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Although tightly associated with prefrontal cortex (PFC), concrete cognitive flexibility
signals have historically been ill defined. One common test of cognitive flexibility involves reversal
learning, where the contingencies of discrete learned cues are enhanced or degraded, and an
individual subsequently must flexibly remap their behavior. This work presents meta-RPE
(mRPE), a cognitive flexibility signal that peaks in the middle of reversal behavior and represents
the average of repeated, concentrated errors over many trials. Allowing mRPE to modulate
canonical single-trial reward prediction errors (RPEs) expedites reversal learning and fits
observed animal behavior better than models with static learning rates. Using novel statistical and
imaging methods, this work identifies a subpopulation of neurons in prelimbic cortex (PL), a PFC
subregion, that selectively encode a contingency degradation-related mRPE sighal and can
directly modify RPE via preferential representation in projections to VTA. Otherwise stable PL
dynamics across reversal suggest the mRPE signal is unlikely attributable to representational
drift. Dopaminergic innervation to PL does not predict the mRPE signal, instead representing a
contingency elevation mRPE signal from elsewhere in the brain. Deriving mRPE and identifying
its neural correlate in the PL-VTA circuit represents a quantitative advance in the field’s

understanding of cognitive flexibility signaling within the prefrontal cortex.
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INTRODUCTION AND LITERATURE REVIEW
I. COGNITIVE FLEXIBILITY IN HEALTH AND DISEASE

We live in a volatile world where we must balance stable maintenance of value-guided
choices with the ability to adapt choice behavior when the valuation of an outcome changes.
Characterizing how the brain can flexibly degrade value of certain options while maintaining
others has relevance for many cognitive disorders, including addiction, as a persistent high-value
association between drug-related cues and drug taking is one of the main drivers of relapse (Sinha
& Li, 2007). Understanding how the brain can selectively learn to reduce the value of cued
outcomes is the first step towards future interventions that activate this circuitry to help individuals
with substance use disorder (SUD) achieve long-term reduction of drug taking without affecting
high value associations between other cue-outcome pairs.

When discussing contingency degradations of learned associations in response to
changing environments, it is important to begin with shared terminology. Contingency is the
predicted outcome or association between a cue or action and a reinforcing outcome. Outcomes
become predicted through learning. Learning is a sustained change in value-guided behavior and
can therefore be measured via changes in behavior. Cognitive flexibility is the ability to make
changes to existing learning and adapt behavior to changing contingencies in dynamic
environments. Contingency degradation is a specific subset of cognitive flexibility where behavior
must adapt to decreases in the magnitude of a predicted outcome. Contingency degradation can
be measured using reversal learning paradigms, which engage a specific type of cognitive
flexibility where the contingencies of two or more learned cues or behavioral strategies are
switched but all cues remain. Therefore, longitudinal characterization of how learned cue-reward
associations are represented in the brain across reversal learning paradigms can characterize

cognitive flexibility signaling. These definitions are summarized in the table below.



Table I-1: Definitions

Contingency The predicted outcome between a cue or action and a reinforcer

Learning A sustained change in value-guided behavior

The ability to make changes to existing learning and adapt behavior
to changing contingencies in dynamic environments

A specific type of cognitive flexibility where the contingencies of two
Reversal Learning or more learned cues or behavioral strategies must be switched but
all cues remain

Cognitive Flexibility

Deficits in cognitive flexibility have been reported in many human disorders, primarily via
the Wisconsin Card Sorting Test (WCST). Used as a gold standard to test executive function in
humans, the WCST asks a patient to match a given card to one of four (or more) other cards
available on the screen. Cards differ in color, shape, or number, and which dimension must be
employed for a successful match changes over the course of the session. Patients with cognitive
flexibility deficits struggle to adapt to changing rules (Kopp et al., 2021). As a reward for accurate
matching, patients are sometimes given small amounts of “money” per correct response, or at
minimum the hope that their doctor concludes they do not need additional treatment. Deficits in
WCST performance have been reported in many neuropsychiatric disorders including SUD
(Faustino et al., 2021), schizoaffective disorders (Rady et al., 2012), bipolar disorder (Fleck et al.,
2008), autism (Landry & Al-Taie, 2016), OCD (Henry, 2006), and, to a lesser extent, ADHD
(Romine et al., 2004). Almost universally, affected patients struggle with perseverative errors—
repeated responses to the previously rewarded dimension after a contingency reversal (Miles et
al., 2021). This error profile suggests that the patients struggle to degrade the associated
contingencies of outcomes predicted from the previous dimension. Thus, understanding the
neural circuitry that underlies contingency degradation will act as an important first step towards
future interventions to improve cognitive flexibility in individuals suffering from a wide scope of
diseases, including SUD.

Human neuroimaging has provided some insight into the circuitry that may be responsible

for contingency degradation. Studies imaging during the WCST repeatedly report high levels of



activation in the prefrontal cortex (PFC) during flexibility, most significantly in the anterior cingulate
cortex (ACC, area 32) and orbitofrontal cortex (OFC) (for review see (Monchi et al., 2001)). Lesion
studies likewise recapitulate the importance of the PFC for WCST performance and subsequently
cognitive flexibility (for review see (Glascher et al., 2019)). Beyond recording activations and
lesion consequences, it is difficult to dissect the neural circuitry that may underlie these functions,
necessitating animal models. Non-human primate analogs of the PFC share high projection and
cytoarchitectural similarity to humans (for review see (Levy, 2024)) and generally display
activation of the same regions (Premereur et al., 2018). Electrical recordings have given some
insight into the relationship between cellular firing on individual days in well trained animals and
task parameters (for review see (Klein-Fligge et al., 2022)), but large-scale behavioral
interventions are difficult in primates. Rodents are much more tractable for large-scale longitudinal
cellular and behavioral recordings during cognitive flexibility.

Although somewhat controversial, rodents do seem to have a prefrontal cortex (for review
see (Laubach et al., 2018)). The primary point of dispute lies in a lack of rodent cytoarchitectural
homology for the granular portions of the primate PFC (Laubach et al., 2018). Rodent PFC
contains a number of subregions, medially including ACC, prelimbic cortex (PL), and infralimbic
cortex (IL), and laterally subdivisions of the OFC (Paxinos & Franklin, 2019). Cytoarchitecturally,
ACC, PL, and IL all lie within what primate researchers call ACC (Laubach et al., 2018), though
they also share functional connectivity that is also similar with granular portions of primate medial
PFC (Heilbronner et al., 2016). The strongest analog via both cytoarchitectural and projection-
based classification is PL for primate area 32, which is reflected in newer versions of the mouse
atlas (Laubach et al., 2018; Paxinos & Franklin, 2019). Fortunately, area 32 (hereafter referred to
as PL) is also one of the most activated regions in humans and primates across cognitive
flexibility studies (Monchi et al., 2001; Premereur et al., 2018), easily allowing more granular

flexibility studies in rodent models.



Across species, PFC is a layered structure largely composed of pyramidal neurons
intermixed with interneurons. Pyramidal neurons in the medial PFC (mPFC) receive input from
many nodes in reward-learning circuitry including the ventral tegmental area (VTA), basolateral
amygdala (BLA), and hippocampus, in addition to other cortical regions and the thalamus
(Anastasiades & Carter, 2021). Excitatory in nature, pyramidal neurons in PL project back to many
of these same structures, including VTA (~10%), BLA (~10%), hippocampus and thalamus (40%),
as well as regions of the ventral striatum (~20%), in addition to other cortical areas (Anastasiades
& Carter, 2021; Gabbott et al., 2005). These projections are generally divided into two large
classes based on their projections within (intra-telencephalic, IT) or out of (pyramidal tract, PT)
the cortex, and are spatially intermixed (Dembrow et al., 2010). Although human studies have
implicated PL and OFC activation in cognitive flexibility behaviors, they cannot directly test where
these signals are sent or how they are represented at the single-cell level. Adapting the WCST
for animal models, especially rodents, allows for more granular dissection of cognitive flexibility
signals within the PFC. Dissecting flexibility signals is an important first step towards future studies
that may induce increased cognitive flexibility in individuals effected by many neuropsychiatric
disorders, including SUD.

Il. TESTING PREFRONTAL COGNITIVE FLEXIBILITY IN ANIMAL MODELS

In order to better understand the neural mechanisms that underlie cognitive flexibility,
researchers have developed an array of cognitive flexibility tests that can be performed by
animals. Cognitive flexibility tasks in animal models generally involve an initial association
between sensory cues or spatial behavioral strategies and the probability of cue-associated
reward delivery that is abruptly changed once the initial contingencies are well learned. The
simplest forms involve two cues or spatial strategies, one 100% reward predictive, and one 0%
reward predictive, that switch contingencies—or reverse—after an initial learning period. Since
this task structure is relatively simple, there is a strong homology between rodent, primate, and

human iterations of reversal learning tasks. In a more complicated form, researchers adapt the
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WCST for animals (for review see (Izquierdo et al., 2017)). Primates perform a very similar version
to the human task with virtual cards on a touch screen, while rodent adaptations are built more
directly from simple paradigms. Rodent analogs of the WCST usually involve two bowils filled with
differently scented and textured bedding, with one hiding a reward that must be dug out. After
animals reliably dig in the correct odor cued bowl, rules can be changed on the following axes:
odor-odor, where animals must dig in the other scented bowl for the treat, or odor-texture, where
animals must ignore odor cues and pay attention to bedding texture, or texture-texture, where
which bedding texture contains the treat is switched. Odor-odor or texture-texture transformations
are deemed “intradimensional shifts”, while odor-texture or texture-odor shifts are categorized as
“extradimensional shifts” (for review see (Izquierdo et al., 2017)). The degree to which these
differences in shifting are meaningful is not well characterized, and difficult to dissociate from
other task parameters including discrimination difficulty. Nevertheless, a combination of simple
reversal and modified WCST analogs have been used to probe the neural underpinnings of
reversal learning in many animal models.

Studies of prefrontal contributions to cognitive flexibility have largely centered around the
OFC. One of the more lateral regions of the PFC, OFC contains strong reciprocal connectivity
with the hippocampus, and has been postulated to be involved in modifying and/or containing
maps of task or value spaces (Padoa-Schioppa, 2007; Schoenbaum et al., 2009; Wikenheiser &
Schoenbaum, 2016; Wilson et al., 2014). OFC lesions impair reversal learning in simple task
paradigms, including visual, auditory, spatial, and operant reversals in primates and auditory,
visual, olfactory, tactile, and spatial reversals in rodents (for review see (Izquierdo et al., 2017)).
In some cases, OFC silencing completely abolishes the ability of animals to adapt their behavior
to new contingencies in a reversal task (Banerjee et al., 2020). Observations of orbitofrontal
necessity for reversal learning have precipitated a number of more recent computationally driven
studies where single neurons are tracked across learning to assess their roles across acquisition
stages. Studies of OFC’s role during acquisition of cue-reward associations suggest that OFC’s
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importance in reversals may lie in detecting that a change has occurred to reward contingencies
within the landscape. In simple Pavlovian learning, longitudinally tracked orbitofrontal ensembles
show high activity early in learning, but have a minimal, blunted response once the task is well
learned (Namboodiri et al., 2021; P. Y. Wang et al., 2020). This observation has led to the theory
that OFC may act as a gate for learning that expedites the learning rate when new cue-reward
contingencies must be learned (Namboodiri et al., 2021). Analysis of learning patterns revealed
that OFC appears to learn retrospectively from unpredicted reward deliveries (Namboodiri et al.,
2021). The observation that OFC activity is related to the unfamiliarity in presentation of a reward
following an associated cue suggests that one would expect OFC activity to be high once again
immediately following a contingency reversal when animals first experience unpredicted reward
deliveries from the new contingencies.

Longitudinal recordings of orbitofrontal neurons across a tactile reversal of go/no-go
whisked texture cues suggest that OFC activity is indeed highest immediately following
contingency reversal. Banerjee and colleagues established that the OFC is specifically necessary

for the reversal phase of this task: receptor-mediated OFC d Toxdure
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contingencies taking an additional several days (Fig. I-1). OFC also responds to new ‘hit’ trials as
animals begin to respond to the new, reversed, go contingency but the amplitude is nearly half
that of false alarm trials (Banerjee et al., 2020). This observation is somewhat at odds with the
theory that OFC responding is primarily reward driven, since activity is highest at unexpected
omissions. Regardless, it still supports the general idea that OFC activity is highest when cue-
reward associations do not follow a familiar pattern, and that as a new pattern becomes more
familiar, OFC activity reduces.

Blocking the OFC signal in this task prevented remodeling of S1 ensembles for preferential
go-cue activation and the development of reversed behavioral contingencies (Banerjee et al.,
2020) Somewhat in contrast, a different study using an odor reversal task revealed similar high
OFC activation at the start of the contingency reversal, but did not find evidence of activity
remodeling in piriform (odor sensory) cortex (P. Y. Wang et al., 2020). Taken together, these
studies suggest a vital role for OFC signaling at the onset of unfamiliar cue-reward contingencies,
including unexpected contingency reversal. Such a role is somewhat consistent with a trial-by-
trial reward prediction error (RPE) framework: RPE is highest in magnitude for the unexpected
rewards and omissions that occur immediately following the contingency reversal, as is OFC
activity. However, OFC activity reduces too quickly following the reversal for its activity to be
completely explained by RPE, as the animal’'s behavior takes days or weeks, not a handful of
trials, to fully remap to the new contingencies.

This targeted role for OFC at the beginning of contingency reversal leaves open a
fundamental question for reversal learning and cognitive flexibility: what neural circuitry is
responsible for supporting behavioral remapping to reversed cue contingencies over the days it

takes to remap to stable behavior? Such a role may be fulfilled by the nearby prelimbic cortex.
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Ill. BEHAVIORAL EVIDENCE FOR THE INVOLVEMENT OF PRELIMBIC CORTEX IN COGNITIVE
FLEXIBILITY

Unlike the nearby OFC, the role of the more medial PL in cognitive flexibility-driven
behaviors like reversal learning remains unresolved. This hinges largely upon discrepancies
(Izquierdo et al., 2017) in the findings of rodent behavioral lesion studies where transient optical,
chemical or permanent surgical lesion of PL can impair, facilitate, or have no effect on how quickly
animals can adapt to changes in their task structure, environment, or state. However, analysis of
similarities between studies that report equivalent lesion effects reveals a discernable subset of
reversal learning behaviors that require PL.

Studies that report impairments in reversal learning following PL lesion have a diversity of
task conditions. In 1997, Bussey and colleagues repeatedly presented rats with a randomly
ordered pair of visual stimuli that matched in size, shape, and luminance but differed in color. A
nosepoke in the port adjacent to the rewarded stimulus (S+) achieved delivery of a sucrose pellet,
while a poke towards the unrewarded stimulus (S-) achieved nothing. After animals poked for the
correct stimulus 85% of the time in two consecutive sessions, the identities of the S+ and S-
stimuli were reversed. Before the rats began the task, researchers removed the medial frontal
cortex (lesion maps largely overlap with PL, with some inclusion of IL), ACC, or performed a
surgical sham for control animals. All rats learned the initial contingency at comparable speeds.
However, when S+ and S- were reversed, the PL lesioned rats took almost twice as long to reach
the success criteria when compared to the ACC and sham rats. Researchers noticed that all
animals performed equally poorly immediately following reversal, but PL lesioned rats needed
thousands more trials than ACC or sham rats to prevent sliding back to a pattern of responding
to the previous cue contingencies (Bussey et al., 1997).

Other research with more modern techniques, using optogenetics for transient and
reversible lesions of PL, has reported similar results. Bir6 and colleagues trained mice to run in

virtual reality towards a circle with a hashed pattern instead of a solid, filled circle in order to
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achieve a sucrose reward until they chose the patterned stimulus 90% of the time in a given
session. Next, the task rules were switched such that mice had to run towards the larger of the
two circles, ignoring the pattern. Before training, researchers injected mice bilaterally with an
excitatory opsin in PL interneurons, which subsequently inhibit PL pyramidal neurons. The
inhibited mice learned the initial contingency as quickly as their non-inhibited counterparts even
when they experienced PL inhibition during and following reward delivery, but when the rule
switch occurred inhibited animals took over twice as long to reach criteria for the new
contingencies. More granular analysis of their behavior revealed that inhibited animals did not
take longer to respond to ‘conflict’ trials (where the new and old rules were at odds) and instead
responded much faster, but often to the old contingencies (Biré et al., 2019). Other studies
involving visual gratings (Bussey et al., 1997; Chudasama & Robbins, 2003; Nakayama et al.,
2018), patterns (Brigman & Rothblat, 2008), colors (Baker & Ragozzino, 2014), or transitions from
visual to auditory cues (Haddon & Killcross, 2006; Marton et al., 2018), are affected similarly by
PL lesions: animals learn the initial contingencies without deficits, but struggle to adapt to changes
in stimulus contingency within their environment.

PL lesion effects are not unique to visual stimuli. Animals struggle to adapt to changing
stimulus contingencies between odors and textures (Birrell & Brown, 2000; Mukherjee & Caroni,
2018; Ragozzino et al., 2003), or extended levers (De Bruin et al., 2000; Kosaki & Watanabe,
2012) in the same way as visual stimuli. Transitions from cued to spatial task strategies, where
the animal must transition from using external cues to an internal orientation system to always
turn to a particular side (Oualian & Gisquet-Verrier, 2010; Ragozzino et al., 1999; Rich & Shapiro,
2007; Seamans et al., 1995; Young & Shapiro, 2009), cardinal direction (Ragozzino et al., 1999;
Rich & Shapiro, 2007; Young & Shapiro, 2009), or reward dish (Birrell & Brown, 2000; Mukherjee
& Caroni, 2018; Ragozzino et al., 2003) are likewise affected. Notably, transitions from a spatial
to a cued strategy do not seem to be affected by PL lesion in the same manner. This phenomenon
is well demonstrated by Oualian and colleagues. When they first trained rats to go to the brighter
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illuminated arm of a two-arm y-maze to receive a reward and then reversed the task rules such
that rats should always travel to the right (or left) arm to receive a reward, PL lesions impaired
reversal. However, when rats were first trained to travel to the right (or left) arm, and then task
rules reversed to travel to the brighter arm, PL lesions had no effect on reversal behavior. Similar
reports have been reported by other groups (Floresco et al., 2008). Taken together, these studies
suggest PL lesion effects preferentially effect transitions from previous task strategies that employ
cue-reward associations, but not strategies that rely only on internal spatial orientation.

If a task must have discrete, external cue-reward associations to engage PL, it follows that
other tasks that employ internally guided spatial tasks would not report impacts of PL lesions on
reversal learning. This conclusion is supported by the literature. Lesions to PL do not have an
effect on transitions between spatial only strategies, most often evaluated via switching between
side and cardinal direction turning (Boulougouris et al., 2007; Ragozzino et al., 1999; Young &
Shapiro, 2009). A notable exception to this is a report that PL inactivation impairs reversal learning
in the Morris water maze when the platform is moved after its location is well learned(Latif-
Hernandez et al., 2016). One interpretation of this discrepancy is that mice use sensory cues
within the chamber or testing room, instead of an internal spatial model, to predict the platform
location. The notion that the Morris water maze task uses cues for navigation is congruent with
both the original description of the task, and other review literature (Morris, 1981; Othman et al.,
2022; Vorhees & Williams, 2006). When the maze is enclosed by blackout curtains that prevent
accessing distal cues from the experimental room, animal performance suffers (Morris, 1981,
Williams et al., 2003), suggesting a reliance on distal cues for task performance. Although the
water maze does not have the same discrete cues delivered purposefully in the task context, its
link with reliance on distal cues within the room to predict platform location (and reward animals
with a break from swimming at risk of drowning) evokes strong similarities to the aforementioned

tasks reversing from more canonical cue-reward associations that are impaired with PL lesion.

15



A subset of studies involving cue-guided reversals track animal’s behavior across multiple
contingency switches. Notably, PL effects are strongest, and often only significant, the first time
an animal experiences a reversal of a given contingency, whether from a visual cue (Bussey et
al., 1997; Oualian & Gisquet-Verrier, 2010) or extended lever (De Bruin et al., 2000). A targeted
importance for PL involvement in the first contingency reversal suggests studies that pre-train
animals with multiple reversals before recording may overlook intitial PL involvement. In support
of this, animals that are well trained on visual discrimination (Hervig et al., 2020; McAllister et al.,
2015) or lever-guided (Dalton et al., 2016) tasks before lesion do not display reversal impairments.
Why PL seems to have preferential importance for early experiences of contingency reversals
remains to be discovered. Perhaps its importance lies in constructing or shaping downstream
circuitry to be able to switch between task states, and once state sets are thereby generated,
other brain areas toggle between constructed states following surprise signals, perhaps from
OFC. Exactly where task state signals reside likewise remains unresolved, though several brain
areas have been postulated including OFC, hippocampus, ACC, and amygdlar structures (see
(Izquierdo et al., 2017)).

There appears to be a correlation between cue-discrimination difficulty and the number of
reversals for which PL is needed. In addition to assessing reversals between size- and luminance-
matched colored shapes, Bussey and colleagues also assessed reversal of shapes that were
easier to discriminate. To aid discriminability, cues consisted of two consistent circles with
different sizes, colors, patterns, and borders (smooth vs jagged). When rats with medial frontal
cortex lesions were asked to reverse responding to the two shapes, PL lesions no longer had an
effect on the speed of reversals (Bussey et al., 1997). Brigman and Rothblat observed similar
results in mice. When asked to discriminate between shapes with different patterns, where lines
in one direction predicted reward while lines in another direction did not, PL lesions significantly
impair the speed by which the mice were able to adapt their behavior to reversal of the pattern-
reward contingencies. Conversely, when asked to reverse predicted reward contingencies
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between a black shape and a white shape, both presented on a gray background, PL lesions had
no effect (Brigman & Rothblat, 2008).The notion that there is a threshold of cue or task complexity
required to engage PL is supported by other experimental data, as switching from distinct, non-
probabilistic odor cues is likewise not impacted by PL inactivation (Birrell & Brown, 2000;
Mukherjee & Caroni, 2018) and accomplished in only a handful of trials, as would be expected
from an easy task. These results suggest a possible alternate explanation of the spatial-only and
pre-training findings: that the tasks are too simple to require PL. The majority of internally guided
spatial tasks that have been used to assess the link between PL and reversal behavior utilize
short behavioral motifs that largely consist of turning in a particular direction. As animals perfom
simple turns that orient to different directions hundreds, if not thousands, of times per day,
performing basic modifications to such a behavior may be so simple and innate that it is baked
into neural circuitry that predates the emeregence of prefrontal cortex. Similarly, it is possible that
when animals have experienced the same contingency reversal multiple times, the percieved
complexity of the task decreases below the PL threshold since animals are familiar with dynamic
changes in the environment, and have experienced identical changes previously. This
interpretation suggests the existence of a hierarchy of neural circuitry for cognitive flexibility:
something outside the prefrontal cortex for very simple tasks, and specialized prefrontal circuitry
that activates once a complexity threshold is reached. Observations that the nearby OFC is still
needed to reverse contingencies in tasks regardless of complexity (lzquierdo et al., 2017) is
somewhat at odds with this interpretation.

Analysis of the error profile that results from PL lesions supports the idea that PL plays an
active role in the construction of new ‘states’ or sets following contingency reversals. Whether
animals switch from visual cues (Baker & Ragozzino, 2014, Bir0 et al., 2019; Floresco et al., 2008;
Haddon & Killcross, 2006; Marton et al., 2018; Oualian & Gisquet-Verrier, 2010), texture cues
(Spellman et al., 2021), levers (De Bruin et al., 2000; Kosaki & Watanabe, 2012), or navigating a
Morris water maze (Latif-Hernandez et al., 2016), PL lesions extend responding to the previously
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reinforced cue far past the contingency switch. This error profile, termed preservative or
regressive error, in which animals consistently slide back into responding to the previously
reinforced cue-reward association, suggests that PL may play a direct role in transitioning cued-
responding away from the original and towards new contingencies. In support of this, studies of
rats with particularly large prelimbic lesions report that animals can go days before they stop
responding to the previous reinforcer (Rich & Shapiro, 2007; Young & Shapiro, 2009) even if they
make progress towards the new contingency on a given day. This, when coupled with orbitofrontal
data (see section Il), suggests that animals are able to detect that a change in their environment
has occurred (since OFC is intact) and make some progress in reacting to the change, but without
PL that change is unable to persist to and be built upon in subsequent sessions until many days
have passed. Such an impairment is consistent with the idea that PL circuitry, although perhaps
not necessary to detect an initial change in the environment, is nheeded to expedite construction
of a stable set or state of responding to the new cue contingencies. That this impairment seems
specific to degradation of the previous contingency suggests that the mechanism of PL action to
facilitate reversal behavior may rely more strongly upon modulation of negative reward prediction

errors to facilitate contingency degradation, though this has yet to be tested directly.
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IV. CUE REPRESENTATIONS IN PRELIMBIC CORTEX

Behavioral evidence suggests a fundamental role for PL in the degradation of cue-reward
associations following contingency reversals. Understanding how cue representations are first
constructed in PL is a vital first step to characterize how they are degraded during reversal
learning. A small number of longitudinally tracked studies have quantified cue acquisition
dynamics within PL. Otis and colleagues tracked PL pyramidal neurons across early and late
stages of acquisition of a simple discrimination between tone cues with deterministic reward
prediction. Before learning, only 3% of neurons displayed firing specificity for the future reward-
paired cue (CS+) or non-reward-paired cue (CS-). Notably, once the contingencies were well
learned, 34% of neurons fired preferentially for the CS+, while CS- coding remained around 3%
(COtis et al., 2017). Wang and colleagues took this finding one step further in a paradigm with 2
CS+ and CS- cues. Looking only at cue-period, PL activity was able to decode CS+ from CS-
trials over many days, and equally well between the two CS+ cues due to a similar shared activity
profile (P. Y. Wang et al., 2020). Taken together, these results suggest PL displays stable,
preferential encoding of reward-predictive cues within a single task context. This selective coding
for the reward-paired cue could explain why PL lesion effects seem specific to degradation of

reward paired cues: PL can only modify the information it contains, which is CS+ specific.

Electrical recordings of untracked PL populations provide preliminary evidence for whether
this stable encoding extends across contexts following contingency reversal. In a study of serial
reversals, Guise and Shaprio found they could reliably decode which of the two task states a rat
was in from consistently shared elements of population activity and that decoding performance
was strongest in rats that performed the task most accurately (Guise & Shapiro, 2017). This
suggests that even after multiple contingency reversals, population activity reliably returns to a
stable state space. Stable population coding before and after reversal has been observed by

others, including Powell and Reddish who noted a distinct “disorganization” of PL dynamics during
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the reversal period that contrasted with consistent dynamics before and after the reversal (Powell
& Redish, 2016). Rich and Shapiro also observed stable pre- and post- reversal dynamics that
could decode the task state, and more notably that the decoding shift from PL dynamics occurred
before the rats began to reliably change their behavior to respond to the new contingencies and
increased in strength over many trials (Rich & Shapiro, 2009). Comparable to others, Karlsson
and colleagues observed a relatively stable period of population activity during stable days, and
a “more volatile” (higher gamma) pattern of firing during behavioral change. What this volatility
can be attributed to within the reversal remains unresolved. Like Rich and Shapiro, they observed
that this change in firing preceded behavioral change, and added that it cannot be predicted or
decoded from any characteristics of the current or previous trial (Karlsson et al., 2012). While
most studies report a gradual shift between representations of task state, Durstewitz and
colleagues suggest the transition is “rapid” from Bayesian modeling of task parameters
(Durstewitz et al., 2010), though examination of their example data suggests that their model
transitions much faster than the actual neural population dynamics. Taken together, this evidence
suggests that PL encoding may be more stable within contexts than across them. Unfortunately,
none of these studies looked at cue-encoding directly, but when paired with other evidence, they
suggest that there is a stable PL population state before the reversal, which may be cue-related.
Exactly what changes about this state, and whether reward-paired cue encoding is related to the

changing states remains unresolved.

Studies of extradimensional shifting across cue modalities provide additional preliminary
evidence that there may be a stable cue representation across task states and contexts in PL. In
tasks where a cue indicated whether to lick left or right to receive reward, Bari and colleagues
observed a cue-locked value code within PL neurons projecting to the DMS that consisted of a
mix of relative value firing that persisted until the next trial, and absolute value firing that decayed

during the inter-trial interval (Bari et al., 2019). Bissonette and Roesch also observed that cue
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representations comprising about 30% of the population shifted from preferentially encoding light
stimuli to encoding the new reward-predictive odor stimuli as animals adapted to the contingency
reversal over days (Bissonette & Roesch, 2015). Marton and colleagues observed a similar shift
in PL firing in high frequency bands to audio cues when mice switched from previously rewarded
visual cues. (Marton et al., 2018). Whether this shift occurred within a stable subpopulation of
neurons or is the source of the differential state decoding observed by others remained somewhat
unresolved until recently. In a tracked single-cell imaging study, Reinert and colleagues found a
subpopulation of PL neurons that preferentially activated toward go cues regardless of rule in a
task that required shifting between visual grating rules. Notably, while both contexts had cells that
represented the no-go cues, these cells did not generalize across contexts (Reinert et al., 2021).
A second tracked single-cell imaging study where mice shifted between texture and odor go cues
reports similar results in high task-locked activity correlations between cue cells to both texture
and odor cues when they were reward predictive (Spellman et al., 2021). Taken together, these
results support the presence of a neural population in PL that retains stable reward-paired cue
encoding across state changes. Whether this population is universal across contexts not linked
by a reversal or shift of cue contingencies remains unknown. The existence of such a finding
could somewhat uniquely situate PL as the seat of a universal lookup table of cues associated
with a given reward, which could explain why its lesion impairs degradation of high-value cues
specifically. If the current state of the lookup table cannot be accessed, it is possible that animals
default to the last accessed values, perseverating to the old cues for some time. However, it is
also possible, and more likely, that behavior lesion effects do not result from an inability to access
cue-reward associations (as cue locked behavior remains) but from an inability to modify the

predictive power of cues previously paired with reward.

There is preliminary evidence of a PL population that specifically activates during the

contingency reversal. When Bissonette and Roesch separated out “conflict” trials, where new
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odor and old light rules were at odds, they found a unique firing increase in 11% of neurons
(Bissonette & Roesch, 2015). Malagon-Vina and colleagues also observed a population with
increased firing to “bad behavioral performance” during the reversal, that was distinct from the
population that fired during “good behavioral performance” (i.e. stability) (Malagon-Vina et al.,
2018). Rich and Shapiro identify one single unit with firing that parallels the “proportion [of]
incorrect” choices during the reversal (Rich & Shapiro, 2009). The relationship of these “conflict”,
“incorrect” or “poor performance” neurons to the “volatility” Karlsson et al. or “disorganization” that
Powell et al. observed remains unknown, though their sudden appearance in PL following
contingency reversal could explain poor decoding during behavioral transition. Although a
reversal-specific PL population has been noticed by multiple groups, how it is activated, how its
dynamics shift over time, how it interacts with other populations in PL, and its causal relationship

to reversal behavior remains enigmatic
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V. CATECHOLAMINERGIC INNERVATION OF PRELIMBIC CORTEX DURING COGNITIVE
FLEXIBILITY

The source of PL activation during reversal has not been studied at length. However, the
contribution of the catecholaminergic neurotransmitter dopamine, implicated in many forms of
learning (for review see (Wise, 2004)), to reversal learning has been studied and may provide an
explanatory mechanism. Of particular note, van der Meulen and colleagues performed
microdialysis of mPFC dopamine before, during, and after a simple contingency reversal.
Microdialysis is a technique that temporarily extracts the interstitial fluid between cells, and
measures neurotransmitter levels in the sample via examination of unique molecular properties
(for review see (Mdiller, 2002)). van der Meulen et al. detected minimal dopamine levels in mPFC
during stable behavior, but noticed a sharp and significant rise during contingency reversal
compared to controls that did not reverse. Of note, levels of norepinephrine, another
catecholaminergic neurotransmitter associated with learning (for review see (Harley, 2004)) did
not rise with reversal (van der Meulen et al., 2007). An important caveat is that microdialysis
measurements are slow compared to learning trials (minutes vs. seconds), and therefore cannot
be related to reversal behavior in a time-locked manner. A second-by-second profile of PL
dopamine release during reversal learning would allow a more thorough dissection of how
dopaminergic release in PL during reversal impacts behavior but has not yet been performed.
Nevertheless, van der Meulen et al.’s dopamine increase during reversal could drive the increase
in PL cells associated with reversal learning, though this has yet to be tested directly.

Local release of dopamine can impact neural activity in multiple ways. Dopamine primarily
signals through two families of receptors, the D1 family of Gs- protein coupled receptors, which
generate excitatory cAMP via increased adenylyl cyclase activation, and the D2 family of Gio-
coupled receptors that inhibit adenylyl cyclase and subsequently cellular activity. Altogether, five
dopamine receptors have been identified, with the D1 family consisting of D1 and D5 receptors,

and the D2 family consisting of D2, D3, and D4 receptors. Located exclusively postsynaptically,

23



D1-family receptors (D1Rs) excite neurons in their target area following local dopamine release.
Somewhat in contrast, D2-family receptors (D2Rs) are located both pre- and postsynaptically and
inhibit both dopaminergic target and source neurons (for dopamine receptor review, see (Beaulieu
& Gainetdinov, 2011)). Thus, van der Meulen et al.’s reported rising levels of dopamine in PL
could potentially both excite and/or inhibit the activity of PL pyramidal neurons during contingency
reversal depending on which receptors they express.

The distribution of D1Rs and D2Rs within mPFC has been characterized. Using
fluorescently tagged agonists, Vincent and colleagues revealed that the majority of prefrontal
dopamine receptors are in pyramidal neurons (91% for D1Rs and 78% of D2Rs). Within neurons,
receptors were densest in mPFC output layers, where 22% of neurons expressed D1Rs and 47%
D2Rs (Vincent et al., 1993). LeMoine and Gaspar report a similarly high density of dopamine
receptors within mPFC layers V and VI (Le Moine & Gaspar, 1998). In contrast to Vincent et al.,
Santana and colleagues report that D2Rs localize to pyramidal neurons only, while D1Rs have
mixed distribution across pyramidal and interneurons (Santana et al., 2009). With regards to PFC
dopaminergic input, electron microscopy studies report the highest innervation density in PL (Van
Eden et al., 1987). Like dopamine receptors, input fibers are strongest to deep projection layers
V (Van Eden et al., 1987) or V/VI (Descarries et al., 1987). More recent studies using retrobeads
in thalamus and corpus callosum have revealed that D2R-containing pyramidal neurons in PL
exclusively project out of the cortex, while D1R neurons show mixed selectivity (Gee et al., 2012).
Taken together, these histological findings suggest that dopamine may play a role in modulating
output neurons within PL.

How dopamine receptor activation impacts pyramidal neuron activity in the mPFC has
been extensively studied ex-vivo. Low concentrations of dopamine significantly increase spiking
activity, while high dopamine levels inhibit mPFC neurons (Trantham-Davidson et al., 2004,
Zheng et al., 1999). Applying D2R antagonists abolishes the inhibitory effect of dopamine at high
levels (Seamans, Gorelova, et al., 2001; Tseng & O’'Donnell, 2004; Zheng et al., 1999), while D1
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agonists block any dopamine-mediated spiking increases (Seamans, Durstewitz, et al., 2001; J.
Wang & O’Donnell, 2001). Experiments blocking D1Rs report that dopamine can still interact with
D2Rs and decrease spiking at low concentrations (Otani et al., 1998; Seamans, Gorelova, et al.,
2001; X. Wang et al., 2003). Taken together, these results suggest that dopaminergic interactions
with D1Rs dominate signaling at low concentrations, but are overtaken by interactions with D2Rs
at higher concentrations (Trantham-Davidson et al., 2004). As these studies occurred in cut brain
slices, the consequences of changing dopamine receptor interactions on behavior could not be
assessed directly.

The contribution of dopamine release and receptor signaling to cognitive flexibility in
vivo has been well categorized at the behavioral level. The effects of D1R-modulation are
inconsistent, with some studies reporting increased errors (lzquierdo et al., 2006; Ragozzino,
2002), while others report no effects (Alsio et al., 2019). In contrast, when injected at the start of
contingency reversal, D2R antagonists reliably impair reversals (Alsio et al., 2019; Boulougouris
et al., 2009), as do D2R knockouts (DeSteno & Schmauss, 2009; Kruzich et al., 2006; Kruzich &
Grandy, 2004), with an error profile marked by perseverative errors (Alsio et al., 2019; Kruzich et
al., 2006). The similarity of this phenotype to that of PL lesion was not lost on researchers. In
brainwide activation scans, D2-KO mice display reduced activation of the mPFC, including PL,
following reversal (DeSteno & Schmauss, 2009), and in healthy mice, D2R expression in the
mPFC is positively correlated with reversal performance (Laughlin et al., 2011). Local
administration of D2R-antagonists in PL significantly increases perseverative errors and
performance during early reversal (Floresco et al., 2006). This effect seems to be specific to D2
signaling in target regions, as D2 deletion from dopaminergic neurons does not significantly impair
reversal (Linden et al., 2018). Taken together, these results suggest that the ability of dopamine
to activate D2Rs in PL is necessary for reversal. When coupled with the ex vivo studies of
dopamine-receptor dynamics, this implies that dopamine-mediated activity decreases may be
more important than dopamine-mediated increases on PL activity during reversal. This
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interpretation is somewhat at odds with reported firing increases in a subpopulation of PL neurons
during reversal (see section V). Given this, it is possible that falling dopamine concentrations
from the negative RPEs that result from selecting previously, but no longer, rewarded cued
outcomes facilitate PL activations via falling D2R- mediated inhibitions. Studies correlating trial-

locked dopamine levels and PL neural activity are needed to test if this may be the case.

VI. SUMMARY AND HYPOTHESIS

Research across species has implicated a vital role for the prefrontal cortex (PFC) in
cognitive flexibility behaviors. The orbitofrontal cortex (OFC) within the lateral PFC appears to
play a vital role in early detection of changing environmental contingencies, but how animals
subsequently remap their behavior to new contingencies has remained elusive. Rodent
behavioral studies have also implicated the nearby prelimbic cortex (PL) in cognitive flexibility
behaviors, perhaps specifically surrounding learning from errors following repeated reward
omissions. Recordings of PL population activity during contingency reversals have detected
elevations in population activity that persist until behavioral performance has stabilized. Thus, a
major goal of this work is to longitudinally categorize PL activity across contingency reversal, with
the hypothesis that there will be a subpopulation of PL neurons that activates specifically to
repeated unexpected reward omissions. Since dopamine release in PL is also elevated following
contingency reversal, we will characterize PL dopamine dynamics across reversal behavior and
compare with PL neural dynamics to test the hypothesis that dopamine release in PL may provide
an explanatory mechanism for elevations in PL activity during reversal. Understanding
contingency reversal in PL mechanistically at the single-cell level is an important step towards
future activations of this circuitry to promote cognitive flexibility in disorders with cognitive flexibility

impairments, including substance use disorder.
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CHAPTER 1: NEW METHODS AND GENERAL EXPERIMENTAL PROTOCOLS

Successful investigation of neural correlates of contingency reversal in prelimbic cortex
(PL) required methodological advancements. First, large neural populations needed to be
longitudinally trackable across learning. Since it is extremely difficult to reliably track neurons
across days using electrophysiological methods (Yuan et al., 2024), optical-based approaches
are needed where cells are directly visualized across days and matched using similar morphology
and position in the field of view (FOV). The most reliable way to optically track cells across days
is via high-quality two-photon imaging (Benninger & Piston, 2013).

PL, although relatively superficial, is not superficial enough to visualize using two-photon
microscopy (Theer & Denk, 2006) without an intermediate implant to grant access deeper into the
brain. Traditional methods involve gradient-index (GRIN) lenses, which warp images from one
surface of the lens to the other, resulting in reliable relay that is marked by notable aberrations in
the periphery (Jung et al., 2004; Levene et al., 2004; Meng et al., 2019; Otis et al., 2017; Ziv et
al., 2013). These aberrations make it much more difficult to reliably register cells across days.
Newer approaches utilizing microprisms also relay two-photon excitation deeper into the brain
with reduced aberrations and signal loss (Andermann et al., 2013; Low et al., 2014; Redman et
al., 2022; Spellman et al., 2021), but were poorly characterized, not accessible to the deep brain,
and never directly compared to GRIN lens counterparts. Thus, the first methodological
advancement of this work involved developing a reproducible microprism implant protocol,
establishing reliable cross-day tracking, characterizing microprisms applied to PL, and extending
the utility of microprism imaging to the deeper brain for applications in future work.

After imaging and tracking cells, it is time to evaluate their coding properties. Generally,
coding is evaluated in one of two ways: encoding, which assesses whether task-related predictors
including behavior can predict cellular activity, or decoding, which assesses whether cellular
activity can predict task parameters. Since task predictors can covary, for example licking when
sucrose delivery occurs, they can contaminate the results of decoding analysis where the neural
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activity could explain either or both of the behavioral parameters. In contrast, encoding analysis
can test the individual contribution of each task parameter to the observed neural signal.
Generalized Linear Models (GLMs) are one way to perform encoding analysis. Building a
predictive model with all predictors, and comparing how much worse the model becomes when
any individual predictor is removed evaluates the importance of each task parameter to recorded
neural activity (Steinmetz et al., 2019). The importance of a given parameter is assumed to be
proportional to how much worse the predictive model is able to reproduce the neural data without
its inclusion. However, thresholds of exactly how much worse model performance following a
predictor omission must reach to be meaningful can bias analysis of coding proportion within brain
areas (Ottenheimer et al., 2023). Adapting GLM analysis for standard F-statistic based
significance testing can ground encoding results to traditional methods in neuroscience and
increase reproducibility across labs, brain areas, and experiments. Thus, the goal of the second
methodological advancement in this work was to derive a significance testing algorithm for GLM
analysis.

Finally, correlates of reversal learning in the brain cannot be assessed without a reversal
learning task, nor can the work in this dissertation be reproduced without a description of general
experimental methods. Consequently, the purpose of the final section of this chapter is detail the

general experimental methods that produced the data in the following chapters.

Thus, this chapter is subdivided into three sections:
I. Microprism Development for Improved Deep Brain Recordings (a manuscript reprint)
II. Adapting Generalized Linear Models for Significance Testing

lll. General Experimental Methods
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I. MICROPRISM DEVELOPMENT FOR IMPROVED DEEP BRAIN RECORDINGS
The following is a reprint of (Hjort et al., 2024) with minimal formatting adjustments

INTRODUCTION

Understanding how neural ensemble dynamics evolve over time is crucial for grasping the
mechanisms of neural and behavioral processes. Longitudinal identification of single cells profiled
during these processes using activity alone is challenging when neural activity is anticipated to
change over time. To address this, optical imaging approaches, such as those capturing calcium-
induced fluorescence changes, align cell morphology and field position instead of activity to
consistently track cell activity over days to weeks. A prominent optical method that both visualizes
and records cellular activity is fluorescence microscopy of genetically-encoded voltage,
neuromodulator, or calcium indicators like GCaMP (Chen et al., 2013). Since somatic calcium
influx occurs coincident with neural action potentials (Hodgkin & Huxley, 1952), the rise in GCaMP
fluorescence can serve as an indicator for neural activity. Additionally, this fluorescence can be
averaged throughout a session to capture a spatial 'footprint’ of the cells within the field of view
(FOV) (Chen et al., 2013).

Voltage, neuromodulator, and calcium indicators can be excited by either single or
multiphoton wavelengths of light (Chen et al., 2013). Notably, multiphoton imaging results in
sharper cell FOVs, typically facilitating more accurate cell tracking. However, a limitation of two-
photon microscopy is its shallow penetration depth; it can only reach a few hundred microns from
the brain surface, restricting visualization to the upper cortical layers without additional tradeoffs
including reduced resolution and yield (Theer & Denk, 2006), or use of hyper-specialized dyes
(Tischbirek et al., 2017) or equipment (Lu et al., 2017; Wang et al., 2015; Yildirim et al., 2019).

Several approaches have been developed to circumvent this limitation, most popularly
using a gradient-index (GRIN) lens chronically implanted above the population of interest to relay
multiphoton excitation deep into the brain (Jung et al., 2004; Levene et al., 2004; Meng et al.,

2019; Otis et al., 2017; Ziv et al., 2013). As GRIN lenses employ continuous changes in refractive
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index across the lens to focus samples from one end of the lens to the other, relatively minor
changes in microscope working distance can translate to accurate focus of cell populations even
if they are deep within the brain (Meng et al., 2019). These benefits are not without their tradeoffs,
namely non-uniform excitation and fluorescence collection within the FOV, and notable warping
in visualized cellular morphology around the lens periphery (Xu et al., 2020). Recently, the use of
microprisms has emerged as an alternative to GRIN lenses for two-photon imaging in the cortex
and superficial hippocampus (Andermann et al., 2013; Low et al., 2014; Redman et al., 2022;
Spellman et al., 2021). Since microprisms utilize linear optics, excitation and morphology
visualization are uniform across the field of view, but microscopes must be able to travel the
microprism length to visualize the population of interest without colliding with the microprism or
head-fixation device. Given the limited working distance (WD) of objectives for standard
microscopy, microprisms have been somewhat incompatible for imaging below the superficial
cortical surface, leaving many brain structures out of reach. However, recent advances in
microscope objective development have produced objectives with compatible working distances
(20 mm) for subcortical microprism imaging (Yu et al., 2023). Here we detail and characterize a
protocol for imaging the deep brain using microprisms, affording stable, longitudinal tracking of
neuronal activity across multiple days over a large FOV. Altogether, this microprism two-photon
imaging approach represents a substantial increase in resolution and throughput of trackable cells
over days to weeks.
METHODS
2.1 Mice

All cortical GRIN and microprism imaging took place in C57BL6/J (7) or CaMKlla-tta x
Teto-GCamp6s (1) mice. DS microprism imaging occurred in D1-cre x Ail4 mice (4), and VS
microprism imaging in Vgat-Cre mice. All procedures outlined were approved by UW IACUC

(Protocol # 4450-01). See Legaria et al.(Legaria et al., 2022) for additional details for DS GRIN
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lens mice, though in brief Drd1-cre x Ail4 mice (4) were injected with AAV2/9-CaMKII-GCaMP6s
and implanted with a 1x4mm GRIN lens (Legaria et al., 2022).

2.2 Microprisms

All microprisms were manufactured by and purchased from OptoSigma. The 1.5x1.5x3
mm microprisms used for cortical imaging are the same as reported by Spellman et al. (Spellman
et al., 2021) (OS PN 160712BK01), while the 1.5x1.5x8 mm microprisms were custom designed
(OS PN 22031003567). To facilitate easier implant of the cortical prisms and to provide a larger
surface area for glue, we attached the 1.5x1.5x3 mm prisms to an 8mm #1 coverslip (Harvard
Apparatus 64-0701) using optical glue (NOAG68) applied via a 50cc syringe. As NOAG8S is viscous
and difficult to load into the syringe, we removed the plunger, squeezed about 0.1mL into the
syringe in the space vacated by the plunger, and then reinserted the plunger to apply one drop of
glue to the coverslip. We also attached the coverslip to a metal head-fixation ring (Gordon-Fennell
et al., 2023). Since our 1.5x1.5x8 mm microprisms had sufficient surface area above the skull to
apply glue, we omitted the coverslip in preparations involving that implant. We suggest leaving at
least 2 mm of additional microprism length above the surface of the brain to allow for adequate
fixation to the skull for any custom designs.

2.3 Surgical preparation

We performed surgery following our previous protocol (Resendez et al., 2016) with the
following modifications (Fig. 1-1). Please refer to Resendez et al. for more information on specific
surgical equipment, viral dilution testing, and simple troubleshooting steps. A more detailed
protocol for this specific surgery, including images, is available upon reasonable request.

We induced anesthesia with 5% isoflurane, headfixed mice on a stereotax, and maintained
anesthesia with <1.5% isoflurane. Anesthesia was verified by lack of a toe pinch response
(Resendez et al., 2016). We performed an incision with surgical scissors or a #10 scalpel blade
to expose the skull. Once the surface of the skull was exposed (Fig. 1-1A), we marked the
corners of our square craniotomy by gently touching the stereotax-mounted drill bit to the surface
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of the skull. Refer to Table 1 for “craniotomy corners.” We also drilled pilot holes for #00-90 skull
screws (BO10OMMSJJO, Amazon) located over the cerebellum (2x) and olfactory bulb (1x).

We hand-drilled our craniotomy until the drilled bone easily flexed when we gently tapped on
the center piece of bone. Following application of sterile saline, we removed the center bone piece
using #5 forceps. (Fig. 1-1B) After extracting any bone shards, we applied hemostatic sponge
(Goodwill AGS111) pre-wetted with sterile saline to control any remaining bleeding. We then
inserted skull screws into the drilled pilot holes (Fig. 1-1C). If the dura did not release when the
craniotomy was exposed, we made a superficial incision using a microscalpel (Graham-Field
2979#30) and carefully removed it using a micro curette (FST 10080-05) (Fig. 1-1D). We applied
additional saline-wetted hemostatic sponge to control bleeding if necessary.

For prefrontal cortex surgeries, we injected 4x400nL of AAVDJ-CaMKlla-GCaMP6s (UNC
Vector Core lot av6364) at the locations indicated in Table 1. Mice for experiments shown in
Figure 1-4 received a 3:1 mix of GCaMP6s and AAV8-CAMKIla-ChRmine(Marshel et al., 2019).
For striatal surgeries, we injected 4x300nL of AAVDJ-hSyn-GCaMP6s (Stanford Vector Core) at
the locations indicated in Table 1-1. All injections were performed using a Nanoject Il (Drummond)
at a rate of 1 nL/s. For injections performed at the same ML coordinates, we did not pause
between the ventral and dorsal injections, but waited at least 15 min between the dorsal injection
and removal of the glass pipette from the brain (Fig. 1-1E).

Following all virus injections, brain surface was cleaned until it was free of active bleeds
and/or blood clots near the site of the microprism face implant. Active bleeding or blood clots near
the implant site can travel with the microprism to the imaging FOV and cause obstructions.
Aspiration or pre-lowering of a needle into the craniotomy was not necessary for any of our
applications, and we did not observe obvious indicators of tissue compaction in post-recording
histology (Fig. 1-2A).

We held the 1.5x1.5x8 mm microprism with a surgical bulldog clamp (WPI 14119) covered
with heat shrink tubing (Qualtec Qkit 1) on a stereotaxic electrode holder (Kopf, Model 1773). We
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held the 1.5x1.5x3 mm microprism apparatus using a miniscope clamp (Inscopix), though other
methods are also likely viable.

We measured our microprism implant coordinates at Bregma from the medial caudal
corner of the microprism, as we found this easiest to visualize and reliably locate. After positioning
the microprism over the desired implant site, we removed any remaining hemostatic sponge,
applied additional saline, and lowered the microprism at a maximum of 500 ym/min (Fig. 1-1F).
If any profuse bleeding occurred, we removed the microprism, stopped the bleeding, and
reinserted the microprism.

Once the microprism was at the desired coordinates, we glued (Loctite 234790) it in place
and cured the glue using a dental cement activator (Jet 1406). We then removed the lowering
clamp and added a layer of C&B Metabond (Parkell S380) to further affix the implant on the skull.
Successful implants allow for visualization of brain tissue through the implant.

For 1.5x1.5x8mm implants, we lowered a metal headring (see Gordon-Fennell et al. 2023
for narrow sidewall .stl file) around the implant, ensuring the microprism was slightly recessed by
creating a superglue platform to rest the headring as needed. We then secured the headring to
the skull using dental cement (Jet 1230-P). To better identify animals, we wrote a number into the
dental cement when mostly dry using a permanent marker (Sharpie 1735792) (Fig. 1-1G). We
protected the microprism by covering it with Silicone Sealant (WPI KWIK-CAST) (Fig. 1-1H).
Animals recovered for at least two weeks before initial FOV visualization, and at least four weeks

before experiments began.
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Figure 1-1: Surgical Implantation of Microprism. Schematic of major surgical steps A. Begin
with cleaned, leveled exposed skull. B. Craniotomy with central skull piece removed. C. Insertion
of skull screws for headcap stability D. Durotomy with microcurette E. Injection of virus into the
craniotomy. F. Microprism lowered through craniotomy into target brain area. G. Microprism
secured to the skull with superglue and dental cement. H. Final preparation with microprism,
headring, and headcap, and protective covering A detailed protocol with images is available upon
request.

Surgical images omitted from publication at Neurophotonics’ request are included in this reprint.
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Table 1-1: Surgical Coordinates

Microprism | Location Craniotomy Virus Injections Microprism Corner
Corners
1.5x1.5x3 | Prefrontal | AP 1.85and 3.60 | AP 1.94 AP 2.05
Cortex ML 0.25and 2.00 | MLO.75and 1.25 | ML 0.3
DV -2.25and -1.85 | DV -2.5
1.5x1.5x8 | Dorsal AP 0.0 and 1.75 AP 0.5and 1.5 AP 0.25
Striatum ML 2.0 and 0.25 ML 1.65 ML 1.75
DV -3.25and-3.0 | DV -3.5
1.5x1.5x8 | Ventral AP -0.3and 2.3 AP 0.85and 1.50 | AP 0.65
Striatum ML 1.65 and 3.3 ML 1.65 ML 1.75
DV -4.0and -3.25 | DV -4.25

2.4 In-vivo imaging and tracking of neurons visualized through microprisms

We performed all 1.5x1.5x8mm microprism imaging on a Bruker Investigator two-photon
microscope through a Cousa objective (20 mm WD) (Yu et al.,, 2023). All 1.5x1.5x3 mm
microprism were imaged on an Olympus FVMPE-RS with an XLPLN10xSVMP (NAO0.6, 8 mm
WD) immersion objective except for point spread function and stimulation data which took place
on a Bruker2p+ using the Cousa and TL10X-2P objectives, respectively, and all cortical GRIN
lens imaging on a Bruker 2p+ though a TL10X-2P (NA 0.5, 8 mm WD) objective. On Bruker
microscopes we imaged with an InSight X3 Laser at 820 nm for plane registration, and 920 nm
for functional GCaMP imaging. Olympus microscopes utilized a MaiTai DeepSee Laser at the
same wavelengths. All data was acquired at 7.5 Hz on resonant galvos (4 frame averaging). All
GRIN and PFC microprism data was acquired at 512x512 pixel resolution, while DS and VS
microprism data was collected at 1024x1024, which allowed higher quality signal in extracted
transients. The DS GRIN dataset in Figure 1-3 was used with permission from the authors of
Legaria et al. (Legaria et al., 2022), and was collected using a N16XLWD-PF (0.8 NA, 3mm WD)
objective at 30Hz. The PFC GRIN lens dataset used in Figure 1-3 was previously published by

our group (Ottenheimer et al., 2023).
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We used an Open-Source Head-fixed Rodent Behavioral Experimental Training System
(OHRBETS) (Gordon-Fennell et al., 2023) for all 1.5x1.5x8 mm microprism imaging. To facilitate
better leveling of the imaging plane, we mounted the OHRBETS stage on a Thorlabs goniometer
platform (TTR0O01/M). We verified that the microprism was level in three ways: First, after cleaning
the microprism of debris on a dissecting microscope, we adjusted the goniometer until the light of
the microscope illuminated the microprism evenly (white). Second, when visualizing the
microprism using the eyepieces of the two-photon microscope, we ensured that all 4 corners were
even and sharply in focus. Third, we ensured a uniform laser flare on the microprism face before
lowering the objective to the imaging plane. Imaging with the microprisms, as with GRIN lenses,
is possible without the goniometer stage, but in our experience often has a dimmer, lower yield
FOV and impaired tracking across days. To register a consistent imaging plane across days, we
first imaged at 820 nm (Fig. 1-2B), the approximate isosbestic wavelength at which GCaMP6 is
equally fluorescent calcium free and calcium bound (Barnett et al., 2017). Since this image was
independent of the activity state of the system, we used 820 nm acquired images to compare
resolvable cells across multiple daily imaging sessions during data acquisition.

Following recording, we tracked imaged cells over days by concatenating all imaging
sessions and running them through Suite2p (Pachitariu et al., 2017). This both corrected motion
within days and small misalignments across days with some maodifications from the default. In
brief, enabling two_step_registration=1, increasing the snr_threshold (to 2), and increasing
maxregshiftNR (to 50) improved automated cross-day registration. We manually verified cells as
tracked (i.e. sorted to ‘cells’) if they had at least one visible transient each recording day.

2.5 Data Analysis

Peri-event time histogram creation: following motion correction, we standardized

fluorescence between cells by subtracting and subsequently dividing by the mean of each trace

over the entire session. We then generated peri-event time histograms of our data for Fig. 1-2H.
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Field of view quality: To quantify variations in field fluorescence between GRIN lens and

microprisms, we averaged pixel fluorescence in concentric circles from the FOV center. We fit the
resulting measurement with a linear model to quantify the relationship between field fluorescence
and the distance from the center of the imaging field and used the slope () to compare this
relationship between recording methods.

Cell mask variance and counts: we isolated the cells within our FOV using Suite2p for

PFC GRIN and DS microprism imaging, and manually for PFC microprism and DS GRIN Imaging.
We then calculated the area of each mask using custom python scripts. To compare variation in
mask size (with the goal of highlighting irregular and stretched cells around the GRIN lens
periphery), we calculated the variance of these area measurements, and divided by the mean
mask size to standardize across cells of different sizes in PFC and DS GRIN and
microprism preps. We also compared the total number of cells visualized in each preparation per
unit implant area, and quantified the relationship between cell density and distance from implant
center in three concentric circles. All statistical testing utilized balanced Two-Factor ANOVA with
replication to compare brain areas (PFC and DS) and implant types (GRIN or prism) or One-way
RM ANOVA within a single area, both at a<0.05 (Supplementary Table 1). All analysis scripts
available on request.

2.6 Microprisms for spatial light modulation _applications: We assessed the suitability of

microprisms for single cell stimulation and characterized the point spread function (PSF) of the
microprisms following previous methods (Piantadosi et al., 2023). All statistical testing utilized
Repeated Measures One-Way ANOVA with Tukey Honest Significant Difference test comparing
all columns to 0 offset at a<0.05

2.7 Code, data, and materials availability: All data and analysis scripts are available from the

corresponding author upon reasonable request. Microprisms can be purchased from OptoSigma

using OS PN 160712BK01 (3mm) OS PN 22031003567 (8mm).
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RESULTS: To determine the capabilities of 1.5x1.5x8 mm microprisms, we implanted the
microprism into the dorsal striatum (DS), a subcortical region important for reward processing and
movement (Fig. 1-2A). After mice recovered from surgery, we leveled the microprisms for imaging
(see methods), and used the long working distance Cousa 10x objective (Yu et al., 2023) to
descend to the focal plane above the neurons we aimed to visualize (Fig. 1-2B-E). Manual
alignment under the microscope and automated registration allowed us to track cells in the DS
across multiple days (Fig. 1-2B-D) even though mice were returned to their home cages at the
end of each recording session. We visualized a total of 10,727 stable and trackable cells with this
preparation, with 2,681 +/- 516 (Mean +/- SEM) trackable cells per FOV in each of four mice (Fig.
1-2B-D, F, I). Extracted activity demonstrates that neurons were active and dynamic on all
recording days (Fig. 1-2G,H). When aligned to spout extension and sucrose delivery, many cells
show a robust increase in activity that is consistent across days (Fig. 1-2H-J). Notably, most of
these neurons are also trackable over multiple weeks (Fig. 1-2K-M). We also implanted the
Ventral Striatum (VS) using the same method and we visualized trackable cells within an imaging
plane (Fig. 1-2N-O). Taken together, these results illustrate the utility of our preparation for
functional, longitudinal imaging of subcortical neural populations.

To characterize the optical quality of our microprism imaging method (Fig. 1-3A-D), we
compared to a published preparation(Spellman et al., 2021) utilizing a microprism for functional
characterization of prefrontal cortical (PFC) ensembles (Fig. 1-3F-l1). Both preparations have
high-quality lateral resolution (~2 um) that is much lower than the average diameter of neurons in
our preparations (~20 ym) (Fig. 1-3D, |; Fig. 1-4D), and suggests they may be useful for studying
some subcellular processes, though we did not test this directly. On average, we visualized 730
+/- 201 PFC and 2,781 +/- 505 DS neurons in each microprism preparation on a single day
(Mean+/-SEM) (Fig. 1-3M). Given the high level of spatial specificity, this preparation will be

suitable to image most cell types in the brain regions accessible with the microprisms.
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Figure 1-2: Visualization of the Dorsal (DS) and Ventral Striatum (VS) with microprism
approach. A. 3D rendering of prism in mouse brain, imaging plan transformation through prism,
and track schematics on sagittal sections adapted from Allen CCF, and coronal histological
section (10x upper, 40x lower, showing implant track, GCaMP6s and DAPI). B. (Upper) Sample
Field of View for Representative Mouse on Day 1 (Lower) higher-resolution zoom with cells
indicated. C. Sample Field of View for Representative Mouse on Day 2 D. Tracked ROIs from B
and C. E. Registration plane at 820nm for activity-independent tracking. F. Tracked FOVs from
additional mice. G. Sample extracted transients for DS cells on Days 1 (left) and 2 (right). Cells
are marked in B-C. H. Peri-stimulus Time histograms of spout retraction/sucrose-delivery aligned
activity from all mice on Day 1 (left) and 2 (right). Vertical lines indicate spout extension and
retraction. 1. Quantification of cells tracked across days in the DS in one FOV for four mice (B-D,
F). J. Correlation analysis of mean fluorescence in H during access period (0-3 s) across days.
K. B reproduced. L. FOV from B/K tracked over 2 weeks. M. Extracted masks from tracking of K
and L (3726 cells). N. Sample VS FOV on Day 1. O. Sample VS FOV on Day 2.
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We also compared our microprism recordings to those using industry-standard 1x4mm
gradient-index (GRIN) lenses (Fig. 1-3E, J) with comparable objectives and zoom (see Methods).
Both GRIN lens datasets were sourced from recent literature from our (PFC) and other (DS)
groups(Legaria et al., 2022; Ottenheimer et al., 2023). The microprisms facilitate a statistically
significant decrease in the relationship between radial distance from lens center and fluorescence,
indicating a more uniform brightness across the FOV (Fig. 1-3K). Microprisms also produce more
consistently sized cell masks (Fig. 1-3L). On average, we were able to visualize hundreds of cells
through GRIN lenses over a 0.785 mm? surface, and thousands of cells across a single plane in
our microprism preparation over a 2.25 mm? surface (Fig. 1-3M). We also evaluated the
relationship between cell density and distance from the center of the imaging field in GRIN and
microprism preparations. Notably, there is not a significant difference in cell density at the center
of GRIN and microprism preparations, though cell density significantly decreases with distance
from the center in GRIN recordings (Fig. 1-3N). These results indicate that this approach
produces a marked improvement in FOV quality and neuron yield in microprism preparations
compared to GRIN lens imaging.

Finally, we characterized the suitability of microprism preparations for single cell
optogenetics using a spatial light modulator (SLM) to activate the two-photon compatible opsin,
ChRmine (Marshel et al., 2019) (Fig. 1-4A). The lateral resolution within the visualized plane was
within the diameter of a single cell (Fig. 1-4 D, E-F), while the Axial (Z) resolution only slightly
larger than the diameter of the imaged cells (Fig. 1-4 C-D, G). This physiological resolution will
further depend on opsin and other biological factors in additional preparations. Notably, we did
not observe any cells with a vertical alignment (as would appear by additional peaks in Fig. 1-4C)
where this z-resolution would stimulate off target cells. Taken together, these results suggest that
microprism preparations can be used to both read neural activity and perform holographic spatial

light modulation for single cell optogenetics with higher throughput.
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Figure 1-3: Optical properties of microprism preparations and comparison with field
standard GRIN lens preparations. (caption continued on subsequent page)
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A. Schematic of 1.5x1.5x8mm microprism. B. Photo of 1.5x1.5x8mm microprism. C. Sample FOV
from GRIN microprism PFC prep. D. PSF for 1.5x1.5x8mm microprism of 100nm bead E. Sample
FOV from GRIN lens DS prep, reproduced from Legaria et al. 20222 with permission F.
Schematic of 1.5x1.5x3mm microprism (from Spellman et al. 2021%°). G. Photo of 1.5x1.5x3mm
microprism. H. Sample FOV from microprism PFC prep. |. PSF for 1.5x1.5x3mm microprism of
100nm bead. J. Sample FOV for GRIN PFC prep. K. (Left) Intensity-Distance Relationships for
example FOVs in C-D and H-I. (Right, Upper) Measurement of normalized intensity (% of
maximum) from center of lens FOV for PFC GRIN (magenta), PFC prism (maroon), DS GRIN
(cyan) and DS prism (indigo) preparations. Mean +/- SEM. (Right, Lower) The relationship
between distance and intensity (slope of linear fits from K, left) is significantly stronger for GRIN
lenses compared to prisms in both the PFC and DS (Two-Way ANOVA, Brain Area:
F(1,12)=0.0708, Implant Type: F(1,12)=9.2387, p=0.01028, Interaction: F(1,12)=0.4768). L.
(Upper) Visualization of cell masks for DS GRIN lens (left, from C) and prism (right, from D).
(Lower) Quantification of Relative Variance (variance divided by mean to account for different
mask size in imaging fields) for GRIN and prism FOVs in DS and PFC. Masks vary more
significantly in size in GRIN compared to prism lens preparations. (Two-Way ANOVA, Brain Area:
F (1, 12) =4.7125, Implant Type: F (1, 12) =5.8072, p=0.03292, Interaction: F (1, 12) =0.0491.
M. Cell density of GRIN and prism preparations. There is a significant difference between GRIN
and prism cell density in PFC and DS, as well as a difference in the number of cells visualized
between regions. (Two-Way ANOVA, Brain Area: F (1, 12) =18.13, p=0.0011 Implant Type: F
(1, 12) =24.07, p=0.0004, Interaction: F (1, 12) =10.10, p=0.0080). N. Quantification of cell
density across distance from center of GRIN or microprism. Mean +/- SEM There is not a
significant difference between cell densities at FOV center across GRIN and microprism (Two-
Way ANOVA, Brain Area: F (1, 12)=6.973, p=0.02155, Implant Type: F (1, 12) =4.24, p=0.06,
Interaction: F (1, 12) =2.4096, p=0.1466), though intensity decreases with distance for GRIN
lenses in the PFC (One-Way RM ANOVA, F(2,3)= 14.6647, p=0.001473) and DS (F(2,3)=
11.7578, p=0.003088). For all comparisons, asterisk = significance at a<0.05.
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Figure 1-4: Characterizing microprism suitability for single cell stimulation. A. Sample FOV
through PFC prism using TL10x. B. (Left) Sample evoked transient with stim period and
amplitude measurement used for E-G indicated (Right) sample stim response at +/- 0, 20, and
40 ym. White mean +/- magenta SEM. C. Z-stack through stimulation ROIs (from G) to quantify
cell diameter, 95% of peak width indicated and was used for (D). D. Quantification of cell
dimensions for lateral (XY) and axial (Z) resolutions. E. Average evoked signal from stimulation
ROI offsets in X plane in increments of 10 um for 30 cells from 3 animals. Asterisks indicate
significant differences from approximate cell centroid at a<0.05 in One-Way repeated measures
ANOVA with Tukey HSD test. X: F (5, 95) = 2.9758, p=0.01538, 0-10 p=0.03371, O-
20 p=0.1075, 0-30 p= 0.01084, 0-40 p=0.03373, 0-50 p= 0.0076534. F. Like E but in Y
plane. Y: F (5, 95) =10.4351, p=0.000448, 0-10 p= 0.003537, 0-20 p <0.0001, 0-30 p=
0.001098, 0-40 p=0.005559, 0-50 p=0.0004289. G. Average evoked signal from stimulation
ROI offsets in Z plane in increments of 10 uym for 30 cells from 3 animals (see B). Asterisks
indicate significant differences from ETL 0 at a<0.05 in One-Way repeated measures ANOVA
with Tukey HSD test. Z: F (29, 290) = 17.81, p<0.0001, 0 - -50 p <0.0001, 0 - -40 <0.0001, O - -
30 p <0.0001, 0 - -20 p=0.0263,0--10 p=0.4793,0- 10 p=0.6582, 0- 20 p=0.0011,0- 30
p=0.0001, 0 - 40 p <0.0001, 0 - 50 p <0.0001.
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DISCUSSION

Here we present a high cell yield imaging approach to visualize deep regions of the brain
via two microprisms (3 mm and 8 mm in length). Compared to commonly used GRIN lens
approaches, the microprism preparation (Fig. 1-1) provides a ~10x increase in cell yield, a more
uniform FOV visualization, and a much larger FOV (Fig. 1-3). Using these microprisms we were
able to track thousands of dynamic neurons across days within a single FOV in the DS, which
can be aligned to task events and further analyzed (Fig. 1-2). This microprism-mediated
preparation achieves the necessary optical resolution for cellular—and perhaps subcellular—
imaging (Fig. 1-3). Stable FOVs can be tracked over multiple sessions (Fig. 1-2) and stimulated
using optogenetics (Fig. 1-4). Altogether, this technique provides a marked improvement upon
canonical preparations to visualize and track single cells in deeper brain structures.

Although the Cousa objective has a larger FOV that could account for differences in cell
density yield between GRIN and microprism recordings, it is unlikely it is the main driver of this
effect. Moreover, the periphery of the GRIN lens recordings (Fig. 1-3 E,J) already display
substantial aberrations and limited resolvable ROIs. Increasing the imaging FOV is unlikely to
resolve these aberrations that are inherent to the GRIN lens preparation. Furthermore, the
increased yield is not attributable only to differences in microprism and GRIN size, as both PFC
and DS microprism preparations have a higher density of cells per squared millimeter (Fig. 1-
3M). Likewise, it is unlikely that there are substantial axial resolution differences that account for
the differences we observed. Cell density yield between GRIN and microprism preparations did
not significantly differ at the center of the imaging field (Fig. 1-3N) and the physiological axial
resolution for microprisms (Fig. 1-4G) is comparable to published literature measurements for
GRIN lenses on the same microscope (Piantadosi et al., 2023). Our results (Fig. 1-3N) suggest
that this differential yield is attributable to a significant reduction in the density of resolvable cell
ROIs near the edges of GRIN lens preparations. While differences in implant size, microscopes
objectives used, or axial resolution could impact total cell number, our results suggest that the
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improved optics of the microprism, including its more uniform FOV drive the improvements in cell
density we report.

The length of our implant is sufficient to image at any depth in the mouse brain, though its
large footprint may certainly limit its suitability for some areas. We chose to fabricate a single size
that was feasible for recording in any area to allow for ordering in large batches, which in our
experience significantly reduces microprism cost. Other users may consider reducing the implant
length according to their needs, though an important consideration is to allow sufficient surface
area above the brain for gluing or cementing the microprism to the skull if attaching the microprism
to a coverslip is undesirable.

This approach can likely be adapted for one-photon miniscope recordings with some
modifications to the miniscope apparatus. Since the optics must move a much longer distance to
focus down the length of microprisms, compared to GRIN lenses, miniscopes will likely need to
adjust the mounting distance between the imaging optics and microprism or the range and
position of the internal focus. Ordering microprisms of the correct length for each application, as
opposed to a more universal 8 mm length, may help mitigate these risks.

In conclusion, we developed an approach which improves upon canonical approaches to

allow high-quality tracking of thousands of neurons across days in the deep brain.

Code, data, and materials availability statement

All data and analysis scripts are available from the corresponding author upon reasonable
request. Microprisms can be purchased from OptoSigma using OS PN 160712BK01 (3mm) OS

PN 22031003567 (8mm).
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II. ADAPTING GENERALIZED LINEAR MODELS FOR SIGNIFICANCE TESTING

Neurons often display multivariate coding, so it can be difficult to dissociate the
contributions of individual predictors from traces or peri-stimulus maps alone. For example, in a
task where an odor cue evokes anticipatory licking towards a future sucrose delivery, activity
increases during the cue period could be related to the odor, an abstract cue-reward association,
the licking, or any combination thereof. Running independent regressions for any of the variables
would suggest a significant contribution to the neural activity that could actually have arisen from
one of the other covariates. Especially given widespread representation of motor correlates in
cortical regions compared to task-specific representations (Engel & Steinmetz, 2019), it is
important to account for all potential variables in encoding models concurrently.

Generalized linear models (GLMs) simultaneously test the relationship between many
potential predictors and a given neural signal. Standard packages in many programming
languages perform this function and return a single significance measure regarding whether all
variables together can meaningfully predict the neural data. While useful as a first pass, the goal
of encoding analysis is to determine which (if any) of the individual predictors can uniquely
contribute to the modeled signal. One technique to determine the individual contribution of a
predictor to the signal is to train the full GLM model (Fig. 1-5.1), then train individual models with
one predictor removed (Fig. 1-5.2) and assess how much worse the leave-one-out model
performed compared to the original model in explaining the variance in the neural data (Steinmetz
et al., 2019). In this strategy, the explained variance only decreases in the leave-one-out model if
another variable cannot also predict the neural signal in place of the left-out variable. This
adequately accesses the unique involvement of each individual predictor in the neural signal.
However, setting a variance explained threshold to determine whether a predictor’s contribution
is meaningful can skew the proportion of neurons that display coding of a particular variable

(Ottenheimer et al., 2023). Instead, adapting the leave-one-out GLM for standard significance
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Figure 1-5: Visualization of Generalized Linear Model Significance Testing Method.

61



testing can generate a more reproducible encoding threshold in alignment with traditional
statistics. Thus, statisticians were required. Fortunately, Daniela Witten and Ethan Ancell were
willing to collaborate.

The mathematics, not being a particular strong suit of the author of this work, will likely be
more adequately described in the upcoming collaborative publication on the topic. Nevertheless,
two quantities are needed for significant testing: the observed data, and a null distribution of data
that could have been observed but was not. Hypothesis testing asks how likely the observed data
would have occurred in the null distribution. Generating a null distribution from timeseries data
comes with a major caveat due to kinetics of calcium indicators like GCaMP as points observed
at a given time are not independent from those observed in close temporal proximity. Random
shuffles destroy the dependent time structure of the neural data and therefore do not represent a
distribution of data that could have been observed. Instead, time-wrapping such that the entire
timeseries experiences a uniform time shift preserves the time structure of the data minus one
non-linearity from filling the gap at the front of the series with data from the very end of the trace.
Wrapping each neuron on the dataset once with a random time shift generates a large null
distribution of data that could have happened (and indeed did happen) but is randomly misaligned
from the task parameters that could predict it (Fig. 1-5.3). For fiber photometry data, the null
distribution was constructed in largely the same way but instead of representing many neurons
on the same day, it was built using all of the signals from an indicator in a given brain area on all
recording days to provide a sufficient number of observations.

Significance can then be determined by comparing the performance of the leave-one-out
model on a given neuron (b) properly aligned to the task predictors (F) to the performance of the
shuffled dataset over many signals (F*®). The p-value signifies the number of times the
relationship between the left-out predictor and the neural data (F) is also represented in the null
distribution of randomly time shifted data (F*) (Fig. 1-5.4). Some linear algebra shortcuts to
expedite the model fitting also took place but are outside the scope of this work. Finally, after
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setting a significant threshold (p<0.01 for neural data, or p<0.05 for photometry data owing to
lower signal to noise), neurons could be assigned significant encoding for any task predictor(s).

For the reversal learning experiments, the following parameters predicted the neural
signal: cue (85-15, 85-85, 15-85, 15-15 on stable days, or a single combined kernel on reversal
days since representations could be unstable as contingencies shifted), licks (shifted forward and
backward in time 300ms to account for preparatory feedback-related encoding), sucrose delivery
(1s) or omission (1s), Rescorla-Wagner modeled value (see Chapter 1-11l), reward prediction
error (delta), and modeled reversal signals (Fig. 3-1). For the combined GCaMP and dopamine
imaging experiments, the dopamine kernel represented the rGRABpa signal shifted in time from
0-1s to account for potential delays in GPCR-related signaling cascades.

Reanalyzing data first characterized using the change in variance explained method,
yielded similar stability results (Fig. 2-2E&F). This agreement between previous methods and the
novel p-value GLM suggests mathematical validity for the new method, since it largely reproduces
previous results. Another feature of the p-value GLM compared to setting a single variance
explained threshold is that the F statistic for each predictor is computed individually and the
threshold can scale with the likelihood of false positive encoding within the time-shifted dataset.
This is particularly relevant as some predictors occur frequently (like licking) while others are
relatively sparse (like reversal signals to a single cue), and the probability of a random alignment
with peaks in neural activity can be expected to increase when a predictor happens more often.
Altogether, the p-value GLM method brings strong statistical grounding to set meaningful

thresholds for leave-one-out GLMs, improving their utility for encoding models.
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IIl. GENERAL METHODS

Reversal Task: Rodent behavioral tasks that evaluate cue-based reversal learning
generally involve two cues, one with high value and one with low value, that are switched at a
pre-determined timepoint. While these tasks include both contingency degradation (high-low) and
enhancement (low-high) components, they can be difficult to disentangle since information about
the contingency switch of one cue can be applied to the other. A task that includes cues that both
do and do not reverse can circumvent this issue because identifying that one cue has changed
contingency does not necessarily provide information about the contingency status of another
cue.

Animals are also likely to quickly notice contingencies that are more salient to them. Of
the five traditional senses, mice rely primarily on olfactory information (for review see Lankford et
al., 2020) to navigate their environment in the wild, so they may find olfactory information most
salient. Thus, the task in the majority of this work contained four counterbalanced odor cues at
10% in mineral oil with neutral valence (Lee et al., 2013; Saraiva et al., 2016), so that no cue
started with any inherent meaning to the mice. Two cues began as high value (85% probability of
2.5uL 10% sucrose reward), and two as low value (15% probability of the same reward). After
animals displayed stable task performance for two days, the contingencies of one high value (85-
15) and one low value (15-85) cue were reversed, while the other two remained constant (85-85,
15-15). Throughout this work, cues are denoted A-B, where A indicates the reward probability
before the reversal, and B after. Figure 1-6 depicts this task.

Value Modeling: Rescorla-Wagner (RW) value models estimated how an animal’s
internal valuation of stable and reversed cues changed throughout the task. Following a
published protocol (Rhoads & Gan, 2022), an animal’s “choices” (presence or absence of

anticipatory licking above baseline in attempt to collect a predicted reward before its delivery)
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were individually fit to each of the four reversal cues (Fig. 1-7). The RW modeling returned an
estimated value (Q) for each trial x cue-type, in addition to how the outcome differed from the
prediction (8), also known as the reward prediction error (RPE). Both the value and RPE
subsequently acted as predictors for generalized-linear modeling of the neural signal. See
Chapter 3 for more details about the application of RW models to neural data.

Neural Recordings: This work represents four major imaging cohorts: a cue set stability
cohort detailed in Appendix A, and three new two-photon cohorts. The primary PL imaging cohort
contains six mice, for a total of 2158 cells tracked across reversal (3544 untracked), acquired on
an Olympus FVMPE-RS with an XLPLN1OxSVMP. All mice received implants of 1.5x3mm
microprisms (Fig. 1-3G) following the protocol in Chapter 1-1. The other two-photon imaging
cohorts utilized 1.5x8mm lenses due to availability, but otherwise followed the same
implant/injection protocol. Both were acquired on Bruker Investigator microscopes using Cousa
objectives. They are underpowered due to untimely laser failure, and therefore only represent
single animals, but were included in this work due to complimentary results from adequately
powered associated fiber photometry cohorts. Thus, the dual GRABDA3h/GCaMP6s results (Fig.
4-2) were acquired using dual 920/1080 Spectra Physics Insight laser excitation and represent
546 cells from one animal, and the PFC-VTA results represent 16 cells from one animal. VTA
injections were targeted towards rostro-lateral VTA at -2.8, +1.22 , -4.4 angled 10 degrees. The
VTA cohort was imaged at 920nm using a Coherent Chameleon laser. Planes were registered
across days and cells tracked following the method in Chapter 1-I.

Bulk Fluorescence Recordings: In total, eight mice injected with AAV2/9-hSyn-GRAB-
DA3h along with four mice injected with AAVDJ-CaMKlla-GCAMP6s at +1.94, 0.4, -2.4 and
implanted with photometry fibers at +1.94, 0.4, -2.3 also performed the reversal task under
research technician Zoe Garrett’'s supervision. A 465 nm LED excited both indicators, and
although a 405nm LED was also present, it’s signal was discarded given a lack of motion artifacts
in headfixed mice. Following collection, each signal underwent photobleaching correction via a
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5" degree polynomial and denoising using the OASIS algorithm (Friedrich et al., 2017), adapted
to fit published indicator kinetics (Zhuo et al., 2023) where necessary.

Data Analysis: All analysis was performed in Python 3.7/Jupyter Notebook using custom
scripts. In addition to the protocols outlined in Chapter 1-1, GLM details in Chapter 1-ll, and
value modeling detailed earlier in this chapter, we utilized the following packages:
pandas.rollling(x).mean to calculate meta-RPE, where x was the retrospective window that best
matched the smoothed RW derivative (see Chapter 3), numpy.intersectld() on the indices of
GLM-identified ensembles to quantify their overlap within and across days.
statsmodels.regression.linear_model.OLS to quantify the correlation coefficient (r?) between
datasets and significance statistics for single linear regressions, and scipy.signal.gaussian(1) to
smooth lick traces where appropriate. Matplotlib generated most graphs, with seaborn utilized for
heatmaps. GraphPad Prism 9 calculated population statistics on bar graphs using either
Repeated-Measures One-way ANOVA or Two-way ANOVA, where appropriate, both with Tukey
HSD for multiple comparisons. The BIC scores in Figure 3-4E are a feature of the utilized RW
modeling package (Rhoads & Gan, 2022). The color schemes represented in this work utilize

MetBrewer’'s Redon Pandora 1914 palette (Mills, 2023).
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HAPTER 2: TESTS OF CUE STABILITY IN PRELIMBI RTEX

Before exploring how reversal learning is reflected in the prelimbic cortex (PL), it is important
to establish that the isolated dynamics reflect changes to existing learning, and not stochastic
fluctuations within the brain. While the previous chapter discussed methodological approaches to
this end, this chapter will present an experimental foundation to test this necessity. Existing
literature provides preliminary support for a stable cue code within PL because two distinct odor
cues that predict the same reward contingency within the same task cue set are represented
similarly enough within PL ensembles that decoders perform equally across the two cues (Wang
et al., 2020). That cue responses emerge in PL with learning (Otis et al., 2017) provides additional
support that PL cue representation is likely a level of abstraction above a direct sensory
representation as although the sensory properties of a cue do not change over learning, the
representation in PL does change. Wang et al.’s findings are amenable to a similar interpretation,
as based on decoder performance it appears that discrete odor cues with the same contingencies
share a high level of similarity in how they are represented in PL. Three major open questions

remain regarding cue stability in PL.:

I.  Does the stability of PL cue representations extend across cue sets?
IIl.  Are cue-reward contingencies represented stably across cognitive flexibility, including
reversals?

. What drives the stability of PL cue-reward representations?

Answering these questions is very important before attempting to characterize a flexibility signal

in PL for the following reasons, broken down by question.

I/ll: Some have argued that behavioral responses across cognitive flexibility are represented
as different “sets” (Monsell, 2003). If cue-reward contingencies are represented differently
in these sets, it would be difficult to isolate a cognitive flexibility signal from the intersection

of the disappearance of the old set and emergence of the new set representation, neither
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of which would be truly specific to the reversal period or distinctly “flexibility.” However, if
cue-reward contingencies are represented stably across information sets, then changes
unique to the transition could be isolated as flexibility signals. Characterizing whether cues
are stable across sets not linked by cognitive flexibility (1) is an important precursor to

studies that attempt to do so across cognitive flexibility events, like reversals (Il).

M. Many regions of the brain reflect motor signals, including licking (Zagha et al., 2022). The
similarity in how well Wang et al.’s cues with the same reward contingency could be
explained by documented similarities in licking behavior across cues with the same reward
contingencies. Such a finding would not be evidence for a stable cue code, but instead a
stable movement correlate reflected in PL. Including licking information in encoding
models that test for stability is vital to test whether any observed stability is actually related

to cue properties, instead of cue-evoked motor responses

Therefore, the purpose of this chapter is to test the hypothesis that PL cue encoding is not a motor
correlate, and instead represents a stable cue-reward association across odor sets, days, and

cognitive flexibility events.

|. DOES THE STABILITY OF PRELIMBIC CUE REPRESENTATIONS EXTEND ACROSS CUE
SETS?

To examine the representational similarity of distinct cue sets in PL, mice trained on two
odor sets (A and B) in sequence on different days (Fig. 2-1A). Each set continued three neutral
odors diluted 10% in mineral oil that predicted a 2.5uL 10% sucrose reward with 100%(CS+),
50%(CS50), or 0%(CS-) probability (Fig. 2-1B). On a given day, headfixed animals (Figure 2-1C)
received 50 randomly interleaved trials of CS+, CS50, or CS- cues with 8-12s between
presentations, for a total of 150 cues per day. On all days, animals behaved concurrently with
two-photon calcium imaging through a 1x4mm GRIN lens of excitatory neural ensembles in PL

injected with AAVDJ-CaMKlla-GCaMP6s (Fig. 2-1C). Neurons were tracked across days using a
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combination of concatenated Suite2p recordings and manual curation using custom python
scripts. For more methodological information, see Appendix A. Mice took three days to achieve
mastery of the task, measured using anticipatory licking. Anticipatory licking counts the licks an
animal performs in between cue presentation and reward delivery, indicating that an animal is
attempting to collect a future predicted reward. In both sets A and B, animals displayed the highest
amount of anticipatory licking for CS+ cues, followed by CS50 cues, and almost no licking for CS-
cues (Fig. 2-1D). Licking following cues with the same contingency was not significantly different
between the two sets, indicating that mice likely treated the cues from sets A and B equivalently.
With equal behavior for sets A and B in hand, it was then possible to ask whether sets A and B

were represented similarly within PL neurons.

Similarity maps for cues across sets A3 and B3 comparing the difference in neural activity
0-2.5s before and after cue delivery can easily be qualitatively compared for potential coding
similarities. Astonishingly, these maps share an incredible amount of visual similarity even though
they were constructed on different days and with different CS+ odors (Fig. 2-2A). Across all cue
types, there is a striking similarity in trial averaged activity in cells tracked across days and within
cue types (Fig. 2-2B). These findings are congruent to those from Wang et al. However, a number
of trial variables could drive this similarity independent of a stable neural representation of cue-
reward associations, most notably the motor components of licking behavior. Especially since
mice display statistically insignificant differences in cue-evoked licking behavior across odor sets
A and B (Fig. 2-1D), neural reflections of this licking behavior could easily explain the observed

similarity in cue representations.

Training an encoding-based generalized liner model (GLM) using previously published
methods (Steinmetz et al., 2019) allowed for an examination of the specific contributions of
different task parameters including cues, licks, and reward delivery to the observed stability. Cells

were attributed “significant” coding of a parameter when the variance explained (VE) of the overall
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predictive model dropped at least 2% when the parameter was omitted from the model. Under
this criterion, approximately 50% of recorded cells were significant for at least one task parameter.
As expected, about 30% of cells were lick responsive, but about 10% of those cells also had
significant cue encoding (“both”) in addition to another approximately 10% that coded for cues
independently of licks (Fig. 2-2C). The trained encoding models provided meaningful predictions
of neural activity, as they outperformed control models with task elements in shuffled in time (Fig.
2-2D). Isolating the unique variance attributable to cue, lick, or other variable coding within cue,
lick, both, and other (mostly reward) cells on days A3 and B3 involved an encoding model with
beta-weights calculated on A3 and applied to both days. Despite a statistically significant amount
of coding, there was not a significant difference in the amount (VE) of cue coding across A3 and
B3 in cue or both cells, even with licking was accounted for in the GLM (Fig. 2-2E). Taken
together, these GLM results suggest that motor correlates of learning cannot fully account for the

similarity in cue coding between sets A and B.
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Figure 2-1: Cue Set Task and Behavior. Adapted from Ottenheimer*, Hjort*, Bowen* et al. 2023
A. Schematic of set task and recording timeline. B. Representation of cue contingencies for CS+
(1009%), CS50 (50%), and CS-(0%) for sets A and B. C. Mouse recording schematic, example PL

FOV, and location of GRIN Lenses in PL. D. Animal performance in sets 1 and 2 (also referred to
as A and B)
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The results thus far established that cue representations in PL are stable independent of
licking representations, but a fundamental question remained: how stable are they actually?
Understanding the relative stability of PL cue coding within and across sets can help set
thresholds for assessing stability across cognitive flexibility events, like reversals. Answering this
question, required re-analysis of the stability data with the p-value GLM (Chapter 1). When
comparing the proportion of cells that pass the a<0.01 threshold within a single odor set (A)
between days A2 and A3, the vast majority of cue cells encode the CS+ on both days (Fig. 2-2F).
Surprisingly, most cue cells also significantly code for the CS50 on both days, with little
proportional difference from the CS+ despite a 50% reduction in reward likelihood (Fig. 2-2F).
Few cells displayed significant coding for the CS-, consistent with behavioral (Fig. 2-1D) and trial-
averaged neural (Fig. 2-2B) data representations. Coding stability was slightly reduced across
sets A3 and B3, but still approximately 50% of cue cells were significantly detected across odor
sets for both the CS+ and the CS50 (Fig. 2-2F). Taken together, these data suggest that cue

coding is largely stable across odor sets.

That there seems to be little difference in coding ensemble size for 100% and 50% likely
rewards suggests that value representations are unlikely to drive differences in the size of cue-
reward associations within PL. This is perhaps unexpected, as generally the strength of cue-
reward associations is thought to scale with the strength (or value) of the association, and at the
level of the number of neurons in an ensemble this does not appear to be true. However, the
magnitude of the activity within ensembles active during the cue period (Fig. 2-2B) does appear
larger for the CS+ compared to the CS50. Perhaps the structure of cue-reward association
representations in PL is hierarchical- first whether the reward is ‘wanted’ at the ensemble level,
and then how much the reward is wanted within that ensemble via activation magnitude. Future

studies may be able to clarify if this is indeed the case.
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Figure 2-2: Cue Stability across Odor Sets. Adapted from Ottenheimer*, Hjort*, Bowen* et al.
2023. A. Averaged z-scored activity for A3 and B3 CS+ cues. B. Trial-average extracted activity
for all tracked cells across A3 and B3 for CS+, CS50, CS- cues. C. Proportion of neurons that
passed GLM VE>0.02 threshold. D. There is not a significant difference between A3-trained GLM
performance on B3. E. Unique variance explained by cues, licks, and other parameters for cue,
lick and both cells. F. Proportion overlap for cells that significantly code for CS+, CS50, and CS-
in p-value GLM at a<0.01. Proportions on each map are represented via comparison to the largest
number of cells sorted into a group on any day. Approximately 50% of cue cells are stable across
A3 and B3 for CS+ and CS50 conditions.
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Il. DOES PRELIMBIC CUE STABILITY EXTEND ACROSS REVERSAL?

To determine whether PL cue representational stability extended across reversal,
headfixed mice (Fig. 2-3A) implanted with microprisms (Chapter 1) performed a reversal learning
task adapted from the Pavlovian odor learning task (Chapter 2-I) with some modifications (Fig.
2-3B). First, all cues were probabilistic to better capture potential value encoding within PL cue
or other cell types. Value models are much more dynamic when outcomes cannot be predicted
with certainty. Mice experienced a “high” value outcome of 85% reward probability and a “low”
value outcome of 15% reward probability spread across four literature-validated neutral odor cues
(Lee et al., 2013; Saraiva et al., 2016) selected randomly for each mouse from a set of eight
(butanol: banana, limonene: lime, carvone: mint, benzaldehyde: almond, geraniol: floral, ethyl
butyrate: pineapple, 3-hexenal: grass, pinene: pine). Having four total cues, two that start at 85%
reward probability, and two at 15% reward probability allows for internal controls (85-85 and 15-
15) when the contingency of the other two odors (85-15, 15-85) are reversed (Fig. 2-3B). This
design allows dissociation of contingency degradation (85-15) and elevation (15-85) within a
larger context with some stability (85-85, 15-15). Trials were separated by a longer 16-20s ITl to
provide additional data without task predictors to improve p-value GLM fit (Chapter 1). Animals
learn this task well: anticipatory licking is not significantly different within 85% or 15% cues on
stable behavior sessions before, after, or across the reversal (Fig. 2-3C). This snapshot
perspective implies an astonishing behavioral stability within animals throughout the task: they
will lick about 2 times per second over the 2.5s between cue presentation and reward delivery for
85% cues, and 1 time per second for 15% cues. Whether this stability extended to PL neural
representations remained to be tested.

Training p-value GLMs on four stable behavior days (prel and pre2 before reversal, and
postl and post2 after reversal) revealed a notable amount of stability in cue encoding across all

comparisons (Fig. 2-4A). This degree of stability is likely not attributable to midway snapshots of

81



Registration  Imaging

920nm

820nm

B
Behavior Task Anticipatory Licks

@AO}' 15 15 0| s l*
Do6d 66 -
D sssdd °

321 0 1 2 3
@ 15 15 15 15

Mean licks/s

Figure 2-3: Pavlovian Reversal Task. A. Headfixed mouse receives odor cues and 10% sucrose
rewards while under a two-photon microscope. Mice were imaged through microprisms (see
Chapter 1) with a registration scan at 820nm for tracking and imaging scans at 920 nm. B.
Schematic of 4-odor reversal task. After back to back days with consistent performance, the
contingency of two cues (85-15 and 15-85) were switched halfway through a third session.
Animals adapted to the new contingencies until they reached stable back to back performance.
C. Behavioral quantification of learning. There is not a significant difference in anticipatory licking
to 85% cues before or after reversal, nor for 15% cues across reversal.

82
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Figure 2-4: Cue Stability Across Reversal. A. Hypothesis for cue stability cell proportions, from
result in Fig. 2-2F compared to neural results before (pre), after (post), and across reversal. B.
Example animals with different spacing between stable pre and post day compared across
reversal, in A. C. Statistics on the proportion of stable cue cells for 85% (dark purple) and 15%
(light purple) cues before, after, and across reversal. There is not a significant difference in the
proportion of coding within a cue type in any of the conditions.
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representational drift, as animals with pre2 and post1 (“across reversal’) sessions spaced days
and weeks apart displayed similar levels of stability (Fig. 2-4B). In fact, stability did not
significantly decline anywhere in the learning process (Fig 2-4C), with about 40% of cue cells

stably coding high value relationships before, after, and across reversal.

Although 40% of cue cells appear to stably encode for high value cues across reversal,
their activity profile could different before and after reversal, conveying set information. Peri-
stimulus time histograms (PSTH) from tracked cells pre2 and postl display striking similarity for
high value cues before and after the reversal (Fig. 2-5A), as do their average traces (Fig 2-5B).
Quantitatively, there is not a significant difference in the mean cue-evoked activity of stable cue
cells within high or low value cue identities (Fig. 2-5C). Thus, cue information is not only stably

represented in a subset of PL neurons, but also via their activity profiles.

This seeming immunity from the effects of representational drift quantified extensively in
other cortical areas (for review see (Driscoll et al., 2022)) is notable for a number reasons. First,
these results suggest that drift is not an inherent property of the cortex, as some have suggested.
This opens an interesting future avenue of inquiry regarding why some areas of cortex drift and
others do not, though this is outside the scope of the current work. Speculating, it is possibly that
regions of the brain involved in, but not responsible for, learning like V1 receive information about
learned associations but do not stably store them since they reside elsewhere in the brain.
Secondly, this profound stability in PL suggests that PL may be a long-term substrate for storage
of cue-reward associations in memory since it does not seem to remap frequently like other
canonical memory substrates like hippocampus (Colgin et al., 2008). Finally, that PL displays
largely stable cue-evoked dynamics before and after the contingency reversal permits for the
careful isolation of potential cognitive flexibility signals during the behavioral remapping that takes

place during the reversal (Chapter 3).
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Figure 2-5: Trial-Averaged Dynamics in Stable Cue Cells. A. Trial-averaged time histogram of
stable cue cell activity before (pre) and after (post) contingency reversal, sorted by post 85-85
activity. B. Mean +/-SEM traces for stable cue cells on 85-15 (green dash), 85-85 (dark purple
solid), 15-85 (light blue dash) and 15-15 (light purple solid). Error bars indicate 85% (dark purple)
or 15% (light purple) contingencies. C. Quantification of average stable cue cell activity during
cue and trace interval (0-2.5s) split by cue. There is not a significant difference within coding of
85% or 15% cues before or after reversal.
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lll. WHAT DRIVES THE STABILITY OF PRELIMIBIC CUE-REWARD REPRESENTATIONS?
Cue representations in PL are stable within (Fig. 2-4) and across cue sets (Fig. 2-2), as
well as across contingency reversals within a single cue set (Fig. 2-4&2-5). The stable cue
representation does not derive solely from lick encoding, as although behavior is extremely similar
for cues with the same reward contingencies (Fig. 2-1D, Fig. 2-3C), cells with significant cue
coding arise (Fig. 2-2C&E, Fig. 2-4A) even when licking is accounted for as a modeling predictor.
Thus, this stable representation is at least partially independent from motor signals, and extends
across sensorially distinct cues with the same contingencies (Fig. 2-4A) even when these cues
belong to distinct sets (Fig. 2-2F). That the stability of PL cue encoding does not depend on
similarities in motor response or specific sensory properties, instead reflecting the future reward
probability, suggests that PL represents a more abstract quantity about the cue. What this abstract
guantity is can only be speculated upon, but it could be a representation of the cue-reward
association itself. That PL cue representations are so stable across contexts, including odor sets

and different locations in the cognitive flexibility landscape lends credence to this possibility.

If the stable cue contingency coding in PL is a direct representation of a cue-reward
association, PL cannot be the only place in the brain such information is stored, as PL is
unequivocally not needed for acquisition or expression of simple Pavlovian contingencies
(Introduction 1ll). Once again, what PL uses this relationship for during Pavlovian learning can
only be speculated upon. Since PL appears to be necessary for degrading learned cue-reward
contingencies (Introduction Ill), it is possible that the stable cue representation is utilized in some
way, perhaps to detect changes in what was previously a stable reward landscape. Whether a
reversal-related ensemble exists, and whether cue cells also perform to this function is the focus

of Chapter 3.

86



References
Colgin, L. L., Moser, E. I., & Moser, M.-B. (2008). Understanding memory through hippocampal

remapping. Trends in Neurosciences, 31(9), 469-477.
https://doi.org/10.1016/j.tins.2008.06.008

Driscoll, L. N., Duncker, L., & Harvey, C. D. (2022). Representational drift: Emerging theories for
continual learning and experimental future directions. Current Opinion in Neurobiology,
76, 102609. https://doi.org/10.1016/j.conb.2022.102609

Lee, J., Linster, C., & Devore, S. (2013). Odor preferences shape discrimination learning in rats.
Behavioral Neuroscience, 127(4), 498-504. https://doi.org/10.1037/a0033329

Monsell, S. (2003). Task switching. Trends in Cognitive Sciences, 7(3), 134-140.
https://doi.org/10.1016/S1364-6613(03)00028-7

Otis, J. M., Namboodiri, V. M. K., Matan, A. M., Voets, E. S., Mohorn, E. P., Kosyk, O.,
McHenry, J. A., Robinson, J. E., Resendez, S. L., Rossi, M. A., & Stuber, G. D. (2017).
Prefrontal cortex output circuits guide reward seeking through divergent cue encoding.
Nature, 543(7643), 103—-107. https://doi.org/10.1038/nature21376

Saraiva, L. R., Kondoh, K., Ye, X., Yoon, K., Hernandez, M., & Buck, L. B. (2016).
Combinatorial effects of odorants on mouse behavior. Proceedings of the National
Academy of Sciences of the United States of America, 113(23), E3300—-E3306.
https://doi.org/10.1073/pnas.1605973113

Steinmetz, N. A., Zatka-Haas, P., Carandini, M., & Harris, K. D. (2019). Distributed coding of
choice, action and engagement across the mouse brain. Nature, 576(7786), 266—273.
https://doi.org/10.1038/s41586-019-1787-x

Wang, P. Y., Boboila, C., Chin, M., Higashi-Howard, A., Shamash, P., Wu, Z., Stein, N. P.,
Abbott, L. F., & Axel, R. (2020). Transient and Persistent Representations of Odor Value
in Prefrontal Cortex. Neuron, 108(1), 209-224.e6.

https://doi.org/10.1016/j.neuron.2020.07.033

87



Zagha, E., Erlich, J. C., Lee, S., Lur, G., O’Connor, D. H., Steinmetz, N. A, Stringer, C., & Yang,
H. (2022). The Importance of Accounting for Movement When Relating Neuronal Activity

to Sensory and Cognitive Processes. Journal of Neuroscience, 42(8), 1375-1382.

https://doi.org/10.1523/JNEUROSCI.1919-21.2021

88



CHAPTER 3: REVERSAL LEARNING, PRELIMBIC CORTEX, AND META-RPE

Since cue representations are stable across reversal (Chapter 2), changes in neural
activity during the reversal period can be attributed to a flexibility signal and not a simple byproduct
of representational drift. Once possible, the next step to isolate a cognitive flexibility signal is to
generate a hypothesis of its activity profile. After constructing a hypothesis signal, it can be added
to the p-value GLM as a predictor of the neural activity, removed, and tested for significance
(Chapter 1). Since the reversal paradigm tests a relatively simple cognitive flexibility process with
contingency degradation of the 85-15 cue and contingency elevation of the 15-85 cue, simple
models can represent a potential reversal learning signal.

One definition for learning is as a sustained change in value-guided behavior. Thereupon,
a learning signal can be represented mathematically as the sustained (smoothed) change
(derivative) of a behaviorally grounded value function. Rescorla-Wagner (RW) is a simple value
model that fits Pavlovian reversal behavior well (Siegel & Allan, 1996), updating a cached value
signal for the next trial (Q[t+1]) using a learning rate (a) and the difference (8) between the actual
reward (r[t]) and predicted (QJt]) value on the current trial (t). Since rewards are a set volume that
is present (1) or omitted (0) in this task, r[t] is a binary variable. This model is represented in
Equations 3-1 and 3-2.

Equation 3-1: Q[t + 1] = Q[t] + ab
Equation 3-2:  § = r[t] — Q[t]

When calculated across the last stable pre-reversal day, the reversal day(s), and the first
stable post reversal day, Q[t] strongly resembles a sigmoid function for the 85-15 and 15-85 cues,
with some minor fluctuations from probabilistic reward history (Fig. 3-1A). The presence (1) or
absence (0) of anticipatory licking as a choice-driven proxy for an animal’s internal estimate of
each cue’s value can be used to calculate the learning rate (a) separately for each cue. Figure
3-1A represents the simulated RW value function for an example animal using the 85-15 cue’s

fit, ass.15. Since learning represents the sustained change in value guided behavior, fitting the RW
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value curve with a sigmoid function removes minor changes from probabilistic reward history that
are not sustained over many trials. This smoothing follows the general shape of the reversal curve
well (Fig. 3-1A). Such a smoothed curve representing sustained behavior is not a representation

of learning on its own, however.

If learning is the sustained change in value-guided behavior, then it can be represented
as the derivative of the smoothed RW value curve (Fig. 3-1A). This representation suggests
‘negative” learning for 85-15 contingency degradation and “positive” learning for the 15-85
contingency enhancement. Since it is more of interest whether a flexibility signal is larger or
smaller, instead of positive or negative, the absolute value of the smoothed value derivative
represents learning equally across the two conditions in a directionally independent manner, as
displayed in Figure 3-1A. This signal suggests that reversal learning, and by proxy cognitive
flexibility, is highest in the middle of the behavioral transition, and lowest when behavior has
stabilized (Fig. 3-1A).

Canonically, the reward prediction error (RPE) signal (Eq. 3-2) has been used to represent
a trial-by-trial form of learning used to iteratively update value estimates and is proportional to the
derivative of the unsmoothed RW value curve (Eqg. 3-1). The learning signal put forth in this work
shares a strong similarity to the traditional RPE signal in that it is also a derivative of an RW value
curve (albeit smoothed), but is distinct because instead of representing small, iterative updates to
value trials, it characterizes a much larger scale change to value states of a given cue. Verily,
there is a striking dissimilarity between RPE (Fig. 3-1B, left) and this reversal learning signal (Fig.
3-1A) as RPE has the largest amplitude immediately following reversal, while the learning signal
has the largest amplitude in the middle of the reversal. In contrast, smoothing RPEs over many
trials generates a signal that is much more similar to the derived reversal learning signal (Fig. 3-
1B, right) as both peak sometime after the initial contingency reversal. This interpretation

suggests such a reversal learning signal may also reflect a state with higher error frequency than
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expected, providing error information regarding cumulative trial errors, perhaps suggesting that
the state of the cue-reward landscape has changed and contingencies must be re-updated. This
learning signal will therefore hereby be referred to as meta-RPE since it represents error about
errors. Fundamentally, the meta-RPE signal reflects the idea that learning takes place over many
trials, so learning signals should also span multiple trials.

If meta-RPE represents a state error signal, then it should be highest when an animal’s
internal state model generates the highest frequency of incorrect choices. Representing incorrect
choices (1) during 85% cues as an absence of anticipatory licking, and incorrect choices (1) during
15% cues as the presence of anticipatory licking, with the converses as correct choices (0), and
an abrupt transition at the task reversal point, the calculated proportion incorrect signal over a
short retrospective window also peaks in the middle of the reversal like the meta-RPE signal (Fig.
3-1B). Whether it originates from the derivative of a smoothed RW curve (Fig. 3-1A), a
retrospective rolling mean of RPE over many trials (Fig. 3-1B), or the incorrect choice proportion
(Fig. 3-1C), meta-RPE represents a fundamental error signal that suggests the state of the
previously stable cue-reward landscape has changed, and behavior should subsequently also be
changed. Such a signal could produce a sustained change in value-guided behavior, and

therefore meta-RPE reflects reversal learning, and by proxy cognitive flexibility.
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Figure 3-1: Deriving a Cognitive Flexibility Signal. A. (Left) RW value curve for 85-15 cue
from example animal (shaded) smoothed with a sigmoid function. (Right) The reversal signal as
the absolute value of the smoothed value curve. B. (Left) Corresponding RPE signals for the
shaded curve in A. (Right) The reversal signal as RPE smoothed with a large retrospective rolling
mean window. C. The reversal signal as the proportion incorrect trials in a retrospective window,

from same sample animal.
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Although the presence of a meta-RPE signal can derive multiple ways from animal choice
behavior, whether such a signal was present within the mouse prelimbic cortex (PL) remained
untested. In addition to cue stability across the four-odor reversal task (Fig. 2-3B), the p-value
GLM also evaluated tracked cells for meta-RPE signal encoding of the 85-15 (Revss.15) and 15-
85 (Revis.ss) cues (Fig. 3-2A). Surprisingly, hundreds of the thousands of cells in the dataset
displayed significant encoding specifically for the Revss.1s signal, while significantly fewer cells in
a separate ensemble coded the Revis.gs signal (Fig. 3-2B). When the reversal signal is artificially
moved from the day with the largest coding to stable pre or post reversal days (session
permutation analysis), significantly fewer cells encode the Revgs.is signal, while the same
proportion of cells pass the significance threshold for the Revis.gs signal (Fig. 3-2C). This suggests
that the Revss.is cells’ activity pattern is not reflected in their regular everyday firing and is
therefore specific to the reversal day. In contrast, the Revisgs signal encoding does not appear
unique or time locked to the reversal behavior and may therefore not be meaningful. Especially
since Revgs.is encoding occurs in a much higher proportion of cells, it appears that PL
preferentially encodes the contingency degradation (Revgs.1s) portion of the reversal behavior.
This conclusion is consistent with the behavioral findings of others (Introduction-Ill) where
permanent or temporary lesions of PL specifically impair contingency degradation of cues
following a change in the cue-reward landscape. The strong presence of a PL Revgs.1s ensemble,
and relative absence of a corresponding Revis.gs ensemble, could mechanistically explain why
PL lesions specifically impact behavioral changes towards degraded contingency. Consequently,

the remainder of this chapter will focus explicitly on the Revgs 15 contingency degradation signal.

There are three potential ways to derive a meta-RPE signal that follows the activity profile
of Revgs.15 cells (Fig. 3-2D), and although the neurons were isolated using model 1 (Fig. 3-1A)
another model could better reflect their activity. Qualitatively, trial-averaged Revsgs.is cell activity

shares strong similarities to all three models (Fig. 3-2D) in that all have low activity early in the
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task, that rises shortly following the contingency reversal, peaks partway through the reversal,
and decreases to lower activity levels (Fig. 3-2D) once the behavior and value function largely
stabilize (Fig. 3-1A). Notably, when correlating the modeled meta-RPE signals with the observed
Revss.15 cell activity, there was not a significant difference in how well (r?) each model fit the neural
firing (Fig. 3-2E). This indicates that all three models are likely representative of the same
underlying phenomenon: a continuous aggregation of repeated seeking errors towards omitted
rewards following a cue with degraded contingency. Likewise, the Revss.is ensemble parallels
large-scale changes in the internal value function (Fig. 3-1A&3-2D), a high frequency of reward
prediction errors over a series of trials (Fig. 3-1B&3-2D), and frequent incorrect choices (Fig. 3-
1C&3-2D) equally well (Fig. 3-2E). Altogether, the Revss.is ensemble activity reflects the

summation of repeated behavioral errors over many trials following contingency reversal.
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Figure 3-2: Detecting a Cognitive Flexibility Signal in Prelimbic Cortex. A. Sample field of
view (FOV) in PL, with extracted cell masks (gray) overlaid with significant Revss.1s (green) or
Revis.gs (blue) cells from the p-value GLM results. B. Proportion of cells in reversal day FOV
significant for Revss.15 Or Revis.gs signals. There are significantly more Revgs.is cells than Revis.
g5 Cells in all FOVs for all animals (n=6). C. Results of session permutation analysis: When the
reversal day Revss.15 signal is  moved to stable pre- or post-reversal days, there are significantly
fewer tracked cells that display this pattern of behavior. There is not a significant difference for
cells displaying the Revisgs activity pattern across days. D. Comparison of derived Revgs.is
signals from choice behavior to extracted activity from Revss.1s cells in example animal. Vertical
line indicates reversal point. E. Model signal correlations to neural data. There is not a significant
difference in how well models 1-3 fit the neural data across animals.
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Although the Revsgs.is ensemble does not display a comparable activity pattern on stable
behavioral days (Fig. 3-2C), it could perform another function related to the task, perhaps tracking
cues, value, or single-trial RPEs that extends additionally to reversal days. Interestingly, cues,
value and RPE are represented in distinct ensembles on the reversal day (Fig. 3-3A). In some
ways this is unsurprising as the three quantities represent distinct questions: what is that? (cue),
do | want that? (value), and should | have wanted that? (RPE). The Revss.is ensemble activity
reflects computations derived from all three signals, in that the activity is specific for the 85-15
cue (Fig. 3-2B) and tracks repeated RPEs (Fig. 3-1B) in choice behavior (Fig. 3-1C) using value
predictions (Fig. 3-1A), so the signals could be partially overlapping. However, when comparing
additional GLM categories for which Revss.15 cells display significant encoding, the vast majority
of Revss.15 cells are non-overlapping with cue, value, or RPE cells on reversal (Fig. 3-3B) or stable
(Fig. 3-3C) behavior days. This suggests that the Revgs.is ensemble, and by proxy, cognitive
flexibility more generally, may ask a distinct question— Has the state of the cue reward landscape
changed? —using a unique ensemble from those used to ask iterative trial-by-trial questions

about the behavior task.

The presence of a specific contingency degradation signal in PL within Revss.is cells is
interesting on its own (Fig. 3-4A). However, perhaps more interesting still is what such a signal
could be used for beyond passively tracking changes in task structure. The PL lesion literature
(Introduction-IIl) suggests that animals with temporary or permanent lesioning of PL function
take much longer to degrade the contingency of previously rewarded cues, but that they do
eventually adapt their behavior to the new contingencies. Since animals without a functioning PL
learn reversals slower, and functioning PL contains a Revss.1s ensemble, it is possible that the
Revss.1s signal expedites the reversal learning process. Fitting RW models to pre-reversal and
post-reversal periods in addition to the full reversal paradigm (Fig. 3-4B) can test whether animals

show an increased learning rate specifically for reversed cues during the reversal period. Notably,
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animals displayed a significantly elevated learning rate (a) in RW models that included the
reversal period compared to those trained only on pre- or post-reversal days for the 85-15 cue
(Fig. 3-4C). The 85-15 reversal learning rate was also significantly elevated compared to stable
85-85 or 15-15 cues but similarly elevate to the learning rate for the other 15-85 reversed cue
(Fig. 3-4C). What neural circuitry could account for the learning rate increase for contingency

elevation of the 15-85 cue is addressed in Chapter 4 of this work.

Although both the Revsgs.is cell signal and 85-15 learning rate were higher during the
reversal period, the two had yet to be connected directly. An enhanced form of the R-W equation
(Eg. 3-3) can test whether allowing the averaged Revgs.1s signal (Revy) to modify learning rate
can account for the observed elevation in learning rate (Fig. 3-4C) during the reversal period and
compare the fit to actual animal choice behavior of a value model that includes a dynamic meta-
RPE signal to one that does not.

Equation 3-3: Q[t + 1] = Q[t] + ab * Revy

Excitingly, the model from Equation 3-3 generates learning rates for the 85-15 cue across
the reversal period (Fig. 3-4D) that are not significantly different from those observed in stable
behavior pre and post reversal (Fig. 3-4E). This suggests that the z-scored activity of the Revss.
15 ensemble is able to completely mathematically account for the elevated learning rate during the
reversal, and correlationally suggests that the Revgs.is ensemble may be responsible for the

observed increase in learning rate.
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Figure 3-4: Revss.15 Signal Improves Value Model fit to Choice Behavior. A. Trial-average cue
and reward signals plus PSTH for Revss.1s ensemble across the reversal task. B. RW models fit
before (light gray), across (dark green), and after (dark gray) the reversal in sample animal. C.
Summary statistics for learning rate (a) across cues and reversal stages. There is a significant
elevation in the learning rate for 85-15 and 15-85 cues during reversal. D. Enhanced value model
(Eq. 3-3) that allows Revss.1s signal (Revn) to scale ad term, in same representative animal. E.
The enhanced model abolishes learning rate increases observed in B. F. The enhanced model
better fits animal choice behavior in all cases, using a Bayes Information Criterion (BIC) fit score.
The lowest scores involve the Revss.is signal averaged across cue and reward.
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Moreover, adding the Revss.is activity to a standard RW model performs dynamic scaling
of the ad term since the signal rises and falls over the course of many trials. This suggests that
the learning rate is actually faster still than the standard value model (Fig. 3-4B&C) estimates in
the middle of reversal learning. But does allowing ad to dynamically scale in an enhanced value
model actually improve the fit to animal choice behavior? The Bayes Information Criterion (BIC),
a score that penalizes models for adding extra terms, asks how well its predictions fit ground truth
data and is supposed to be minimized like golf, is lower (Fig. 3-4F) for the enhanced model (Eq.
3-3) compared to the standard RW model (Eq. 3-1). The best fit to behavior (i.e. lowest BIC)
derives from the model that allows ad to scale by the mean Revss.1s ensemble activity from “both”
the cue and reward periods (Fig. 3-4F). That the inclusion of the signal during bother periods
best fits behavior suggests that the Revgs.1s may modulate choice behavior during both the choice
to anticipatory lick during the cue period and modulate the updating of future choice behavior.

These results provoke an additional interesting question: why does allowing the Revss 15
signal to dynamically modulate trial-by-trial RPE (Fig. 3-4D) better fit the animal’s choice behavior
(Fig. 3-4F) than a statically elevated learning rate (Fig. 3-4B)? Answering this question requires
a more careful analysis of the relationship between RPE and behavioral change during the
reversal task. Somewhat unique to this task, in addition to quantifying whether an animal “chose”
to seek a reward after presentation of a given cue (anticipatory licking above background levels),
it is also possible to analyze how much the animal chose to seek that reward via how many
anticipatory licks the animal performed above background. This enables additional analysis
comparing how well simple value models predict the amount of choice behavior through direct
comparison to the actual changes in the numbers of anticipatory licks to a given cue. Looking
closely at the 85-15 cue, RPE significantly predicts the change in the number of normalized
anticipatory licks on the subsequent trial in the epochs before and after reversal, as the RW model
predicts (Fig. 3-5A). Surprisingly, the significant relationship between RPE and behavioral change
is not maintained during the actual reversal in any animals studied (Fig. 3-5A&B), nor at the
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population level (Fig. 3-5B). That RPEs are still occurring, represented in a subset of PL neurons
(Fig. 3-3A), and could on their own generate a reversal curve (Fig. 3-4B), but do not significant
predict changes to the actual behavior of the animal (Fig. 3-5B), has not been well characterized

in previous literature.

Spatial frequency maps further visualize the disconnect between RPEs and licking
behavior during the reversal period. Anticipatory licking across the task largely follows a bimodal
distribution, with distinct peaks for pre- and post-reversal licking, and an intermediate area mostly
populated with reversal-associated licking decreases (Fig. 3-5C top). When compared against
RPE, it is immediately apparent that despite large RPEs, licking remains aligned with the pre-
reversal distribution (white dashed arrow in Fig. 3-5C center), whereas intermediate RPEs
dominate the transition zone. In contrast, when comparing anticipatory licking against the Revgs.
15 Signal (MRPE), the largest mRPESs are associated most strongly with licking away from pre and
post reversal stable points (Fig. 3-5C, lower). Altogether, the mRPE signal visually parallels the

reversal licking behavior more reliably than trial-by-trial RPE.
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Figure 3-5: RPE Alone is Insufficient to Explain Reversal Licking Behavior. A. Scatterplots
of relationship between RPE on one trial, and the change in normalized licking in the subsequent
trial before (light gray) during (green) and after (dark gray) reversal for an example animal
(indicated by black line on B). There is a significant relationship between RPE and behavioral
change before and after, but not during reversal. B. Summary statistics from regressions between
RPE and behavioral change before (left column) during (center) and after (right) reversal.
Significant relationships are colored, non-significant are white. RPE vs. lick change is significant
before and after reversal in the pooled population (black) and in majority of individual animals
(gold), but not during the reversal. C. (Top) Frequency histogram of normalized licks pre (light
gray), during (light green) and post (dark gray) reversal. Note the distinct separation of the pre
and post-reversal lick distributions. (Center) Spatial heatmap of the relationship between the lick
distributions and trial-associated RPE signals. When RPE is largest (i.e. immediately following
reversal), licking has not shifted from the pre-reversal distribution (dashed arrow). The reversal
portion of the distribution (in between the pre and post distributions) is associated with only
moderate RPEs (white solid arrow). (Lower) Spatial heatmap comparing normalized licks and the
reversal signal (MRPE). Note that when mRPE is highest, licking away from the pre- and post-
hotspots in the map (white arrow). D. Value plots of example animal reversal behavior using the
pre-reversal learning rate (yellow), learning rate fit across reversal (dark green), and learning rate
fit across reversal when mRPE is also allowed to modulate RPE (light green), as well as licking
behavior (black). Zoomed inset highlights period the relationship between models and reversal
behavior. E. Correlations between value model predictions (as in C) and reversal behavior during
reversal period across animals. There is a significant increase in the correlation between value
predictions and behavior when mRPE signal is added to the model.
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Testing whether the mRPE*a model better fits licking behavior than alternatives can
increase confidence in the results from fitting the mRPE*a model to choice behavior. First, a pre-
a model tested whether any increase from the pre-reversal learning rate was necessary to explain
the reversal licking behavior. This model reduces the value function too slowly compared to the
licking behavior (Fig. 3-5D). Thus, an increased learning rate during reversal is indeed needed to
explain the behavior. A rev-a model tested whether a dynamically increased learning rate is
necessary to explain reversal, or if an increased static a will do. This model reduces the value
function too quickly compared to the licking behavior (Fig. 3-5D). In contrast to the pre-a and rev-
a models, the mRPE*a value function visually decreases at a similar rate to the licking behavior
in the example animal (Fig. 3-5D). At the population level, the mRPE*a model has a significantly
stronger correlation coefficient with anticipatory licking behavior compared to the pre-a and rev-a
models (Fig. 3-5E). Therefore, via two behavioral metrics—choice (Fig. 3-4) and number of
anticipatory licks (Fig. 3-5)—allowing mRPE to scale RPEs fits reversal behavior the best,

providing support that the observed Revgs.1s signal is biologically meaningful.

Taken together, these results suggest that although animals could perform contingency
degradation based solely upon trial-by-trial RPE, they do not. One can only speculate on why
animals adopt the strategy where mRPEs drive the largest changes in reversal behavior during
intermediate RPEs. The general need for an increased impact of RPE on behavioral change (i.e.
not pre-a model) during contingency degradation is clear: the more behavior decreases following
a reward omission, the faster animals stop performing work towards a cue with little utility. The R-
W model fits the generalities of such a strategy across the reversal (the rev-a model). Truly, in
near deterministic tasks, this is the most efficient strategy. However, the world is largely
probabilistic, so not abandoning a strategy that has previously been successful (perseveration)
and changing behavior in the face of new information (contingency degradation) must be more

carefully weighed.
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Perhaps the role of mRPE is to perform as a signal that balances abandoning a previously
successful task strategy against increasing evidence that the cue-reward landscape has changed.
That it can derive from either a sum of RPEs over a long time period or the number of incorrect
choices in a smaller window provides mathematical support for such a notion in that both involve
collecting errors over time. As the number of errors increases, so can an animal’s confidence that
their previously strategy is no longer useful. Each animal weights accumulated errors differently
before they decide to act, and a longer retrospective window can be directly associated with an
MRPE signal that takes longer to rise. Exactly how animals determine their mRPE window size is
outside the scope of this work, but an interesting future question. Nevertheless, the modeling in
Figure 3-4&5 suggests that only once the mRPE signal has risen significantly does the animal

truly begin to change his seeking behavior in earnest.

That a reversal learning signal (mRPE) should peak in the middle of contingency reversal
is somewhat at odds with the meta-learning models of other groups. In addition to primate
researchers (ex: Soltani & Izquierdo, 2019), Grossman and Cohen also note an elevated learning
rate during mouse reversal but suggest this is due to an increased impact of the first large
magnitude RPEs (Grossman et al., 2022). Although it agrees in dynamic modulation of the
relationship between RPE and behavioral change, their “unexpected uncertainty” model of
reversal behavior is at odds with the behavioral conclusions of this work because that it predicts
the large RPEs following contingency reversal drive larger behavioral changes still, in direct
contrast to the lack of behavioral change to the largest RPEs in Figure 3-5. In support of the
MRPE model, their model appears to reflect too quick of a decrease in the early stages of reversal

compared to the mouse behavior (see Grossman et al. 2022 Fig. 2F) that mRPE does not.

The existence of a dynamic mRPE signal that is highest when behavior is changing the
fastest, computed by accumulating errors over many trials, and effectively models contingency

degradation, has not been characterized in depth behaviorally or in the brain prior to this work.
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Whether this signal can be explained by input from other systems implicated in PL reversal is the

focus of Chapter 4 of this work.
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CHAPTER 4: PRELIMBIC CORTEX, DOPAMINE., AND THE VENTRAL TEGMENTAL AREA

A significant subset of prelimbic cortex (PL) cells significantly encode a meta-RPE (MRPE)
signal that reflects the error profile during the contingency degradation component of reversal
learning over many trials (Chapter 3). Mathematically, this signal expedites learning through a
dynamically increased impact (a) of intermediate reward prediction errors (RPES) in the middle of
contingency degradation, which fits choice and licking behavior better than static a models. This
signal could either arise via direct computation within PL or reflect a copy of input from other brain
regions. Given the tight linkage between RPE and the activity of the ventral tegmental area (VTA)
dopamine neurons (Schultz, 2016), along with reciprocal connectivity between PL and VTA
(Gongwer et al., 2023; Hui & Beier, 2022), it is possible that the meta-RPE signal in PL reflects
computations that have already taken place alongside trial-by-trial RPE within the VTA.
Conversely, it is also possible that PL computes the longer timescale mRPE signal and sends it
to VTA to physiologically modulate RPE encoding. Thus, the purpose of this chapter is twofold:

. To test whether the PL 85-15 mRPE signal reflects VTA dopaminergic input.

Il. To determine if the neurons that project to the VTA encode the 85-15 mRPE signal.

I. DOES DOPAMINE RELEASED INTO PRELIMBIC CORTEX REFLECT META-RPE?

It is possible that although a subset of PL neurons significant encode 85-15 mRPE signal,
their activity reflects input from other regions. Since the mRPE signal is inherently a learning
signal, and learning signals are traditionally associated with neuromodulator input (Bazzari &
Parri, 2019), including meta-learning (Doya, 2002), it is likely that if the PL mRPE signal reflects
input from other brain regions, it would arrive via neuromodulatory input. Adding credence to the
longer-timescale mRPE signal reflecting neuromodulatory input, neuromodulators are molecules
released from neural cells that affect cellular signaling via complicated cascades with longer

timescales than traditional fast neurotransmitters (Weis & Kobilka, 2018). Since the mRPE signal
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takes time to develop, and neuromodulator-mediated signaling likewise take time to affect cellular
activity, the timescales of the two signals are theoretically compatible.

Behavior experiments provide valuable information about the contribution of
neuromodulatory signaling in PL to reversal learning behavior. The neuromodulators most
commonly associated with learning are dopamine (DA), norepinephrine (NE), and serotonin (5-
HT) (Bazzari & Parri, 2019). Prelimbic cortex has receptors for all three neuromodulators
(Arnsten, 1998; Puig & Gulledge, 2011), so Revss 15 cell activity could reflect input from any of the
them. However, since Revgs.is cells are tightly linked with reversal behavior, if neuromodulatory
input explained their firing, behavioral manipulations of that signal would likely impair the reversal
behavior. Although serotonin signaling has been linked to meta-learning signals (Grossman et al.,
2022), selective blockade of serotonin signaling in PL does not impair reversal behavior (Alsio et
al., 2020). In contrast, serotonergic blockade of the nearby orbitofrontal cortex (OFC) does impair
reversal learning (Alsid et al., 2020). Given that Grossman and colleagues link serotonergic
signals to meta-learning immediately following contingency reversal, and OFC activity is highest
in the same period (Banerjee et al., 2020), it is possible that serotonin modulates OFC activity to
expedite early-stage detection of a change in the task environment. However, since the mRPE
signal is highest in the middle of the reversal, and serotonin blockade in PL does not impair
reversal behavior, such a serotonergic signal is unlikely to explain the Revss.15 signal in PL.

Thus, the catecholamines norepinephrine and dopamine remain as candidates to explain
the Revss.is signal in PL. Microdialysis provides a direct measurement of signaling molecule
concentration in a brain area (Muller, 2002), and has been used to measure DA and NE levels in
PL during contingency reversal. Notably, dopamine levels significantly rise during first
contingency reversal compared to control animals with the same training history, but that do not
experience a reversal (van der Meulen et al., 2007). In contrast, NE levels remain constant during
reversal and do not differ from controls (van der Meulen et al., 2007). Supporting a lack of NE
contribution to PL-mediated effects on contingency reversal, blocking PL NE signaling in normal
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rats does not impact reversal behavior (Jett & Morilak, 2013). However, like serotonin, NE
blockade in nearby OFC does impact reversal behavior (Ogg et al., 2023). Dopamine thus
remains as the most likely candidate to influence reversal activity in PL. That selective DA
antagonism in PL leaves initial learning unchanged but impairs reversal (Floresco et al., 2006)
further supports this claim. Therefore, the purpose of the first portion of this chapter is to test the
hypothesis that Revss.15 cell signaling reflects the profile of dopaminergic input into PL.

Before assessing the direct relationship between DA and Revsgs.is cell activity in PL, it is
important to characterize DA release in PL on its own. Towards this end, eight C57BL6/J mice
injected with AAV2/9-hSyn-GRABpa3h and implanted with 6x400um photometry fibers performed
the reversal learning task (Fig. 4-1A&B). GRABpa is an indicator much like GCaMP, but built off
a dopamine D1-receptor backbone instead of calmodulin to imbue dopamine specificity (Zhuo et
al., 2023). Since cortical dopamine levels are generally low compared to those in the deeper
brain, especially striatum, the 3h variant was specifically constructed for cortical regions (Zhuo et
al., 2023), and perfect for this application. After collection on a TDT RZ10x with 470nm single-
photon excitation, an OASIS-based algorithm (Friedrich et al., 2017) denoised the GRABpa signal
using published kinetics (Zhuo et al., 2023) to improve signal-to-noise and remove fluctuations in
the signal too fast to be attributable to GRABpa activity. All animals learned the task well,
displaying stable licking behavior before and after reversal (Fig. 4-1C&D)

Like the PL neurons (Fig. 2-2F&2-4A) and the animal’s behavior (Fig. 4-1 C&D), PL DA
cue-evoked activity was stable before and after reversal in an example animal (Fig. 4-1E) and
across the population (Fig. 4-1F). DA cue signaling for the 85-15 significantly decreased across
reversal, and significantly increased for the 15-85. However, again like the PL neurons (Fig. 2-
5C), there was not a significant difference after reversal between 85-15 and 15-15 mean cue
amplitude, nor between the 85-85 and 15-85. Encoding of licking-related motor signals and not
anything meaningful about cue information could explain this result, since the behavior follows
the same significance pattern (Fig. 4-1D). Yet, when analyzed using a generalized linear model
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(GLM) that included lick dynamics as a predictor (Chapter 1), cue-encoding still emerged as a
significant variable in the majority of animals (Fig. 4-1G). Thus, although the PL DA cue dynamics
parallel the behavior, they are not simply a motor correlate and are likely meaningful in a more
abstract associative context. Since cues with the same associated rewards share comparable
evoked activity before and after reversal , this suggests that dopamine release in PL does not
carry set information about cues and appears to focus on contingency with stronger
representation of higher value cues that predict more likely rewards. Furthermore, the stability in
cue-evoked DA dynamics across reversal also allows for an isolation of potential signatures

during the reversal period are not only biproducts of representational drift.
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Figure 4-1: Fiber Photometry Recordings of Dopamine Release in Prelimbic Cortex. A.
Representative GRABpa-3h signal during reversal day 1. B. Cue-locked time heat plots across
trials for recordings on stable pre, post, and reversal days for example animal. C. Lick traces
before and after reversal for sample animal. D. Mean +/- SEM GRABpa-3h traces for pre and post
reversal stable days. E. Population statistics for photometry animal performance in reversal task.
There is not a significant difference between licking to 85% or 15% cues before or after reversal.
F. (Top) Mean cue activity before and after reversal on stable days. There is not a significant
difference in DA release between 85% or 15% cues before or after reversal. (Lower) Dopamine
release is elevated to rewards released following 15% cues without preceding anticipatory licking
both before and after reversal. G. GLM results for GRABpa-3h signal across animals, where light
gray indicates significant encoding. Population summary proportions indicate DA signal is
significant in the most animals for cue, lick, RPE, and Revis.gs encoding. H. RW value models
also show elevated learning rate for 15-85 cues in photometry animals. Adding the GRABpa-3h
signal during the cue period to scale learning rate improves model fit.
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Dopaminergic signals are most strongly associated with reward prediction error (RPE),
the difference between the actual and predicted reward (Schultz, 2016). If PL DA signals likewise
reflect RPE, then the amplitude of the GRABpa signal would be highest following reward delivery
when there is the largest difference between the predicted and actual reward. Using the lack of
anticipatory licking as a surrogate for a lack of reward expectation, the GRABpa signal amplitude
is indeed high on trials with behaviorally unexpected rewards (Fig. 4-1F), especially following
cues with low reward probability (15%). The magnitude of GRABpa signal towards unexpected
rewards on 15% trials remains elevated following reversal, only shifting to reflect the changed cue
probabilities (Fig. 4-1F). That the DA amplitude is significantly lower for rewards following 85%
cues (Fig. 4-1F) even when animals do not anticipatory lick on a given trial suggests that the
rewards may still be neurally predicted. Especially since there is a significant increase in
amplitude to the behaviorally unexpected rewards following the 85-15 cue after its contingency
has been degraded across reversal, this is likely to be the case. Given differences in signaling
towards delivery of rewards of equal volume, the observed RPE coding is unlikely to be
attributable solely to motor correlates, but the GLM tested this directly. The vast majority of
animals displayed significant encoding of the Rescorla-Wagner (RW) modelled RPE signal within
PL DA dynamics (Fig. 4-1G).

The PL DA signal is noticeably higher during reversal (Fig. 4-1A&B), consistent with
previous reports (van der Meulen et al., 2007). Since the PL DA signal significantly encodes RPE
information, and RPE-associated amplitudes are generally larger than cue-associated amplitudes
(Fig. 4-1 E&F), it follows that observed increases in PL DA could simply reflect an increased
frequency of RPEs following contingency elevation of the 15-85 cue. Looking at cue-locked trial
activity of an example animal (Fig. 4-1B) there is a strong increase in the DA signal following 15-
85 reversal, consistent with the observed significant RPE coding (Fig. 4-1G). Since the DA signal
encodes trial-by-trial RPE during reversal of the 15-85 cue, it could also encode a mRPE signal
for the 15-85 cue similar to that towards the 85-15 cue (Fig. 3-2) in the PL neurons. Modeling
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such a signal via inclusion in the GLM revealed significant encoding of a mRPE contingency
elevation signal in PL DA in the vast majority of animals (Fig. 4-1G). Not only did the PL DA signal
reflect standard RPE coding, but it also reflected longer timescale mRPE encoding only for the
15-85 cue. Removing the 85-15 mRPE signal from the GLM did not impact encoding predictions
for the majority of animals (Fig. 4-1G). This suggests that dopaminergic input is unlikely to explain
the 85-15 mRPE encoding observed in PL neurons. Still, since PL DA reflected 15-85 mRPE
signaling, its information could be useful for the reversal behavior in a different way.

Like the 85-15 (Fig. 3-4C), RW modeling revealed an elevated learning rate towards the
reversed 15-85 cue in the GRABpa cohort (Fig. 4-1H). Training a similar mRPE*a model using
the cue, reward, or combined GRABpa signal expedites the learning and fits the choice behavior
better across animals only during the cue period (Fig. 4-1H). This is somewhat in contrast to the
neural results where while the cue model did fit the data better than a static a term, the average
of Revss.15 cell activity across both the cue and reward fit the choice behavior better still (Fig. 3-
4F). One possible explanation for this discrepancy is that the dopamine release, clearance from
the synapse, and downstream GPCR signaling takes time, so releasing a mRPE signal computed
from previous ftrials ahead of a given trial's RPE primes dopamine sensitive cells towards an
enhanced response to the trial's RPE. If both the RPE and RPE enhancement signal were
released concurrently, this could have an additive instead of multiplicative effect on RPE and
change behavior more slowly.

The analysis of DA signaling dynamics in PL revealed that DA significantly codes for cue,
RPE, and 15-85 mRPE. This suggests that it is unlikely that the Revss.15 cell signal we observed
towards the 85-15 mRPE could be a copy of dopaminergic input. Performing concurrent, dual-
color two-photon calcium imaging of GCaMP6s (920nm excitation) and the red rGRABDA-3h
variant (1040nm excitation) more directly tested the relationship between PL DA and PL neural

activity (Fig. 4-2A). In addition to standard GLM variables, including the DA signal (shifted in time
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0-1s) as a predictor allowed a test of the hypothesis that despite both displaying elevations during
the reversal, PL DA activity does not significantly predict the activity of PL Revgs.1s neurons (Fig.
4-2B). Of 546 total cells tested, only the majority of Revis.gs (of which there were very few) and
RPE coding cells also displayed significant encoding of the PL DA signal (Fig. 4-2C). Given that
the DA signal alone also had very strong coding of both RPE and a Revis.gs signal (Fig. 4-1G), it
is encouraging that the neural populations that significantly code these signals also significantly
reflect the dopamine environment in their activity. Moreover, in alignment with the findings that
the DA elevation surrounding reversals (Fig. 4-1A) is centered around the 15-85 contingency
enhancement (Fig. 4-1B), and therefore does not encode the 85-15 meta-RPE signal (Fig. 4-1G),
most Revssis cells did not significantly encode the dopamine state of their surrounding
environment (Fig. 4-2C). This suggests that although both reversal cells and prefrontal dopamine
increase during the reversal period, they play distinct and dissociable roles.

Surprisingly, although PL DA significantly encodes cue information (Fig. 4-1G), this
information does not dramatically drive cue representations in the majority of PL cue cells (Fig.
4-2C). One explanation of this discrepancy is that while both PL neurons and PL DA release are
active during the cue period, their signaling dynamics are incongruent. The example traces in Fig.
4-1E and summary data in Fig. 2-5B do appear to have different rise times, with dopamine rising
early during the odor presentation and cue cells largely increasing their activity later during the
delivery and through the trace interval. Furthermore, the modeling in Fig. 4-1H suggests that the
Revis.gs signal modulates choice behavior towards the reversed 15-85 cue most strongly during
the cue period and given the paucity of Revisgs neurons (Fig. 3-2C) compared to cue neurons
(Fig. 3-3A), it follows that the neural cue signal and the Revis.gs signal are separable quantities,

encoded separately.

113



rGRAB,_,-3h GCaMP6s

B cLm i
Siya
S
|_
E e
© = & +
© ®
O s
S e
3
2| ¥r

r Rev Rev
85-15 15-85

Figure 4-2: Dual Recordings of Neural Activity and Dopamine Release in Prelimbic Cortex.
A. Representative field of view (FOV) with rtGRABpa-3h signal (left), GCaMP6s signal (center)
and merged signal. Extracted GCaMP6s ROIs were excluded from rGRABpa-3h channel before
analysis. B. Structure of GLM, revised to include DA signal as a predictor of neural activity. DA
kernel included 0-1s time offset activity from rGRABpa-3h channel. C. Proportion of cells that
significantly encode both dopamine kernel and other task variables of interest (dark blue) or not

(gray).
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The results from the fiber photometry (Fig. 4-1) and simultaneous neural (Fig. 4-2)
GRABba recordings strongly suggest the 85-15 contingency degradation mRPE signal within
Revss.1s neurons in PL is not of dopaminergic origin. However, the dopamine that reaches PL
seems to have a mRPE signal of its own, but for the 15-85 contingency enhancement portion of
the reversal learning. Given the minimal Revis.gs coding in PL (Fig. 3-2C), and sensitivity of Revis.
g5 cells to dopaminergic input (Fig. 4-2C), it is unlikely that the contingency elevation mRPE signal
originates in PL. This indicates that computation of mMRPE signals is unlikely to be restricted to
PL. However, since the Revss.15 sighal was not represented in the DA input to PL, and VTA DA
neurons are a convergence site for learning information across the brain (Stuber, 2023), it is
possible that the Revgs.is signal is first computed in PL. Thus, the bulk photometry and
simultaneous singe cell two-photon calcium and GRABpa imaging agree that dopamine released
into PL does not contain the Revss.15 signal nor explain signaling in the majority of Revss.is cells.
It is therefore extremely unlikely that the Revss 15 signal originates in VTA.

II.1S THE PRELIMBIC META-RPE SIGNAL PREFERENTIALLY SENT TO VTA?

Mathematically, the Revgs.1s signal improves the fit of RPE-based learning models to
behavior when allowed to dynamically modulate RPE signals. Neurobiologically, RPE signals are
thought to arise from dopaminergic neurons in VTA (Schultz, 2016), and the Revss.15 signal is
strongly represented in PL. It is therefore possible that Revss.is neurons in PL could directly project
to VTA dopamine neurons and thereby modulate RPE. PL represents the largest PFC input to
VTA, with a distinct projection (Babiczky & Matyas, 2022; Gongwer et al., 2023), equally targeting
VTA dopamine neurons and the GABAergic neurons that inhibit them (Carr & Sesack, 2000).
Since the simplest mechanism is that PL Revss.1s neurons directly interface with VTA DA neurons,
it is logical to center investigation towards the more rostral and lateral portion of the VTA, where
the density of DA neurons and PFC terminals are highest (Simon et al., 2023). The purpose of

this section is to test the hypothesis that the PL- VTA projection conveys the Revgs.1s signal.
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Figure 4-3: PFC Terminal Recordings in VTA Convey Reversal Signal. A. Schematic of
experimental preparation. B. Behavioral acquisition curves for example animal, normalized as
in Fig. 3-5, with reversal days marked via dotted lines for additional analysis. C. Trial-centered
PFC-VTA terminal activity for day where the example animal behaviorally reversed the 85-15 cue.
D. Trial-averaged PFC-VTA teriminal activity surrounding cue (top), reward (center) and post-
reward (lower) periods. E. Same as C but for 15-85 cue. F. Same as D but for 15-85 cue. G.
GLM results across animals. Every animal had significant encoding of cue, lick, and Rev85-15
signals. H. Although the cue and post-reward periods also display characteristic reversal shape,
this activity peaks significantly later than the reward centered activity.
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To test whether PL sends the Revss.is signal to VTA, C57BL6J mice injected with
GCaMP6s in PL and implanted with photometry fibers targeting rostro-lateral VTA performed the
reversal task (Fig. 4-3A). Acqusition curves (Fig. 4-3B) enabled separate identification of the
days where the majority of the 85-15 or 15-85 reversal occurred for additional analysis. Trial-
centered activity maps surrounding the 85-15 cue (Fig. 4-3C) revealed a strong, transient
inhbition that develops during the reward delivery and consumption (8-16s) phase of the task (Fig.
4-3D), and significantly encoded the Revss.15 signal in every animal (Fig. 4-3G). Conversely, there
were increases both during the cue (0-2s) and post-ingestion (8-16s) period that peaked partway
through the reversal period (Fig. 4-3D), though significantly later than the consumption inihbition
(Fig. 4-3H). As trials were spaced 16-20s apart, the post-ingestion signal is also observable in
the baseline before cue-delivery (Fig. 4-3C). In contrast, although 15-85 was also inhibited
compared to baseline during consumption (Fig. 4-3E), it did not change in magnitude across the
session (Fig. 4-3F) or reflect significant Revis.gs coding (Fig. 4-3G).

That every animal displayed significant encoding of the Revss.is signal in PFC-VTA
terminal activity strongly suggests that VTA receives the Revss.15 signal from PFC, perhaps from
reversal cells. Performing projection-specific single cell two-photon calcium imaging of PFC-VTA
cells directly tested whether they preferentially displayed significant encoding of the Revgs.is
signal. In contrast to a pan-neuronal approach (Fig. 3-2A), injection of rAAV5-pgk-cre into rostro-
lateral VTA, AAVDJ-EF1a-DIO-GCaMP6s in PL, and subsequent microprism implant sparsely
restricted recording to only PFC-VTA projecting cells (Fig. 4-4A). Trial-averaged activity of PFC-
VTA single units on the session with the largest behavioral change to the 85-15 cue (Fig. 4-4B)
revealed a transient inhibition that deepened and then returned to baseline over a handful of trials
only during the reward delivery and consumption phase of the task (Fig. 4-4C). When pooled
together, most (65%) of the PFC-VTA neurons displayed significant encoding of the Revgs.15 signal

and none encoded the Revis.gs signal (Fig. 4-4D). This is a sizably larger proportion than the bulk
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Figure 4-4: PFC Neurons Projecting to VTA Convey Reversal Signal. A. Representative field
of view with viral strategy B. Trial-averaged activity for all cells in an example animal following
contingency reversal. C. Trial-averaged PFC-VTA neuronal activity surrounding cue (top), reward
(center) and post-reward (lower) periods. D. Distribution of GLM-derived significant encoding
parameters for all evaluated cells. E. Comparison of the proportion of cells that encode each
parameter in the PFC-VTA cohort compared to the main PFC cohort (See Chapter 3).
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population (Fig. 4-4E). When coupled with fiber photometry results (Fig. 4-3), these single cell
neuron results strongly support the conclusion that PL sends the mMRPE Revss.15 sighal to VTA via
Revss.15 cells.

It is extremely encouraging that the Revss.15 cells observed generally within PL are greatly
overrepresented in the population that projects to VTA. However, the directionality of the activity
observed in the PFC-VTA cells (Fig. 4-4B) and many of the Revgs.is cells (Fig. 3-4A) is different.
Many Revis.gs cells displayed strong increases paralleling the Revss.1s signal, while PFC-VTA cells
displayed strong decreases. There are two potential explanations for this discrepancy. First, the
non-restricted recordings in PL were performed with GCaMP6s under the CaMKIla promoter.
Although CaMKIlla is generally thought to have expression restricted to excitatory pyramidal
neurons (Wang et al., 2013), there is a substantial amount of CaMKlla virus expression leakage
into inhibitory interneurons, up to 88% in the case of parvalbumin-containing interneurons in PFC
(Veres et al., 2023). Since only pyramidal neurons project outside of PFC to VTA (Vazquez-
Borsetti et al.,, 2009), it is possible that Revgs.is cells with excitations were interneurons, and
therefore not represented in the PFC-VTA projection experiment. Since interneurons generally
inhibit pyramidal neurons, interneuron increases would be expected to couple with pyramidal
neuron decreases, as observed. Future studies will be needed to dissect the exact contribution
of pyramidal cells and interneurons to the Revss.15 signal, but regardless of the exact microcircuitry
that generates the signal, it reaches VTA from PFC, and decreases in activity during reversal.

Another possibility is that both excited and inhibited Revss.1s cells are pyramidal neurons,
but with different projection targets. The rostro-lateral rAAV and fiber photometry implant
coordinates are biased towards dopaminergic cells in VTA (Simon et al., 2023), and therefore
likely skew towards representing PL cellular signals sent to VTA dopamine neurons. PL neurons
also target VTA GABA neurons, which inhibit VTA dopamine neurons (Carr & Sesack, 2000), but
are generally located more medially (Simon et al., 2023). It is possible the implant and injection
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coordinates did not capture medial VTA-projecting PL neurons. Regardless, If the PL-VTApa
projection decreases its activity during reversal, and the PL-VTAgasa projection increases its
activity, the net effect would be the same: decreased activity of VTA dopamine neurons.

The notion that PL-VTA activity reduces during reversal, possibly decreasing activity in
dopaminergic neurons, is compatible with the results of the mathematical modeling in Figure 3-
4&5. Putting the modeling results into words, allowing the Revss.15 Signal to increase the impact
of trial-by-trial RPE on choice behavior during the 85-15 contingency degradation improves
predictions of the animal’s choice behavior (Fig. 3-4F) and changes in anticipatory licking (Fig.
3-5E). Were this to be implemented physiologically, a Revss.15 signal would need to reach and
modulate RPE signaling. This work has identified a Reves.15s signal in PL , and extensive previous
work has identified VTA as the site of RPE signaling (for review see (Schultz, 2016)). This chapter
has characterized the presence of the Revss.i5 signal in the PL axons that reach VTA (Fig. 4-3),
as well as in the PL pyramidal neurons that project to VTA (Fig. 4-4). Thus, the mathematically
defined relationship between Revss.is cells and RPE appears to have a direct physiological
representation in the PL-VTA projection. Although mathematically multiplying a negative RPE by
positive reversal signal produces an even more negative RPE, physiologically increasing
excitatory input (a “positive” neural signal) onto inhibited neurons (a “negative” RPE) would likely
negate the inhibition, instead of enhancing it. Enhancing an inhibition would require decreases in
excitatory drive which could be physiologically multiplicative instead of summatory as VTA
dopamine neurons display non-linear responses to excitatory input (Bonci & Malenka, 1999).
Consequently, for excitatory pyramidal Revgs.1s neurons to increase the magnitude of negative
RPEs, they would need to decrease their activity, as observed in Fig. 4-3G&4-4D. Thus, the
activity of the Revss.is neurons within the PFC-VTA circuit represents the physiological

implementation of the mMRPEa model generated in Chapter 3 of this work.
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SUMMARY AND BROADER IMPLICATIONS

Cognitive flexibility is important to make changes to existing learning when environmental
contingencies change (Introduction 1). This work has explored a simple form of cognitive
flexibility, reversal learning, where the contingencies of two or more learned cues or behavioral
strategies must be switched but all cues remain. Studies of prefrontal contributions to cognitive
flexibility, including reversal learning have traditionally focused on orbitofrontal cortex (OFC).
Other research has implicated OFC in detecting the initial changes in the environment following
contingency reversal, as OFC activity is highest at reversal onset and lesions abolish the ability
to perform cued reversals (Introduction I). However, OFC activity patterns decline too quickly to
underlie behavioral remapping once an environmental change has been detected.

In contrast to OFC, lesions to the nearby prelimbic cortex (PL) also affect reversal behavior
by prolonging the behavioral reversal time course, with impaired ability to learn from repeated
errors (Introduction 1l1). Neurally, PL population dynamics during reversal are more variable
(Introduction 1V) and also experience increased dopaminergic innervation (Introduction V).
What precipitates changes in PL dynamics, their relationship to repeated errors, and the time-
locked role of dopamine during contingency reversal was not well characterized in previous work.
This work identified a distinct ensemble of PL neurons that activate specifically towards repeated
negative reward prediction errors (RPES) in close succession (Chapter 3), are not explained by
dopaminergic input (Chapter 4), and project to the ventral tegmental area (VTA) (Chapter 4)
using novel imaging and statistical methods (Chapter 1). Since PL population dynamics are
relatively stable across reversal (Chapter 2), the activity of the reversal ensemble is unlikely to
be attributable to representational drift. Allowing reversal cell activity to scale RPE improves the
fit of trial-by-trial error models to behavior, because they account for non-linearities between RPE

and behavioral change (Chapter 3). Reversal cells dominate the PL-VTA projection and represent
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the physiological representation of the mathematical model (Chapter 4). Including the additional
motivations for study, this work has addressed four major open questions in the field:

l. Why is learning during contingency reversal faster than stable learning rates predict?

Il. Why might lesions of prelimbic cortex impact reversal learning and does this relate to

previously detected firing changes during adaptation to contingency reversal?

M. How are dopamine increases in prelimbic cortex related to contingency reversal?

V. What information does the PFC-VTA projection convey during cognitive flexibility?
The answers and implications for each of these questions are considered in more detail below.
I. WHY IS LEARNING DURING CONTINGENCY REVERSAL FASTER THAN STABLE
LEARNING RATES PREDICT?

The idea of meta-learning emerged at the nexus of computer and neural science, and is
often defined as “the ability to learn how to learn, such as learning to adjust hyperparameters of
existing learning algorithms” (Langdon et al., 2022). Generally thought of as a process that
expedites learning, meta-learning ideas have been applied to simple contingency degradation
rodent tasks, like those in this work (Grossman et al., 2022; Namboodiri et al., 2021). This work
and previous models unanimously agree that learning is faster following a change in
environmental contingencies (Fig. 3-4&3-5D). However, previous models assume that learning
happens fastest immediately following unexpected new information (i.e. at the contingency
reversal), when RPEs are largest (Grossman et al., 2022; Namboodiri et al., 2021). As behavioral
change is used as a correlate for learning in rodent models, if learning happens fastest
immediately following contingency reversal, there should be an enhanced relationship between
RPE and behavioral change during early reversal. Surprisingly, this does not appear to be the
case as there is not a significant correlation between RPE and behavioral change during reversal
(Fig. 3-5B) owing to the presence of the largest behavioral changes at intermediate RPEs (Fig.
3-5C). Thus, one would expect a meta-learning signal to peak at an intermediate point in the
reversal, and not at its onset as previously argued.
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Since many environments are inherently stochastic, it is logical to wait to commit to a
large-scale behavioral change until evidence accumulates that the state of the environment has
changed, instead of immediately changing behavior following a single unexpected datapoint. The
meta-RPE (MRPE) signal serves such a function: increasing only when many negative errors
have occurred in close succession, and almost all choices were incorrect (Fig. 3-1). That mRPE
accounts for detected increases in learning rate (Fig. 3-4E) and improves fit to binary (Fig. 3-4F)
and continuous (Fig. 3-5E) choice behavior strongly suggests it is meaningful. One way to
conceptualize mRPE is as a state prediction error signal rising proportional to the quantity of
previous trials where a behavioral strategy that was successful in a previous task state no longer
yields the predicted outcome. Once a new strategy is adopted that better fits the new
contingencies of the changed task state landscape, mRPE decreases. Such a signal qualifies as
a meta-learning signal because it adjusts a (the Rescorla-Wagner learning rate parameter) but is
better explained as a meta-RPE signal since it is both calculated from RPEs over a longer
timescale and directly modifies the impact of trial-by-trial RPEs on behavioral change.

Altogether, the mRPE signal represents an error profile a level of abstraction above standard
trial-by-trial RPE, better explains learning behavior than an RPE-only model, is highest when the
largest behavioral changes occur, and produces behavioral estimates that strongly parallel those
of real animals. Thus, mRPE explains the faster learning observed during contingency reversal.
Il. WHY MIGHT LESIONS OF PRELIMBIC CORTEX IMPACT REVERSAL LEARNING AND
DOES THIS RELATE TO PREVIOUSLY DETECTED FIRING CHANGES DURING
ADAPTATION TO CONTINGENCY REVERSAL?

Behavioral data strongly suggests that PL lesions prolong the time course of reversal
learning due to an impaired ability to learn from negative errors (Introduction Ill). This suggests
that learning from negative errors may be an inherent property of a cellular ensemble within PL.
Previous studies have observed changes in PL firing rates during reversal, but have not
systematically explored their connection to learning, negative errors, or other components of

reversal learning tasks (Introduction IV). A major goal of this study was to characterize the time-
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locked activity of single cells in PL to reversal learning behavior. Identifying the meta-RPE (mMRPE)
signal that averages single-trial RPEs over a longer timescale, modulates RPE, and fits reversal
behavior better than trial-by-trial RPE alone (Fig. 3-4F&5E) provided a candidate signal that could
explain PL involvement in reversal learning. Without a mRPE signal, if behavior is predicted using
a static learning rate comparable to pre-reversal behavior, the time course to stable post-reversal
behavior is extended (Fig. 3-5D) as is observed in PL lesion animals (Introduction III).
Microprisms allowed simultaneous recordings from thousands of PL cells across reversal
(Chapter 1-1), and p-value leave-one-out generalized linear models (GLMs) allowed significance
testing of the relationship between individual cells and the mRPE signal in addition to other task
parameters (Chapter 1-11). Thus, advances in statistical and calcium imaging methodology
allowed direct testing of whether PL units encoded mRPE.

Approximately 10% of the thousands of recorded neurons significantly encoded the mRPE
signal only on the reversal day and only for the contingency degraded 85-15 cue (Fig. 3-2B&C).
The activity of the reversal cells is strikingly elevated during the reversal period (Fig. 3-4A) and
largely does not overlap with significant encoding of cue, value, or single-trial RPE signals (Fig.
3-3B). The emergence of the mRPE signal only during the reversal following repeated,
concentrated errors and incorrect choices in a population of cells that had previously been fairly
quiescent likely explains the firing of Bissonnette’s “conflict” cells, Malagon-Vina’s “bad behavioral
performance” cells, Karlsson’s increased “signaling volatility”, Powell’s “disorganization”, and
Rich’s unit tracking “proportion incorrect” (Bissonette & Roesch, 2015; Karlsson et al., 2012;
Malagon-Vina et al.,, 2018; Powell & Redish, 2016; Rich & Shapiro, 2009). Considered
individually, increased reversal cell activity only during reversal would increase the volatility and
disorganization of the overall PL population statistics that are otherwise fairly stable before and
after the reversal (Fig. 2-4A). The reversal cells fire during the conflict between old and new
contingency expectations because as animals choose to lick in anticipation to the 85-15 cue,

subsequent reward delivery is unlikely (15%), in conflict with the pre-reversal 85% probability. As
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animals make continued seeking decisions towards the devalued reward, they are making
incorrect choices that yield bad performance in the task. Therefore, it is likely that the activity of
the Revss.1s ensemble is responsible for previously observed PL firing changes during reversal.

Since the mRPE signal expedites learning following contingency degradation (Summary
1), and the PL Revsgs.is cells significantly encode the mRPE signal, it follows that the Revsgs.is
ensemble likely expedites learning following contingency degradation. Because the mRPE signal
derives from repeated negative reward prediction errors, and PL lesion results in an impaired
ability to learn from repeated negative errors, it is likely removal of the Revgs.is ensemble is
responsible for this effect. The distinct activity profile between Revsgs.is and OFC neurons
(Banerjee et al., 2020), where Revgs.15 cell activity peaks in the middle of reversal, while OFC
activity peaks at the start of reversal, may likely explain the differential lesion effects where OFC
animals never reverse while PL animals reverse more slowly. If OFC is important for detecting an
initial change in the environment, and the change is never detected, behavior will never change.
In contrast, if Revgs.15 cells within PL are responsible for expediting behavioral change following
reversal, their lesion will only slow progress.

Thus, PL lesions likely slow reversal learning from negative errors because they remove
the Revgsis ensemble, which expedites behavioral remapping to reversed cues following
repeated negative errors. Increases in Revgs.is cell activity during contingency reversal can

explain previously detected change in PL population firing statistics during contingency reversal.
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I1l. HOW ARE PRELIMBIC DOPAMINE INCREASES RELATED REVERSAL?

A discussion of learning is incomplete without a discussion of dopamine. Tightly linked to
learning via iterative errors, dopaminergic cells within the VTA are responsible for reward
prediction error (RPE) signals across the brain (Schultz, 2016). Since VTA shares reciprocal
connectivity with PL (Gongwer et al., 2023; Hui & Beier, 2022), RPE signals that reach PL likely
originate from VTA. Since mRPE signals are computed from RPE, it is possible that they also
arrive in PL via dopaminergic innervation. Adding support for this hypothesis, dopamine levels
are selectively elevated in PL during contingency reversal (van der Meulen et al., 2007), the same
period in which Revss.15 cells are active and the mRPE signal is highest. Before this work, the
exact sub-second timescale of dopamine release in PL during reversal, and its impact on neurons
and behavior was unexplored.

Surprisingly, the PL dopamine increase was not directly related to the contingency
degradation or Revss.is MRPE signal. Instead, the increases in activity were attributable to the
contingency elevation (Fig. 4-1B) in both single-trial RPEs and multi-trial mRPEs (Fig. 4-1G).
This strongly suggested dopamine release in PL did not drive Revss.15 cell activity. Simultaneous
recordings of PL neurons and dopamine released into the environment confirmed this, as GLM
analysis revealed only significant dopamine modulations in the majority of RPE and Revis.gs
MRPE cells—not Revss.is MRPE cells (Fig. 4-2C). Thus, dopamine release in PL is not directly
related to the contingency degradation portion of reversal behavior. However, since the Revgs.is
cellular signaling is compatible with mRPE, a signal that is computed by adding RPEs over many
trials, may still be less directly linked to dopaminergic signaling because single-trial RPEs are
significantly encoded in dopamine released into PL. That dopamine receptor antagonists affect
reversal similarly to prelimbic lesions (Introduction V) suggests this may be the case. The exact
mechanism by which Revgs.is cells compute the mRPE signal and whether dopaminergic

innervation is required for this function remains an open question for future work.
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That the dopamine signal is strongly linked with the contingency elevation phase of the
reversal is compatible with its documented role conveying single-trial RPE. Given the pre-reversal
task strategy, where animals do not expect reward deliveries (only 15% likelihood) following the
15-85 cue, when the reward contingency shifts to reward deliveries most of the time (85%), the
resulting RPEs from reward deliveries could increase the amount of dopamine independent of
any special role in reversal learning. However, dopamine does appear to have a special role in
contingency elevation as the signal itself significantly encoded the 15-85 mRPE signal (Fig. 4-
1G) and predicted the activity of the handful of Revis.gscells (Fig. 4-2C). Given the paucity of 15-
85 compared to 85-15 reversal cells (Fig. 3-2B), it is unlikely that this signal originates in PL.

Since PL selectively encodes the 85-15 mRPE signal, and dopamine selectively encodes
the 15-85 mRPE signal, these signals are dissociable and likely distinct. This suggests that
contingency degradation (85-15) and elevation (15-85) are separate processes that co-occur in
tasks with a shared reversal point. This is understandable, as contingency degradation involves
learning that a cue that used to meaningfully predict reward does not anymore, while contingency
elevation involves learning that something that used to have a low association with reward, now
meaningfully predicts it. The definition of contingency elevation (15-85) is very similar to normal
acquisition (0-85) as both go from a low cue-reward predictive relationship to a high one and may
therefore share a neural mechanism. This interpretation suggests that the cognitive flexibility
portion of this reversal learning task is specifically the 85-15 contingency degradation signal
(making changes to existing learning), which does not come from VTA dopamine neurons but is
encoded in PL ensembles. Since contingency elevation and standard acquisition likely share a
common mechanism, and PL DA encodes mRPE for contingency elevation, this suggests that
MRPE signals may not be restricted to reversal learning.

The source of the 15-85 mRPE signal in VTA can only be speculated upon. Like PL, the
basolateral amygdala (BLA) is reciprocally connected to VTA (An et al.,, 2021), contains
representations of cue-reward associations that develop across learning, and BLA lesions only
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effect reversal learning strategies involving transitions from cue-reward associations (Izquierdo et
al., 2017). Prior interpretations of the BLA literature suggest its role involves high-level
representation of enhanced cue-reward relationships (Wassum & lzquierdo, 2015), which is
consistent with a contingency elevation function. That BLA signals reflect reward history over time
(Morrison & Salzman, 2010) and activity perturbations during learning persist over many trials
(Wassum & lzquierdo, 2015) suggests a time-scale compatibility with mRPE. Future work can
identify whether BLA is indeed the source of the 15-85 mRPE signal reflected in the dopamine.

In conclusion, dopamine release in PL significantly encodes the contingency elevation
during reversal, and do not have a direct significant relationship with contingency degradation
behavior or PL ensembles. In addition to reflecting an increase in positive RPEs during
contingency elevation, dopamine also significantly reflects a contingency elevation mRPE signal.
IV.  WHAT INFORMATION DOES THE PFC-VTA PROJECTION CONVEY DURING
COGNITIVE FLEXIBILITY?

The task-related function of the relatively weak prefrontal projection to VTA has been an
open question for some time (Carr & Sesack, 2000; Gao et al., 2007; Gongwer et al., 2023).
Substance use disorder (SUD) researchers have long hypothesized that decreased prefrontal
innervation of subcortical circuitry is related to an impaired ability to devalue drug rewards during
recovery but the mechanistic understanding of how PFC relates to this cognitive inflexibility has
been understudied and the PFC-VTA projection largely ignored (Coley et al., 2021; Limpens et
al., 2015; Volkow et al., 2019; Volkow & Morales, 2015). When mentioned at all, the PFC-VTA
projection is postulated to directly perform a high-order flexibility-related modulation of the
dopamine system, but this had yet to be tested directly (Koob & Volkow, 2016; Menon &
D’Esposito, 2022). Although this study did not directly test the relationship of PFC-VTA activity
during drug cue contingency degradation, it still characterized the activity of PFC-VTA neurons

and axons during contingency degradation between salient odor cues and a natural sucrose
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reinforcer. Understanding the basic biology that may go awry during SUD is an important first step
to support future interventions of neural circuitry to promote SUD recovery.

As many hypothesized, this study established that the prelimbic subregion of PFC contains
a discrete cognitive flexibility signal that represents repeated errors following contingency
degradation (Chapter 3), termed meta-RPE (mRPE). Mathematical modeling suggests mRPE
increases the impact of intermediate RPEs partway through behavioral remapping to the reversed
cues, expediting contingency degradation (Chapter 3). Physiologically, a subset of PL neurons
significantly encode the mRPE signal, RPE is tightly linked to the activity of VTA (Schultz, 2016),
and PL represents the largest prefrontal connectivity to VTA (Carr & Sesack, 2000; Gongwer et
al., 2023). Therefore, it is possible that mRPE’s modeled-impact on RPE is physiologically
implemented in the activity of the PL-VTA circuit.

Recordings of PL-VTA circuitry revealed that the mRPE signal reaches VTA in PL axons
(Fig. 4-3G) and significantly predicts activity of a much larger proportion (65%) of PL-VTA neurons
than the PL population (10%) overall (Fig. 4-4E). Thus, the mathematical modeling and neural
connectivity are in alignment: the mRPE signal in PL is able to reach the RPE signal within VTA,
likely modulating the magnitude of negative RPEs via an inhibition of excitatory tone (Chapter 4).
Altogether, this suggests that the mRPE signal in PL that is likely responsible for behavioral lesion
impairments during contingency reversal (Introduction Ill) due to an inability to modulate RPE
signaling in VTA via the PL-VTA projection primarily composed of mRPE cells.

It remains an open question whether the activity of Revgs.15 cells is constrained entirely to
the PL-VTA projection population. Another recent work exploring PL contributions to cognitive
flexibility (but that did not derive any such signal) reported increased activity during and
immediately following expected reward delivery only during intra- or extra-dimensional shifts
(Spellman et al., 2021). It is possible that mRPE cells in PL drove this change in activity, since
they show similar activity both within PL (Chapter 3) and the PL-VTA population (Chapter 4).
Spellman’s work did not characterize the timescale of the changed PL activity but did explore
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whether it was preferentially represented in PL projections to the thalamus (MDT) or striatum
(VMS). The flexibility-related activity change was not preferentially restricted within PL-MDT or
PL-VMS populations, but did show a concentration in deep layer V/VI neurons (Spelliman et al.,
2021). Notably, this is also the area that contains the largest concentration of PL-VTA neurons,
over projections to thalamus or striatum (Gongwer et al., 2023). Thus, there is literature support
for the notion that mRPE signaling is restricted to the PL-VTA projection, but future studies can
directly test whether this is the case.

Altogether, PL Revss.15 neurons strongly convey the mRPE cognitive flexibility signal to VTA

and represents the physiological implementation of modeled mRPE effects on RPE.

FINAL SUMMARY

This work presents meta-RPE for the first time, a cognitive flexibility signal that peaks in
the middle of contingency degradation behavior and represents the average of repeated negative
errors concentrated over many trials. Allowing meta-RPE to modulate canonical single-trial RPEs
expedites reversal learning compared to models incorporating static pre-reversal learning rates,
and fits observed animal behavior better than models that immediately increase RPE gain
concurrent with contingency reversal. Physiologically, meta-RPE is represented within a
subpopulation of neurons in PL and can directly modify RPE via preferential representation in
projections to VTA. The mRPE signal within PL is unlikely attributable to representation drift, since
population dynamics are consistent on stable behavior days across reversal. Likewise,
dopaminergic innervation to PL does not predict the contingency degradation mRPE, instead
representing a contingency elevation mRPE signal from elsewhere in the brain. Altogether, PL
contributions to reversal behavior are likely explained via contingency degradation mRPE

encoding, and conveyance of this signal to modulate downstream RPEs in VTA.
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Abstract The ability to associate reward-predicting stimuli with adaptive behavior is frequently
attributed to the prefrontal cortex, but the stimulus-specificity, spatial distribution, and stability

of prefrontal cue-reward associations are unresolved. We trained head-fixed mice on an olfactory
Pavlovian conditioning task and measured the coding properties of individual neurons across space
(prefrontal, olfactory, and motor cortices) and time (multiple days). Neurons encoding cues or licks
were most common in the olfactory and motor cortex, respectively. By quantifying the responses of
cue-encoding neurons to six cues with varying probabilities of reward, we unexpectedly found value
coding in all regions we sampled, with some enrichment in the prefrontal cortex. We further found
that prefrontal cue and lick codes were preserved across days. Our results demonstrate that indi-
vidual prefrontal neurons stably encode components of cue-reward learning within a larger spatial
gradient of coding properties.

elLife assessment

This study makes valuable observations about the representation of "value" in the mouse brain,

by using a nice task design and recording from an impressive number of brain regions. The combi-
nation of state-of-the-art imaging and electrophysiology data offer solid support for the authors'
conclusions. The paper will be of interest to a broad audience of neuroscientists interested in reward
processing in the brain.

Introduction

Association of environmental stimuli with rewards and the subsequent orchestration of value-guided
reward-seeking behavior are crucial functions of the nervous system linked to the prefrontal cortex
(PFC) (Miller and Cohen, 2001; Klein-Fliigge et al., 2022). PFC is heterogeneous, with many studies
noting subregional differences in both neural coding Kennerley et al., 2009; Sul et al., 2010, Hunt
et al., 2018, Wang et al., 2020a and functional impact on Dalley et al., 2004; Rudebeck et al.,
2008; Buckley et al., 2009, Kesner and Churchwell, 2011 value-based reward seeking in primates
and rodents. Furthermore, functional manipulations of PFC subregions exhibiting robust value signals
do not always cause a discernible impact on reward-guided behavior (Chudasama and Robbins,
2003; St Onge and Floresco, 2010; Dalton et al., 2016; Verharen et al., 2020; Wang et al., 2020a),
encouraging investigation of differences between value signals across PFC. Within individual PFC
subregions, multiple studies have observed evolving neural representations across time, calling into
question the stability of PFC signaling (Hyman et al., 2012, Malagon-Vina et al., 2018). A systematic
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comparison of coding properties across rodent PFC and related motor and sensory regions, as well
as across days and stimulus sets, is necessary to provide a full context for the contributions of PFC
subregions to reward processing.

Identifying neural signals for value requires a number of considerations. One issue is that other task
features can vary either meaningfully or spuriously with value. In particular, action coding is difficult
to parse from value signaling, given the high correlations between behavior and task events (Musall
et al., 2019, Zagha et al., 2022) and widespread neural coding of reward-seeking actions (Steinmetz
et al., 2019). Additionally, without a sufficiently rich value axis, it is possible to misidentify neurons as
‘value’ coding even though they do not generalize to valuations in other contexts (Stalnaker et al.,
2015; Hayden and Niv, 2021, Zhou et al., 2021). Because reports of the value have come from
different experiments across different species, it is difficult to compare the presence of value signaling
even across regions within the prefrontal cortex (Kennerley et al., 2009, Sul et al., 2010; Stalnaker
et al., 2015; Otis et al., 2017, Hunt et al., 2018, Namboodiri et al., 2019; Wang et al., 2020a;
Hayden and Niv, 2021; Zhou et al., 2021).

In this work, we sought to address the existing ambiguity in the distribution and stability of value
signaling. We implemented an olfactory Pavlovian conditioning task that permitted the identification
of value correlates within the domain of reward probability across two separate stimulus sets. With
acute in vivo electrophysiology recordings, we were able to assess the coding of this task across
11 brain regions, including five PFC subregions, as well as olfactory and motor cortex, in a single
group of mice, permitting a well-controlled comparison of coding patterns across a large group of
the task-relevant regions in the same subjects. Unexpectedly, in contrast to the graded cue and lick
coding across these regions, the proportion of neurons encoding cue value was more consistent
across regions, with a slight enrichment in PFC but with similar value decoding performance across
all regions. To assess coding stability, we performed 2-photon calcium imaging of neurons in the PFC
for multiple days and determined that the cue and lick codes we identified were stable over time. Our
data demonstrate the universality and stability of cue-reward coding in the mouse cortex.

Results

Distributed neural activity during an olfactory Pavlovian conditioning
task

We trained mice on an olfactory Pavlovian conditioning task with three cue (conditioned stimulus)
types that predicted reward on 100% (‘CS+’), 50% (‘CS50), or 0% ('CS—’) of trials (Figure 1A). Each
mouse learned two odor sets (odor sets A and B), trained and imaged on separate days and then, for
electrophysiology experiments, presented in six alternating blocks of 51 trials during the recording
sessions (Figure 1B). Mice developed anticipatory licking (Figure 1C-D), and the rate of this licking
correlated with reward probability (Figure 1—figure supplement 1), indicating that subjects success-
fully learned the meaning of all six odors.

Using Neuropixels 1.0 and 2.0 probes (Jun et al., 2017; Steinmetz et al., 2021), we recorded
the activity of individual neurons in PFC, including anterior cingulate area (ACA), frontal pole (FRP),
prelimbic area (PL), infralimbic area (ILA), and orbital area (ORB) (Wang et al., 2020b; Laubach
et al., 2018). We also recorded from: secondary motor cortex (MOs), including anterolateral motor
cotex (ALM), which has a well-characterized role in licking Chen et al., 2017, olfactory cortex (OLF),
including dorsal peduncular area (DP), dorsal taenia tecta (TTd), and anterior olfactory nucleus (AON),
which receive input from the olfactory bulb (Igarashi et al., 2012, Mori and Sakano, 2021); and
striatum, including caudoputamen (CP) and nucleus accumbens (ACB), which are major outputs of
PFC (Heilbronner et al., 2016, Figure 1E-F). In a separate group of mice, we performed longitudinal
2-photon calcium imaging through a Gradient Refractive Index (GRIN) lens to track the activity of
individual neurons in PL across several days of behavioral training (Figure 1G-H). Both techniques
permitted robust measurement of the activity of neurons of interest and generated complementary
results (Figure 11-J, Figure 1—figure supplement 2).

Graded cue and lick coding across the recorded regions
In the electrophysiology experiment, we isolated the spiking activity of 5332 individual neurons
in regions of interest across 5 mice (449-1550 neurons per mouse, Figure 2A, Figure 2—figure
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Figure 1. Electrophysiology and calcium imaging during olfactory Pavlovian conditioning. (A) Trial structure in Pavlovian conditioning task. (B) Timeline
for mouse training. (C) Mean (+/— standard error of the mean (SEM)) lick rate across mice (n = 5) on each trial type for each odor set during
electrophysiology sessions. CS50(r) and CS50(u) are rewarded and unrewarded trials, respectively. Inset: mean anticipatory licks (change from baseline)
for the CS+ and CS50 cues for every session, color-coded by mouse. F(1,66) = 36.6 for a main effect of cue in a two-way ANOVA including an effect of
subject. (D) Same as (C), for the third session of each odor set (n = 5 mice). #(4) = —5.4 for a t-test comparing anticipatory licks on CS+ and CS50 trials.
(E) Neuropixels probe tracks labeled with fluorescent dye (red) in cleared brain (autofluorescence, green). AP, anterior/posterior; ML, medial/lateral; DV,
dorsal/ventral. Allen common-coordinate framework (CCF) regions delineated in gray. Outline of prelimbic area in purple (F) Reconstructed recording
sites from all tracked probe insertions (n = 44 insertions, n = 5 mice), colored by mouse. (G) Sample histology image of lens placement. Visualization
includes DAPI (blue) and GCaMP (green) signal with lines indicating cortical regions from Allen Mouse Brain Common Coordinate Framework.

(H) Location of all lenses from experimental animals registered to Allen Mouse Brain Common Coordinate Framework. Blue line indicates location

of lens in (A). The dotted black line represents approximate location of tissue that was too damaged to reconstruct an accurate lens track. The white

Figure 1 continued on next page
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Figure 1 continued

dotted line indicates prelimbic area (PL) borders.(I) ML and DV coordinates of all neurons recorded in one example session, colored by region, and spike
raster from example PL neurons. (J) ROl masks for identified neurons and fluorescence traces from five example neurons.

The online version of this article includes the following figure supplement(s) for figure 1:
Figure supplement 1. Anticipatory licking during the electrophysiology sessions.

Figure supplement 2. Similar neural activity in prelimbic area using electrophysiology and calcium imaging.

supplement 1A). The activity of neurons in all regions exhibited varying degrees of modulation in
response to the six cues (Figure 2B). Broadly, there was strong modulation on CS+ and CS50 trials
that appeared to be common to both odor sets (Figure 2—figure supplement 1B). Across regions,
there was heterogeneity in both the magnitude and the timing of the neural modulation relative to
odor onset (Figure 2—figure supplement 1C).

To quantify the relative contribution of cues and conditioned responding (licking) to the activity
of neurons in each region, we implemented reduced rank kernel regression (Steinmetz et al., 2019),
using cues, licks, and rewards to predict neurons’ activity on held-out trials (Figure 2C, Figure 2—
figure supplement 2A). To determine the contribution of cues, licks, and rewards to each neuron'’s
activity, we calculated unique variance explained by individually removing each predictor from the
model and calculating the reduction in model performance (Figure 2D).

We identified individual neurons encoding cues, licks, or rewards as those for which that predictor
uniquely contributed to 2% or more of their variance (a cutoff permitting no false positives and identi-
fying neurons with robust task modulation, see Methods and Figure 2—figure supplement 3). Neurons
encoding cues (24% of all neurons), licks (11%), or both (16%) were most common. Neurons with any
response to reward (independent of licking) were rare (5%) (Horst and Laubach, 2013). Cue neurons
were characterized by sharp responses aligned to odor onset; in contrast, lick neurons’ responses
were delayed and peaked around reward delivery (Figure 2—figure supplement 2B-C), consistent
with the timing of licks (Figure 1C). The activity of cue neurons on rewarded and unrewarded CS50
trials validated our successful isolation of neurons with cue but not lick responses (Figure 2—figure
supplement 2D). The spatial distributions of cue and lick cells were noticeably different (Figure 2E).
The differences could be described as graded across regions, with the most lick neurons in ALM, and
the most cue neurons in olfactory cortex and ORB, though each type of neuron was observed in every
region (Figure 2F-G, Figure 2—figure supplement 4). Thus, our quantification of task encoding
revealed varying proportions of cue and lick signaling across all regions.

Cue value coding is present in all regions

To expand upon our analysis identifying cue-responsive neurons, we next assessed the presence of
cue value coding in this population. The three cue types (CS+, CS50, or CS—) in our behavioral tasks
varied in relative value according to the predicted probability of reward (Fiorillo et al., 2003; Eshel
et al., 2016, Winkelmeier et al., 2022). We reasoned that a neuron encoding cue value should have
activities that scaled with the relative value of the cues (Figure 3A). We modeled this relationship on
a per-neuron basis by scaling a single cue kernel by its reward probability (0, 0.5, or 1, see Methods,
Figure 3B). This model describes cue activity as similar across odors of the same value, and scaling
in magnitude according to each odor’s value. To consider alternative cue coding patterns, we also fit
each neuron with 152 additional models containing all possible permutations of these values across
the six cues, as well as models with selective responses for 1, 2, 3, 4, 5, or 6 cues, and determined
which model best fit each neuron (Figure 3—figure supplement 1). If cue responses were exclusively
sensory and followed known olfactory coding properties (Stettler and Axel, 2009; Pashkovski et al.,
2020), there would be no bias toward the ranked value model (CS+>CS50>CS-). We found, however,
that this model was the most frequent best model, accounting for 14% of cue neurons (Figure 3C).
We refer to these neurons as value cells. There were two additional patterns that emerged across the
population of cue neurons. First, there was a large fraction best explained by the model with equiv-
alent responses to all 6 cues, which we term untuned cells (14% of cue neurons). Second, many of
the alternative models had coding patterns that were similar to the ranked value model, and these
appeared to be overrepresented among cue neurons, as well. We quantified the similarity to ranked
value by correlating the values assigned to each cue in each model with those assigned to the cues
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Figure 2. Graded cue and lick coding across the recorded regions. (A) Location of each recorded neuron relative to bregma, projected onto one
hemisphere. Each neuron is colored by common-coordinate framework (CCF) region. Numbers indicate total neurons passing quality control from each
region. (B) Mean normalized activity of all neurons from each region, aligned to odor onset, grouped by whether peak cue activity (0-2.5 s) was above
(top) or below (bottom) baseline in held out trials. Number of neurons noted for each plot. (C) Example kernel regression prediction of an individual
neuron’s normalized activity on an example trial. (D) CS+ trial activity from an example neuron and predictions with full model and with cues, licks, and
reward removed. Numbers in parentheses are model performance (fraction of variance explained). (E) Coordinates relative to bregma of every neuron
encoding only cues or only licks, projected onto one hemisphere. (F) Fraction of neurons in each region and region group classified as coding cues,
licks, reward, or all combinations of the three. (G) Additional cue (left) or lick (right) neurons in region on Y-axis compared to region on x-axis as a fraction
of all neurons, for regions with statistically different proportions (see Methods).

The online version of this article includes the following figure supplement(s) for figure 2:
Figure supplement 1. Task-related neural activity across brain regions.

Figure 2 continued on next page
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Figure supplement 2. |dentification of cue and lick cells with GLM.

Figure supplement 3. Validation of variance cutoff for variable coding.

Figure supplement 4. Comparing proportions of cue and lick neurons across regions.

in the ranked value model; this approach revealed an enrichment in neurons best fit by models most
similar to ranked value (35% of cue neurons, Figure 3C-D). We refer to neurons best fit by models
most similar to the value model as value-like cells.

Value characteristics were particularly strong among the neurons we identified as value cells. In
particular, there was strong modulation for the CS+ odors, moderate modulation for CS50 odors,
and the least modulation for CS— odors (Figure 3E). These characteristics were present to varying
degrees in value-like cells, as well (Figure 3F). A key characteristic of value cells, however, was the
singular value axis on which the cues were encoded. This was evident when projecting population
activity onto the dimensions separating CS+ trials from CS— trials and CS50 trials from CS— trials
(Figure 3—figure supplement 2A); the trajectory of value neurons traveled the same angle in this
space for CS+ and CS50 trials, but differed for value-like (Figure 3—figure supplement 2B). We
additionally characterized the coding properties of these populations with single-unit and pseudo
ensemble decoding. For individual neurons decoding the six cue identities, performance was better
using value cells than value-like or untuned cells (Figure 3G). At the population level, however, all
groups of neurons performed similarly (Figure 3H). A key feature of a value signal beyond decoding
cue identity, though, is the ability to represent many distinct cues along a shared value axis. Therefore,
the value cells should be able to decode the value of a cue never presented during the training of
the model. With this approach, models trained on value cells had better predictions of held-out cue
value, leading to higher decoding accuracy (CS+, CS50, or CS-), compared to value-like and untuned
cells (Figure 3I). Therefore, we successfully identified a population of neurons strongly encoding key
features of value.

Interestingly, the frequency of value cells was similar across the recorded regions (Figure 4A).
Despite the regional variability in the number of cue cells broadly (Figure 2F-G), there were very
few regions that statistically differed in their proportions of value cells (Figure 4A, Figure 4—figure
supplement 1). Overall, there were slightly more value cells across all of PFC than in motor and
olfactory cortex (Figure 4A, Figure 4—figure supplement 1). Although the olfactory cortex had the
most cue cells, these were less likely to encode value than cue cells in other regions (Figure 4—figure
supplement 2). Value-like cells were also widespread; they were less frequent in the motor cortex as a
fraction of all neurons, but they were equivalently distributed in all regions as a fraction of cue neurons
(Figure 4B, Figure 4—figure supplement 1, Figure 4—figure supplement 2).

We next investigated the robustness of the value representation in each of our recorded regions.
Principal component analysis on value and value-like cells from each region revealed similarly strong
value-related dynamics across motor, prefrontal, and olfactory regions (Figure 4C-D). We quantified
the robustness of value coding in each region by decoding cue value using selections of value cells
from each region and found similar performance across all regions (Figure 1E). Taken together, these
data illustrate that, in contrast to cue and lick coding broadly, value coding is similarly represented
across the regions we sampled. In fact, this observation extended to the striatal regions we sampled
as well, indicating that such value coding is widespread even beyond cortex (Figure 4—figure supple-
ment 3).

Because cue valuations can be influenced by preceding reward outcomes, we next considered
whether the cue value signaling we detected was sensitive to the history of reinforcement (Nakahara
et al., 2004; Ottenheimer et al., 2020; Winkelmeier et al., 2022). To estimate the subjects’ trial-by-
trial cue valuation, we fit a linear model predicting the number of anticipatory licks on each trial using
cue type, overall reward history, and cue type-specific reward history as predictors. We found a strong
influence of cue type-specific reward history and a more modest influence of overall reward history
(Figure 5A). We used the model prediction of licks per trial as our estimate of trial value; the effects
of reward history on lick rate were apparent when grouping trials by the value estimates from the trial
value model (Figure 5B).

Ottenheimer, Hjort, Bowen et al. eLife 2023;12:RP84604. DOI: https://doi.org/10.7554/eLife.84604 6 of 30
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Figure 3. Robust value encoding and decoding among cue cells. (A) Normalized activity of an example value cell with increasing modulation for
cues with higher reward probability.(B) For the same neuron, model-fit cue kernel for the original value model and with one of the 152 alternatively-
permuted cue coding models. (C) Distribution of best model fits across all cue neurons. Light blue is value model, purple is value-like models, gray is
untuned model, and the remaining models are dark blue. Value-like models are shaded according to their correlation with ranked value, as illustrated
in (D). Dashed line is chance proportion when assuming even distribution. (D) Schematic of value assigned to each of the six cues for many of the cue
coding models (full schematic in Figure 3—figure supplement 1). Value-like models are sorted by their correlation with the ranked value model.

(E) Left: normalized activity of every value cell, sorted by mean firing 0-1.5s following odor set A CS+ onset. Right: mean normalized activity of all value

Figure 3 continued on next page
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Figure 3 continued

cells, grouped by whether peak cue activity (0-2.5s) was above (top) or below (bottom) baseline in held out trials. Number of neurons noted for each
plot. (F) As in (E), for value-like cells. (G) Accuracy (mean + SEM across neurons) of decoded cue identity for single neurons of value (n = 248), value-like
(n = 606), and untuned (n = 238) neurons. * indicates where value, value-like, and untuned neurons significantly differed from each other and baseline
(all p < 0.001, Bonferroni corrected). All pairwise comparisons in Supplementary file 2. (H) Accuracy (mean + SD across bootstrapped iterations) of
decoded cue identity using different numbers of neurons. (I) Left: estimated value (mean + SD across 1000 bootstrapped iterations) of held out CS+
(top) and CS— (bottom) trials using linear models trained on the activity of value, value-like, or untuned neurons. Right: accuracy (mean + SD across
bootstrapped iterations) of decoded cue value using these value estimates. * indicates where the accuracy of value neurons exceeded value-like and
untuned neurons (all p < 0.016, bootstrapped). All pairwise comparisons in Supplementary file 2.

The online version of this article includes the following figure supplement(s) for figure 3:
Figure supplement 1. Schematic of value model shuffles.

Figure supplement 2. Population analysis of value coding schemes.

We, therefore, investigated whether value cells showed similar trial-by-trial differences in their cue-
evoked firing rates (Figure 5C). To test this, we compared the fit of our original cue coding models
(Figure 3B-D) with an alternative model in which the kernel scaled with the per-trial value estimates
from our trial value model (Figure 5D). Overall, 5% of cue cells, including 15% of the value cells, were
best fit by the history model. Although the number of anticipatory licks per trial was used to generate
the trial value estimates, the precise licking pattern on those trials was a poorer predictor of neural
responses than the trial value-scaled cue kernel model (Figure 5E). To further evaluate the history
component of these neurons, we calculated these neurons’ activity on CS50 trials of varying value
estimates from the trial value model and projected it onto the population dimension maximizing the
separation between CS+ and CS—. We hypothesized that high value CS50 trials would be closer to
CS+ activity while low value CS50 trials would be closer to CS— activity. Indeed, history cells (and lick
cells) demonstrated graded activity along this dimension, in contrast to non-history value, value-like,
and untuned cells (Figure 5F-H). Finally, we examined the regional distribution of history cells and
found low numbers across all regions, but with a higher prevalence overall in PFC than in motor and
olfactory cortex (Figure 5I), lending additional support for slightly enhanced value coding in PFC.

Cue coding emerges along with behavioral learning

To determine the timescales over which these coding schemes emerged and persisted, we performed
longitudinal 2-photon calcium imaging and tracked the activity of individual neurons across several
days of behavioral training (Figure 6A). We targeted a GRIN lens to PL, a location with robust
cue and lick coding (Figure 2F) and where cue responses were predominantly value or value-like
(Figure 4A-B, Figure 4—figure supplement 2). Mice (n = 8) developed anticipatory licking during
the first sessions of odor set A (A1) that differentiated CS+ trials from CS50 («(7) = 3.2, p = 0.015) and
CS— («(7) = 7.0, p = 0.0002) trials and CS50 trials from CS— (#(7) = 3.7, p = 0.008) trials (Figure 6B-C). Visu-
alizing the normalized activity across the imaging plane following CS+ presentation early and late
in session A1 revealed a pronounced increase in modulation across this first session (Figure 6D-E).
Individual neurons (n =705, 41-165 per mouse) also displayed a notable increase in modulation in
response to the CS+ after task learning (Figure 6F).

To determine whether this increase in activity was best explained by a cue-evoked response, licking,
or both, we again used kernel regression to fit and predict the activity of each neuron for early, middle,
and late trials in session A1. The number of individual neurons encoding cues more than doubled
from early to late A1 trials (Figure 6G). The unique variance cues increased across this first session,
in contrast to licks and reward (Figure 6H). This stark change in cue coding was also noticeable when
plotting neurons encoding cues, licks, or both, as defined at the end of the sessions, on both early
and late trials (Figure 6I). These data indicated that PFC neural activity related to cues (but not licks)
rapidly emerge during initial learning of the behavioral task.

Cue and lick coding is stable across days

We next assessed whether cue and lick coding were stable across days. By revisiting the same imaging
plane on each day of training, we were able to identify neurons that were present on all three days
of odor set A training (n = 371, 20-65 per mouse) (Figure 7A-B). There was remarkable conserva-
tion of task responding across days, both on an individual neuron level (Figure 7C) and across all
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Figure 4. Widespread cue value coding. (A) Fraction of neurons in each region and region group classified as value cells (blue) and other cue neurons
(gray), as well as fraction (+ 95% Cl) estimated from a linear mixed effects model with random effect of session (see Methods). Prefrontal cortex (PFC)
has more value cells than motor (p = 0.002) and olfactory (p = 0.00005) cortex. All pairwise comparisons in Supplementary file 3. (B) As in (A), for
value-like cells. Motor cortex has fewer value-like cells than PFC (p = 8 * 10~% and olfactory cortex (p = 4 % 1078, All pairwise comparisons in
Supplementary file 3. (C) First principal component value cells from all regions. (D) As in (C), for value-like cells. (E) Accuracy of decoded cue value
(mean = SD across 1000 bootstrapped iterations) as in Figure 3l, using five (with replacement) value cells from each region (left) and 25 value cells
from each region group (right) using cue-evoked (blue) and baseline (black) activity. No regions or region groups significantly differed from each other
(p > 0.46, Bonferroni corrected). All pairwise comparisons in Supplementary file 3.

The online version of this article includes the following figure supplement(s) for figure 4:
Figure supplement 1. Relative proportions of value and value-like cells across regions.
Figure supplement 2. Value coding as a proportion of cue cells.

Figure supplement 3. Comparing prefrontal cortex (PFC) and striatum.
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Figure 5. A subset of cue cells incorporate reward history. (A) Coefficient weight (+ standard error from model fit) for reward outcome on the previous
10 trials of any type (left) and on the previous 10 trials of the same cue type (right) for the "trial value’ model: a linear model predicting the number

of anticipatory licks on every trial of every session. Lick rates were normalized so that the maximum lick rate for each session was equal to 1. Colored
lines are models fit to each individual mouse. (B) Mean (+ SEM) lick rate across mice (n = 5 mice) on trials binned according to value estimated from

Figure 5 continued on next page
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Figure 5 continued

the trial value model. (C) Normalized activity of an example history value cell with increasing modulation for cues of higher value. (D) For the same
neuron, model-predicted activity with the original value model (left) and with the history model, which uses trial-by-trial value estimates from the trial
value model (right). (E) For the same neuron, model-predicted activity using licks. Inset: variance explained using licks versus history for history neurons.
(F) The activity of all cells in each category projected onto the coding dimension maximally separating CS— and CS+ for trials binned by value estimated
from the trial value model. (G) The mean (+ SD across 5000 bootstrapped selections of neurons) activity (1-2.5s from odor onset) along the coding
dimension maximally separating CS— and CS+ for trials binned by value estimated from the lick model. (H) The mean (+ SD across 5000 bootstrapped
selections of neurons) slope of the activity on CS50 trials regressed onto the trial value model estimate for those trials. History and lick cells had greater
slopes than the other groups (p < 0.0003, see Supplementary file 4). (I) Fraction of neurons in each region and region group classified as history cells
(light blue) and other cue neurons (gray), as well as estimated fraction (+ 95% Cl) with random effect of session (see Methods). Prefrontal cortex (PFC)
had more history cells than motor (p = 0.0016) and olfactory (p = 0.00053) cortex. All pairwise comparisons in Supplementary file 4.

imaged neurons (Figure 7D). In fact, neurons were much more correlated with their own activity on
the subsequent day than would be expected by chance (Figure 7E, Figure 7—figure supplement
1A). To further quantify coding stability, we fit our kernel regression to the activity of each neurons
on session A3 (Figure 7F) and then used these models to predict activity in early, middle, and late
trials on sessions A1-3. Session A3 model predictions were most highly correlated with true activity
during A3, but they outperformed shuffle controls at all time points, demonstrating preservation of a
learned coding scheme (Figure 7G, Figure 7—figure supplement 1B). We then asked more specifi-
cally whether cells coding cues, licks, and both maintained their coding preferences across days. For
each group of cells, we calculated their unique cue, lick, and reward variance at each time point. The
preferred coding of each group, as defined in session A3, was preserved in earlier days (Figure 7H).
Thus, cue and lick coding are stable properties of PFC neurons across multiple days of behavioral
training.

A subset of mice (n = 5) also learned a second odor set (odor set B), presented on separate days.
Activity was very similar for both odor sets, evident across the entire imaging plane (Figure 8A), for
individual tracked neurons (n = 594, 81-153 per mouse) (Figure 1—figure supplement 2B), and for
kernel regression classification of these neurons (Figure 8B). Notably, odor set A models performed
similarly well at predicting both odors set A and odor set B activity (Figure 8C). Moreover, cue, lick,
and both neurons maintained their unique variance preference across odor sets (Figure 8D). Finally,
to investigate the presence of value coding across odor sets over separate days, we fit tracked cue
neurons with the value model and its shuffles. Even with odor sets imaged on separate days (days
5 and 6 of training, A3 and B3), we again found that the value and value-like models were the best
models for sizable fractions (9% and 47%, respectively) of cue neurons, demonstrating that value
coding is conserved across stimulus sets on consecutive days (Figure 8E-G). Given the prominence
of value-like signals in this imaged population, we then assessed the stability of cue cells with prefer-
ential CS+ responses across the tracked A1-3 sessions and found conservation of a value-like coding
pattern (Figure 8H) and, as with the whole population (Figure 7G), greater correlation in activity
across days than expected by chance (Figure 8I).

Discussion

Our experiments assessed how coding for reward-predicting cues and reward-seeking actions differed
across brain regions and across multiple days of training. We found coding for cues and licks in all
regions we sampled, but their proportions varied in a graded way across those regions. In contrast to
regional differences in the proportion of cue-responsive neurons, cue-value cells were present in all
regions and value could be decoded from them with similar accuracy regardless of the region. Coding
for cue value was greatly overrepresented compared to alternative cue coding schemes and, in a
subset of neurons, incorporated the recent reward history. Cue coding was established within the first
day of training and neurons encoding cues or licks maintained their coding preference across multiple
days of the task; the value characteristics of cue cells were also maintained across days. These results
demonstrate widespread value coding and stability of cue and lick codes in PFC.

Graded cue and lick coding across regions
We found robust and separable coding for licks and cues (and combined coding of both) in all regions
using electrophysiology and in PL using calcium imaging. The widespread presence of lick coding
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Figure 6. Acquisition of conditioned behavior and cue encoding in prefrontal cortex (PFC). (A) Training schedule
for five of the mice in the calcium imaging experiment. An additional three were trained only on odor set A.

(B) Mean (+ SEM) licking on early (first 60) and late (last 60) trials from day 1 of odor set A (n = 8 mice). (C) Mean
(+ SEM) baseline-subtracted anticipatory licks for early and late trials from each day of odor set A. Thin lines are

Figure 6 continued on next page
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Figure é continued

individual mice (n = 8 mice). (D) Standard deviation of fluorescence from example imaging plane. (E) Normalized
activity of each pixel following CS+ presentation on early and late trials of session A1l. (F) Normalized deconvolved
spike rate of all individual neurons on early and late trials of session A1. (G) Proportion of neurons classified

as coding cues, licks, rewards, and all combinations for each third of session A1. (H) Mean(+ SEM across mice)
unique variance explained by cues, licks, and rewards for neurons from each mouse. Thin lines are individual

mice. Unique variance was significantly different across session thirds for cues (F(2,21) = 3.71, p = 0.04) but not
licks (F(2,21) = 0.37, p = 0.69) or reward (F(2,21) = 0.65, p = 0.53, n = 8 mice, one-way ANOVA). (I) Mean (+
SEM) normalized deconvolved spike rate for cells coding cues (n = 84 above, n = 28 below), licks (n = 91 above,
n = 40 below), both (n = 31 above, n = 9 below), or neither (n = 307 above, n = 153 below) on early and late
trials, sorted by whether peak cue activity (0-2.5 s) was above (top) or below (bottom) baseline for late trials.

is consistent with recent reports of distributed movement and action coding (Stringer et al., 2019;
Musall et al., 2019; Steinmetz et al., 2019); however, we saw sizable differences in the amount of
lick coding across recorded regions. Notably, ALM had the greatest number of lick neurons, as well
as the fewest cue neurons, perhaps reflecting its specialized role in the preparation and execution
of licking behavior (Chen et al., 2017). Conversely, the olfactory cortical regions DP, TTd, and AON
had the most cue neurons (especially non-value coding cue neurons), suggesting a role in early odor
identification and processing (Mori and Sakano, 2021). PFC subregions balanced lick and cue coding,
consistent with their proposed roles as association areas (Miller and Cohen, 2001; Klein-Fliigge
et al., 2022), but there was variability within PFC as well. In particular, ORB had a greater fraction of
cue cells than any other subregions, consistent with its known dense inputs from the olfactory system
(Price, 1985; Price et al., 1991; Ekstrand et al., 2001). Thus, our results establish that the neural
correlates of this Pavlovian conditioned behavior consist of a gradient of cue and response coding
rather than segmentation of sensory and motor responses.

Widespread value signaling
Value signals can take on many forms and occur throughout task epochs. In our experiments, we
focused on the predicted value associated with each conditioned stimulus, which is crucial for under-
standing how predictive stimuli produce motivated behavior (Berridge, 2004). Surveys of value coding
in primate PFC have found individual neurons correlated with stimulus-predicted value in many subre-
gions, with the strongest representations typically in ORB (Roesch and Olson, 2004; Sallet et al.,
2007, Kennerley et al., 2009, Hunt et al., 2018). In rodents, there is also a rich literature on value
signaling in ORB (Schoenbaum et al., 2003; van Duuren et al., 2009, Sul et al., 2010; Stalnaker
et al., 2014, Namboodiri et al., 2019, Kuwabara et al., 2020, Wang et al., 2020a), but there have
also been many reports of value-like signals in frontal cortical regions beyond ORB (Otis et al., 2017;
Allen et al., 2019, Wang et al., 2020a; Kondo and Matsuzaki, 2021). In our present experiment,
we sought to expand upon these rodent results by separating cue activity from licking, which tracks
the value and may confound interpretation, by including more than two cue types, which provided a
rich space to assess value coding, and by sampling from many frontal regions in the same experiment.
When considering the number of neurons responsive to cues rather than licks, our data confirmed
the importance of ORB, which has more cue-responsive neurons than the motor and other prefrontal
regions, but, beyond cue responsiveness, we were interested in identifying specific cue coding patterns
pertaining to value. By analyzing the activity of cue-responsive neurons across all six odors predicting
varying probabilities of reward, we were able to isolate neurons coding value, as well as those with
value-like signals that could easily be misconstrued as value-coding in a task with fewer cues and value
levels. Included in the value-like models are coding patterns that bias their activity for higher value
odors without fitting our strict linear ranked value criteria; for instance, selective firing for one or two
of the CS+ odors. The enrichment of these models among cue responsive neurons, even in the olfac-
tory cortex, indicates the prevalence of value-biased coding schemes for odor-responsive neurons
across brain regions. The question remains of where odor information is first shaped according to
value. There have been multiple reports of some association-related modification of odor representa-
tions as early as the olfactory bulb (Doucette et al., 2011; Li et al., 2015; Chu et al., 2016; Koldaeva
et al., 2019). Considering we detected value and especially value-like coding in AON, DP, and TTd,
perhaps these regions are a crucial first step in processing and amplifying task-related input from the
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Figure 7 continued on next page
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Figure 7 continued

set A. (E) Correlation between the activity of a given neuron in one session and its own activity in the subsequent
session, quantified as a percentile out of correlations with the activity of all other neurons on the subsequent day.
Plotted as the median for each subject and the mean (= SEM) across these values. Real data was more correlated
than shuffled data (p = 0.0078 for both comparisons, Wilcoxon signed-rank test). (F) Fraction of tracked neurons
coding cues, licks, rewards, and their combinations on day 3. (G) Model performance when using models from
session A3 to predict the activity of individual neurons across session thirds of odor set A training, plotted as mean
(£ SEM) correlation between true and predicted activity across mice, normalized to the correlation between model
and training data. Thin lines are individual mice. Performance was greater than shuffled data at all time points

(p < 0.002, Bonferroni-corrected, n = 8 mice). Non-normalized data in Figure 7—figure supplement 1. (H) Mean
(= SEM across mice) unique cue, lick, and reward variance for cells classified as coding cues, licks, both, or neither
on session A3. A3 cue cells had increased cue variance in A2 (p < 1077, see Methods) and A1 (p < 0.03) relative to
lick and reward variance. Same pattern for A3 lick cells in A2 (p < 0.0001) and A1 (p < 0.01).

The online version of this article includes the following figure supplement(s) for figure 7:

Figure supplement 1. Correlation across days in prelimbic area (PL).

olfactory bulb. Because they provide input to PFC (Igarashi et al., 2012, Bhattarai et al., 2022), they
may be an important source of the cue coding we observed there.

The distribution of cue cells with linear coding of value was mostly even across regions, with
slight enrichment overall in PFC compared to the motor and olfactory cortex, but no subregional
differences in PFC. Importantly, cue value could be decoded from value cells in each region with
similar accuracy. One consequence of a widely distributed value signal is that manipulating only one
subregion would be less likely to fully disrupt value representations, which is consistent with the
results of studies comparing functional manipulations across PFC (Chudasama and Robbins, 2003;
St Onge and Floresco, 2010; Dalton et al., 2016; Verharen et al., 2020; Wang et al., 2020a).
Different subregional impacts on behavior may reveal biases in how the value signal in each region
contributes to reward-related behaviors, for instance during learning or expression of a reward asso-
ciations (Otis et al., 2017; Namboodiri et al., 2019; Wang et al., 2020a). A related interpretation is
that, in this task, there may be other properties that correlate with cue value, and the homogeneous
value representation we observed across regions masks regional differences in tuning to these other
correlated features, such as motivation (Roesch and Olson, 2004) and a host of related concepts,
including salience, uncertainty, vigor, and arousal (Stalnaker et al., 2015; Hayden and Niv, 2021;
Zhou et al., 2021), which can have different contributions to behavior. This interpretation is consistent
with broader views that observations of ‘value’ signals are often misconstrued (Zhou et al., 2021) and
that pure abstract value may not be encoded in the brain at all (Hayden and Niv, 2021). Although the
identification of value in our task was robust to three levels of reward probability across two stimulus
sets, the fact that this signal was widespread contributes to the case for revisiting the definition and
interpretation of value to better understand regional specialization.

In our analysis, we uncovered a distinction between neurons encoding the overall value of cues and
those with value representations that incorporated the recent reward history. Neurons with history
effects were rare and most frequent in PFC. These neurons may have a more direct impact on behav-
ioral output in this task, because the lick rate also incorporated recent reward history. Notably, the
impact of reward history on these neurons was noticeable even prior to cue onset, consistent with a
previously proposed mechanism for persistent value representations encoded in the baseline firing
rates of PFC neurons (Bari et al., 2019).

Stability of PFC codes

Previous reports have observed drifting representations in PFC across time (Hyman et al., 2012;
Malagon-Vina et al., 2018), and there is compelling evidence that odor representations in piriform
drift over weeks when odors are experienced infrequently (Schoonover et al., 2021). On the other
hand, it has been shown that coding for odor association is stable in ORB and PL, and that coding for
odor identity is stable in piriform (Wang et al., 2020a), with similar findings for auditory Pavlovian cue
encoding in PL (Otis et al., 2017; Grant et al., 2021) and ORB (Namboodiri et al., 2019). We were
able to expand upon these data in PL by identifying both cue and lick coding and showing separable,
stable coding of cues and licks across days and across sets of odors trained on separate days. We
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Figure 8. Stable cue coding across separately trained odor sets. (A) Normalized activity of all pixels in the imaging plane following CS+ presentation
on the third day of each odor set (A3 and B3, days 5 and 6 of training). (B) Fraction of neurons coding for cues, licks, rewards, and their combinations
in A3 and B3 (days 5 and 6). (C) Mean (+ SEM, across mice) correlation between activity predicted by odor set A3 models and its training data (A3,
cross-validated) or activity in B3, for true (black) and trial shuffled (gray) activity. Thin lines are individual mice. F(1,16) = 3.2, p = 0.09 for main effect

Figure 8 continued on next page
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of odor set, F(1,16) = 135, p < 1078 for main effect of shuffle, F(1,16) = 2.2, p = 0.16 for interaction, n = 5 mice, two-way ANOVA. (D) Mean (+
SEM, across mice) unique cue, lick, and reward variance for cells classified as coding cues, licks, both, or neither for odor set A. For each category, odor
set A unique variance preference was maintained for odor set B (p < 0.04) except for both cells, for which lick and reward variance were not different in
odor set B (p = 0.22, Bonferroni-corrected, n = 5 mice). (E) Distribution of best model fits across all cue cells, with colors from Figure 3C. Dashed line
is chance proportion when assuming even distribution. (F) Left: normalized activity of every value cell, sorted by mean firing 0-1.5s following odor set A
CS+ onset. Right: mean normalized activity of all value cells, grouped by whether peak cue activity (0-2.5 s) was above (top) or below (bottom) baseline
in held out trials. Number of neurons noted for each plot. (G) As in (E), for value-like cells. (H) Mean (+ SEM, across neurons) activity of cue cells tracked
across A1, A2, and A3 with preferential CS+ firing, defined on half of A3 trials and plotted for the other half of A3 trials and all of A1 and A2 trials. (I) For
neurons in (H), correlation between a neuron’s activity in one session and its own activity in the subsequent session, quantified as a percentile out of
correlations with the activity of all other neurons on the subsequent day. Plotted as the median for each subject (n = 7 with CS+ preferring cue cells)
and the mean (= SEM) across these values. Real data was more correlated than shuffled data (p = 0.016 A1:A2, p = 0.031 A2:A3, Wilcoxon signed-rank

test).

were also able to detect value coding common to two stimulus sets presented on separate days, and
conserved value features across the three training sessions. Notably, the model with responses only
to CS+ cues best fit a larger fraction of imaged PL neurons than the ranked value model, a departure
from the electrophysiology results. It would be interesting to know if this is due to a bias introduced by
the calcium imaging approach, the slightly reduced CS50 licking relative to CS+ licking in the imaging
cohort, or the shorter imaging experimental timeline.

The consistency in cue and lick representations we observed indicates that PL serves as a reli-
able source of information about cue associations and licking during reward-seeking tasks, perhaps
contrasting with other representations in PFC (Hyman et al., 2012, Malagon-Vina et al., 2018).
Interestingly, the presence of lick, but not cue coding at the very beginning of the first session of
training suggests that lick cells in PL are not specific to the task but that cue cells are specific to
the learned cue-reward associations. Future work could expand upon these findings by examining
stimulus-independent within session value coding across many consecutive days.

Overall, our work emphasizes the importance of evaluating the regional specialization of neural
encoding with systematic recordings in many regions using the same task. Future work will clarify
whether cue value is similarly widely represented in other reward-seeking settings and whether there
are regional differences in the function of the value signal.

Materials and methods
Subjects

Subjects (n = 5 for electrophysiology, n = 8 for calcium imaging) were male and female C57BL/6 mice
single-housed on a 12 hr light/dark cycle and aged 12-28 weeks at the time of recordings. Imaging
experiments were performed during the dark cycle, electrophysiology during the light cycle. Mice
were given free access to food in their home cages for the duration of the experiment. Mice were
water restricted for the duration of the experiments and maintained at around 85% of their baseline
weight (Guo et al., 2014a). All experimental procedures were performed in strict accordance with
protocols 4450-01 and 4461-01 approved by the Animal Care and Use Committee at the University
of Washington.

Surgical procedures
Mice were anesthetized with isoflurane (5%) and maintained under anesthesia for the duration of the
surgery (1-2%). Mice received injections of carprofen (5 mg/kg) prior to incision.

Electrophysiology

A brief (1 hr) initial surgery was performed, as previously described (Guo et al., 2014b; Steinmetz
et al.,, 2017, Steinmetz et al., 2019), to implant a steel headbar (approximately 15 x 3 x 0.5 mm,
1 g) for head fixation and a 3D-printed recording chamber exposing the skull for subsequent crani-
otomies. Briefly, an oval incision was made extending from the interparietal bone to the frontonasal
suture, skirting the ocular area. The skin and periosteum were removed to expose the entire dorsal
surface of the skull. Skull yaw, pitch, and roll were leveled, and exposed bone was texturized with a
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brief application of green activator (Super-Bond C&B, Sun Medical). The incision was secured to the
skull with the application of cyanoacrylate (VetBond; World Precision Instruments), and the 3D-printed
recording chamber was attached to the skull with L-type radiopaque polymer (Super-Bond C&B). A
thin layer of cyanoacrylate was applied to the skull inside the chamber and allowed to dry. Multiple
(2-4) thin layers of UV-curing optical glue (Norland Optical Adhesives #81, Norland Products) were
applied to the skull inside the chamber and cured with UV light to protect the exposed bone. The
headbar was attached to the skull over the interparietal bone posterior to the chamber with Super-
Bond polymer, and more polymer was applied around the headbar and chamber. Following recovery,
a second brief (15-30 min) surgery was conducted to perform craniotomies for Neuropixels probe
insertion. Briefly, following induction of anesthesia a small (2 x 1.5 mm (w x h)) craniotomy was made
over the frontal cortex (+2.5-1 mm AP, = 2.5-0.3 mm ML) with a handheld dental drill. The craniotomy
was covered with a soft silicone gel (DOWSIL 3-4680) and the recording chamber was covered with a
3D-printed lid sealed with Kwik-Cast elastomer to protects craniotomy from dust.

Calcium imaging

A Gradient-Refractive Index (GRIN) lens and metal headcap were implanted following previously
described procedures (Namboodiri et al., 2019) with the following modifications. In most mice, once
the dura was removed from the craniotomy, we performed two injections of 0.5 L of virus (1 pL total)
containing the GCaMP gene construct (AAVDJ-CamKlla-GCaMPés, 5.3 = 10'2 viral particles/mL from
UNC Vector core lot AV6364) using a glass pipette microinjector (Nanoject Il) at Bregma +1.94 mm
AP, 0.3, and 1.2 mm ML, =2 mm DV. Ten minutes elapsed before the microinjector withdrawal to allow
the virus to diffuse away from each infusion site. Then, mice were implanted with a 1 x 4 mm GRIN
lens (Inscopix) aimed at +1.94 mm AP, 0.6 mm ML, and —1.8 mm DV. A subset of mice did not receive
viral injections; instead, a lens with the imaging face coated 1 pL of the GCaMPé6s virus mixed with 5%
aqueous silk fibroin solution (Jackman et al., 2018) was implanted at the same coordinate. GCaMP
expression and transients were similar in both preparations. Mice were allowed to recover for at least
5 weeks before experiments began.

Behavioral training
Mice were headfixed during training and recording sessions using either a headring (imaging exper-
iments) or headbar (electrophysiology experiments). After initial habituation to head fixation, mice
were first trained to lick for 2.5uL rewards of 10% sucrose solution, delivered every 8-12 s through a
miniature inert liquid valve (Parker 003-0257-900). After 4-5 days of lick training, mice experienced
their first odor exposure (without reward delivery). Odors were delivered for a total of 1.5 s using a
4-channel olfactometer (Aurora 206 A) with 10% odor flow rate and 800 SCCM overall flow rate of
medical air. Odors were randomly assigned to sets and cue identities, counterbalanced across mice.
Odors were -carvone, -limonene, alpha-pinene, butanol, benzaldehyde, and geranyl acetate (Sigma
Aldrich 124931, 218367, 147524, 281549, 418099, 173495, respectively), selected because of they
are of neutral valence to naive mice (Devore et al., 2013; Saraiva et al., 2016). Odors were diluted
1:10 in mineral oil and 10 pL was pipetted onto filter paper within the odor delivery vials (Thermo
Fisher S5246-0040) prior to each session. Airflow was constant onto the mouse’s nose throughout the
session and switched from clean air to scented air for the 1.5 s duration odor delivery on each trial.
On days 1-2 of Pavlovian conditioning, mice received 5075 trials each of three odor cues (odor
set A), followed by reward on 100% (CS+), 50% (CS50), or 0% (CS—) of trials, 2.5 s following the odor
onset, with 8-12 s between odor presentations. On days 3-4 mice then received training for 2 days
with a second odor set (odor set B) with three new odors. For electrophysiology experiments, the
odors were subsequently presented in the same sessions in six blocks of 51 trials. Odor set order
alternated and was counterbalanced across days. For imaging experiments, mice received the third
day of odor set A on day 5 and the third day of odor set B on day 6 of conditioning. An additional
three imaging mice were only trained on one odor set.

Electrophysiological recording and spike sorting

During recording sessions, mice were headfixed. Recordings were made using either Neuropixels
1.0 or Neuropixels 2.0 electrode arrays (Jun et al., 2017; Steinmetz et al., 2021), which have 384
selectable recording sites. Recordings were made with either 1.0 (1 shank, 960 sites), 2.1 (1 shank,
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1280 sites),, or 2.4 (4 shanks, 5120 sites) probes, depending on the regions of interest. Probes were
mounted to a dovetail and affixed to a steel rod held by a micromanipulator (uUMP-4, Sensapex Inc).
For later electrode track localization within the brain, probes were coated with a fluorescent dye (Dil,
ThermoFisher Vybrant V22888) by holding 2 1l in a droplet on the end of a micropipette and painting
the probe shank. In each session, one or two probes were advanced through the silicone gel covering
the craniotomy over the frontal cortex, then advanced to their final position at approximately 3 pum s™.
Electrodes were allowed to settle for around 15 min before starting recording. Recordings were made
in internal reference mode using the ‘tip’ reference site, with a 30 kHz sampling rate. Recordings were
repeated at different locations on each of multiple subsequent days, performing an additional crani-
otomy over the contralateral frontal cortex. The resulting data were automatically spike sorted with
Kilosort2.5 and Kilosort3 (https://github.com/Mouseland/Kilosort; RRID:SCR_016422; Pachitariu
et al., 2023), v2.5 and 3.0. Extracellular voltage traces were preprocessed with common-average
referencing by subtracting each channel’'s median to remove baseline offsets, then subtracting the
median across all channels at each time point to remove common electrical artifacts. Sorted units
were curated using automated quality control (Banga, et al., 2022): exclusions were based on spike
floor violations (the estimated proportion of spikes that were missed because they fell below the
noise level of the recording, estimated false negative rate), and refractory period violations (the esti-
mated proportion of spikes arising from the non-primary neuron, the estimated false positive rate due
to contamination, with a 10% cutoff). Quality control accuracy was assessed by manually reviewing
a subset of the data using the phy GUI (https://github.com/kwikteam/phy; Rossant et al., 2021).
Because Kilosort2.5 and Kilosort3 use different clustering algorithms that can be advantageous for
different types of recordings (stability, region, number of channels), for each session, we used units
sorted with either Kilosort2.5 or Kilosort3 depending on which yielded the greatest number of high-
quality units for that session. Brain regions were only included for subsequent analysis if there were
recordings from at least three subjects and a total of over 100 neurons in the region. When we analyzed
all of the motor cortex together, we included ALM and MOs neurons. When we analyzed all of the
olfactory cortex, we included DP, TTd, AON, and other neurons in PIR, EPd, and OLF. We relabeled
PIR and EPd as OLF because there were not enough neurons to analyze them as separate regions.

Imaging and ROI extraction

During imaging sessions, mice were headfixed and positioned under the 2-photon microscope (Bruker
Ultima2P Plus) using a 20 x air objective (Olympus LCPLN20XIR). A Spectra-Physics InSight X3 tuned
to 920 nm was used to excite GCaMPés through the GRIN lens. Synchronization of odor and 10%
sucrose delivery, lick behavior recordings, and 2-photon recordings were achieved with custom
Arduino code. After recording, raw TIF files were imported into suite2p (https://github.com/Mouse-
Land/suite2p; RRID:SCR_016434; Stringer et al., 2023), v0.13.0. We used their registration, region-
of-interest (ROI) extraction, and spike deconvolution algorithms, inputting a decay factor of 7 = 1.3
to reflect the dynamics of GCaMPés, and manually reviewed putative neuron ROIs for appropriate
morphology and dynamics. To find changes in activity across the entire imaging plane, found the
mean pixel intensity for frames in the time of interest (2-2.5 s from CS+), subtracted the mean inten-
sity of each pixel prior to cue onset (—2-0 s from all cues), and divided by the standard deviation for
each pixel across those frames prior to cue onset.

Histology
Animals were anesthetized with pentobarbital or isoflurane. Mice were perfused intracardially with
0.9% saline followed by 4% paraformaldehyde (PFA).

Electrophysiology

Brains were extracted immediately following perfusion and post-fixed in 4% paraformaldehyde for
24 h. In preparation for light sheet imaging brains were cleared using organic solvents following the
3DISCO protocol (Ertiirk et al., 2012) (https://idisco.info/), with some modification. Briefly, on day 1
brains were washed 3 X in PBS and dehydrated in a series of increasing MeOH concentrations (20%,
40%, 60%, 80%, 100%, 100%; 1 hr each) then incubated overnight for lipid extraction in 66% dichloro-
methane (DCM) in MeOH. On day 2 brains were washed 2 X twice in 100% MeOH for 1 hr each, then
bleached overnight in 5% H,O, in MeOH at 4 °C. On day 3 brains were washed 2 X in 100% MeOH,
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then final lipid extraction was accomplished in a series of DCM incubations (3 hr in 66% DCM in
MeOH, 2X 100% DCM for 15 min each) before immersion in dibenzyl ether (DBE) for refractive index
matching. Brains were imaged on a light sheet microscope (LaVision Biotec UltraScope Il) 2-7 days
after clearing. Brains were immersed in DBE in the imaging well secured in the horizontal position,
and illuminated by a single light sheet (100% width, 4 um thick) from the right. Images were collected
through the 2 X objective at 1 X magnification, from the dorsal surface of the brain to the ventral
surface in 10 um steps in 488 nm (autofluorescence, 30% power) and 594 nm (Dil, 2-10% power)
excitation channels. The 1000 raw TIF images were compiled into a single multi-image file with 10
pum voxels, then spatially downsampled to 25 um voxels for transformation to the Allen common-
coordinate framework (CCF) volume (Wang et al., 2020b) using the Elastix algorithm (Shamonin
et al., 2013). CCF-transformed volumes were used to generate CCF fluorescent probe tract loca-
tions (pixel coordinates along the probe tract) using Lasagna (https://github.com/SainsburyWellcom
eCentre/lasagna; Campbell et al., 2020). Probe tract CCF pixel coordinates (origin front, top, left)
were transformed to bregma coordinates (origin bregma, x==ML, y==AP, and z==DV) in preparation
for final integration with electrophysiology recordings using the International Brain Lab electrophysi-
ology GUI (Faulkner M, Ephys Atlas GUI; 2020. https://github.com/int-brain-lab/iblapps/tree/master/
atlaselectrophysiology; Faulkner, 2020). For recording alignment, sorted spikes and RMS voltage on
each channel were displayed spatially in relation to the estimated channel locations in Atlas space
from the tracked probe. The recording sites were then aligned to the Atlas by manually identifying a
warping such that recording sites were best fit to the electrophysiological characteristics of the brain
regions (e.g. matching location of ventricles or white matter tracts with low firing activity bands). This
procedure has been estimated to have a 70 pm error (Steinmetz et al., 2019, Liu et al., 2021). Indi-
vidual neuron locations were determined using the recording channel brain coordinates of each unit's
maximum-amplitude waveform. We additionally assigned MOs neurons to the anterolateral motor
cortex (ALM) if they were within a 0.75 mm radius of 2.5 mm AP, and 1.5 mm ML (Chen et al., 2017).

Calcium imaging

Following perfusion, intact heads were left in PFA for an additional week before brain extraction.
Brains were then sliced on a Leica Vibratome (VT1000S) at 70 pum before mounting and nuclear
staining via Fluoroshield with DAPI (Sigma-Aldrich F6057-20ML). Slices with GRIN lens tracks were
then imaged on a Zeiss Axio Imager M2 Upright Trinocular Phase Contrast Fluorescence Microscope
with ApoTome. The resulting images were manually aligned to the Allen Brain Atlas to reconstruct the
location of each GRIN lens.

Neuron tracking

To identify the same neurons across imaging sessions, we used two approaches. To track neurons
across the two odor sets on days 5 and 6, we concatenated the TIF files from each session and
extracted ROIs simultaneously. To track neurons across training days 1-3 for a single odor set, we
manually identified ROIs from the ROl masks outputted by suite2p. We linked the ROIs using a custom
Python script that permitted the selection of the same ROI across the three imaging planes using
OpenCV and saved the coordinates on each day. The tracking results across days 1-3 from one subject
is displayed in Figure 7B.

Behavioral analysis

For electrophysiology experiments, the subject was illuminated with infrared light (850 nm, CMVision
IR30) and eye and face movements were monitored. The right eye was monitored with a camera
(FLIR CM3-U3-13Y3M-CS) fitted with a zoom lens (Thorlabs MVL7000) and long-pass filter (Thorlabs
FELO750), recording at 70 fps. Face movements were monitored with another camera (FLIR CM3-U3-
13Y3M-CS, zoom lens Thorlabs MVL16M23, long-pass filter Thorlabs FEL0750) directed ata 2 x 3 cm
mirror reflecting the left side of the face, recording at 70 fps. Licks were detected from the face video
by thresholding the average intensity of an ROl centered between the lips and the lick spout, calcu-
lated for every frame. Interlick intervals were thresholded at 0.083 s for a maximum lick rate of 12 licks
s, For calcium imaging experiments, eye and face movements were not monitored, and licks were
detected with a capacitance sensor (MPR121, Adafruit Industries) connected to an Arduino board.
To determine the impact of cues and previous outcomes on anticipatory licking, we fit a linear model
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on all electrophysiology sessions simultaneously (and for each mouse). We predicted the number of
licks 0-2.5 s from odor onset using cue identity, outcomes on the previous 10 trials, outcomes on the
previous 10 of that cue type, and the total number of presentations of that cue type so far (to account
for cue-specific satiety) using ‘fitlm’ in MATLAB. When dividing sessions into ‘early’ and ‘late,’ we used
the first 60 and last 60 trials of the session. When dividing sessions into thirds for the GLM (‘early,’
‘middle,’ ‘late’), we used even splits of trials into thirds.

PSTH creation

Peri-stimulus time histograms (PSTHs) were constructed using 0.1 s bins surrounding cue onset.

Electrophysiology

Neuron spike times were first binned into 0.02 s bins and smoothed with a half-normal causal filter
(0 =300 ms) across 50 bins. PSTHs were then constructed in 0.1 s bins surrounding each cue onset.
Each bin of the PSTH was z-scored by subtracting the mean firing rate and dividing the standard
deviation across the 0.1 s bins in the 2 s before all trials. When splitting responses by polarity (above/
below baseline, Figures 2B, 3E-F and 8H, Figure 2—figure supplement 2B), we used even trials to
determine polarity and plotted the mean across odd trials for cross-validation.

Calcium imaging

Frames were collected at 30 Hz with 2-frame averaging, so the fluorescence for each neuron and the
estimated deconvolved spiking was collected at 15 Hz. We interpolated the smoothing filter from the
electrophysiology analysis (which was calculated at 50 Hz) and applied it to the deconvolved spiking
traces. We then constructed PSTHs in 0.1 s bins surrounding each cue onset and z-scored (same as
electrophysiology).

Licks

Licking PSTHS were constructed in 0.1 s bins surrounding cue onset. Each trial was then smoothed
with a half-normal causal filter (¢ = 800 ms). For the GLM, the lick rate was calculated across the whole
session by first counting licks in either the 0.02 s (electrophysiology) or 15 Hz (imaging) bins, smoothed
with a half-normal causal filter over 25 bins, and then converted to 0.1 s bins relative to each cue.

Kernel regression
To identify coding for cues, licks, and rewards in individual neurons, we fit reduced rank kernel-based
linear model (Steinmetz et al., 2019).

Data preparation
The discretized firing rates f,(r) for each neuron n were calculated as described above for PSTH
creation. We used the activity —1-6.5 s from each cue onset on every trial for our GLM analysis.

Predictor matrix

The model included predictor kernels for cues (CS+, CS50, and CS— for each odor set, as relevant),
licks (individual licks, lick bout start, and lick rate), and reward (initiation of consummatory bout). The
cue kernels were supported over the window 0-5 s relative to the stimulus onset. The lick predictor
kernels were supported from -0.3-0.3 s relative to each lick, from -0.3-2 s relative to lick bout start,
and lick rate was shifted from -0.4-0.6 s in 0.2 s increments from original rate. The reward kernel was
supported 0—4 s relative to first lick following reward delivery. For electrophysiology experiments, the
model also included six constants that identified the block number, accounting for tonic changes in
firing rate across blocks. Because not all cues were present in every block, this strategy prevented the
cue kernels from being used to explain the baseline changes across blocks. For each kernel to be fit
we constructed a Toeplitz predictor matrix of size T x 1, in which T is the total number of time bins and
I is the number of lags required for the kernel. The predictor matrix contains diagonal stripes starting
each time an event occurs and 0 otherwise. The predictor matrices were horizontally concatenated to
yield a global prediction matrix P of size T x L containing all predictor kernels. Rate vectors of all N
neurons were horizontally concatenated to form F, a T x N matrix.
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Reduced-rank regression

To prevent noisy and overfit kernels we implemented reduced-rank regression (Steinmetz et al.,
2019), which allows regularized estimation by factorizing the kernel matrix K into the product
of a L x r matrix B and a r x N matrix W, minimizing the total error: E = |[F — PBW|>. The T x r
matrix PB consists of a set of ordered temporal basis functions that can be linearly combined to
estimate the neuron'’s firing rate over the whole training set and which results in the best possible
prediction from any rank r matrix. To estimate each neuron’s kernel functions we generated the
reduced rank predictor matrix PB for r = 20, and estimated the weights wn to minimize the squared
error E, = Ifn — PBwal* with elastic net regularization (using the MATLAB function ‘lassoglm’) with
parameters a = 0.5 and A = [0.001, 0.005, 0.01,0.02,0.05,0.1,0.2,0.5] , using fourfold cross-validations
to determine the optimal value for A for each neuron. The kernel functions for neuron n was then
unpacked from the L-length vector obtained by multiplying the first » = 20 columns of B by wn (i.e.
kn = By, 1.20Wn). Predictor unique contributions. To assess the importance of each group of kernels
for predicting a neuron’s activity we first fit the activity of each neuron using the full reduced-rank
regression procedure, then fit a reduced model (with fourfold cross-validation), holding out the
kernels of the predictor to be tested (cues, licks, or rewards). If the difference in variance explained
between the full and held-out model was > 2%, and the total variance explained by the full model
was > 2%, the neuron was deemed selective for those predictors (Steinmetz et al., 2019). We vali-
dated this cutoff by comparing our results when adjusting the cutoff from 0.5-0.5% (Figure 2—figure
supplement 3). The pattern of results was similar regardless of the cutoff. When we refit the reduced
ranks to neural activity with the onset time of each trial shuffled, the 2% cutoff was the smallest that
allowed no false positive identification of any neurons uniquely coding any variable (Figure 2—figure
supplement 3B). Using a higher cutoff led to mislabeling neurons with clear cue responses as non-
coding (Figure 2—figure supplement 3E).

Cue coding models

To assess cue coding schemes, we fit a new set of models focusing on a more restricted time window
(=1-2.5 s from cue onset) using only cues and licks as predictors. Cue and lick neurons were identified
as before, and subsequent cue characterization was performed on neurons with only a unique contri-
bution of cues. To identify value coding among cue neurons, we fit a new kernel models with a single
cue kernel that scaled according to the cue as well as six block constants (as above) with full rank. We
inputted cue values as 1, 0.5, and 0 for each CS+, CS50, and CS—, respectively, ranked according to
their reward probability. We fit 152 additional models with alternative configurations of cue value: all
permutations of 1, 1, 0.5, 0.5, 0, 0 across the six cues, as well as all permutations of high responses (1)
for 6 (we call this the ‘untuned’ model), 5, 4, 3, 2, or 1 cues, with other cues set to 0. Among the 153
total models, some were more similar to the ranked value model, which we quantified by correlating
the six cue values of each alternative model with the ranked model. We termed all models with a
correlation greater than 0.5 as ‘value-like.” For each neuron, we found the model that best explained
its activity. The models, their correlation with value, and the proportion of cue neurons best fit by each
model are illustrated in Figure 3—figure supplement 1. To verify the robustness of value coding in
the neurons best fit by the ranked value model, we fit each of those neurons with 1000 iterations of
the cue value model with shuffled cue order to create a null distribution. The fits of the original value
model exceeded the 98" percentile of the null for all value neurons.

History model

For a more nuanced estimation of the value of the cue on each trial, we generated per trial value
predictions using the lick linear model (described in section ‘Behavioral analysis’) with cue type, 10
previous outcomes, and 10 previous cue outcomes as predictors. These values were used to scale
the height of cue kernel on each trial and were, on average, 0.05, 0.35, and 0.5 for CS—, CS50, and
CS+, respectively, but varied on each trial according to the specific reward history. We compared the
performance of this model to all the other cue coding models for value and value-like neurons to find
neurons better explained by the history model. For neurons better fit by the history model, we also
fit 1000 additional models with shuffled trial values within each cue (disrupting the trial history effect).
Neurons exceeding the 95th percentile of this null distribution were deemed history neurons.
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Coding stability

In the calcium imaging experiments, we used a number of approaches to assess the stability of neural
codings. First, for neurons tracked across the first three sessions of odor set A, we took the trial-
averaged activity of a given neuron for CS+, CS50, and CS— trials in one session and correlated it with
the same neuron's trial-averaged activity from the subsequent session. We quantified the strength
of the correlation as its percentile among correlations between that neuron in the first sessions and
every other neuron on the subsequent session and compared this value to shuffle control (neuron
identity shuffled) (Figure 7E and Figure 7—figure supplement 1A). To assess coding stability of
these neurons, we used the kernels resulting from fitting the full model on day 3 and the predictors
from each session third to predict neural activity at those time points. We assessed the accuracy of
the prediction by correlating it with the true activity versus the correlation with the trial-shuffled data
and present this data in original form (Figure 7—figure supplement 1B) and normalize to model
performance when predicting the (cross-validated) data from the entire training session (Figure 7G).
This shuffle maintains the temporal dynamics of each trial but shuffles the link between predictors
on a given trial and the neural activity for that trial; correlation of predictors (like licks) across trials
preserves some prediction accuracy even with this shuffle. We also trained models with data from
the third day of odor set A training (A3, day 5) and tested on training days A3 and B3 (days 5 and
6). To determine how unique variable contributions (cues, licks, rewards) evolved over times, we fit
our kernel regression model independently to each session third (early, middle, late) of sessions 1-3
for neurons tracked across the three odor set A sessions (Figure 7H). To assess value coding across
the third sessions of odor set A and B (A3 and B3, days 5 and 6) we fit the 153 cues coding models
described in Cue coding models to the neurons imaged on separate days (Figure 8E), concatenating
the data from each odor set and adding a constant for each day to account for day differences found
the model with the best fit for each neuron. We also looked at the stability of value-like signals across
the three days of odor set A training by identifying CS+— preferring cue cells using half of the trials in
session A3 and plotting the activity of those neurons for the remaining A3 trials and all trials from A1
and A2 (Figure 8H).

Principal component analysis

To visualize the dominant firing pattern of PL neurons (Figure 1—figure supplement 2), and of value
and value-like cells (Figure 4), irrespective of direction (excitation or inhibition), we performed prin-
cipal component analysis ('PCA’ in MATLAB) on the concatenated PSTHs across all six cues for the
neurons of interest, with each neuron’s activity normalized by peak modulation so that each neuron’s
concatenated PSTH peaked at -1 or 1. We then plotted the score of the top components.

Decoding cue identity

We adapted the approach in Ottenheimer et al., 2018 to use single units as well as random
selections of pseudo ensembles to decode cue identity (out of six options) (Figure 3G). First, we
binned the activity of each neuron into 0.25 s bins spanning -0.5-2.5 s from the onset of every
cue in the sessions. These bins were labeled as 1-6 corresponding to the 6 different cues. For all
decoding, we randomly selected 50 trials of each cue to use (most sessions had 51 of each cue,
but a few had only 50). For single unit decoding of cue identity, we used fivefold cross-validation
to train a linear discriminant model (‘fitcdiscr’ in MATLAB) on 80% of the data and tested correct
classification of the six cues on the remaining 20%. We plotted the mean = SEM performance
over time for value, value-like, and untuned neurons, and compared their performance using an
ANOVA with fixed effects of neuron type and time point and random effect of the session, making
pairwise comparisons with Bonferroni correction. For population decoding, we pooled the activity
between 1 and 2.5 s from cue onset (a period with stable decoding in the single unit analysis) and
randomly selected groups of 1, 5, 10, 25, 50, 75, 100, or 200 value, value-like, or untuned neurons
from all regions. We used the same linear discriminant model (with regularization v = 1 in "fitcdiscr’)
and fivefold cross-validations. We performed 1000 selections of neurons at each level, plotted the
mean and standard deviations of classification accuracy across these iterations, and made pairwise
comparisons across groups by calculating the number of iterations where the second group was
greater or equal to the first; we repeated this one-way test for both directions of all pairs of groups
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and used a Bonferroni corrected «. Pattern of results was unchanged when population activity was
standardized with PCA. Pattern of results was also unchanged when we trained on one odor set
and tested on the other.

Decoding cue value

Data were prepared for population decoding of cue identity, but with cues labeled as 0, 0.5, or 1 for
CS—, CS50, and CS+ trials, respectively. Instead of a linear discriminant model, we used a linear model
(elastic net, o = 0.5) to regress cue value onto the activity of pseudo ensembles of neurons. To balance
our model, we used 50 of each cue type for training and tested on 50 held out trials for a cue never
seen by the model; this setup thoroughly tested the idea that value is encoded on a linear scale and
thus should be able to generalize to a new cue in same value domain. For example to predict the
value of 50 CS+ in odor set B trials, we used for training 50 trials of CS+ A, 0 trials of CS+ B, 25 trials
of CS50A, 25 trials of CS50B, 25 trials of CS-A, and 25 trials of CS-B, maximizing coverage of the data
while maintaining a balanced design. These models produced predicted values for each cue. We plot
the predicted value for CS+ and CS— cues on the left in Figure 3H. To convert these predictions to
an accuracy score, we labeled values from -0.25-0.25 as CS—, 0.25-0.75 as CS50, and 0.75-1.25 as
CS+ (values outside this range were automatically labeled incorrect). We performed this analysis on
random groups of 1, 5, 10, 25, 50, 75, 100, or 200 value, value-like, or untuned neurons (Figure 3H),
as well as random groups of five neurons (with replacement) from each region and 25 neurons (with
replacement) from each region group (Figure 4E). We compared region decoding to decoding using
a baseline window of -0.5-0 s from odor onset using neurons from each region. We performed 1000
selections of neurons at each level, plotted the mean and standard deviation of classification accuracy
across these iterations, and made pairwise comparisons for cue identity.

Cue coding dimension

To project population activity onto the coding dimensions separating CS— activity from CS+ and
CS50 activity, respectively, we adapted an approach from Li et al., 2016. We first max normalized the
odor set A PSTH activity of each neuron to prevent neurons with particularly large z-score values from
dominating the dimension. We then defined coding dimensions from the even trials of odor set A.
To find the ‘consensus’ cue-difference coding dimension across the group defined by each neuron’s
maximal difference across cue responses, we found the 0.5 s bin in the range 0-2.5 s from cue onset
with the peak difference between CS— and CS+ activity or CS- and CS50 activity, for each neuron.
This comprised a difference vector of length N defining the maximum cue difference coding across
the neuron group. This difference vector was then multiplied by the original z-score values of each
neuron's peak difference bin to find the values of peak CS+ vs CS— coding; these values were used
to transform the data onto a 0 (CS-) to 1 (CS+) relative cue coding scale. To transform population
activity onto the CS— to CS+ dimension at each moment in CS+, CS50, and CS~- trials, we multiplied
the activity of all neurons in each 0.1 s bin of remaining odd odor set A trials (z-score) by the differ-
ence vector and used the same 0-1 scale conversion (‘same odor set’). We also multiplied the activity
of neurons for cues in odor set B by the difference vector (‘other odor set’). We repeated the same
process for CS— and CS50 activity. To find the angle between the CS+ and CS50 projections, we boot-
strapped the vectors that connected baseline activity to peak activity of CS50 and CS+ along the CS-/
CS+ and CS—/CS50 axes and found the angle between these vectors. To find population activity along
the CS+/CS— dimension at each moment for CS50 trials of various values, we multiplied the activity
(z-score) of all neurons in each 0.1 s bin of the CS50 PSTHs (grouped by value estimated from the lick
linear model) by the difference vector and used the same conversion to 0-1 scale. To estimate the
distribution of values along the CS+/CS— dimension for each CS50 value condition, we bootstrapped
(5000 iterations, with replacement) the population projection and took the mean 1-2.5 s from odor
onset. We calculated the slope of the activity on CS50 trials by linearly regressing the estimated posi-
tion of the population on the CS+/CS~ dimension against the value from the lick linear model used
to group those trials (5000 iterations, with replacement). To compare slopes across cell groups, we
generated a p-value by calculating the number of iterations where the second group was greater or
equal to the first; we repeated in this one-way test for both directions of all pairs of groups and used
a Bonferroni corrected a.
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Statistics

All statistical tests were performed in MATLAB (MathWorks). To compare the fraction of neurons of
a specific coding type across regions, we fit a generalized linear mixed-effects model (‘fitglme’ in
MATLAB) with logit link function and with fixed effects of intercept and region and a random effect
of the session and then found the estimated mean and 95% confidence interval for each region. For
pairwise comparisons across regions, we used a specific contrast for each pair of regions ('coefTest’
in MATLAB) to find the p-value that these regions differed from each other and used a Bonferroni-
corrected alpha for significance. To compare the number of anticipatory licks on different trial types,
we found the mean number of anticipatory licks for each cue in each session, and then performed a
two-way ANOVA with effects of cue and subject and session as our n (Figure 1C). To compare the
variance explained during each third of the first session, we found the mean value across neurons from
each mouse and then performed a one-way ANOVA on those means with mouse as our n (Figure 6H).
To compare day 3 model performance on true and shuffled data across each time point (Figure 7F),
we found the mean value across neurons from each mouse at each time point and then performed
a two-way ANOVA with main effects of shuffle and time point, with mouse as our n. We then calcu-
lated pairwise statistics using ‘multcompare’ in MATLAB with Bonferroni correction. To compare cue,
lick, and reward unique variance at each time point for each cell category (determined on day 3,
Figure 7G), we found the mean from the cells in that category in each mouse at each time point and
performed a two-way ANOVA with main effects of variable and day, with mouse as our n. We then
calculated pairwise statistics using ‘multcompare’ in MATLAB with Bonferroni correction.
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