.
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Figure 8: The temporally structured responses of Fig. 7’s GRN 43. The trial average
spiking responses were smoothed with a Gaussian filter (s.d. 60 ms.). (Bottom, Red)
Average color sensor voltage trace showing tastant delivery time.

GRNs exhibited a variety of tuning widths, with some GRNs responding to only a
single tastant, and others responding to most tastants delivered (Fig. 9a). Because the
notion of ‘response’ depends on how sensitive populations of unknown downstream
neurons are to spiking activity in GRNs, I calculated this tuning width for a large number
of thresholds. This was done as follows:
Beginning with multiple trials of a neuron responding to a tastant, I first estimated
the firing rate of the neuron by smoothing the trial averaged spike times with a Gaussian
filter (s.d. = 60 ms.). I defined the background activity as the firing rate of the neuron in
the first second of the trial, before tastant delivery. A neuron was considered to respond
to a tastant if its firing rate exceeded the mean background activity + N standard
deviations of the background activity, or fell below the mean background activity - N
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standard deviations of the background activity. N refers to a variable threshold. I tested a
wide range of thresholds (1-12), moving from well below to well above generally
accepted response values163 to demonstrate the robustness of the results.
Notably, sucrose activated significantly more neurons than other tastants (at an 8
s.d. threshold, Chi squared tests, p<0.05 after Bonfferoni correction). ~50% of GRNs
were excited by sucrose (Fig. 9b, 54.22% for 8 s.d. threshold), and ~50% of neurons that
responded to sucrose did not respond to any other delivered tastant (Fig. 9c, 53.33% for 8
s.d. threshold). Other tastants activated ~25% (24.34+/- 0.77% for 8 s.d. threshold) of the
GRN population, mostly GRNs that responded to multiple tastants.

A

C

B

Figure 9: Summary statistics of GRN population data. All plots show results over
response thresholds 1:12. (A) The percent of the GRN population that responded to
varying numbers of tastants. (B) The percent of the GRN population that responded to the
listed tastant. (C) The percent of neurons that responded to the listed tastant and did not
respond to any other delivered tastant.

I next studied the concentration dependence of GRN activity. I recorded from
GRNs while delivering 4 second square pulses of varying concentrations of sucrose (Fig.
10). I delivered H2O and NaCl as control tastants.

59

Figure 10: The tastant responses of GRNs are concentration specific. Raster plots of 3
simultaneously recorded GRNs responding to multiple tastant concentrations. (Bottom,
red) Average color sensor voltage trace signaling tastant delivery.

Most GRN activity depended on tastant concentration in a simple and reliable
way: increasing concentrations activated increasing numbers of GRNs with stronger
excitatory or inhibitory responses. (Fig. 11, 1 way ANOVA, F(4, 95) = 9.72, p<1e-5, post
hoc Tukey’s HSD, p<0.05). ‘Response strength’ was defined as the absolute value of the
difference between the mean firing rate during the stimulus time and the background
activity.

Figure 11: GRNs respond to increasing concentration with increased response strength.
The mean response magnitude of a population of GRNs (n=20) responding to the
concentrations of sucrose listed in Fig 10. Blue lines/red circles are the responses of
individual GRNs, black line is the population mean +/- s.e.m.
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I confirmed that this relationship held for a variety of tastants, using data collected from a
larger set of GRNs responding to 1s presentations of tastant (Fig. 12, 1 tailed Wilcoxon
signed rank tests, p<0.05).

Figure 12: The concentration dependency of GRNs is consistent across tastants. The
strength of GRN responses to two concentrations of sucrose (n=75), NaCl (n=51) and
caffeine (n=44). Lines connect circles representing a single GRN’s responses. (Blue bars)
Mean response strength. For display purposes, data were normalized by dividing all
response strengths by the strongest response to that tastant.

2d. Describing the responses of GRNs over time

I next sought to better describe the observed diversity in the temporal dynamics of
GRN activity. Traditionally this has been done qualitatively, with descriptions of how a
neuron’s trial averaged spike rate depends on the nature and timing of a sensory stimulus.
Relatively recently, variants of a statistical method called Generalized Linear Modeling,
(GLMs), or Linear-Nonlinear Modeling (LNMs) 164–166 have been usefully applied to
quantitatively describe how neurons in the visual167–169, auditory170, somatosensory171,
and olfactory172,173 systems depend on the temporal structure of stimuli. These two terms
name the same class of model, and are a historical legacy. It seems that two separate
communities of scientists began using these models, and only joined after independently
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developing two different nomenclatures. I will use the LNM terms in this manuscript
because they are more neuroscience specific.
This modeling approach offers many advantages. It can be estimated using single
trials, and so doesn’t rely on the often dubious assumption of statistical stationarity or the
arbitrary choice of binning/smoothing parameters that underlies spike rate estimates.
Once fit, the model provides a prediction of how a neuron will respond to future stimuli.
If the model prediction does a good job of explaining neural activity, than we can say
with some confidence that we actually understand the transformation from stimulus to
spiking at the ‘algorithmic level’174. If the prediction fails, we can use the specific ways
in which it fails to motivate further hypotheses about what is being encoded by the
neuron’s spiking activity. And if a new model is constructed, we can quantitatively assess
the improvement over alternative models. Traditional methods offer little to no predictive
power. If after observing a neuron’s response to a certain stimulus, one would like to
predict the responses to a large class of other stimuli, a generative model like the LNM is
needed.
Perhaps even more importantly, LNMs are able to incorporate covariates166. In
most contexts, the spiking activity of a neuron depends on a large number of factors. For
example, the activity of a retinal ganglion cell will depend in some way on recently
presented visual stimuli, the neuron’s spike history, the spiking activity of other neurons
in the retina, the state of adaptation of receptor cells, etc. Traditional methods deal with
covariates like these by attempting to vary one factor at a time while holding everything
else constant. LNMs and related models offer the ability to measure many covariates at
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the same time, and provide an estimate of their relative importance. This allows one to
see how all the ‘pieces of the puzzle’ fit together in a quantitative way.
As the name suggests, a LNM is a generalization of linear regression. My specific
goal was to model the relationship between the time varying concentration of a tastant
and the spike times of a GRN. I did so by modeling the spike times as draws from an
inhomogeneous Poisson process, that is, a time series where the probability of spiking at
any time is completely specified by a single spike rate parameter. I could then relate the
temporally varying stimulus to this estimate of the spike rate as a linear transformation
followed by a static, “spiking” nonlinearity. This nonlinearity performs the important role
of preventing the model from predicting pathological things like negative spike rates, and
allows for a greater range of stimulus-response relationships to be captured.
Mathematically the model is simply
P(spike/t) = F(k*s(t))

Where s(t) is the stimulus over some period t, k is a linear transformation
(“filter”) of the stimulus, F is a static nonlinear transformation, and the output of this is a
prediction of the probability of spiking during that time, P(spike/t).
For the curious reader, covariates can be incorporated into this model simply by
adding extra linear terms. So I could model how a neuron’s spike rate depends on a
stimulus, s, past spike history h, and the spike history of a number of simultaneously
recorded neurons n by the model

P(spike/t) = F(k*s(t) + j*h(t) + l*n(t))
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These type of models are fit by finding the k (and j, l, and linear terms associated
with any other covariates) and the parameters of the chosen nonlinearity that best relates
the two sides of the equation169. This can be done by maximizing the likelihood of the
model parameters. In the case of linear regression there is a closed form maximum
likelihood solution, but in the LNM case no such solution exists. Instead, I initialize the
model with some guess for all the parameters, and then estimate how the likelihood
changes in the local region around the parameters. The parameters are then moved in that
direction, and I take a new estimate of how the likelihood changes locally. In this way the
likelihood is iteratively maximized. One can imagine this process as pushing a ball (the
model parameters) up a hill (the likelihood surface) in the direction where the hill is
steepest. When parameters climb to the top of the hill, I stop iterating and have the model
fit.
This process runs into trouble when the choice of nonlinear function makes the
likelihood surface non convex, that is, when there is more than one hill. In this case
iterative improvements of the likelihood could end on a local maximum that is less likely
than the global maximum likelihood solution. That is, I push the ball up the nearest hill
and stop, but there is a taller hill out there. I avoided this problem by choosing a
nonlinearity of a form that guarantees the convexity of the model’s likelihood surface175.
Fitting models by maximizing their likelihood allows for educated guesses about
the shape of the stimulus-response relationship to be incorporated. For example, one
suspects that if a neuron is affected by the stimulus history in the previous 100 ms., than a
1 ms. stimulus 54 ms. previous and a 1 ms. stimulus 53 ms. previous should elicit very
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similar responses. Another way of saying this is that one can expect the temporal
receptive field of a neuron to be smooth. This expectation can be incorporated into my
model fitting procedure, where I penalize the likelihood of models with parameters that
are not smooth. This process is called model regularization75, and is a very useful way of
increasing the predictive power of LNMs by preventing over fitting to training data.
To describe how GRNs depended on the time course of tastant stimulation, I
delivered a wide range of temporal stimulus patterns of tastant concentration, while
recording extracellularly from GRNs as above. The temporally rich stimulus (1000 mM
sucrose, 27/35 experiments, or 2000 mM NaCl, 8/35 experiments) was constructed by a
pseudorandom sequence of Pico pump and perfusion system valve opening times. The
Pico pump was opened 800 times in a 7.5 minute trial. Opening times were drawn from a
uniform distribution spanning the trial length. Opening durations were drawn from a
uniform distribution spanning 8-608 milliseconds. Valves were opened 1600 times in a
7.5 minute trial. Opening times were drawn from a uniform distribution spanning the trial
length. Opening durations were drawn from a uniform distribution spanning 8-458
milliseconds. Stimulus parameters were selected to deliver a range of intensities and
temporal frequencies. Similar modeling results (see below) were generated using stimuli
of different lengths (5-10 minutes), and different opening durations (4-54 milliseconds).
My tastant delivery system allowed for the reliable presentation of the same temporally
rich stimulus over many trials (Fig. 13).
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Figure 13: Trial to trial reliability of temporally rich tastant delivery. Three
superimposed trials of the color sensor voltage trace. This color sensor signal is
proportional to tastant concentration, given the linearity of the color sensor (Fig. 4)
With the assistance of my colleague James McFarland, I used his NIM toolbox168
(http://www.clfs.umd.edu/biology/ntlab/NTlab/NIM.html ) for fitting linear-nonlinear
models (LNMs) models of GRN activity. I used the function

F[x; a,b,h] = a*log[1 + exp(b(x-h))]

as the LNMs’ spiking nonlinearity, where x is the linear prediction of the model, and a, b,
and h are parameters of the nonlinearity. LNM linear filters and nonlinearity parameters
were fit by maximizing the regularized log likelihood. The likelihood was regularized
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with a smoothness penalty (L2 norm), with smoothness parameter values picked to
maximize the cross validated maximum log likelihood. Models were fit for all recorded
GRNs that produced more than 5 spikes during each of the 5 test sections of data
(amounting to a minimal spike rate of >0.0625 Hz).
Model quality was assessed by a likelihood ratio test comparing the cross
validated log likelihood (LLx) of the LNM to that of the ‘null model’, which assumes a
constant spiking rate equal to the mean spike rate of the GRN throughout the test data.
This likelihood ratio was then normalized by the number of spikes in the test data to
allow for comparison of model quality across GRNs (bits/spike). The likelihood ratio is
an attractive measure of model quality because it can be estimated on single trials, and
provides a direct measure in the average reduction of uncertainty about the stimulus that
the presence of a spike provides (Shannon information)167.
GRN spike rate was quite well described by LNMs which related tastant
concentration to GRN spiking as a linear transformation of a time-embedded
representation of tastant concentration (temporal filter) passed through a static spiking
nonlinearity. While we are able to quantitatively assess the model quality based on a
single trial, to build intuition about the LNM’s goodness of fit I performed an additional
test on one GRN167. After fitting a model as above, I delivered 32 repeats of a 20 second
long stimulus with the same statistics as the longer nonrepeating stimuli while recording
GRN activity. The trial averaged spiking response was smoothed with a Gaussian filter
(s.d. = 60 ms.). This was compared to the LNM spike rate prediction from a single trial.
For a visual comparison with the GRN raster plot, 32 trials were simulated by Poisson
draws from the LNM spike rate prediction. (Fig. 14)
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Figure 14: Comparing the rate of a GRN to that predicted under a LNM. (Top, Blue) 32
trials of a GRN responding to a temporally rich stimulus. (Black) 32 trials simulated from
a LNM previously fit to the GRN’s activity. (Bottom, Blue) The PSTH of the GRN.
(Black) The spike rate prediction of the LNM. (Red) the color sensor voltage trace,
showing stimulus delivery (sucrose).

We can see from Fig. 13 that the LNM does a very good job of predicting the
GRN’s response to different concentrations and temporal patterns of sucrose. Indeed,
looking at the 32 trials of spiking, it is difficult to tell which were generated from the
GRN and which from the LNM. For this model, the LLx improvement over the null
model was 0.59 bits/spike.

68

The mean LLx improvement for all the models was 0.49 +/- 0.05 bits/spike. As I
modeled even largely silent GRNs, I expected to observe a wide range of likelihood
improvements over the null model, with unresponsive GRNs producing little to no
improvement. To test for GRNs’ response strength independently of my modeling effort,
I delivered 4 trials of a 1 second square pulse of tastant to every GRN before the
temporally rich stimulus. As above, I smoothed the trial-averaged spiking activity with a
Gaussian filter (s.d. = 60 ms.) to estimate the GRN’s PSTH. Also as above, ‘response
strength’ was defined as the absolute value of the difference between the mean firing rate
during the stimulus time and the background activity. The distribution of likelihood
improvements vs response strength was strongly bimodal (ΔBIC for Gaussian mixture
model fit with 2 components vs a 1 component model was >97). As shown in Fig. 15 one
mode centered on a cluster of largely unresponsive GRNs and showed little to no
improvement over the null model (mean = 1.07 Hz, -0.05 bits/spike improvement). A
second mode centered on responsive GRNs and showed a large improvement over the
null model (mean = 24.39 Hz, 0.74 bits/spike improvement).
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Figure 15: The LLX improvement of a GRN model vs the response strength of the GRN.
Each blue dot represents one GRN model. Marginal distribution histograms are plotted
on either side of the scatterplot. The mean LLX improvement is plotted as the vertical
dotted line. The component means of a 2 component Gaussian mixture model are plotted
as green ‘Xs’. The GRN used to generate Fig.14 is plotted as the red dot.

As I used the same stimulus and type of nonlinearity for all the LNM fits, the
different relationships that GRNs have with tastant presentation can be compactly
depicted by the time course of LNM’s linear filter, k. GRNs were capable of responding
quickly and reliably to transient stimuli (filters peaked in 322.03 +/- 35.57 ms., n=69). A
single tastant was filtered differently by different GRNs and different tastants were
filtered differentially by single GRNs, together accounting for the previously observed
diversity of responses within the GRN population (Fig. 16).
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Figure 16: GRNs exhibit a diversity of temporal receptive fields. (A) The jackknife mean
+/- s.e. of 6 linear filters from models fit to 6 different GRNs all responding to the same
stimulus (sucrose). The black filter is the one used to generate the data in Fig. 14. (B)
GRN temporal filtering is tastant specific. The jackknife mean +/- s.e. of linear filters
from models fit using a single GRN’s response to 2 different tastants. 200 ms. scale bar.

Thus, GRNs act as a bank of tastant specific rectified temporal filters of the timevarying tastant concentration. This causes different tastants to activate different, but
overlapping, subsets of the GRN population with tastant specific patterns of spiking
activity.
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2e. Estimating the information content of the GRN population
Representing tastants in this way should allow for information about tastant
identity and concentration to be transmitted to downstream neurons. To test this idea in a
quantitative way, I estimated the information about tastant identity contained within GRN
activity by using a simple nearest neighbor algorithm to discriminate between different
tastants given GRN population activity. The spike rate of each neuron in the analysis was
first estimated by smoothing the single trial spiking activity with a Gaussian filter (s.d. =
60 ms.). The mean of the first second of each trial (background activity) was then
removed. This was done to prevent any slow changes in spike rate over trials, or spiking
activity that “wrapped around” into the following trial, to be used to produce above
chance classification performance before tastant stimulation. This manipulation lowered
the baseline classification success to chance, while not affecting the peak discrimination
performance. (For example, for 12 way classification, 58.33 % accuracy after 500 ms.,
75.00% after 1.5s without background removal, compared to the 62.50% accuracy 500
milliseconds after tastant application, and 77.08 % after 1.5s reported in main text). The
dimensionality of the dataset was then reduced using Principal Component Analysis, with
the number of components chosen to preserve >90% of the dataset’s variance.
I performed K nearest neighbor classification, K=1. To generate confidence
intervals I used cross validation. I ran the classifier using variable lengths of data, to
observe how the ability to classify tastants evolves from the time of tastant presentation.
As a control test, I performed the same classification task using times when no tastant
was present.
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In a 12 way discrimination task using the tastant set and data from Fig. 7, tastant
identity could be classified at 62.50% accuracy 500 milliseconds after tastant application
and 77.08 % accuracy 1.5 second after application (Fig. 16)

Figure 17: Tastant specific information is contained in the GRN population. (Blue) Cross
validated success rate of 12 way K-nearest neighbor (K=1) classification of tastants using
variable lengths of GRN population data (n=83), beginning at the time of tastant delivery.
(Purple) As Blue, but beginning the data vector 2s before tastant delivery. Both show
mean +/- 95% confidence interval. (Black line) Chance classification rate.

Classifying tastant identity using GRN population activity in this way represents a
lower bound on the amount of information present in the GRN population. It is probable
that with an increased number of GRNs, and with a more sophisticated classification
procedure, an observer could decode GRN activity with even higher accuracy. However,
the presence of tastant specific information within GRNs tells us nothing about whether
postsynaptic neurons make use it. Determining that requires studying second order
gustatory neurons directly.
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2f. Second order gustatory neurons
Second order gustatory neurons (SONs) have not been identified in any insect. To
do so, I made simultaneous extracellular recordings of GRNs and sharp intracellular
recordings from putative SONs in the the sub-esophageal zone (SEZ). To determine
synaptically connected neurons, I calculated the spike triggered average (STA) between
pairs of GRNs and SONs. This was done by averaging the SON membrane potential
triggered on a GRN spike. The presence of SON spikes immediately following a GRN
spike would mask any excitatory postsynaptic potential (EPSP) waveform in the STA. I
therefore only considered GRN spikes that were not followed by an SON spike within
200 ms. Tastant delivery sometimes induced strong variability in the SON membrane
potential. To minimize the risk of this masking an EPSP waveform, I also did not include
any GRN spikes occurring during the square pulse tastant stimulation. Some GRNs were
completely silent unless activated by a tastant. To allow for a STA to be assessed for
these GRNs, I opened my tastant valve without applying pressure, providing a weak
stimulus sufficient to sporadically activate otherwise silent GRNs, but not strong enough
to induce strong SON membrane potential variability.
STAs were judged to indicate monosynaptic connections if a significant short
latency EPSP waveform was seen (Fig. 18). This was defined as a waveform that crossed
5 standard deviations from the background activity calculated from the average 100 ms.
prior to GRN spiking (8/70 pairs passed). The start of the EPSP waveform was estimated
as the time point where the STA crossed 3 standard deviations above the background.
This was required to occur within 5 milliseconds of the GRN spike (7/8 pairs passed).
The mean latency of these pairs was 2.80 +/- 0.28 ms., consistent with monosynaptic
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synaptic delays176. Tastants used for paired recordings were sucrose (100 mM and 1000
mM), NaCl (100 mM and 1000 mM), caffeine (10 mM and 100 mM) and H2O.

Figure 18: A monosynaptic EPSP seen in a spike triggered average. EPSP waveform
seen in the average membrane potential of a SON triggered on the spikes of a
simultaneously recorded GRN (dashed line). Black trace is the mean, green traces are
individual spike triggered membrane potential traces. Time is relative to the GRN spike.

Ideally, I would have filled the second order neurons identified through the above
STA analysis to examine the anatomy of SONs. The technical difficulty of that
experiment made it impossible. Instead, I performed many experiments recording from
neurons in the SEZ (without the simultaneous GRN recordings). Often, I could achieve
both physiological recording and anatomical reconstruction of the recorded neuron. For
intracellular dye filling, I used Neurobiotin (Vector labs), later conjugated to Alexa Fluor
488 or 568 (Molecular Probes). I imaged the neurons on a confocal microscope (Zeiss
510 inverted). Luckily for me, my blind sharp recordings from the ventral SEZ revealed
only 2 general classes of neurons. One type, descending neurons (DNs), extended an
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axon down the Cervical Connective towards the body ganglia, and possessed stereotyped
sub-threshold membrane potential activity, spike shape, and baseline spike rate. After
n=16 recordings and fills, I was able to use these features to reliably identify DNs from
their physiology alone. The other type of neuron had physiology very similar to the
second order neurons identified by paired recordings (n=12 recordings and fills, see
below). Therefore all recorded neurons not identified as DNs were analyzed as SONs.
SONs had cell bodies in the SEZ, and most extended processes to bilaterally
cover the region where the GRNs project in the anterior SEZ (Fig. 19). Often their
processes continue beyond this region, into more the dorsal and posterior SEZ (Fig. 20).
Images of SONs were processed using FluoRender software (University of Utah). To
increase the clarity of the images, SONs were extracted from the original image z-stacks
through signal thresholding. These extracted images were then superimposed onto the
original Z stack, displayed at a dimmer color.
––

Figure 19: Anatomy of a SON. Frontal view of the moth brain, showing the anatomy of a
single SON filling the anterior SEZ (z-stack). Compare with GRN projections shown in
Fig. 5.
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A

Figure 20: SON processes extend beyond the GRN projections. (A) Transverse view
(down: anterior, up: posterior) of the SEZ. (Red) bilateral dextran fills of the GRNs of the
Maxillary Nerves. (Green) Single SON, sending process lateral and posterior to GRN
input. (B) Frontal view of the moth brain. A single filled SON is seen to send processes
far anterior to the SEZ. Compare with GRN projections shown in Fig. 5.

My paired recordings revealed that SONs respond to different tastants than their
presynaptic GRNs. As in my analysis of GRNs, I examined a range of response
thresholds to demonstrate the robustness of my results. (for 5 s.d. threshold, GRNs
respond to 42.86% of tastants, SON to 77.55% of, correlation coefficient between
response profiles = 0.17, n=7). Even highly selective GRNs were found to synapse onto
broadly responsive SONs. For example, Fig. 21 shows a GRN that responds selectively to
sucrose. It synapses (STA EPSP shown in Fig. 17) onto a SON that responds to most
delivered tastants with tastant specific patterns of activity. This suggests that SONs
integrate the activity of multiple types of GRNs.
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Figure 21: A narrowly tuned GRN synapses onto a broadly tuned SON. Raster plots of
synaptically connected, simultaneously recorded GRN and SON responding to multiple
trials of different tastants and concentrations. (Bottom left, Red) Average color sensor
voltage trace. Tastant delivery time is also marked with shading. (Bottom right, Blue)
Voltage trace of the SON during the last trial of the raster plot. The STA of Fig. 18 was
generated from these two neurons.

As a population, SONs responded to more tastants than GRNs (Fig. 22 a-c, c.f.
Fig. 22 d-f, Chi squared tests between GRNs and SONs at every response threshold,
p<0.05 after Bonferroni correction). While different tastants activated different numbers
of SONs (Fig. 22b), sucrose did not consistently activate significantly more SONs than
any other delivered tastants (at an 8 s.d. threshold, Chi squared tests, p>0.05 after
Bonfferoni correction), and very few SONs were selective for any delivered tastant. (Fig.
22c, mean across all thresholds = 0.19+/-1.2 %).
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Figure 22: (A-C) Summary statistics of SON population data. (A) The percent of the
SON population that responded to varying numbers of tastants. (n=13) (B) The percent of
the SON population that responded to the listed tastant. (C) The percent of neurons that
responded to the listed tastant and do not respond to any other delivered tastant. (D-F)
Summary statistics of GRN population data responding to the same tastant set as
delivered to SONs (n=83). Plots as A-C.

Given the temporal structure of their GRN input, SON tastant responses could be
quite temporally complex, with responses to square stimuli often reliably eliciting
sequences of excitation and inhibition that continue past the time of tastant delivery (Fig.
23). To build intuition about the meaning of the various response thresholds of Fig. 22, I
numbered the maximum of threshold (1-12) in which each block of trials qualifies as a
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response. For example, GRN 1’s strong response to lobeline counts as a response for
thresholds 1-12, but its weaker response to sucrose only counts as a response up to
threshold 5. Because it is not known how neurons postsynaptic to these filter their SON
input, choosing what constitutes a response is subjective. However, in the absence of
evidence to the contrary a rational approach is to use a lower threshold, as it doesn’t
ignore potentially informative variability in SON spiking.

GRN 1

GRN 2

GRN 3

GRN 4

Figure 23: The tastant responses of SONs. Raster plots of 4 example SONs responding to
various tastants. Written to the right of every block of trials is the maximum threshold (112) in which that block of activity constitutes a response. (Bottom, Red) Average color
sensor voltage trace. Tastant delivery time is also marked with shading. (Bottom, Blue)
Voltage trace of the SON during the last trial of the raster plot. Scale bars are 10 mV.

While the filtering properties of GRNs resulted in the average GRN response
mimicking the temporal profile of the stimulus, the average SON response quickly
peaked at the onset and, to a lesser extent, the offset of the stimulus (Fig. 24).
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Figure 24: SONs transform their input temporally. The average spiking response of
GRNs (Blue, n=83) and SONs (Black, n=13) in response to 1 second application of 7
different tastants (those of Fig. 22). The average color sensor voltage trace is shown in
red. Spiking responses were smoothed with a Gaussian filter (s.d. 60 ms.).

Like GRNs, SON responses depended on, and therefore contained information
about, tastant identity. Using the temporal responses across a population of second order
cells, my nearest neighbor algorithm could identify tastant identity at 96.43 +/- 3.57%
accuracy 500 milliseconds and 100 +/- 0% 1.5 second after tastant application (7 way
discrimination, Fig. 25).
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Figure 25: Tastant specific information is contained in the SON population. (Blue) Cross
validated success rate of 12 way K-nearest neighbor (K=1) classification of tastants using
variable lengths of SON population data (n=13), beginning at the time of tastant delivery.
(Purple) As Blue, but beginning the data vector 2s before tastant delivery. Both show
mean +/- 95% confidence interval. (Black line) Chance classification rate.

A consequence of the spatial and temporal transformations of tastant information
as it is passed from GRNs to SONs is that tastants could be discriminated at a higher
accuracy more quickly, using fewer neurons, in SONs than in GRNs (Fig. 26).
Information about tastant identity cannot be present in the SON population if it isn’t
already present in the GRNs. This suggests that because SONs integrate the activity of
multiple types of GRNs, recording the activity of a small number of SONs becomes
equivalent to recording the activity of a very large set of GRNs.

Figure 26: SONs classify tastants more efficiently than GRNs. Comparison of 7 way
classification using the GRN population (n=83, green) and the SON population (n=13,
red). Both show mean +/- 95% confidence interval. (Black line) Chance classification
rate.
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3. DISCUSSION

Using a simple model system, I studied in detail how tastants are represented in
the population of GRNs, and how this information is processed by a postsynaptic neural
population. As we have seen, gustatory physiology has often been interpreted in terms of
‘basic tastes’ (BTs). In this paradigm, chemicals are associated with one or another BT
category, and the strategy for representing these categories is studied.
I was unable to interpret my results in terms of the BTs. Many GRNs responded
to some chemicals in a category, but not to others. Other GRNs responded to chemicals
associated with multiple categories. GRNs synapsed onto SONs that responded to tastants
in different categories than their presynaptic GRNs, and themselves were broadly
responsive across categories. In addition, moths produced different behaviors when
stimulated by chemicals associated with the same BT.
Rather than representing BT categories, either through dedicated neurons
(‘labeled lines’) or across a population of neurons (‘across fiber patterns’), I found that
the GRN and SON population contained tastant specific information. Different tastants
caused different but overlapping sets of neurons to respond with tastant specific temporal
patterns of activity. The tastant specific behavior of the moth suggests that neurons
downstream from GRNs and/or SONs make use of this information.
I propose that instead of representing a small number of tastant categories, the
gustatory system functions to uniquely represent a large range of chemicals. Although
often interpreted in terms of BTs, tastant specific human perceptions93,156, animal
behaviors81,131,157, and cellular responses131,133,149 have been reported in many animals. I
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believe that removing the BT interpretation from these and other studies clarifies the
findings, often without calling experimental results into question. The complexity of
gustation at all these levels makes it likely that any attempt to replace the BTs with some
other simple category scheme will also fail. More generally, a combinatorial code is
widely accepted as being used to uniquely represent a large range of stimuli in every
sensory system besides gustation5,6. My results suggest that gustation is no exception.
Do basic tastes exist in any context? As with all eliminative theories177, one can
take mine too far. I am not advocating that we remove basic taste words from everyday
use. The fact that we have inherited BT terms from thousands of years of humans
describing their gustatory perceptions suggests that the BTs align with human perception
much more than some arbitrary partition of tastant chemicals into 4 or 5 categories. What
I am advocating is that we do not rely on the BTs to define the limits of gustatory
perception. I see the BTs as rough umbrella terms that each cover areas of a high
dimensional perceptual space. As there are many tastants that cannot be described in
terms of BTs, the BTs do not constitute a basis set. And because some chemicals are
often described as having a taste associated with multiple BTs, we should view the BTs
as applying to partially overlapping subsets of perceptual space. In short I think about
using BT terms as similar to everyday words used to describe odors. We know that when
we describe a smell as “fruity”, “earthy”, or “savory”, we are not defining olfactory
perception exactly.
I am much more critical of applying the BTs to non-human animals. Here it seems
that there is little to be gained from the simplicity of the BT terms, and much to be lost.
The BT model obscures the wonderful diversity of animal gustatory behaviors. For
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example, my results show that moths extend their proboscis (generally considered an
attractive behavior) in response to sucrose, but not to other sugars. I think of the task of
gustatory neuroscience as one of explaining this diversity, and so employing BT
terminology to describe the neural basis of behavior at best oversimplifies, and at the
worst misleads.
Removing the BT interpretation from gustatory research and coming to terms
combinatorial coding is just one step towards understanding the gustatory system. The
next step is to determine the specific computations that the gustatory system performs. I
consider the modeling approach I applied to studying GRNs as a useful step along this
path. Hopefully future work will attempt to build encoding models of higher order
gustatory neurons. I view my study of SONs as a sketch of such a model, with the tastant
responses of SONs being viewed in terms of their GRN input. A proper encoding model
of SONs would take the form of a cascade of LNMs, with the tastant, passed through the
bank of GRN filters, acting as the input to an SON model. Such cascade models are an
area of active research168,178.
Of equal importance to building an accurate model of how tastant representations
are transformed as they move from one neural population to another is understanding the
reason such transformations take place. While the function of GRNs can be thought of as
transducing the presence of tastants into tastant specific information, SONs remain
largely mysterious. I have described how SON’s become more broadly responsive to
tastants by integrating the activity of multiple types of GRNs. SONs also respond with
seemingly more elaborate temporal patterns of spikes. This serves to make single SONs
more informative about tastant identity at faster speeds than single GRNs (Fig. 25). This
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is notable because it directly opposes the intuition that more narrowly tuned neurons are
able to provide an unambiguous signal faster than more broadly tuned neurons. It is
probable that these transformations possess additional significance that is presently
unclear. A fuller understanding of SONs will require the identification of 3rd order
gustatory neurons; only by studying how activity in a neural population is used by
postsynaptic population(s) can we accurately infer its function(s). Understanding 3rd
order gustatory neurons will in turn require an understanding of fourth order gustatory
neurons, which requires an understanding of fifth order neurons….Until we can build and
understand an encoding model of behavior, understood in terms of motor neurons,
understood in terms of interneurons, understood in terms of GRNs, we cannot say that we
truly understand gustatory information processing. There is a lot of work to be done.
One difficulty of coming to terms with combinatorial coding in the gustatory
system is that now, like in olfaction, we must admit that we do not know the
dimensionality of tastant space. A true understanding of either system will require us to
be able to predict how some new, never before tested, chemical will be represented in the
brain. This is almost trivial in low level vision or audition, where we know the stimulus
dimensionality. For example, if asked to predict the visual system’s response to some
novel stimulus, I might ask for the stimulus’ wavelength, intensity and position in retinal
coordinates. Knowing roughly how photoreceptors at different points in the retina
respond to such things, I would have some prediction of the initial visual response.
Presently, knowing how GRNs respond to sucrose, maltose, NaCl and caffeine doesn’t
tell me how they will respond to some new chemical, or mixture of chemicals.
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While some efforts of defining perceptual space have been made in both the
olfactory179 and gustatory26 system, the vast number of chemicals, each of which can be
perceived as different when used at different concentrations, or when combined in
mixtures, has prevented the creation of the kind of comprehensive model needed to build
encoding models in terms of perceptual space. And even if such a model were
constructed, it could not be applied to other animals. Thus, providing a systematic
account of these spaces seems very difficult.
Nevertheless, it seems likely that the perceptual space of tastants is much lower
than the number of stimuli that the system can represent. Indeed, it would be fascinating
to find sets of tastants that, presented at appropriate concentrations, always elicit the same
behaviors. For a given behavior, these sets will certainly be species specific. But if such
sets could be found, then it may be useful to describe the strategies used by the animal’s
nervous system to represent such tastants. In some ways this project would be similar to
an analysis of how the BTs are represented by the brain. But it would differ in several key
respects. It would acknowledge the species specificity of any findings. It would define
the mapping between tastants and behavioral categories after observing many behaviors,
not after observing a single behavior or establishing the mapping a priori. And it would
put these findings in terms of regularities of the combinatorial code for tastants.
Therefore, this project represents a logical next step, only possible after first establishing
the general code used by the gustatory system.
Lastly, the luckiest move I made in my work was to choose to study gustation in
moths. It is hard to think of a better animal in which to study the first stages of the
gustatory system: Manduca possess an extremely long proboscis, hold up very well
87

during long experiments, do not need to be anesthetized, are large enough to make
routine extracellular recordings from a nerve, the list goes on and on. It seems to me that
the price of not having as many general tools, like the ability to do genetic manipulations,
in this case has been more than overcome by the advantages of choosing this animal for
my specific problem. I imagine this could be a much more general phenomenon, where
every biological question is most easily answered by studying a particular animal model.
I doubt that this animal will always be a fly, mouse, fish, or monkey.
Even if this is not the case, and it is uniformly more difficult to study atypical model
animals, I think it is still worthwhile. For how can we tell a general principle of neural
information processing from a species specific quirk without studying and comparing a
wide range of animals?
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4. APPENDIX: SPIKE SORTING
Data was collected at 40 kHz (LabView software), amplified 3000 times, and
band pass filtered 300 Hz to 6000 Hz. Following the method of Pouzat et al.160, spike
sorting was performed by first building a set of template models representing every
neuron that was extracellularly recorded during an experiment, and then using these
models to classify all potential spiking events found in the recording. In order to build
the template models, the recorded data was preprocessed by smoothing with a 3 point box
filter, and normalized by channel specific mean absolute deviation. Spikes were initially
detected by extracting times where the preprocessed data crossed a user specified,
channel specific amplitude threshold. Putative spike waveforms were then extracted
using a user-defined temporal window to either side of the threshold crossing.
Waveforms were concatenated across channels, creating a single dimensional spike
waveform vector of length (number of samples) by (number of channels). All event
waveforms were individually “dejittered” around the mean event waveform event at subsampling resolution so that deviations from the mean were not simply a result of our
sampling frequency180.
In order to ensure that all waveforms in the template models corresponded to the
electrical activity of single neurons (and not, for example, the superposition of
waveforms from two different neurons), we excluded a small number of putative
superposition waveforms prior to further analysis. Waveforms generated from the
superposition of multiple neurons were expected to have peaks on either side of the
principle spike peak. To identify and exclude such superpositions, we defined a number
of standard deviations away from the median spike waveform. All waveforms that exceed
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this threshold were excluded as potential superpositions. For the remaining 'clean' data,
the spike waveform dimensionality was reduced using principle component analysis
(PCA) to allow for efficient clustering. We selected the number of principal components
(generally more than three) to project the data onto, using the shoulder of the scree plot
(cumulative proportion of variance accounted for as a function of the number of
eigenvectors used) as a guide. After looking at the event data projected onto the threedimensional subspace described by the three largest principle components, a user-defined
range of clusters was selected to consider for model selection.
Clustering of the event data was accomplished by using the expectation
maximization algorithm, for the user-defined range of clusters. The Bayesian Information
Criterion181 was used to perform model selection. Treating this automated clustering as a
starting point, we merged, split, or removed clusters as necessary, using several visual
projections of the data to assess the result of these operations. Three methods of visually
evaluating putative clusters included projecting the clustered data onto the first 3
principle components, visually inspecting the waveforms for each cluster, and projecting
each pair of clusters onto the 2 principle components that maximally separate that pair.
After reaching a satisfying set of cluster labels, the top 20% of outliers based on the
Mahalonobis distance for each cluster were removed in order to ensure that cluster means
were not biased by outlier waveforms.
The resultant mean waveforms (model centers) and an estimate of the noise
distribution of each recording channel were used to classify all spikes in the dataset, by
selecting the cluster mean (or superposition of two cluster means, see below) which
minimized the Mahalanobis distance of the residual waveform from the channel noise.
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Assuming Gaussian noise, the distribution of residuals (putative spiking event-cluster
mean) across all clusters was expected to follow a chi squared distribution. Spike
waveforms corresponding to residuals above the estimated chi-square 1% value were
marked as potential superpositions. Such waveforms were compared to a supermodel
containing every pair of model centers shifted at every possible time lag relative to each
other, as well as the original model centers. The potential superposition waveforms were
matched with their closest supermodel entries by again determining the model center that
left a minimal distance between the resulting residual and the estimation of the channel
noise.
After removing outliers , defined as the top 1% of from each cluster using
Mahalonobis distance, the classified clusters were evaluated visually for quality, with
consideration given to the standard deviation of the channel noise following removal of
putative spiking events, and the pairwise separation of clusters as determined by the
distance between means when projected along the axis defined by the Fischer linear
discriminant (FLD)160. Cluster quality was also quantitatively evaluated by estimating the
false positive and false negative rates162, composed of: the percent of spikes in each
cluster with waveforms falling below the threshold limit, the percentage of spikes
misclassified as belonging to another cluster, the percentage of spikes incorrectly
assigned to the current cluster, and the percentage of spikes that fall within an unphysiological inter spike interval (e.g. < 2 ms.). We typically required that the associated
type 1 and type 2 errors be below 5% in order for a cluster to be considered well isolated.
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