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Abstract

Internal representations of relationships between events in the external world can be utilized

to infer outcomes when direct experience is lacking. This process is thought to involve the

orbitofrontal cortex (OFC) and hippocampus (HPC), but there is little evidence regarding the

relative role of these areas and their interactions in inference. Here, we used a sensory pre-

conditioning task and pattern-based neuroimaging to study this question. We found that

associations among value-neutral cues were acquired in both regions during precondition-

ing but that value-related information was only represented in the OFC at the time of the

probe test. Importantly, inference was accompanied by representations of associated cues

and inferred outcomes in the OFC, as well as by increased HPC–OFC connectivity. These

findings suggest that the OFC and HPC represent only partially overlapping information and

that interactions between the two regions support model-based inference.

Introduction

Decisions can often be made based on direct experience, such as picking among restaurants in

which you have dined before. However, in novel situations, direct experience is by definition

unavailable, and probable outcomes must be inferred or mentally simulated. For example,

how do you decide on whether to try a new restaurant? You may predict the food to be excel-

lent because the new restaurant is affiliated with one of your favorite places (e.g., same chef,

owner, hospitality group, neighborhood, etc.). In this case, you are using direct experience

with your favorite restaurant and knowledge about the relationship between the two to infer

how much you will enjoy the food at the new place. Such inference allows us to predict future

outcomes and to make adaptive decisions even when direct experience is insufficient or lack-

ing [1–3].

Inferring future outcomes as in the example above requires the internal representation of

relationships between events in the external world [3–10]. This set of relationships is often
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called a “cognitive map” [11–14] and may consist of a wide range of content relevant to current

goals (e.g., spatial, temporal, and associative). In the current study, we focus on the mental

representation of associative information that defines the task environment. This can involve

not only information about rewards, such as the value of outcomes associated with sensory

cues, but also value-neutral information, such as the relationship between different cues. One

of the candidate brain regions to implement cognitive maps is the hippocampus (HPC). This

proposal was initially inspired by the discovery of place cells [15,16] but was later extended to

nonspatial information about objects [17], time [18], and relational knowledge [19]. More

recently, rodent and human studies on decision-making have proposed that the orbitofrontal

cortex (OFC) also plays a key role in representing and utilizing cognitive maps for organizing

behavior directed at obtaining rewards [9,20–24]. The suggestion that both HPC and OFC

encode task-relevant information raises questions about how representations in these two

areas are related and how OFC and HPC interact to support model-based behavior.

First, do HPC and OFC represent the same information? Although both structures encode

many of the same features, neural responses in the OFC appear to be more strongly driven by

the biological significance of events [9,25–27]. Thus, it is possible that HPC forms associations

between any events, whereas OFC may preferentially encode information about events with

biological relevance [28]. Second, if information about the task is represented in both OFC

and HPC, where are these representations utilized to infer the likely outcome? The OFCmay

provide value-related information to the HPC in order to endow relationships between events

with motivational significance, or associative information in the HPC might be transferred to

the OFC to support inferences about which cues lead to valuable outcomes. Alternatively,

input from one area may help to bind individual associations to support inference in the other.

Any such integration would require increased coordination between both areas [28].

To test these questions, here we used pattern-based functional magnetic resonance imaging

(fMRI) in combination with a human version of the sensory preconditioning task. The sensory

preconditioning task provides a simple way to experimentally isolate behavior that requires

inference from behavior that can be based on direct experience alone [3,29]. It consists of

three phases: First, during preconditioning, participants are sequentially presented with pairs

of cues (A!B, C!D, Fig 1A). Next, during conditioning, participants learn associations

between the second cue of each pair and an outcome (B!$1, D!$0, Fig 1B). Finally, the out-

come prediction based on each cue (A, B, C, and D) is measured in a probe test conducted

under extinction conditions (Fig 1C). Because cues A and C are never directly paired with an

outcome, differential responding to cues A and C in the probe test suggests that participants

use associations between A and B (or C and D), and B and $1 (or D and $0), to infer the likely

outcomes predicted by cues A and C ($1 and $0, respectively). We refer to B and D as the con-

ditioned cues because they were directly associated with the outcomes, whereas we refer to A

and C as the preconditioned cues because they were only associated with the conditioned cues

prior to conditioning.

We predicted that if biological relevance were the key factor differentiating information

encoded in HPC and OFC, the HPC should acquire associations between the cues during pre-

conditioning, whereas OFC should only become involved when value information is intro-

duced during conditioning and the probe test. To test these predictions, we used a multivoxel

pattern analysis (MVPA) to track changes in pattern similarity between paired cues over the

course of preconditioning and then to identify where information about the outcomes is repre-

sented during the probe test. Moreover, to test whether behavioral and neural responses to the

preconditioned cues at the probe test were driven by mediated learning at conditioning

[4,30,31] or by model-based inference at the probe test [3,32,33], we examined whether pre-

conditioned cues were reactivated during conditioning and/or whether conditioned cues were
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reactivated in response to preconditioned cues at the probe test. Finally, if value-related and

value-neutral information were distributed across OFC and HPC, responding to precondi-

tioned cues would require binding of this information. We predicted that this would lead to an

increase in coordinated activity between both regions. We tested this prediction using a func-

tional connectivity analysis and compared OFC connectivity between trials involving precon-

ditioned and conditioned cues.

Results

Behavioral results

Preconditioning. Our experiment included a total of 36 unique visual cues. Thirty-two

cues were organized into eight A–B pairs and eight C–D pairs. The four remaining cues were

used to form four control cue pairs (E–E). On each trial of the preconditioning phase, partici-

pants (N = 24) were sequentially presented with pairs of cues (e.g., A!B, C!D, or E!E, Fig

1A). Participants were asked to respond with a button press if the second cue was different

from the first. The latency of these responses decreased linearly over the course of the precon-

ditioning runs (t[17] = −5.13, p = 4.2 × 10−5, Fig 2A), suggesting that participants acquired

information about the predictive relationship between the cues.

Conditioning. During the subsequent conditioning phase, participants were presented

with conditioned cues B or D, deterministically followed by a reward ($1 after B cues) or no

Fig 1. Sensory preconditioning task. (a) Participants learned associations between cue pairs (e.g., A!B) during
preconditioning. (b) During conditioning, participants learned associations between the second cue in each pair (B, D)
and a monetary outcome ($1, $0). On each trial, one cue was presented, and participants had to predict the outcome
associated with the cue by pressing the button corresponding to “+” or “−” presented on the screen. The position of
“+” and “−” was randomized across trials. Then, feedback ($1, $0) was presented. (c) During the probe test,
participants were asked to make outcome predictions to all cues, but no outcomes were provided. (d) During the
recognition test, participants were asked to indicate whether a pair was old (O) or recombined (R). ISI, interstimulus
interval; ITI, intertrial interval.

https://doi.org/10.1371/journal.pbio.3000578.g001
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reward ($0 after D cues, Fig 1B). To measure learning during conditioning, participants were

asked to predict whether the cue presented on each trial would be followed by reward or no

reward. Participants were asked to press a left or right button (using the index or middle fin-

ger), corresponding to the side of the screen on which “+” or “−” was presented, if they

expected the current cue to lead to $1 or $0, respectively. The position of “+” and “−” on the

left and right side of the screen was randomized across trials to dissociate outcome expecta-

tions from motor-related signals. For each cue type (B and D), we then computed the percent-

age of trials in which participants predicted a reward and used this percentage as a behavioral

measure of reward prediction.

A cue (B versus D) by time (repetitions) ANOVA with repeated measures on prediction

responses showed a main effect of cue (F[1,22] = 297.62, p = 2.85 × 10−14), a main effect of

time (F[3.82,84.12] = 8.67, p = 9.04 × 10−6), and a cue-by-time interaction (F[4.57,100.51] =

42.64, p< 0.001, Fig 2B). This suggests that reward prediction responses differed significantly

between cues B and D and across time, indicating that participants learned the association

between the conditioned cues and their outcomes.

In addition, a cue-by-time ANOVA with repeated measures on response times (RTs)

showed a main effect of cue (F[1,22] = 31.41, p = 1.24 × 10−5), a main effect of time (F

[3.19,70.08] = 4.95, p = 0.003), and a cue-by-time interaction (F[5.8,127.65] = 4.28,

p = 0.0007, Fig 2C), suggesting that compared with the D cues, RTs to the B cues became

significantly faster across learning. Taken together, these results show that participants

learned the predicted outcomes associated with the conditioned cues over the course of

conditioning.
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Fig 2. Behavioral responses. (a) Mean response times decreased linearly over preconditioning runs. (b) Mean reward
prediction responses (percentage of trials in which participants predicted $1) to cues B and D changed over the course
of conditioning. (c) Mean response times of outcome predictions on trials with cues B (minus D) decreased over the
course of conditioning. (d) Mean reward prediction responses during the probe test showed stronger responding to
cue B than D and to cue A than C. (e) Mean response times during the probe test showed a main effect of cue type,
with slower responses to cues A and C compared with cues B and D. (f) Scatter plot depicts significant correlation
(r = 0.68 p = 0.0003) between recognition memory for cue–cue associations (d0) and responding to preconditioned
cues (reward prediction responses to cue A minus C) during the probe test. �p< 0.05. Error bars depict ± SEM. Data
underlying these plots can be found in S1 Data. d0, discrimination sensitivity.

https://doi.org/10.1371/journal.pbio.3000578.g002
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Probe test

In the probe test, each cue was presented in the same way as in the conditioning phase except

that all cues (A, B, C, and D) were presented and no outcomes were delivered (Fig 1C). Partici-

pants were again asked to indicate whether each cue predicted reward. A cue (conditioned

versus preconditioned) by reward (reward versus nonreward) ANOVA with repeated mea-

sures on prediction responses showed a significant main effect of reward (F[1,23] = 195.1,

p = 1.01 × 10−12) as well as a cue-by-reward interaction (F[1,23] = 69.14, p = 2.2 × 10−8, Fig

2D), indicating significant reward predictions that were stronger to directly conditioned

than preconditioned cues. Importantly, post hoc t tests confirmed significant differences in

responding to the B cues compared with the D cues (paired t test, t[23] = 27.89, p = 3.11 ×

10−19) as well as to the A cues compared with the C cues (paired t test, t[23] = 5.69, p = 8.55 ×

10−6). The latter finding demonstrates that participants were able to predict outcomes—reward

or nonreward—that were never directly paired with cues A and C.

Similar effects were also evident in RTs (Fig 2E), in which a cue (conditioned versus pre-

conditioned) by reward (reward versus nonreward) ANOVA with repeated measures showed

significant main effects of cue (F[1,23] = 56.53, p = 1.222 × 10−7) and reward (F[1,23] = 22.42,

p = 9.0 × 10−5) and a significant cue-by-reward interaction (F[1,23] = 10.16, p = 0.0041). The

main effect of cue shows that participants took significantly more time to respond to precondi-

tioned cues than conditioned cues, suggesting different cognitive demands for responding to

these cues.

To test whether correct responding to the preconditioned cues relied on information

about cue–cue associations, we probed participants’ memory of the cue–cue pairs in a post-

session recognition test (see Fig 1D) and computed the correlation between recognition

memory and reward prediction responses to the preconditioned cues. Discrimination sensi-

tivity (d0, reflecting the ability to discriminate between old and recombined cue–cue pairs)

was significantly correlated with reward predictions to the A cues compared with the C cues

(r = 0.68, p = 0.0003, Fig 2F). This correlation suggests that responding to preconditioned

cues is related to cue–cue associations acquired during preconditioning.

HPC and OFC acquire associations between value-neutral cues during
preconditioning

Our behavioral results suggest that participants acquired associations between the value-neutral

cues during preconditioning. We next focused on the fMRI data to test for neural correlates of

this acquisition in the HPC and OFC. Previous work suggests a functional differentiation along

the longitudinal axis of the HPC such that anterior HPC is associated with episodic memory

encoding, whereas posterior HPC is typically associated with retrieval-related processes [34,35].

In addition, the medial bank of the anterior HPC has been associated with imagining of future

episodes [36–38]. Based on this work, we expected a differential involvement of anterior and

posterior HPC in the different phases of the sensory preconditioning task and, therefore, ana-

lyzed anterior and posterior segments separately (Fig 3A). We also analyzed medial and lateral

OFC separately because their differential connectivity patterns suggest different functions. Spe-

cifically, the lateral OFC receives input from sensory areas, whereas the medial OFC receives

input frommedial temporal lobe, including HPC [39–42]. In line with these differences in con-

nectivity, previous studies have shown that medial and lateral OFC are primarily involved in the

representation of general value and cue- or outcome-specific information, respectively [43–48].

At the neuronal level, the acquisition of cue–cue associations can be evident in increasingly

similar neural ensemble responses to the two cues across time [49]. We reasoned that this

should be reflected in an increase in the similarity between fMRI activity patterns evoked by

Neural mechanisms underlying model-based inference
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the paired cues (e.g., A–B) relative to the unpaired cues (e.g., A–D) across preconditioning

(Fig 3B). In line with this idea, one-way ANOVAs with repeated measures on the similarity

between patterns evoked by paired (minus unpaired) cues did show a significant main

effect of time in the anterior and posterior HPC (anterior HPC: F[2.52,55.41] = 4.774,

p = 0.008; posterior HPC: F[2.52,55.50] = 3.272, p = 0.035), as well as the medial and lateral

OFC (medial OFC: F[2.58,56.79] = 7.21, p = 0.0006; lateral OFC: F[2.74,60.29] = 9.54,

p = 0.00005). To test whether these main effects were driven by an increase across time, we

directly compared pattern similarity between the first and second day of preconditioning.

In all areas, pattern similarity for paired (minus unpaired) cues was significantly higher in

the second compared with the first day of preconditioning (anterior HPC: t[22] = 3.19,

p = 0.0021; posterior HPC: t[22] = 2.95, p = 0.0037, medial OFC: t[22] = 4.63, p = 0.0001; lat-

eral OFC: t[22] = 3.81, p = 0.0005). Moreover, mirroring our behavioral measure of cue–cue

learning during preconditioning (Fig 2A), pattern similarity increased linearly across the

four scanning runs (anterior HPC: t[22] = 1.84, p = 0.040; posterior HPC: t[22] = 3.34,

p = 0.0015; medial OFC: t[22] = 3.05, p = 0.0029; lateral OFC: t[22] = 2.05, p = 0.026, Fig

3C). Of note, these increases in pattern similarity could be driven by different types of rep-

resentational changes. Learning-related changes could occur exclusively for activity evoked

by the first or the second cue or for activity evoked by both cues. In any case, these findings

suggest that HPC and OFC acquired associations between the value-neutral cues over the

course of preconditioning.

In addition, to test for the acquisition of cue–cue associations outside our regions of interest

(ROIs), we ran a whole-brain searchlight analysis. This analysis revealed increasing pattern

similarity in several areas outside of OFC and HPC, including the visual cortex and insula

(Table 1).
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https://doi.org/10.1371/journal.pbio.3000578.g003
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OFC represents expected outcomes in response to conditioned cues in the
probe test

We next tested how HPC and OFC represented information about the conditioned cues and

their associated outcomes during the probe test. For this, we conducted two decoding analyses.

The first analysis tested whether there was any information about the conditioned cues and/or

their associated outcomes in response to these cues in the probe test. The second analysis

aimed to dissociate whether successful decoding in the probe test was driven by representa-

tions of the conditioned cues or their associated outcomes ($1 versus $0) independent of cue-

specific information.

For the first analysis we trained a support vector machine (SVM) classifier on fMRI

responses evoked by the B versus D cues during the conditioning phase and tested its ability to

differentiate fMRI responses to these same cues in the probe test (Fig 4A). One-sample t tests

showed that decoding accuracy in the probe test was significantly above the empirically deter-

mined chance level in both the medial and lateral OFC (medial OFC: t[22] = 3.2, p = 0.002; lat-

eral OFC: t[22] = 2.91, p = 0.004, Fig 4B). Decoding accuracy was not significantly above

chance in the anterior and posterior HPC (anterior HPC: t[22] = 1.22, p = 0.119; posterior

HPC: t[22] = 1.02, p = 0.159). However, decoding accuracy in the OFC and HPC was not sig-

nificantly different (t[22] = 1.65, p = 0.11).

The second analysis took advantage of the fact that our design included eight sets of cues

(i.e., B1, D1, B2, D2, B3, D3, etc.). We trained an SVM classifier to discriminate between activ-

ity patterns evoked by all but one set of cues B versus D during conditioning (e.g., cues B8 and

D8 were left out) and tested it only on activity patterns evoked by cues B versus D from the

left-out cue set (e.g., B8 versus D8). Because this analysis uses different cues for training and

testing the classifier, it reveals representations of associated outcome value that are indepen-

dent of cue-specific information. One-sample t tests showed that decoding accuracy was not

significantly above chance in medial and lateral OFC (medial OFC: t[22] = 0.72, p = 0.239; lat-

eral OFC: t[22] = 0.33, p = 0.372). However, a corresponding whole-brain searchlight analysis

revealed a cluster in the medial OFC (x = −6, y = 22, z = −16, t[22] = 5.99, pFWE = 0.003, [FWE,

familywise error]), indicating a significant contribution from cue-independent representations

of associated outcome value in this area. In addition, decoding accuracy was also significantly

Table 1. Brain regions encoding value-neutral cue–cue associations during preconditioning.

Region x y z t p

Precentral gyrus −32 −20 50 6.84 5.05 × 10−10

Middle occipital gyrus 34 −94 12 6.43 3.16 × 10−9

Insula −40 0 16 5.33 0.001

Anterior HPC 30 −14 −14 3.8 0.01

Posterior HPC 30 −34 −6 4.11 0.004

26 −26 −10 3.46 0.028

22 −38 6 3.4 0.033

Medial OFC −30 32 −14 3.71 0.047

−8 60 −10 3.7 0.049

Lateral OFC 30 56 −16 4.59 0.003

12 68 −10 3.78 0.044

−28 32 −14 3.75 0.049

Results from whole-brain searchlight (PFWE< 0.05).

Abbreviations: FWE, familywise error; HPC, hippocampus; OFC, orbitofrontal cortex

https://doi.org/10.1371/journal.pbio.3000578.t001
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above chance in left middle temporal gyrus (x = −54, y = −64, z = 22, t[22] = 5.03, pFWE =

0.046; x = −18, y = −76, z = 40, t[22] = 4.69, pFWE = 0.012) and left inferior parietal lobe (x =

−54, y = −38, z = 34, t[22] = 4.81, pFWE = 0.036). Taken together, these results suggest that out-

comes associated with conditioned cues were represented in the OFC during the probe test.

OFC represents expected outcomes in response to preconditioned cues in
the probe test

We next examined whether OFC also represented expected outcomes in response to the pre-

conditioned cues. For this, we again used two decoding analyses. The first analysis tested

whether the preconditioned cues evoked any representation of their paired conditioned cues

and/or their associated outcomes in the probe test. The second analysis aimed to dissociate

whether successful decoding was driven by representations of the paired conditioned cues (B,

D) or their predicted outcomes ($1 versus $0) independent of cue-specific information.

For the first analysis we again trained an SVM classifier on cues B versus D during condi-

tioning and then tested whether it could identify the corresponding preconditioned cues A
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Fig 4. OFC represents expected outcomes in response to conditioned and preconditioned cues. (a) An SVM
classifier was trained on ROI activity patterns evoked by cues B versus D during conditioning. The SVMwas tested to
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versus C in the probe test. This analysis tests for brain regions in which the preconditioned

cues (A, C) activate a representation of their paired conditioned cues (B, D) and/or the out-

comes predicted by these cues ($1, $0). One-sample t tests showed that decoding accuracy

was significantly above chance in both medial and lateral OFC (medial OFC: t[22] = 2.25,

p = 0.018; lateral OFC: t[22] = 2.96, p = 0.004, Fig 4C). Decoding was also significantly better

in OFC than in the HPC (t[22] = 3.27, p = 0.0035), in which decoding accuracy was not above

chance (anterior HPC: t[22] = −0.7, p = 0.755; posterior HPC: t[22] = −1.91, p = 0.965). To test

whether additional brain regions represented the paired conditioned cues and/or outcomes in

response to the preconditioned cues during the probe test, we performed a whole-brain

searchlight analysis. This analysis revealed only one significant cluster in the medial OFC

(x = 10, y = 36, z = −24, t[22] = 4.36, pFWE = 0.027, Fig 5B), and there was no significant decod-

ing in other brain regions.

The second analysis took advantage of the fact that our design included eight sets of cue–

cue pairs (i.e., A1!B1, C1!D1, A2!B2, C2!D2, etc.). We trained an SVM classifier to dis-

criminate between activity patterns evoked by all but one set of cues B versus D during condi-

tioning (e.g., cues B8 and D8 were left out) and tested it only on activity patterns evoked by

cues A versus C from the left-out cue set (e.g., A8 versus C8). Because A8 was not directly asso-

ciated with B1 or B2, etc., this analysis tests for representations of outcomes in response to pre-

conditioned cues independent of specific cue–cue associations. One-sample t tests showed that

decoding accuracy was significantly above chance in medial OFC (t[22] = 3.22 p = 0.002). In

contrast, however, decoding accuracy for the left-out cue set was not significant in lateral OFC

(t[22] = −1.15, p = 0.868), and the difference between medial and lateral OFC was significant (t

[22] = 3.91, p = 0.0008). These findings were further corroborated by a whole-brain searchlight

analysis, which revealed only one significant cluster in the medial OFC, which overlapped with

the OFC cluster identified in the first analysis (x = 4, y = 40, z = −26, t[22] = 3.36, pFWE = 0.01,

Fig 5B). There was no significant decoding in other brain regions. Overall, these results
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Fig 5. Medial OFC represents expected outcomes and associated conditioned cues in response to preconditioned

cues. (a) For each searchlight sphere, we performed three different MVPA analyses. First, an SVM classifier was
trained on activity patterns evoked by all sets of cues B versus D during conditioning and was tested to differentiate
between response patterns evoked by all sets of cues A versus C during probe test (red voxels in [b]). Second, an SVM
classifier was trained on activity patterns evoked by seven sets of cues B versus D during conditioning and was tested to
differentiate between response patterns evoked by the left-out set of cues A versus C during probe test (blue voxels in
[b]). Third, pattern similarity between cues A/C in the probe test and cues A/C at the end of preconditioning was
compared with pattern similarity between cues A/C in the probe test and cues A/C at the beginning of preconditioning
(green voxels in [b]). (b) Coronal slice shows overlapping clusters in the medial OFC with significant effects in the
three analyses. For illustration, individual maps are thresholded at p< 0.005, uncorrected. Whole-brain statistical
maps can be viewed at neurovault.org/collections/BMDVXTCY. OFC, orbitofrontal cortex; MVPA, multivoxel pattern
analysis; SVM, support vector machine.

https://doi.org/10.1371/journal.pbio.3000578.g005
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suggest that activity patterns in the medial OFC contained information about the expected

outcome ($1, $0) in response to preconditioned cues.

Preconditioned cues are not reactivated during conditioning

There are two mechanisms generally used to explain the behavioral and neural responses to

the preconditioned cues observed here. One is that they are driven by inference (or chaining)

at the time of the probe test, with participants recalling the associations between precondi-

tioned and conditioned cues and between conditioned cues and outcomes to infer the out-

comes that will likely follow the preconditioned cues. The other is that the preconditioned

cues directly acquire value during conditioning by mediated learning or similar mechanisms

[4,31]; that is, the preconditioned cues are reactivated when the paired conditioned cues are

presented in conditioning, and this reactivation causes them to also acquire value [31].

To distinguish between these possibilities, we examined the neural data for whether the pre-

conditioned cues were reactivated when conditioned cues were presented in conditioning, as

required for mediated learning. For this, we compared activity patterns evoked by cues B and

D during conditioning with activity patterns evoked by these cues during preconditioning. We

reasoned that if the conditioned cues, B and D, were also evoking representations of the paired

preconditioned cues, A and C, during conditioning, then the neural pattern in response to

them should be more similar to the pattern they evoked at the end (last run) of precondition-

ing (after the pairings have been acquired) than at the beginning (first run). Contrary to this

prediction, the similarity between the activity patterns evoked by cues B and D during condi-

tioning and those evoked by these cues at the beginning and the end of preconditioning was

not differentiable (anterior HPC: t[22] = 1.22, p = 0.235; posterior HPC: t[22] = −0.22,

p = 0.826; medial OFC: t[22] = 0.40, p = 0.690; lateral OFC: t[22] = 0.22, p = 0.825). This sug-

gests that the preconditioned cues were not reactivated during conditioning, making it

unlikely that they acquired any value through mediated learning during conditioning in our

task [32].

Preconditioned cues in the probe test evoke representations of conditioned
cues in OFC

The above results suggest that preconditioned cues were not reactivated during conditioning.

However, they do not provide positive evidence for the alternative hypothesis—namely, that

responding to preconditioned cues is based on inference at the time of the probe test. This

hypothesis predicts that neural representations of paired conditioned cues are evoked in

response to the preconditioned cues at the time of probe test such that their likely outcomes

can be inferred. To directly test whether cues A and C evoked representations of paired cues B

and D, respectively, we conducted an additional analysis. Similar to the analysis presented

above, we reasoned that if representations of conditioned cues were evoked in response to the

preconditioned cues in the probe test, then activity patterns to cues A and C during the probe

test should be more similar to those at the end of preconditioning (last run), after learning of

the associations with B and D, than at the beginning of preconditioning (first run), prior to

learning. Importantly, because cues had not acquired any value at the time of preconditioning,

this analysis is independent of any value confounds.

In line with this prediction, we found that the activity patterns evoked in OFC by the pre-

conditioned cues in the probe test were more similar to representations of these cues at the

end compared with the beginning of preconditioning (medial OFC: t[23] = 3.73, p = 0.001; lat-

eral OFC: t[23] = 2.32, p = 0.029). No significant differences were found in the HPC (anterior

HPC: t[23] = 1.04, p = 0.312; posterior HPC: t[23] = 0.71, p = 0.483). A corresponding
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searchlight analysis revealed a cluster in the medial OFC, which overlapped with the clusters

that represented expected outcomes in response to the preconditioned cues (x = −4, y = 38, z =

−20, t[23] = 3.70, Fig 5B). These findings suggest that preconditioned cues evoked value-neu-

tral representations of the associated conditioned cues in the OFC at the probe test.

Because the last run of preconditioning occurred on the same day as the probe test, the

higher correlation between activity patterns evoked by cues in this run could be driven by scan

day–related effects. To rule out this possibility, we performed a control analysis in which scan

day–related correlations (e.g., scan day–related differences in correlations between unrelated

cues A and C) were subtracted from the correlations of interest, effectively removing any scan

day–related confounds. This control analysis revealed significant effects in the medial OFC

(t[23] = 2.05, p = 0.026) but not lateral OFC (t[23] = 1.29, p = 0.105). Again, no differences

were found in the HPC (anterior HPC: t[23] = 0.71, p = 0.243; posterior HPC: t[23] = 0.75,

p = 0.232).

OFC–HPC connectivity facilitates model-based inference

The results described above suggest that preconditioned cues evoked representations of condi-

tioned cues as well as their associated outcomes in overlapping areas of the OFC at the time of

the probe test. However, cue–cue associations were also represented in the HPC during pre-

conditioning, and previous work indicates that HPC projections to the OFC are critical for

establishing integrated representations of task state in the OFC [50]. We therefore hypothe-

sized that HPC–OFC connectivity might support model-based inference. To test this predic-

tion, we implemented a psychophysiological interaction (PPI) analysis [51] with medial OFC

as the seed region (Fig 6A) and compared connectivity between trials involving precondi-

tioned and conditioned cues. We found that functional connectivity between medial OFC and

posterior HPC was significantly higher on trials with preconditioned cues compared with trials

involving conditioned cues (x = −30, y = −26, z = −8, t[23] = 3.68, pFWE = 0.042, Fig 6B and

6C). No other brain regions showed this connectivity effect. Moreover, the connectivity modu-

lation between OFC and HPC was significantly correlated with RT for preconditioned cues

(r = −0.36, p = 0.040, Fig 6D) but not conditioned cues (r = −0.25, p = 0.123), suggesting that

HPC–OFC connectivity may selectively facilitate model-based inference.

Discussion

In this study, we used a sensory preconditioning task and fMRI to examine the role of OFC

and HPC in supporting outcome predictions based on cues that were never directly paired

with reward. Pattern-based fMRI analyses showed that although both OFC and HPC acquired

cue–cue associations during preconditioning, only OFC contained information about

expected outcomes in response to conditioned cues. In the probe test, participants made

reward prediction responses to preconditioned cues, which were accompanied by representa-

tions of conditioned cues as well as their associated reward in OFC. In addition, connectivity

between HPC and OFC was selectively increased on trials involving preconditioned cues.

During preconditioning, both HPC and OFC acquired associations between the value-neu-

tral cues. Whereas HPC has long been known to represent associative information [16,17,

19,52], OFC has historically been considered to primarily process information with biological

significance [9,53–58]. However, our current findings suggest that OFC acquired associations

between cues even before they were endowed with value. This mirrors recent findings in rats,

showing that OFC ensemble patterns form associations between value-neutral cues during

preconditioning [49], and extends earlier observations that OFC encodes value-neutral fea-

tures of expected outcomes [24,43,50,59]. It should be emphasized that participants were not
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aware of monetary outcomes in the preconditioning phase, and thus, these findings are not

contaminated by encoding of reward information. Although a role for social value originating

from experimenter demands cannot be ruled out, these findings suggest that both OFC and

HPC can acquire associative information even when that information is of limited or at least

uncertain biological significance.

OFC and HPC differed in their representation of reward outcomes associated with the con-

ditioned cues during the probe test. Such information was present in the OFC but not in HPC,

at least at the level of our measure. This suggests that information in OFCmay differ from that

in HPC by information content [60,61] such that OFC represents information with and with-

out biological significance [22], whereas HPC is less driven by value-related information in

this setting. Alternatively, this may suggest that HPC is primarily involved in the acquisition of

information, which can then be used by different brain areas, such as OFC, for establishing

task representations for guiding behavior [62,63], and as a result, it is less engaged by the sub-

sequent use of this information.

Regarding the question of when and how preconditioned cues acquired reward informa-

tion, our findings are more compatible with the idea that participants inferred the outcome at

the time of the probe test in response to preconditioned cues. Although some studies indicate
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Fig 6. OFC–HPC connectivity facilitates model-based inference at the time of decision-making. (a) Illustration of
the mOFC seed region used in the PPI analysis, which was defined as the mOFC cluster identified in the searchlight-
based decoding analysis (p< 0.005, uncorrected). (b) Cluster in the posterior HPC with significantly greater OFC
connectivity during probe test trials with preconditioned cues compared with conditioned cues. For illustration, map
is thresholded at p< 0.005 (red) and p< 0.001 (yellow), uncorrected. (c) Mean functional connectivity extracted for
illustration from the posterior HPC cluster for preconditioned cues (A and C) and conditioned cues (B and D). (d)
HPC–OFC functional connectivity was negatively correlated with response time during inference (r = −0.36,
p = 0.040). Error bars depict ± SEM. Data underlying these plots can be found in S1 Data. The whole-brain statistical
map can be viewed at neurovault.org/collections/BMDVXTCY/images/306228/. HPC, hippocampus; mOFC, medial
OFC; OFC, orbitofrontal cortex; PPI, psychophysiological interaction.

https://doi.org/10.1371/journal.pbio.3000578.g006
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that cached values can spread to preconditioned cues during conditioning via mediated learn-

ing or similar mechanisms [4,30,31,64], we saw no evidence that the preconditioned cues were

reactivated during conditioning. As noted earlier, mediated learning requires such reactiva-

tion, whereas inference, though not incompatible with reactivation, does not require it. The

lack of reactivation here is consistent with proposals that such reactivation is primarily favored

when the conditioned cue is presented together or even before the preconditioned cue (i.e.,

B!A). Our use of the opposite procedure (i.e., A!B) is thought to favor inference. Accord-

ingly, work using a similar A!B training procedure in rats has shown that preconditioned

cues do not support conditioned reinforcement, the gold standard for assessing cached value

[32]. Furthermore, inactivation of the OFC in the probe test in this setting abolishes respond-

ing to the preconditioned cues in rats without affecting responding to the conditioned cues

[3]. If preconditioned cues were to acquire cached value in the conditioning phase, as if they

were present and directly paired with reward, then OFC inactivation would not abolish adap-

tive responding in the probe test, given that OFC is not necessary for behavior that is based on

directly learned cue–outcome associations [65–67]. Finally, we found evidence that precondi-

tioned cues evoked representations of conditioned cues in the probe test. Such representations

are necessary for model-based inference, but they are not predicted by or necessary for medi-

ated learning [3]. Based on these reasons, we conclude that in our study, participants’

responses to preconditioned cues were based on model-based inference at the time of deci-

sion-making. Given that overlapping areas of OFC represented the conditioned cues and the

inferred outcomes in response to the preconditioned cues at the time of the probe test, it is

tempting to speculate that inference occurred within the OFC. Although these individual

pieces of information are likely represented by different neuronal populations within the OFC,

their presence is reminiscent of a set of associative representations that could be used to carry

out the inference [20,62].

Whereas the HPC did not exhibit representations in the probe test similar to those in OFC,

we found that inference was associated with increased HPC–OFC connectivity. In addition,

connectivity was linked with faster responses to preconditioned cues, further suggesting that

interactions between HPC and OFCmay facilitate model-based inference. This is consistent

with findings from human and animal studies on transitive inference. In transitive inference

tasks, subjects are trained to learn a set of overlapping stimulus pairs (e.g. A> B, B> C,

C>D, D> E) and are tested on probe trials that require transitive inference (B> D?) [68].

The sensory preconditioning task is structurally similar but requires inference about reward

outcomes to guide decisions. Studies on transitive inference have shown that activity in HPC

and ventromedial prefrontal cortex (vmPFC) is correlated with transitive inference [68–70]

and that lesions to these regions selectively impair animals’ performance on trials requiring

transitive inference [68,71]. Our functional connectivity findings are compatible with the idea

that HPC projections to the OFC bind isolated pieces of associative information in the OFC to

form an integrated representation of the task that can be used for inference. This is in line with

recent rodent work showing that HPC input to the OFC is necessary for establishing task state

representations in the OFC [50]. Moreover, it is consistent with reports that amnesic patients

with bilateral HPC damage fail to form holistic representations of future events and instead

represent fragmented elements of the experience [72,73]. The HPC–OFC connectivity result is

also consistent with the idea that HPC is important for reinstating representations of cortical

activity that occurred during learning [74,75].

Although it is difficult to interpret negative results, a role of HPC in binding and reinstating

memory representations in cortical areas may explain the lack of evidence for cue–cue associa-

tions in the HPC during the probe test. Specifically, HPC may only encode cue–cue associa-

tions during the initial learning stage, whereas this information is stored and consolidated in
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the OFC. When cue–cue associations are required for outcome predictions in response to pre-

conditioned cues in the probe test, the HPC may then reinstate or bind representations in the

OFC without itself representing these associations. This is consistent with recent evidence that

HPC is primarily involved in the acquisition of information, which can then be used by differ-

ent brain areas to guide behavior [76,77].

In summary, our findings bridge and extend previous work on the role of OFC and HPC in

model-based behavior. We found that the OFC and HPC represented partially overlapping

information, such that HPC acquires value-neutral information during initial learning,

whereas the OFC contains representations including but not limited to information with bio-

logical significance or value. Most importantly, our results suggest that model-based inference

in the OFC is supported by its interactions with the HPC.

Materials andmethods

Ethics statement

The study protocol was approved by the Northwestern University Institutional Review Board

(STU00202875), and the experiments were conducted according to the principles expressed in

the Declaration of Helsinki. All subjects gave written informed consent to participate.

Subjects

Twenty-nine healthy human participants with no history of psychiatric illness (12 male; age

19–32 years; mean ± SEM, 24.42 ± 0.67 years) participated in this study. Data from five partici-

pants were excluded from all analyses because their behavioral performance in the last condi-

tioning run was not significantly above chance. One participant was excluded from the

analyses of the preconditioning data because of technical problems during the preconditioning

scan. One participant was excluded from all analyses related to the conditioning phase because

of technical problems during the conditioning scan.

Stimuli and experimental procedures

Cues consisted of 36 abstract visual symbols. Thirty-two symbols were randomly selected and

grouped into 16 pairs for each participant, of which half served as A–B pairs and half served as

C–D pairs. Thus, there was a total of eight sets of A–B and C–D cue pairs. The four remaining

symbols were used to form four control pairs (E–E) in which the same symbols were presented

twice in a row (E1–E1, E2–E2, etc.). The two symbols in a pair were presented in different col-

ors (blue = first and green = second, counterbalanced across participants). Each symbol was

shown against one of two scene background images: a forest or a field of flowers. Two odors,

fir needle oil (Lhasa Karnak Herb Company) and plum blossom (AromaWorkshop) were

delivered to participants’ noses through a custom-built, computer-controlled olfactometer

[24].

The study was completed on two consecutive days, and the MRI data were acquired dur-

ing all runs of preconditioning, conditioning, and probe test. On the first day, participants

were instructed to learn target and control cue pairs (target: A!B, C!D; control: E!E)

in three preconditioning runs. The cues in a pair were presented one after another for 3 s

each, separated by a delay of 300 ms. A fixation cross appeared between trials for a jittered

duration between 3 and 11 s. To ensure attention to the cue pairs during preconditioning,

participants were instructed to memorize the cue pairs, press a button if the second symbol

was different from the first, and withhold a response if the two symbols were identical. In

the first run of preconditioning, each cue pair was repeated three times in a row. In the
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remaining preconditioning runs, the order of cue pairs was randomized. Because of these

differences in stimulus presentation, fMRI data from the first preconditioning run were

excluded from all analyses. On the second day, participants performed two additional runs

of preconditioning. Participants were not informed about the monetary associations until

the conditioning phase.

Next, participants performed five runs of conditioning, during which the second cue (cues

B and D) of each pair was presented individually for 1,500 ms. Participants were instructed to

make predictions about the monetary outcome ($0 or $1) they expected following the cue. If

they expected the cue to be followed by $1, they were asked to select “+,” and if they expected

$0, they were asked to select “−.” Participants made their prediction by pressing a button with

the index or middle finger or their right hand corresponding to the position of “+” and “−”

on the screen. The position of “+” and “−” on the screen was randomized across trials to disso-

ciate motor responses from reward predictions. A $1 or $0 outcome feedback was presented

for 1,500 ms immediately after the cue if participants responded within 1,500 ms. Otherwise,

“too slow” was displayed. Each cue–outcome association was repeated twice in each run in

pseudorandomized order, resulting in 10 repetitions total.

In the following probe test, all cues were presented individually without any feedback. Each

cue was presented four times in pseudorandomized order. Participants were instructed to

make reward predictions for each cue as they did during conditioning. They were instructed

to use the cue–cue associations to infer the outcomes associated with the preconditioned cues

(A, C). The durations of cue and feedback presentation, as well as the interval between trials,

were exactly the same as they were during conditioning. For half of the cues, the same back-

ground (pictures and odors) as the one used during preconditioning was presented during the

probe test, whereas the other background was presented for the rest of the cues. Because this

manipulation had no effect on behavioral performance (p-values> 0.71) and fMRI-based

decoding accuracies (p-values> 0.12), we collapsed data across both conditions.

Following the probe test, participants were tested for their memory of cue–cue associations

in a recognition task. Participants were presented with the original cue pairs as well as recom-

bined pairs consisting of cues belonging to different pairs. Pairs were presented sequentially as

was done during preconditioning, and participants were asked to indicate whether a pair was

old or recombined after the second cue was presented.

fMRI data acquisition

The MRI data were acquired at the Northwestern University Center for Translational Imaging

(CTI) using a 3T Siemens PRISMA scanner equipped with a 64-channel head coil. Functional

images were acquired with an echoplanar imaging (EPI) sequence with the following parame-

ters: repetition time (TR), 2 s; echo time (TE), 22 ms; flip angle, 90˚; slice thickness, 2 mm; no

gap; number of slices, 58; interleaved slice acquisition order; matrix size, 104 × 96 voxels; field

of view, 220; multiband factor, 2. In order to minimize susceptibility artifacts in the OFC, the

acquisition plane was tilted approximately 25˚ from anterior commissure (AC)–posterior

commissure (PC) line [78]. We collected partial brain volumes without coverage of the dorsal

portion of the parietal lobes. The number of EPI volumes in each of the preconditioning runs

ranged from 343–450. Each conditioning run consisted of 132 EPI volumes, and the probe test

included 502 EPI volumes. We also acquired 10 whole-brain EPI volumes for each participant,

which had the same parameters as described above except with 95 slices and a TR of 5.25 s.

These volumes were used to improve coregistration of the EPI time series data. In addition,

anatomical images were collected for spatial normalization using a MPRAGE sequence with

1-mm isotropic voxels.
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In order to monitor breathing during scanning, a respiratory effort band (BIOPAC Sys-

tems, Goleta, CA) was affixed around the participant’s torso. Breathing traces were recorded

using PowerLab equipment (ADInstruments, Dunedin, New Zealand) at a sampling rate of 1

kHz. Breathing traces were smoothed using a moving window of 250 ms, high-pass filtered

(cutoff, 50 s), z-scored within each run, down-sampled to 0.5 Hz, and included as nuisance

regressors in all fMRI data analyses.

fMRI data preprocessing

Preprocessing was performed using Statistical Parametric Mapping (SPM12) software (www.

fil.ion.ucl.ac.uk/spm/). For each participant, all functional EPI images across all fMRI runs

were aligned to the first acquired image to correct for head motion during scanning. The 10

whole-brain EPI images for each participant were also realigned and then averaged. Both the

functional EPI images (using the mean EPI) and the mean whole-brain EPI were coregistered

to the anatomical image for each participant. Spatial normalization was conducted in two

steps. First, we normalized each participant’s anatomical image to the Montreal Neurological

Institute (MNI) space using the six-tissue probability map provided by SPM12. The resulting

deformation fields were then applied to the EPI images to transform them into MNI space.

Finally, the normalized functional EPI images were spatially smoothed with a Gaussian kernel

that was 6 × 6 × 6 mm. For all MVPA analyses, the motion-corrected functional images were

resliced, smoothed with a Gaussian kernel that was 2 × 2 × 2 mm, and analyzed in native

space.

All first-level general linear model (GLM) analyses of the fMRI functional data described

below were conducted using SPM12 and included the following nuisance regressors: the

smoothed, normalized, and down-sampled sniff trace; the six realignment parameters (three

translations, three rotations) calculated for each volume during motion correction; the deri-

vate, square, and the square of the derivative of each of the realignment regressors; the absolute

signal difference between even and odd slices and the variance across slices (to account for

fMRI signal fluctuation caused by within-scan head motion); the squares, derivatives, and

squared derivatives of these two within-volume measures; and additional regressors as needed

to model out individual volumes with particularly strong head motion.

ROI definition

The HPC mask was created by manually tracing on the MNI template brain based on anatomi-

cal criteria described in previous studies [79]. In brief, the anterior border of the HPC was

defined by a thin line of white matter separating the HPC and the amygdala. The posterior

border was defined as where the gray matter disappears near the lateral ventricle. The HPC

was further segmented into anterior and posterior portions based on the uncal apex landmark

[34]. Masks for the medial and lateral OFC were taken from a previous study, which used

unsupervised clustering of resting-state connectivity to parcellate the OFC [80]. For MVPA

analysis, ROIs were inverse-normalized into native space.

MVPA to test for acquisition of cue–cue associations during
preconditioning

To investigate whether HPC and OFC acquired information about cue–cue associations dur-

ing preconditioning, we conducted a pattern-based similarity analysis on minimally smoothed

functional images in native space. The second and third run from the first day and both runs

from the second day were included in the analysis of the preconditioning data (the first run

from the first day was excluded because it had a different trial sequence). We first estimated a
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first-level GLM with four regressors of interest: cues A, B, C, and D. Regressors were created

by convolving the onsets and durations of each cue with the hemodynamic response function,

and t-maps were computed based on the resulting parameter estimates. For each precondi-

tioning run, we computed the similarity (Fisher’s Z transformed Pearson’s correlation)

between multivoxel response patterns evoked by cues in a given pair (A and B, C and D) and

cues not belonging to a pair (A and D, C and B). This was done separately for each ROI. To

control for unspecific changes in pattern similarity across runs (e.g., effects of attention to the

first cue in each pair), within each run, we subtracted the pattern similarity between unpaired

cues (A and D, C and B) from pattern similarity between paired cues (A and B, and C and D).

Note that because of short interstimulus intervals between paired cues, the pattern similarity

between the first and second cue in a pair is confounded by temporal proximity. However, the

correlation driven by temporal proximity should be constant across runs, and thus, pattern

similarity increases across runs should not be contaminated by temporal proximity and only

capture effects related to the acquisition of cue–cue associations.

MVPA to test for outcomes in response to conditioned and preconditioned
cues

To test for representations of outcomes associated with conditioned cues (i.e., B!$1, D!$0)

in the probe test, we used an SVM classifier with feature selection. For each subject, we first

estimated separate GLMs for the last three conditioning runs and the probe test. We focused

on the last three runs of conditioning because behavioral performance stabilized after the first

two runs (Fig 2B), suggesting that learning was completed. Specifically, pairwise comparisons

in ascending order showed that behavioral performance (percentage reward predicted on B

minus D trials) in the fourth repetition was significantly higher than that in the third repetition

(t[22] = −4.93, p = 6.18 × 10−5) but that there were no significant differences between adjacent

repetitions starting from the fifth repetition (t[22] = 0.15, p = 0.88). The conditioning GLMs

included two regressors of interest coding for the onset of cues B and D, along with regressors

modeling the onset of the outcome, and left and right button presses. The probe test GLM

included 32 regressors of interest coding for the onset of each symbol, along with regressors

modeling the onset of left and right button presses. These models generated maps of parameter

estimates for each regressor of interest for which t-scores were computed.

The decoding analysis was conducted in HPC and OFC subregions separately. We used the

SVM provided by the LIBSVM implementation with a linear kernel and a default c = 1 [81].

For each ROI and subject, we trained an SVM classifier to classify activity patterns evoked by

cues B versus D during the conditioning phase and tested it on activity patterns evoked by

cues B versus D, as well as cues A versus C, during the probe test phase. Note that we never

trained any classifier on data from the probe test.

We used a leave-one-subject-out cross-validated feature selection procedure to determine

the optimal number of voxels to be included in the SVM. For all but one left-out subject, we

computed the t-value by comparing fMRI responses between cues B and D across the last

three runs of conditioning. Then, the voxels were rank ordered based upon the absolute t-

value. Starting from the 40 best voxels with the largest absolute t-values for the OFC and the 20

best voxels for the HPC, we trained several SVMmodels, and these models were then tested on

the probe test data of all but the left-out subject. We then repeated this procedure and included

an additional 40 and 20 voxels for OFC and HPC, respectively. This resulted in an average clas-

sification accuracy for every number of included voxels. The included number of voxels that

led to the highest average decoding accuracy in the training sample was defined as the optimal

voxel number and used to perform the decoding analysis in the left-out subject. This nested
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feature selection procedure was repeated for each subject left out, and decoding accuracies

from the left-out participants were used to determine the final decoding accuracy. The scripts

implementing this analysis can be viewed at github.com/fangw12/Sensory_Preconditioning.

In addition, we performed a cross-pair classification analysis in which we trained an SVM

classifier on activity patterns evoked by all but one set of cues B versus D during conditioning

(e.g., B1 versus D1, B2 versus D2, etc.) while leaving one set of cues out (e.g., B8 and D8). We

then tested this SVM classifier on activity patterns evoked during the probe test by cues B ver-

sus D, as well as A versus C from the left-out cue set (e.g., B8 versus D8, and A8 versus C8).

This was repeated eight times, each time with one cue set left out, and the results were

averaged.

We also conducted whole-brain searchlight-based decoding analyses in order to identify

additional brain areas in which conditioned cues and inferred outcomes were represented in

the probe test. The procedure of these analyses was the same as the ROI-based approach

described above but did not involve feature selection. The radius of the searchlight sphere was

8 mm, resulting in 251 voxels.

MVPA to test for reactivation of preconditioned cues during conditioning

To test for a reactivation of the preconditioned cues A and C in response to cues B and D dur-

ing conditioning, we conducted the following pattern similarity analysis. For each subject, we

first computed template patterns evoked by cue B during conditioning within the OFC and

HPC ROIs. We next computed correlations between these template patterns and activity pat-

terns evoked by cue B in the first and last run of the preconditioning phase. The resulting cor-

relations were compared between the first and last run. The same steps were performed for

cue D, and results were averaged across B and D. We reasoned that if activity patterns evoked

by cue B in conditioning contained information about cue A, these must have been acquired

during preconditioning. Accordingly, the activity patterns to cue B in conditioning should be

more like those to cue B in the last compared with the first run of preconditioning—that is,

after versus before B could have acquired any association with cue A.

MVPA to test for reactivation of conditioned cues in response to
preconditioned cues at the probe test

To test for a representation of the conditioned cues B and D in response to the preconditioned

cues A and C in the probe test, we conducted a comparable pattern similarity analysis. For

each subject, we first computed template patterns evoked by cue A during the probe test within

the OFC and HPC ROIs. We next computed correlations between these template patterns and

activity patterns to cue A in the first and last run of preconditioning. The resulting correlations

were compared between the first and last run. The same steps were performed for cue C, and

results were averaged across A and C. We reasoned that if activity patterns evoked by cues A

and C in the probe test contained information about cues B and D, these must have been

acquired during preconditioning. Accordingly, the activity patterns to A and C in the probe

test should be more like those to cues A and C during the last run compared with the first run

of preconditioning—that is, after versus before they could have acquired any association with

cues B and D. To search for reactivation outside our ROIs, we performed a corresponding

searchlight analysis.

PPI analysis

To examine changes in OFC connectivity during inference trials, we conducted a PPI analysis

using the gPPI toolbox [51]. Specifically, for each participant, we estimated a PPI model with
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preconditioned versus conditioned cues as the psychological factor and fMRI activity in the

medial OFC as the physiological variable. The seed region was defined as the medial OFC clus-

ter identified in the searchlight-based decoding analysis (at p< 0.005, uncorrected). The

model also included regressors coding for the onsets of left and right button presses as well as

the nuisance regressors described above.

Group-level statistical analysis

To examine changes in pattern similarity across runs, for each ROI we computed a one-way

ANOVA with repeated measures on the z-scored correlation difference to test for differences

between runs. For significant main effects, we then directly compared pattern similarity

between the first and second half of the preconditioning data using paired t tests. Finally, to

test whether pattern similarity increased linearly across runs, we tested whether the linear

increase across runs was significantly different from zero using one-sample t tests.

To test for representations of outcomes in the probe test in response to cues B versus D or

A versus C, we performed one-sample t tests on decoding accuracies (minus empirical chance

level, see below) in each ROI. In addition, to identify brain regions outside our ROIs that rep-

resented cue–outcome associations in response to cues A versus C in the probe test, we con-

ducted voxelwise one-sample t tests on normalized (MNI space) and smoothed (6-mm

Gaussian kernel) decoding accuracy maps (minus 50% chance level). For the connectivity

analysis, we performed a one-sample t test on the difference between parameter estimates of

the psychophysiological regressors for inferred and conditioned cues. The PPI results were

small volume corrected for FWEs at the voxel level using the HPC ROIs defined above.

All ROI-based decoding results reported here were tested against the empirical chance level

estimated for each analysis and subject. To determine empirical chance level, we repeated each

analysis 10,000 times with the labels in the test data randomly permuted. Decoding accuracies

from these random permutations were averaged and used as empirical chance level per subject.

Statistical significance level was p< 0.05, one-tailed and two-tailed for directed and undirected

hypotheses, respectively. For voxelwise tests, we used small volume correction for FWE at the

voxel level using the OFC and HPC ROIs defined above. Effects outside of these ROIs are

reported if they survive whole-brain FWE correction.

For repeated measures ANOVA on the behavioral data, Greenhouse–Geisser correction

was applied, as appropriate.

Supporting information

S1 Data. Excel spreadsheet containing, in separate sheets, the underlying numerical data

for Figure panels 2a, 2b, 2c, 2d, 2e, 2f, 3c, 4b, 4c, 6c, and 6d.

(XLSX)

Acknowledgments

The authors thank Rachel Reynolds and Devyn Smith for assistance in fMRI data acquisition.

Author Contributions

Conceptualization: Fang Wang, Geoffrey Schoenbaum, Thorsten Kahnt.

Formal analysis: Fang Wang, Thorsten Kahnt.

Funding acquisition: Geoffrey Schoenbaum, Thorsten Kahnt.

Investigation: Fang Wang.

Neural mechanisms underlying model-based inference

PLOS Biology | https://doi.org/10.1371/journal.pbio.3000578 January 21, 2020 19 / 24

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3000578.s001
https://doi.org/10.1371/journal.pbio.3000578


Supervision: Thorsten Kahnt.

Writing – original draft: FangWang, Geoffrey Schoenbaum, Thorsten Kahnt.

References
1. Bunsey M, Eichenbaum H. Conservation of hippocampal memory function in rats and humans. Nature.

1996; 379(6562):255–7. Epub 1996/01/18. https://doi.org/10.1038/379255a0 PMID: 8538790.

2. Hampton AN, Bossaerts P, O’Doherty JP. The role of the ventromedial prefrontal cortex in abstract
state-based inference during decision making in humans. J Neurosci. 2006; 26(32):8360–7. https://doi.
org/10.1523/JNEUROSCI.1010-06.2006 PMID: 16899731.

3. Jones JL, Esber GR, McDannald MA, Gruber AJ, Hernandez A, Mirenzi A, et al. Orbitofrontal cortex
supports behavior and learning using inferred but not cached values. Science. 2012; 338(6109):953–6.
https://doi.org/10.1126/science.1227489 PMID: 23162000; PubMed Central PMCID: PMC3592380.

4. Schlichting ML, Preston AR. Memory integration: neural mechanisms and implications for behavior.
Current Opinion in Behavioral Sciences. 2015; 1:1–8. https://doi.org/10.1016/j.cobeha.2014.07.005
PMID: 25750931

5. Buckner RL. The role of the hippocampus in prediction and imagination. Annual review of psychology.
2010; 61:27–48, C1-8. https://doi.org/10.1146/annurev.psych.60.110707.163508 PMID: 19958178.

6. Schacter DL, Benoit RG, Szpunar KK. Episodic future thinking: Mechanisms and functions. Current
Opinion in Behavioral Sciences. 2017; 17:41–50. https://doi.org/10.1016/j.cobeha.2017.06.002 PMID:
29130061

7. Gupta AS, van der Meer MA, Touretzky DS, Redish AD. Hippocampal replay is not a simple function of
experience. Neuron. 2010; 65(5):695–705. https://doi.org/10.1016/j.neuron.2010.01.034 PMID:
20223204

8. Johnson A, Redish AD. Neural ensembles in CA3 transiently encode paths forward of the animal at a
decision point. Journal of Neuroscience. 2007; 27(45):12176–89. https://doi.org/10.1523/JNEUROSCI.
3761-07.2007WOS:000250758600009. PMID: 17989284

9. Stalnaker TA, Cooch NK, SchoenbaumG.What the orbitofrontal cortex does not do. Nat Neurosci.
2015; 18(5):620–7. https://doi.org/10.1038/nn.3982 PMID: 25919962.

10. Barron HC, Dolan RJ, Behrens TE. Online evaluation of novel choices by simultaneous representation
of multiple memories. Nat Neurosci. 2013; 16(10):1492–8. https://doi.org/10.1038/nn.3515 PMID:
24013592; PubMed Central PMCID: PMC4001211.

11. SchoenbaumG, Chang CY, Lucantonio F, Takahashi YK. Thinking Outside the Box: Orbitofrontal Cor-
tex, Imagination, and HowWe Can Treat Addiction. Neuropsychopharmacology. 2016; 41(13):2966–
76. https://doi.org/10.1038/npp.2016.147 PMID: 27510424; PubMed Central PMCID: PMC5101562.

12. Tolman EC. Cognitive maps in rats and men. Psychol Rev. 1948; 55(4):189–208. https://doi.org/10.
1037/h0061626 PMID: 18870876.

13. Redish AD. Beyond the cognitive map: from place cells to episodic memory. Cambridge, MA: MIT
Press; 1999.

14. Behrens TEJ, Muller TH, Whittington JCR, Mark S, Baram AB, Stachenfeld KL, et al. What Is a Cogni-
tive Map? Organizing Knowledge for Flexible Behavior. Neuron. 2018; 100(2):490–509. https://doi.org/
10.1016/j.neuron.2018.10.002 PMID: 30359611.

15. O’Keefe J, Dostrovsky J. The hippocampus as a spatial map: preliminary evidence from unit activity in
the freely-moving rat. Brain Research. 1971; 34(1):171–5. https://doi.org/10.1016/0006-8993(71)
90358-1 PMID: 5124915

16. O’keefe J, Nadel L. The hippocampus as a cognitive map. Oxford: Clarendon Press; 1978.

17. Manns JR, Eichenbaum H. A cognitive map for object memory in the hippocampus. Learning & mem-
ory. 2009; 16(10):616–24. https://doi.org/10.1101/lm.1484509 PMID: 19794187; PubMed Central
PMCID: PMC2769165.

18. EichenbaumH. Time cells in the hippocampus: a new dimension for mapping memories. Nat Rev Neu-
rosci. 2014; 15(11):732–44. https://doi.org/10.1038/nrn3827 PMID: 25269553; PubMed Central
PMCID: PMC4348090.

19. Garvert MM, Dolan RJ, Behrens TE. A map of abstract relational knowledge in the human hippocam-
pal-entorhinal cortex. Elife. 2017; 6. https://doi.org/10.7554/eLife.17086 PMID: 28448253; PubMed
Central PMCID: PMC5407855.

Neural mechanisms underlying model-based inference

PLOS Biology | https://doi.org/10.1371/journal.pbio.3000578 January 21, 2020 20 / 24

https://doi.org/10.1038/379255a0
http://www.ncbi.nlm.nih.gov/pubmed/8538790
https://doi.org/10.1523/JNEUROSCI.1010-06.2006
https://doi.org/10.1523/JNEUROSCI.1010-06.2006
http://www.ncbi.nlm.nih.gov/pubmed/16899731
https://doi.org/10.1126/science.1227489
http://www.ncbi.nlm.nih.gov/pubmed/23162000
https://doi.org/10.1016/j.cobeha.2014.07.005
http://www.ncbi.nlm.nih.gov/pubmed/25750931
https://doi.org/10.1146/annurev.psych.60.110707.163508
http://www.ncbi.nlm.nih.gov/pubmed/19958178
https://doi.org/10.1016/j.cobeha.2017.06.002
http://www.ncbi.nlm.nih.gov/pubmed/29130061
https://doi.org/10.1016/j.neuron.2010.01.034
http://www.ncbi.nlm.nih.gov/pubmed/20223204
https://doi.org/10.1523/JNEUROSCI.3761-07.2007
https://doi.org/10.1523/JNEUROSCI.3761-07.2007
http://www.ncbi.nlm.nih.gov/pubmed/17989284
https://doi.org/10.1038/nn.3982
http://www.ncbi.nlm.nih.gov/pubmed/25919962
https://doi.org/10.1038/nn.3515
http://www.ncbi.nlm.nih.gov/pubmed/24013592
https://doi.org/10.1038/npp.2016.147
http://www.ncbi.nlm.nih.gov/pubmed/27510424
https://doi.org/10.1037/h0061626
https://doi.org/10.1037/h0061626
http://www.ncbi.nlm.nih.gov/pubmed/18870876
https://doi.org/10.1016/j.neuron.2018.10.002
https://doi.org/10.1016/j.neuron.2018.10.002
http://www.ncbi.nlm.nih.gov/pubmed/30359611
https://doi.org/10.1016/0006-8993(71)90358-1
https://doi.org/10.1016/0006-8993(71)90358-1
http://www.ncbi.nlm.nih.gov/pubmed/5124915
https://doi.org/10.1101/lm.1484509
http://www.ncbi.nlm.nih.gov/pubmed/19794187
https://doi.org/10.1038/nrn3827
http://www.ncbi.nlm.nih.gov/pubmed/25269553
https://doi.org/10.7554/eLife.17086
http://www.ncbi.nlm.nih.gov/pubmed/28448253
https://doi.org/10.1371/journal.pbio.3000578


20. Schuck NW, Cai MB, Wilson RC, Niv Y. Human Orbitofrontal Cortex Represents a Cognitive Map of
State Space. Neuron. 2016; 91(6):1402–12. https://doi.org/10.1016/j.neuron.2016.08.019 PMID:
27657452; PubMed Central PMCID: PMC5044873.

21. Wilson RC, Takahashi YK, SchoenbaumG, Niv Y. Orbitofrontal cortex as a cognitive map of task
space. Neuron. 2014; 81(2):267–79. https://doi.org/10.1016/j.neuron.2013.11.005 PubMed Central
PMCID: PMC4001869. PMID: 24462094

22. Zhou J, Gardner MPH, Stalnaker TA, Ramus SJ, Wikenheiser AM, Niv Y, et al. Rat Orbitofrontal
Ensemble Activity Contains Multiplexed but Dissociable Representations of Value and Task Structure
in an Odor Sequence Task. Current Biology. 2019; 29(6):897–907 e3. https://doi.org/10.1016/j.cub.
2019.01.048 PMID: 30827919.

23. West EA, DesJardin JT, Gale K, Malkova L. Transient inactivation of orbitofrontal cortex blocks rein-
forcer devaluation in macaques. J Neurosci. 2011; 31(42):15128–35. Epub 2011/10/22. https://doi.org/
10.1523/JNEUROSCI.3295-11.2011 PMID: 22016546; PubMed Central PMCID: PMC3224797.

24. Howard JD, Kahnt T. Identity prediction errors in the humanmidbrain update reward-identity expecta-
tions in the orbitofrontal cortex. Nat Commun. 2018; 9(1):1611. https://doi.org/10.1038/s41467-018-
04055-5 PMID: 29686225; PubMed Central PMCID: PMC5913228.

25. Rolls ET. The functions of the orbitofrontal cortex. Brain Cogn. 2004; 55(1):11–29. https://doi.org/10.
1016/S0278-2626(03)00277-X PMID: 15134840.

26. Murray EA, Moylan EJ, Saleem KS, Basile BM, Turchi J. Specialized areas for value updating and goal
selection in the primate orbitofrontal cortex. Elife. 2015; 4. https://doi.org/10.7554/eLife.11695 PMID:
26673891; PubMed Central PMCID: PMC4739757.

27. Rudebeck PH, Murray EA. The orbitofrontal oracle: cortical mechanisms for the prediction and evalua-
tion of specific behavioral outcomes. Neuron. 2014; 84(6):1143–56. https://doi.org/10.1016/j.neuron.
2014.10.049 PMID: 25521376; PubMed Central PMCID: PMC4271193.

28. Wikenheiser AM, SchoenbaumG. Over the river, through the woods: cognitive maps in the hippocam-
pus and orbitofrontal cortex. Nat Rev Neurosci. 2016; 17(8):513–23. https://doi.org/10.1038/nrn.2016.
56 PMID: 27256552.

29. BrogdenWJ. Sensory pre-conditioning. Journal of Experimental Psychology. 1939; 25(4):323–32.
https://doi.org/10.1037/H0058944WOS:000187813200001.

30. Schlichting ML, Mumford JA, Preston AR. Learning-related representational changes reveal dissociable
integration and separation signatures in the hippocampus and prefrontal cortex. Nat Commun. 2015;
6:8151. https://doi.org/10.1038/ncomms9151 PMID: 26303198; PubMed Central PMCID:
PMC4560815.

31. Wimmer GE, Shohamy D. Preference by association: howmemory mechanisms in the hippocampus
bias decisions. Science. 2012; 338(6104):270–3. https://doi.org/10.1126/science.1223252 PMID:
23066083.

32. Sharpe MJ, Batchelor HM, SchoenbaumG. Preconditioned cues have no value. Elife. 2017; 6. https://
doi.org/10.7554/eLife.28362 PMID: 28925358; PubMed Central PMCID: PMC5619948.

33. Sadacca BF, Jones JL, SchoenbaumG. Midbrain dopamine neurons compute inferred and cached
value prediction errors in a common framework. Elife. 2016; 5. https://doi.org/10.7554/eLife.13665
PMID: 26949249; PubMed Central PMCID: PMC4805544.

34. Poppenk J, Evensmoen HR, Moscovitch M, Nadel L. Long-axis specialization of the human hippocam-
pus. Trends Cogn Sci. 2013; 17(5):230–40. https://doi.org/10.1016/j.tics.2013.03.005 PMID: 23597720

35. LepageM, Habib R, Tulving E. Hippocampal PET activations of memory encoding and retrieval: the
HIPERmodel. Hippocampus. 1998; 8(4):313–22. Epub 1998/09/23. https://doi.org/10.1002/(SICI)
1098-1063(1998)8:4<313::AID-HIPO1>3.0.CO;2-I PMID: 9744418.

36. Zeidman P, Maguire EA. Anterior hippocampus: the anatomy of perception, imagination and episodic
memory. Nat Rev Neurosci. 2016; 17(3):173. https://doi.org/10.1038/nrn.2015.24 PMID: 26865022

37. Addis DR, Pan L, Vu MA, Laiser N, Schacter DL. Constructive episodic simulation of the future and the
past: distinct subsystems of a core brain network mediate imagining and remembering. Neuropsycholo-
gia. 2009; 47(11):2222–38. Epub 2008/12/02. https://doi.org/10.1016/j.neuropsychologia.2008.10.026
PMID: 19041331.

38. Addis DR,Wong AT, Schacter DL. Remembering the past and imagining the future: common and dis-
tinct neural substrates during event construction and elaboration. Neuropsychologia. 2007; 45
(7):1363–77. Epub 2006/11/28. https://doi.org/10.1016/j.neuropsychologia.2006.10.016 PMID:
17126370; PubMed Central PMCID: PMC1894691.

39. Cavada C, Company T, Tejedor J, Cruz-Rizzolo RJ, Reinoso-Suarez F. The anatomical connections of
the macaquemonkey orbitofrontal cortex. A review. Cereb Cortex. 2000; 10(3):220–42. https://doi.org/
10.1093/cercor/10.3.220 PMID: 10731218.

Neural mechanisms underlying model-based inference

PLOS Biology | https://doi.org/10.1371/journal.pbio.3000578 January 21, 2020 21 / 24

https://doi.org/10.1016/j.neuron.2016.08.019
http://www.ncbi.nlm.nih.gov/pubmed/27657452
https://doi.org/10.1016/j.neuron.2013.11.005
http://www.ncbi.nlm.nih.gov/pubmed/24462094
https://doi.org/10.1016/j.cub.2019.01.048
https://doi.org/10.1016/j.cub.2019.01.048
http://www.ncbi.nlm.nih.gov/pubmed/30827919
https://doi.org/10.1523/JNEUROSCI.3295-11.2011
https://doi.org/10.1523/JNEUROSCI.3295-11.2011
http://www.ncbi.nlm.nih.gov/pubmed/22016546
https://doi.org/10.1038/s41467-018-04055-5
https://doi.org/10.1038/s41467-018-04055-5
http://www.ncbi.nlm.nih.gov/pubmed/29686225
https://doi.org/10.1016/S0278-2626(03)00277-X
https://doi.org/10.1016/S0278-2626(03)00277-X
http://www.ncbi.nlm.nih.gov/pubmed/15134840
https://doi.org/10.7554/eLife.11695
http://www.ncbi.nlm.nih.gov/pubmed/26673891
https://doi.org/10.1016/j.neuron.2014.10.049
https://doi.org/10.1016/j.neuron.2014.10.049
http://www.ncbi.nlm.nih.gov/pubmed/25521376
https://doi.org/10.1038/nrn.2016.56
https://doi.org/10.1038/nrn.2016.56
http://www.ncbi.nlm.nih.gov/pubmed/27256552
https://doi.org/10.1037/H0058944
https://doi.org/10.1038/ncomms9151
http://www.ncbi.nlm.nih.gov/pubmed/26303198
https://doi.org/10.1126/science.1223252
http://www.ncbi.nlm.nih.gov/pubmed/23066083
https://doi.org/10.7554/eLife.28362
https://doi.org/10.7554/eLife.28362
http://www.ncbi.nlm.nih.gov/pubmed/28925358
https://doi.org/10.7554/eLife.13665
http://www.ncbi.nlm.nih.gov/pubmed/26949249
https://doi.org/10.1016/j.tics.2013.03.005
http://www.ncbi.nlm.nih.gov/pubmed/23597720
https://doi.org/10.1002/(SICI)1098-1063(1998)8:4<313::AID-HIPO1>3.0.CO;2-I
https://doi.org/10.1002/(SICI)1098-1063(1998)8:4<313::AID-HIPO1>3.0.CO;2-I
http://www.ncbi.nlm.nih.gov/pubmed/9744418
https://doi.org/10.1038/nrn.2015.24
http://www.ncbi.nlm.nih.gov/pubmed/26865022
https://doi.org/10.1016/j.neuropsychologia.2008.10.026
http://www.ncbi.nlm.nih.gov/pubmed/19041331
https://doi.org/10.1016/j.neuropsychologia.2006.10.016
http://www.ncbi.nlm.nih.gov/pubmed/17126370
https://doi.org/10.1093/cercor/10.3.220
https://doi.org/10.1093/cercor/10.3.220
http://www.ncbi.nlm.nih.gov/pubmed/10731218
https://doi.org/10.1371/journal.pbio.3000578


40. Zald DH, McHugoM, Ray KL, Glahn DC, Eickhoff SB, Laird AR. Meta-analytic connectivity modeling
reveals differential functional connectivity of the medial and lateral orbitofrontal cortex. Cereb Cortex.
2014; 24(1):232–48. https://doi.org/10.1093/cercor/bhs308 PMID: 23042731; PubMed Central PMCID:
PMC3862271.

41. Kahnt T, Chang LJ, Park SQ, Heinzle J, Haynes JD. Connectivity-based parcellation of the human orbi-
tofrontal cortex. J Neurosci. 2012; 32(18):6240–50. https://doi.org/10.1523/JNEUROSCI.0257-12.2012
PMID: 22553030.

42. Kringelbach ML. The human orbitofrontal cortex: linking reward to hedonic experience. Nat Rev Neu-
rosci. 2005; 6(9):691–702. Epub 2005/09/02. https://doi.org/10.1038/nrn1747 PMID: 16136173.

43. Howard JD, Gottfried JA, Tobler PN, Kahnt T. Identity-specific coding of future rewards in the human
orbitofrontal cortex. Proc Natl Acad Sci U S A. 2015; 112(16):5195–200. https://doi.org/10.1073/pnas.
1503550112 PMID: 25848032; PubMed Central PMCID: PMC4413264.

44. Howard JD, Kahnt T. Identity-specific reward representations in orbitofrontal cortex are modulated by
selective devaluation. Journal of Neuroscience. 2017; 37(10):2627–38. https://doi.org/10.1523/
JNEUROSCI.3473-16.2017 PMID: 28159906
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