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Abstract

In a series of conceptually related episodes, meaning arises from the link between these
events rather than from each event individually. How does the brain keep track of
conceptually related sequences of events (i.e., conceptual trajectories)? In a particular kind of
conceptual trajectory—a social relationship—meaning arises from a specific sequence of
interactions. To test whether such abstract sequences are neurally tracked, we had
participants complete a naturalistic narrative-based social interaction game, during
functional magnetic resonance imaging. We modeled the simulated relationships as
trajectories through an abstract affiliation and power space. In two independent samples, we
found evidence of individual social relationships being tracked with unique sequences of
hippocampal states. The neural states corresponded to the accumulated trial-to-trial
affiliation and power relations between the participant and each character, such that each
relationship’s history was captured by its own neural trajectory. Each relationship had its
own sequence of states, and all relationships were embedded within the same manifold. As
such, we show that the hippocampus represents social relationships with ordered sequences
of low-dimensional neural patterns. The number of distinct clusters of states on this manifold
is also related to social function, as measured by the size of real-world social networks. These
results suggest that our evolving relationships with others are represented in trajectory-like
neural patterns.

eLife assessment

Schafer et al. investigate the extremely interesting and important claim that the
human hippocampus represents the interactions with multiple social interaction
partners on two relatively abstract social dimensions - and that this ability correlates
with the social network size of the participant. This research potentially demonstrates
the intricate role of the hippocampus in navigating our social world. While some
results are tantalizing, the empirical evidence for the main claims is currently
incomplete and requires clarifications and substantial revisions.

https://doi.org/10.7554/eLife.96895.1.sa2
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Introduction

When you are in certain place, say a hotel lobby, the meaning of that place (i.e., your location in
state space, or latent state) only makes sense in the context of what led you there. A sequence of
observations is necessary to disambiguate the current state, as a single observation is insufficient:
checking in and checking out of a hotel may look identical yet they predict very different futures.
This also applies to conceptual spaces, where sensory information is fully abstracted out. A
prototypical case of conceptual space is social space, where the state of a social relationship
evolves over interactions along the latent dimensions of power and affiliation 2. For example, a
conversation between two people in that hotel lobby can mean different things if they are old
friends, lifelong enemies, or strangers. The prior relationship state—itself a summary of
conceptually connected events from the relationship history—helps determine both the current
and future relationship states. But while neural representations of latent states and paths in
physical space have been identified? ”, as have location-like representations in conceptual spaces,
including social2%, it is unknown whether there is a neural representation of trajectory in

conceptual space.

Where and how could relationship trajectories through social space be represented in the human
brain? The hippocampus is a likely candidate. Functional magnetic resonance imaging (fMRI)
studies have shown that the hippocampus tracks latent states across domains, from physical
locations*™. to conceptsﬁ.@..’?.@. to abstract relations between self and other=...w22m Sequences
of neural states in the hippocampus may also be connected like trajectories. Evidence consistent
with this idea showed that post-task fMRI activity patterns reactivated sequentially.g...'t—’.‘).., reflecting
previously learned sequences. An intriguing possibility is that the hippocampus maps sequences
of social interactions in relationships onto a neural manifold, tracking them like trajectories in an

abstract social space.

To examine this, we used a mix of representational similarity and manifold analyses to test
whether hippocampal fMRI patterns show structures that are specific to different relationships’
trajectories, but that share the same representational geometry. Participants completed a
naturalistic narrative-based social interaction task>", where they interact and form relationships
with fictional people in a novel social network. The interactions are defined by choices with latent
affiliation and power dynamics, and the relationships with the characters evolve on these
dimensions as the task progresses (see Figure 1@ ). We tested the following hypotheses about
hippocampal representations (especially in the left hemisphere?..‘._f’.”.zl?.@.); First, we expected the
hippocampus to represent the social interactions on the affiliation (e.g., cooperation) and power
(e.g., hierarchy) dimensions, a compressed format that allows generalization across social
situations. Across the different characters and various interactions, hippocampal patterns should
be more similar for interactions of the same dimension than interactions of different dimensions.
But while these dimensions are general, the individual relationships are specific: each relationship
should have its own unique sequence of hippocampal patterns.

Lastly, the properties of these neural representations should relate to real life social function:
individuals with hippocampal manifolds with more unique states during the social interactions
may have larger real-world social networks. Our results support these hypotheses and suggest the
hippocampus tracks sequences of relationship-specific social interactions like trajectories on a
social manifold. These results provide evidence for hippocampal linking of conceptually related
events across time and contexts.
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Figure 1.

Social interaction sequences form relationship trajectories
along abstract dimensions of affiliation and power.

(A) An example of a power interaction. Participants read text that describes the narrative and on decision trials choose
between two options. Based on their choice, the character moves -1 or +1 along the active dimension (affiliation or power).
(B) The participant forms relationships with different characters through sequences of interactions in the narrative. (C) The
decisions the participant makes in the affiliation and power interactions change the character’s location in social space,
forming a relationship trajectory. Note that in the task, participants interact with 6 characters: 5 each with 6 affiliation and 6
power trials and 1 with 3 neutral trials.
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Results

Behavior is consistent with social mapping

Prior to analyses of the fMRI data, we tested two behavioral assumptions: independent behavior
between participants and a map-like organization to the character relationships (Figure 2®).
Below, we discuss each of these.

Participants’ behavior is idiosyncratic

Each participant’s set of choices was unique (i.e., never identical between participants). Moreover,
the behavioral trajectories approximately occupied the entire space across both samples. As such,
participant behavior was idiosyncratic and unlikely to simply reflect task structure.

Behavioral geometry is consistent with participants’
subjective representation of the social locations

If participants represent the characters as locations, there may be evidence of this in post-task
subjective reports. To test this, after the task we had the Validation sample participants place the
characters into different locations in a two-dimensional (2D) affiliation and power space based on
their perception of their relationships with the characters. We calculated the participant-specific
average distances between these subjective locations and the task behavioral locations (i.e.,
mapping error) and compared them to permutation generated distances. As expected, the
mapping error was smaller than chance (Clgse, = [-0.95, -0.2], t31 = -3.19, left-tailed p < 0.005),
suggesting the behavioral locations capture elements of a subjective map. We also found a
predicted negative correlation between mapping error and task memory (r = -0.37, left-tailed p <
0.05), consistent with memory of the participants’ relationships with the characters driving their
subjective placements. Together these results suggest that affiliation and power locations reflect a
subjectively accessible map of the relationships, supporting the internal validity of the task.

The hippocampus represents abstract

dimensions of affiliation and power

After validating our main behavioral assumptions, we turned to the fMRI data. We hypothesized
that the interactions are represented abstractly along the affiliation and power dimensions in the
hippocampus, such that they generalize across characters and interactions. If so, decision trials of
the same dimension should have more similar neural patterns than decision trials of different
dimensions. We used a representational similarity analysis (RSA) searchlight to test this
hypothesis, combining the two samples to increase statistical power (combined n = 50). Small
volume correction in the left hippocampus showed significant effects in a cluster, with the peak
voxel in the anterior (peak voxel MNI xyz = -35/-19/-15, cluster extent = 130 voxels), supporting our
hypothesis that the hippocampus represents social situations abstractly along the dimensions of
affiliation and power (see Figure 3(@).

A whole-brain analysis showed additional significant clusters, suggesting a distributed network
represents these dimensions: the right posterior cingulate cortex (xyz = -6/-51/39, cluster extent =
19 voxels), the right and left angular gyrus (Xyz = 44/-55/27, cluster extent = 1402 voxels; Xyz =
-54/-70/29, cluster extent = 1135 voxels) and the right and left medial temporal gyrus (xyz =
51/-7/-34, cluster extent = 311 voxels; Xyz = -63/-22/-9, cluster extent = 479 voxels).
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Figure 2.

Behavioral geometry is consistent with social mapping.

(A) Schematic of post-task subjective placements as compared behavioral maps, the affiliation and power coordinates
calculated from decisions (shown faded). The behavioral locations were not shown to participants during the placements. The
mapping error between the behavioral and subjective placements was calculated as the average character-wise Euclidean
distance between the locations (shown as arrows). (B) Mapping error is smaller than permutation-based chance, suggesting
the behavioral modeling captures elements of these subjective placements. (C) The amount of mapping error negatively
correlates with task memory, suggesting the subjective maps depend on memory. 95% confidence intervals for regression
line are indicated by the shaded region and p-value significance is indicated by asterisks: * < 0.05, *** < 0.005. Validation

sample only (n =32).
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Figure 3.

The left hippocampus represents affiliation and power interactions abstractly.

Dimensional abstraction: trials of the same dimension should have more similar patterns than trials of different dimensions.
Representational similarity analysis searchlight results (pgygg < 0.05, with small volume correction in left hippocampus). HC =
hippocampus, AG = angular gyrus, MTG = middle temporal gyrus. Combined sample (n = 50).
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The hippocampus tracks relationship

trajectories with neural trajectories

We have shown that the hippocampus represents the interaction decision trials along abstract
social dimensions, but does it track each relationship’s unique sequence of abstract social
coordinates? If the social relationship trajectories are tracked by hippocampal trajectories, then
the hippocampal pattern sequences should have trajectory-like properties (i.e., location-related,
ordered, relationship history specific). Moreover, these neural trajectories should be low-
dimensional, like the relationship trajectories.

To test these hypotheses, we used a novel neural trajectory analysis. First, we reduced the
dimensionality of each participant’s hippocampal beta series using the nonlinear algorithm
Locally Linear Embedding.1...1...'.—f'.”.. (LLE; see comparison to a linear method below). Then, for each
character separately, we fit linear splines (piecewise line segments) through the sequence of low-
dimensional neural patterns to approximate the hypothesized neural trajectories (see Figure 4@).
We used a leave one trial out approach: if the neural pattern sequence acts like a neural trajectory,
we should be able to decode the social location of the held-out trial based on its location in the
neural sequence. To this end, we parameterized the neural splines with their corresponding
affiliation and power locations and then decoded the held-out trial’s social location as the
interpolated affiliation and power values from the closest locations on the fitted spline. The error
was calculated as the Euclidean distance between the predicted and actual locations. We then
assessed decoding performance against various null models by testing whether the real decoding
produced smaller error distances than the null decoding, with left-tailed t-tests.

Social locations can be decoded from hippocampal sequences

If the hippocampus tracks the relationship trajectories, we first need to establish that we can
decode social location (i.e., affiliation and power coordinates) from the hippocampal sequences. To
test this, we compared the location decoding errors to permutation-based chance errors. As
expected, social location decoding was significantly better in our model than in this chance model
(Initial: Clgge, = [-0.31, -0.12], t;7 = -4.8, left-tailed p < 0.001; Validation: Clgs5e, = [-0.29, -0.19], t3; =
-10.25, left-tailed p < 0.001). We used circular shifting to generate the permutations while
preserving the temporal autocorrelation structure in the neural sequence, thus ruling this out as
an explanation for above chance performance.

Hippocampal sequences are ordered like trajectories

Trajectories are a set of temporally ordered locations through space. If the hippocampal patterns
are ordered like trajectories through neural activity space, then a trial’s position in the neural
sequence should reflect its location in the relationship trajectory. To test this, we compared the
model against a null model that only predicted the spline midpoint and thus assumed that the
order of a trial in the neural sequence is unnecessary to decode its social location. As expected, the
location decoding was better than in this null model (Initial: Clgse, = [-0.05, -0.01], t;7 = -2.63, left-
tailed p < 0.01; Validation: Clgse, = [-0.06, -0.02], t3; = -4.82, left-tailed p < 0.001), suggesting that
the trial’s location in the sequence is important to decoding and thus the hippocampal patterns are
ordered like trajectories.

Hippocampal sequences track relationship-specific paths

A relationship trajectory is a specific path that a relationship takes through abstract social space.
Thus, the relationship representation should reflect the specific sequence of interactions, more so
than just the distribution of interaction choices and/or the end-of-task location of the relationship.
To test this, we constructed a null model that preserved the choice distribution and the end
location of each relationship, but let the paths vary by randomly shuffling the choices within each
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Figure 4.

Trajectory location decoding analysis.

(A) Behavioral trajectories for each character were analyzed; one simulated behavioral trajectory is highlighted in tan. A leave
one trial out approach was used; the held-out trial in this example is shown in red. (B) The hippocampal patterns were
isolated in the same way. A simulated neural sequence associated with the behavioral trajectory is shown. We estimated the
location of this held-out point on the -based approximation of the neural trajectory. Using a parameterization of the spline,
we then decoded the held-out trial’s social location and calculated the distance of this estimate to the actual task location to
estimate decoding errors. (C) The average error for the different trajectory models in the left hippocampus for both samples.
The hypothesized model was compared to multiple null models: a linear embedding model to test the importance of
nonlinear dimensionality reduction in preserving the neural sequence (“linear embedding”); a dummy model where only the
trajectory midpoint was predicted (“trajectory midpoint”); a model where participant choices were shuffled within each
relationship (“shuffled trajectories”); a model where participant choices were pseudo-randomly selected, across characters,
to calculate locations (“pseudo trajectories”); a model where random choices were simulated to create trajectories that
respected the task structure but did not have choice history (“random trajectories”); and a model that permuted brain-

behavior relationships but preserved the temporal autocorrelation (“chance”). P-value significance are indicated by asterisks:
~*<0.1,%<0.05, ** <0.01, *** < 0.005, **** < 0.001.
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relationship before calculating the behavioral trajectories. Location decoding from the real paths
was better than this null (Initial: Clgge, = [-0.05, -0.003], t;7 = -1.82, left-tailed p < 0.05; Validation:
Clgse, = [-0.04, -0.002], t3; = -2.36, left-tailed p < 0.05), suggesting the hippocampus tracks the
ordered sequence of choices and the abstract locations they produce.

The neural trajectories are relationship-history specific

The hippocampal patterns should contain information about the relationship histories (as
captured in the affiliation and power coordinates) above and beyond representations of task
structure-such as character identity, familiarity, and affiliation and power dimensions. To
examine this, we compared our decoding of real trajectories to decoding from simulated
behavioral trajectories generated by randomly assigning choices. The real trajectory decoding
errors were significantly smaller than these random choice errors (Initial: Clgse, = [-0.17, -0.01],
t17 = -1.9, left-tailed p < 0.05; Validation: Clggq, = [-0.14, -0.03], t;; = -3.4, left-tailed p < 0.001). Thus,
the hippocampal sequences contain information about the behavioral trajectories above and
beyond the effects of character identity, familiarity, social dimension and other aspects of task
structure.

The neural trajectories reflect social locations, not just choices

We then tested whether the decoding effect depends on the social locations rather than solely on
the interaction choices. To do this, we constructed pseudo-trajectories, where random sets of real
choices from different characters were selected and cumulatively summed to create sequences of
locations that were not actually experienced. This null model preserved the temporal order of the
trials and social dimension and was based on participant choices but did not preserve
relationship-specific accumulated choice histories-the “visited” social locations. Our decoding
outperformed this null as well (Initial: CIggq, = [-0.12, 0.025], t7 = -1.4, left-tailed p = 0.089;
Validation: Clgge, = [-0.13, -0.02], t31 = -2.93, left-tailed p < 0.005), suggesting that the experienced
locations, and not just the choices, are represented in the hippocampal sequences.

Nonlinear embeddings outperform linear embeddings

Lastly, we allowed for the neural trajectories to be nonlinear by using a nonlinear dimensionality
reduction algorithm. To test whether this choice contributed to location decoding, we compared
the decoding errors from the nonlinear embeddings against those from linear embeddings. As
expected, the decoding errors were smaller for the nonlinear embeddings (Initial: Clgs5, = [-0.06,
-0.01], t31 = -2.51, left-tailed p < 0.05; Validation: Clgge, = [-0.03, -0.01], t31 = -3.4, left-tailed p <
0.001), suggesting the neural trajectories are nonlinear.

These findings support our hypotheses: the hippocampus tracks character-specific social
relationships, with trajectory-like representational sequences in a low-dimensional neural state
space (see Figure 42).

The number of distinct hippocampal state clusters

correlates with real-world social networks

A good map ought to have enough detail at the right level of abstraction to allow for adaptive
navigation. We suspect that this is also the case for the social mapping of relationships: given the
inherent uncertainties of social life, navigating different social relationships may require richly
detailed maps. To test this, we asked whether the number of distinct clusters of left hippocampal
states that track affiliation and power coordinates—a proxy for the number of distinct states in the
social map representations—relates to the size of real-world social networks. To find the neural
clusters, we selected the number of clusters that maximized the shared information of
hippocampal embedding clusters and affiliation and power coordinate clusters. We then classified
held out hippocampal states into these clusters. This approach yielded left hippocampal clusters
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with social location information: held-out hippocampal states had associated affiliation and power
locations that were much closer to the clusters they were assigned to than expected by chance
(Initial: Clgge, = [0.3, 0.49], t17 = 8.84, right-tailed p < 0.0001; Validation: Clgge, = [0.42, 0.59], t7 =
12.07, right-tailed p < 0.0001).

Once we confirmed that the hippocampal state clusters contained social location information, we
compared these cluster estimates to self-reported real-world social network size (in the Validation
sample only). As expected, the hippocampal cluster estimate positively correlated with the number
of people in (Clyse, = [0.03, 0.62], t3¢ = 2.28, right-tailed p < 0.05, adj. R% =0.09) participants’ social
networks (see Figure 5). This effect was significant even when including covariates for mean
reaction time and memory.

Discussion

Here, we study a case of conceptual trajectories, which are sequences of abstractly, rather than
physically, related events. We show that by connecting conceptually related interactions, the
hippocampus represents social relationships with neural trajectories. Such hippocampal linking in
abstract space can serve as a possible mechanism for linking events in all manners of spaces.

Social relationships as trajectories

on a hippocampal map-like manifold

We first show that left hippocampal pattern similarity is higher in social interactions with the
same underlying dimension (i.e., affiliation compared to affiliation, and power compared to
power) than interactions with different dimensions (i.e., affiliation to power), consistent with
abstract affiliation and power representations. We then show that the character-specific sequences
of hippocampal states behave like neural trajectories: we decoded abstract social locations much
better when a relationship-specific trajectory was assumed as compared to a variety of plausible
null models. As such, the hippocampus may represent the social interactions that make up a
relationship—a social trajectory—in ordered and connected sequences of patterns, akin to a
neural trajectory within a generalizable map-like manifold.

Lastly, we show that the number of hippocampal state clusters—a proxy for the number of distinct
hippocampal states engaged during the interactions—is positively correlated with participants’
real-world social network size, suggesting that more expressive maps (i.e., larger number of
possible states) relate to more adaptive social behaviors.

Conceptual sequences on low-dimensional manifolds

Previous work has shown that the hippocampus tracks temporally sequential events, such as
trajectories in physical space (i.e., traversing sequentially connected locations'2%) as well as
sequences of arbitrary, laboratory-made information units, such as ordered lists of words or
scenes (E.g.,-?.%.'.—.—’.')..). Social relationships, however, are conceptual sequences: the events that
constitute a relationship are spatially and temporally distant but conceptually linked, constituting
a trajectory in abstract social space. At each interaction the hippocampus may reactivate a
representation of the last interaction’s social location, and then infer how the current interaction
changes the relationship’s location. Stacking these interaction representations together, then,

would re-create the neural trajectory of the relationship through social space.

Why would the hippocampus encode sequences with an abstract and low-dimensional neural
trajectory? We cannot answer this question directly with fMRI, but there is a plausible account
from the neurophysiological literature. Hippocampal neurons are known to track the physical

. 7 7 . . . 7
locations of oneself!*%. and otherslf’..':ﬁ., as well as social 1dent1ty.1..§..9. and more abstract
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Figure 5.

The number of distinct left hippocampal clusters correlates with real-world social network size.

We estimated the number of distinct left hippocampal clusters that optimized the overlap with behavioral clusters, and then
regressed these estimates onto estimates of social network size. None of the data points exceed an outlier threshold of 3
standard deviations from the mean. 95% confidence intervals are indicated by the shaded area and p-value significance is
indicated by the asterisk: * < 0.05. Validation sample only (n = 32).
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information!”%, suggesting the hippocampus may compute locations in abstract spaces—
including social space. Moreover, the activity of hippocampal cell populations is ordered with
respect to task dimensions, such that population-level patterns track locations in task space.
Because hippocampal firing fields overlap to cover the task spacejﬁg‘)ﬂ, trajectories through task
space should activate sequences of correlated hippocampal patterns, forming a continuous neural
trajectory that reflects the behavioral trajectory. This activity may be intrinsically low-
dimensional: many hippocampal cells co-activate to encode locations in task space, restricting the
possible activity patterns to a low-dimensional subspace.?.?.‘._.—’.’,... Many possible neural states in
theory become many fewer in practice, as neuronal correlations restrict intrinsic activity to low-

dimensional manifolds.

Social manifolds for social networks

Hippocampal patterns during social interaction contain information about relationship history
because the social coordinates they encode are a compressed representation of that history.
Representing different relationships as locations within a neural manifold would allow efficient
comparisons. To infer relationships between codes, downstream regions can compare the spatial
properties of the patterns. For example, proximity on the manifold implies nearby social locations.

Experiments with richer social network information could test other related questions. For
example, the low-dimensional hippocampal representation may also allow generalizations across
social contexts, such as map-based comparisons across distinct social networks. Moreover, the
relationships in the Social Navigation Task are novel and thus each interaction is rich with
information that can update the relationship representation. How are longer-term relationships,
where the person is highly familiar, mapped and updated? For example, is the threshold for
updating the representation higher for these longer-term relationships?

In this study, the complexity of the hippocampal manifolds related to real-world social network
size; this also suggests next questions. A system with only a small number of states may be
inflexible and tend towards over-generalization. In contrast, a system with an excessive number of
states may be energetically costly and susceptible to noise. What gives rise to distinct manifold

locations? One possibility is that the number of unique hippocampal states reflects excitation to
2042

Intracranial electrophysiological recordings, with much finer temporal dynamics than fMRI
recordings, are especially suited to ask these sorts of questions. These findings could also relate to
findings in social psychology, such as Dunbar’s number, which suggests an upper limit on the
number of social connections humans can maintain at once2'%.. The complexity of the

hippocampal social manifold may relate to an individual’s upper relationship limit.

Beyond social trajectories

The approach used in this study can be applied to similar questions in non-social domains. An
obvious question is whether abstract concept spaces are also represented on low-dimensional
hippocampal manifolds. Context-related effects?2Z. may also be explainable by manifolds:
memories of different episodes that share a higher-order context could have correlated patterns of
activity, creating a common relational manifold. The structure of a manifold may hint at its
underlying dynamics, allowing the formation and testing of novel computational hypotheses.

There are also questions to be asked about the interactions between manifolds.

For example, the entorhinal cortex also tracks structure, exhibiting strikingly regular activity
through space and a correspondingly structured manifold<=.=. how do hippocampal and
entorhinal manifolds relate, and what does this reveal about how the underlying cell populations
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interact? Of course, the hippocampal formation is not the only region to display neural
manifolds24; highly correlated activity is common across neural populations, suggesting low-

dimensional manifolds within high-dimensional patterns may also be common.

Conclusion

In this study, we provide the first evidence that the hippocampus represents social relationships
with ordered sequences of low-dimensional neural patterns. Each relationship had its own
sequence of states, and all relationships were embedded in the same manifold.

The number of distinct clusters of states on this manifold also relate to social function, as
measured by the size of real-world social networks. As Edward Tolman foresaw, “narrow maps”
appear to restrict social function?>%Z. These results put forward a novel way to look at

representations of all kinds of evolving latent relationships, physical to social.

Analysis

Behavioral analysis

Behavioral modeling

Each character started the task at the neutral origin (0, 0) of the social space. With each participant
choice, the current character’s coordinates were implicitly updated in the positive or negative
direction along the current interaction dimension (i.e., each decision moved the character +/-1
arbitrary unit along affiliation or power). For any given decision trial (t), the current character’s (c)
affiliation and power coordinates are the cumulative sums of the trialwise affiliation and power
updates:

affiliation.; « affiliation, 4 + A affiliation
power_, < power ., +Apower_,

where A is -1 or +1 if the trial is an interaction of that dimension, and 0 if not.

Thus, the sequences of interaction decisions create different relationship trajectories through the
latent affiliation and power space (see Figure 12).

Subjective character placement analysis

We modeled the choices in the character-specific interaction sequences as affiliation and power
coordinates; if the brain represents these coordinates, participants may have subjective access to
them. Thus, we expected participants’ post-task placements of the characters into a 2D affiliation
and power space to be closer to their end-of-task behavioral locations than expected by chance.
For each participant in the Validation sample, we calculated the mapping error as the average
Euclidean distance between the character-wise behavioral and subjective locations:

mapping error,, = %2&1 \/(afﬁliationc - subj. affiliationc)2 + (power, - subj. powerc)2 .

To establish participant-specific chance distributions, we permuted the subjective locations and re-
calculated the average error, 100 times for each participant. We compared each participant’s
average distance against their chance distribution by calculating a z-score with respect to the
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permutation distribution:

mapping errory, — null errory

mapping error, = Y

We tested whether these mapping errors were smaller than 0 with a left-tailed t-test.

Given that retrieving the subjective locations should be memory-dependent, we also predicted a
negative relationship between mapping mismatch and post-task memory recall: participants with
better memory of the interactions should place the characters closer to their behavioral locations.
We tested this prediction using Pearson’s correlation and a left-tailed p-value.

fMRI analysis

Regions of interest (ROI) definitions

ROI analyses were used to test our a priori hippocampal predictions. Probabilistic right and left
hippocampus masks were defined from the Harvard-Oxford Atlas in FSL (FMRIB Software
Library), co-registered and re-sampled to the Validation sample’s functional images, and binarized
at a threshold of 25% probability. For ROI analyses, we focused on the left hippocampus given

prior work showing left lateralization of social representationslgf—’.‘f., including in this task3 272

Multiple comparisons correction

The family-wise error rate (FWER) for significant testing was controlled at an alpha of 0.05. For
searchlight analyses, we used a max-type permutation testing procedure.%ﬁ.‘._.—'.”... In the hippocampus,
we used small volume correction and in the rest of the brain we corrected for remaining (non-

hippocampal) comparisons, and thresholded the cluster sizes to be at least 10 contiguous voxels.

Trial-wise general linear modeling

To estimate single trial activation patterns, general linear models (GLMs) were fitted to each voxel
in the functional images using SPM12. Unsmoothed images were used to preserve the spatial
resolution of the multi-voxel patterns. Microtime resolution was set to the number of slices
collected and microtime onset was set to the middle slice. To reduce temporal autocorrelation in
the time series, we used a high-pass filter of 128 seconds (1/128 Hertz) and prewhitening (with
SPM’s FAST algorithm).

The design matrices had separate regressors for each decision trial to estimate all decision trials’
weights in the same regression. For different analyses (see below), we modeled the events with a
stick function at trial onset or boxcar function over the reaction time (from onset to the button
press), depending on whether the neural representation was independent of the decision (see next
section). The narrative trial onsets were modeled by an additional regressor. The decision and
narrative trial regressors were convolved with a canonical hemodynamic response function to
model the blood oxygenation level dependent (BOLD) signal changes expected from the events.
The six realignment parameters from preprocessing were included in the design matrices to
regress out residual motion-related variance. To further improve the signal-to-noise ratio, the
GLMs were only estimated for voxels with average signal greater than 50% of the global signal.
After GLM estimation, each participant had a beta image with beta series (B4, By, ..., Pg3) in each
vozxel that reflects trial-specific activation magnitudes. The Initial sample’s beta images were
resampled to match the higher spatial resolution Validation sample’s images, so that all analyses
cover the same number of voxels and amount of brain volume across participants.
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Social dimension neural abstraction analysis

The affiliation and power dimensions are akin to social contexts: we expected the hippocampus to
represent interactions of the same dimension more similarly than interactions of different
dimensions. In other words, we expected the affiliation and power interactions to be represented
abstractly, such that their representations generalize across trials. We used representational
similarity analysis (RSA) to test this hypothesis. We assumed that representations of social
dimension are independent of and precede decisions, and so we used trial-wise beta series from
GLMs that modeled the decision trial onsets with a stick function.

For each participant and each ROIL, we calculated the average pattern correlations (Pearson’s r) for
same dimension trial pairs and for different dimension trial pairs. We then contrasted the two
average correlations to get the correlation difference:

Ar= I'same - ldifferent -

These differences were entered into a right-tailed t-test to test our prediction that same dimension
trial pairs have more correlated patterns than different dimension trial pairs.

Importantly, comparing same and different dimension trial pairs balances various other
narrative-related variables. Character identity is balanced, because the characters appear in the
same number of affiliation and power trials; character familiarity differences (i.e., in the number
of previous decision trials) are also not different between same and different dimension trial pairs
(t-test p > 0.5).

To calculate these pattern correlation differences across the whole brain, a moving searchlight
analysis was used. For each voxel, the analysis was run on a set of voxels from a surrounding
sphere (diameter = 11 voxels); the resulting estimate was stored in the center voxel. To calculate
correlations between brain patterns, we used Pearson’s r with Fisher’s z-transform (i.e., the
inverse hyperbolic tangent). The resulting images were smoothed with a 6mm Full Width at Half
Maximum (FWHM) kernel.

Neural manifold estimation

We used two different dimensionality reduction algorithms to estimate low-dimensional
hippocampal manifolds: one nonlinear algorithm and one linear algorithm, as a control. For the
nonlinear algorithm, we used Locally Linear Embedding!!%. (LLE). LLE aims to preserve local
relationships between data points: points that are close in the high dimensional space should
remain close in the lower dimensional embedding. First, LLE finds the k-nearest neighbors of each
data point (where Kk is a user selected hyperparameter). Then, LLE computes the weights that
produce the best linear reconstruction of the data points from their neighbors. Last, it finds the
low-dimensional embedding that best preserves these weights. As our linear control, we used

covariance matrix to project the data onto the orthogonal axes that explain the most variance, and
as such is limited to explaining linear patterns in the data.

For a given ROI and algorithm, we reduced each participant’s beta series (shape = 63 decision trials
x number of voxels) from its voxelwise representation into 5 dimensions (shape = 63 decision
trials x 5 dimensions). We chose an embedding dimensionality of 5 to capture variation related to
the 2 task dimensions (affiliation and power), as well as other task-relevant variation (e.g.,
character identity, familiarity, narrative progression). See the supplement section Hippocampal
trajectory decoding at different dimensions for analyses at other dimensions.
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Relationship neural trajectory analysis

We expected the 2D relationship trajectories to have corresponding low-dimensional hippocampal
trajectories. This led to several predictions. First, we should be able to use a trial’s low-dimensional
neural pattern to decode the relationship’s social coordinates on that trial. Second, a neural
trajectory should be ordered in space and time: the position of the trial within the neural sequence
should correspond to its location in the behavioral trajectory. Third, the relationship-specific
hippocampal trajectories should be specific to the choice history; as such, the location decoding
should be better for the character specific sequences than for sequences of random choices across
the task. To test these hypotheses, we used a spline-based trajectory analysis on each participant’s
low-dimensionally embedded fMRI patterns.

Fit and parameterize linear splines to neural data

For each character (12 trials each), we used a leave one trial out decoding procedure. In each split,
we fit a linear spline through the 11 training trials. A linear spline is a piecewise linear function
that defines line segments that connect each pair of successive points. For a 2D example, the
piecewise function is built from a series of local interpolants,

Lio) =y, + - %), for x € [, Xua]
where i = number of trials — 1.

This produces a spline made up of 10 line segments that approximates the neural trajectory as an
ordered and connected sets of locations.

We then parameterized the spline: we assigned each trial’s spline location with its affiliation and
power coordinates. The affiliation and power values were min-max normalized within each
character and along each dimension separately to be within the range of [0,1].

Decode held-out trial’s parameter value

For each split in the spline fitting procedure, we held out one of the trials to assess how well the
neural spline captured the behavioral trajectory. To predict the held-out trial’s affiliation and
power coordinates, we calculated the average spline location of its 100 nearest neighbors (defined
using Euclidean distance) on the spline (evaluated for 1000 points) and decoded its location as the
interpolated affiliation and power coordinates.

Evaluate decoding performance

After repeating this procedure for all trials, we calculated the decoding error as the average
Euclidean distance between actual and decoded locations:

2
decoding error,, = %ZL J(affiliationt - decoded affliation;)? + (powert - decoded powert) .

We compared these errors to errors from a variety of null models; in each null model, we removed
one assumption to assess its decoding importance. We tested whether our decoding errors were
smaller than the null models’ decoding errors with t-tests and left-tailed p-values. For null models
without permutations, the error difference for each participant was the difference between the
mean decoding:

error difference = decoding error,, - null errory .
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For permutation-based null models, each participant’s error difference was turned into a z-score
with respect to the permutation distribution:
error difference

error difference, = e —
SD

Below, we detail the null models.

Can social location be decoded from hippocampal sequences?

To estimate a chance decoding level, in each training spline we circularly shifted the neural
patterns and re-ran the analysis 10 times (the maximum number of circular shifts, given the
training splines had 11 trials). Circular shifting breaks the relationship between the brain patterns
and behavior while preserving temporal autocorrelation; thus, if decoding outperforms the
chance level produced from circular shifting, temporal autocorrelation is unlikely to be the
explanation for decoding performance.

Does the position in the interaction sequence matter?

The position of a trial in the neural pattern sequence should be informative of its location in the
relationship trajectory. To test the importance of trial order, we used a null model where the
decoded location was always the midpoint of the neural spline. If the location of the trail in the
neural embedding space is irrelevant to decoding its location in the relationship trajectory, we
should fail to decode the locations better than this null. If instead the trial’s position in the neural
sequence order contains information about the location of the relationship, the true errors should
be smaller than these midpoint only errors.

Does the specific relationship path matter?

The specific sequence of interactions in a relationship determines the path of the relationship
trajectory. To test whether the specific path matters in location decoding, we created a null model
where we shuffled the choices before calculating relationship-specific trajectories, preserving the
choice distributions and end locations of the relationships but varying the choices sequences and
relationship paths. We ran this analysis 50 times for each participant, to produce participant-
specific null distributions. Decoding errors should be smaller than these null decoding errors if the
order of the choices matters to the relationship representation.

Are hippocampal trajectories relationship history specific?

Even if the location prediction errors are smaller than all the above null prediction errors, the
hippocampus may track some other feature of the sequence, and not the relationship trajectories
themselves. We simulated random choice behavior (i.e., on each trial, each option was given a 50%
probability of being selected) to estimate a null distribution where the specific choice history is
random. We ran 50 simulations for each participant. If the trajectories contain information
beyond the underlying task structure (e.g., character identity, familiarity, social dimensions, etc.),
our model should decode the social location better than this simulated distribution.

Do the specific locations matter, or just choices?

It is also possible that a trajectory-like effect reflects the effects of the choices, and not their
relationship specific accumulation into trajectories. To test this, we created pseudo-trajectories: we
divided the 60 decision trials into 5 random sets of 12, with the constraints that each set had 1
affiliation and 1 power trial from each character and 1 more trial of each dimension from random
and different characters. This created 5 trial sequences with the same number of trials (12), same
distribution of social dimensions (6 affiliation trials and 6 power trials) and same temporal order
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as the real character sequences, but without the relationship history specificity. We calculated
affiliation and power coordinates from these choice sequences, and then ran the spline analysis.
We ran this null model 50 times for each participant.

Do nonlinear embeddings outperform linear embeddings?

We allowed for the neural trajectories to be nonlinear by using LLE, a nonlinear embedding
algorithm. To test whether this contributed to decoding performance by comparing the errors
from LLE against errors from the PCA, a linear embedding algorithm, at the same dimensionality
(5D). If decoding with LLE outperforms decoding with PCA, it suggests that nonlinear structure
(e.g., local curvature) contains trajectory-related information.

Neural state clustering analysis

Maps are for navigation; maps without enough detail impair navigation. We hypothesized that a
smaller number of distinct states in the hippocampal social maps relate to impoverished social
networks. To test this idea, we correlated estimates of the number of distinct hippocampal states
that contain information about affiliation and power with self-reported social network size (i.e.,
the number of real-world relationships).

To estimate each participant’s number of distinct hippocampal states, we clustered the low-
dimensional hippocampal embeddings and the social locations from behavior. To cluster the
neural embeddings, we used nonlinear Laplacian eigenmap clustering (i.e., spectral clustering). It
computes a pairwise Euclidean distance matrix between the trials’ neural embedding locations,
and implicitly projects them into higher dimensions via a radial basis function. Then, the distance
matrix’s normalized Laplacian matrix is calculated and eigendecomposed, and a user chosen
number of the smallest eigenvalues are used to create the clusters. To cluster the affiliation and
power locations from the behavior, we used the linear K-means clustering algorithm. K-means
takes in a user-specified number of clusters, randomly initializes the cluster centers, and then
iteratively updates the centers to minimize the within-cluster sum of squared errors.

We used a leave-one-character-out cross-validation approach. On each split, we used trials from 4
of the 5 characters (48 trials) to cluster the neural embeddings and behavioral locations
simultaneously. For each split, we chose the number of clusters within the range of [2, 15] that
maximized the overlap between the behavioral and neural clusters. Adjusted mutual information
was used to estimate the overlap across the clusters because it measures the cluster overlap while
adjusting for chance so that more clusters does not artificially inflate the shared information
estimate. After selecting the clustering, we assigned the held-out character’s neural states (12
trials) to the training set’s neural clusters by the majority votes of the held-out trials’ 10 nearest
neighbors (using Euclidean distance).

We evaluated this clustering procedure by validating that the held-out neural states were assigned
to clusters of trials with closer affiliation and power locations than expected by chance. We first
calculated the distances from each held-out trial’s social coordinates to the average social
coordinates of their assigned clusters. We compared these distances to chance distances, which
were estimated by re-running the clustering procedure with circularly shifted neural embeddings
(the average of the 47 possible permutations). We expected the average distances to be smaller
than these chance distances, which we tested with a left-tailed t-test.

After establishing that the clusters contain social location information, we averaged the number of
clusters assigned to the held-out characters’ neural states across the cross-validation splits. This
number was our estimate of the distinct number of hippocampal state clusters that contain social
location information. We expected the number of unique hippocampal state clusters to positively
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correlate with the size of real-world social networks (from the Social Network Index). To test this
prediction in the Validation sample, we calculated right-tailed p-values from an Ordinary Least
Squares (OLS) regression:

Social network size ~ 3, + B;Cluster count .

Materials and methods

Independent samples

To ensure the effects we find are robust, we tested our hypotheses in two independent samples,
called the “Initial” and “Validation” samples. The Initial sample was collected for a previous study
(Tavares et al., 2015) and included 18 of 21 participants (8 female), after excluding 1 for psychiatric
evaluation (Psychiatric Diagnostic Screening Questionnaire) and 2 for DICOM corruption during
archiving. The Validation sample included 32 of 39 participants (17 female), after excluding 2 for
poor post-task character memory (<= chance [20%] for 5 main characters) and 5 for high motion
(mean framewise displacement >= 0.3mm).

The two samples did not differ in terms of participant sex (x% = 0.45, p = 0.5) but were significantly
different on age (in years; Initial: mean (M) = 29.33, standard deviation (SD) = 3.42; Validation: M =
43.73, SD = 10.5; Welch’s unequal variances t-test p < 0.0001).

The Institutional Review Board of the Icahn School of Medicine at Mount Sinai approved the
experimental protocols for both samples. All participants provided written informed consent and
were paid for their participation.

Social Navigation Task

Task description

The Social Navigation Task is a narrative-based social interaction game. Pre-task instructions are
minimal: participants are told they will complete a task where they interact with different
fictional characters, and to just behave as they naturally would. Importantly, the participants are
never told or otherwise taught about the affiliation and power dimensions underlying the
interactions. From the point-of-view of the participant, they are simply interacting with characters
in a narrative. Thus, the affiliation and power dimensions are fully latent (i.e., unobservable).

The narrative begins with the participant being told that they have just moved to a new town, and
they need to find a job and a place to live. It unfolds over various social interactions that vary in
their details, and then culminates in the participant having successfully found employment and
housing. There are two types of trials: “narrative” trials where characters talk or take actions, or
where background information is provided, and “decision” trials where the participant makes
decisions in one-on-one interactions with characters that can change the relationships. The
participant’s choices during the decision trials shape the storyline, which is otherwise fixed.

The characters’ gender and racial presentations were counterbalanced. There were two versions
for character gender: one where three of the characters were men and the others were women,
and another where the genders were flipped. In the Validation sample, the characters’ racial
presentation (i.e., skin color) was counterbalanced in the same way, but with the additional control
that lighter and darker skinned characters were versions of the same underlying character image.
The task version used for the Initial sample had approximately the same text and options (with
small modifications), but with more cartoon-like character images (Tavares et al., 2015).
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Participants used a button response box to select between two options on each decision. The
option’s (1 or 2, for the index and middle fingers) choice direction (+/-on the current dimension)
was counterbalanced. The decision trials are categorized as either affiliation or power decisions.
Each decision consists of a choice between two options that move the character in either the
negative (-1) or positive (+1) direction along the dimension. There are 5 characters, each with 6
affiliation and 6 power decisions, for 12 decisions per character and 60 decisions total. Affiliation
decisions were operationalized as decisions whether to share physical touch, physical space or
information (e.g., to share their thoughts on a topic). Power decisions were defined as decisions to
submit to or issue a directive/command, or otherwise exert or give control. There was also a gth
neutral character with 3 neutral decisions; these trials were not used for analysis.

Post-task measures

Task memory

To validate that the participants attended to the task, after it was completed, participants
answered 30 memory questions about the characters (outside the scanner). In each question, the
options were 5 of the 6 characters (including the neutral): each character was presented as an
option in 25 questions and was the correct answer in 5 of those questions.

Subjective character placement

Participants may form a subjective representation of the characters’ 2D social locations. To probe
this, the participants completed a character placement task outside of the scanner after the task
(Validation sample only). The participants were instructed to drag-and-drop colored dots
representing each of the 6 characters onto locations in a 2D affiliation and power space, according
to the participant’s perceptions of their relationships with the characters. The placements were
relative to the participant’s theoretical point-of-view, which was represented by a red dot placed at
the max affiliation and neutral/middle power values.

Self-report questionnaires

Participants also completed self-report questionnaires. For the purposes of this study, we used the
Social Network Index (Cohen et al.,, 1997) in the Validation sample. Participants in that sample also
completed questionnaires for a larger ongoing study.

fMRI acquisition and pre-statistics

Image acquisition
Scans were collected in a single run of approximately 26 minutes. Both samples’ data were
acquired on 3-Tesla (3T) scanners but with different image acquisition parameters.

Initial sample

Images were collected on a Siemens Allegra 3T scanner (Siemens, Erlangen, Germany). T2*-
weighted images were collected with a single-shot echo-planar imaging (EPI) pulse sequence with

the following parameters: flip angle = 90°, echo time (TE) = 35 milliseconds (ms), repetition time
(TR) = 2 seconds (s), 36 slices, 64x64 matrix, voxel size = 3 millimeter>%. (mm3). T1-weighted
images were collected with a magnetization-prepared rapid gradient-echo (MPRAGE) protocol

with voxel size = 1 mm3.
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Validation sample

Images were collected on a Siemens Skyra 3T scanner. T2*-weighted images were collected with a
multiband slice EPI pulse sequence with the following parameters: multiband acceleration factor =
7, flip angle = 60°, TE = 35 ms, TR = 1 s, 70 slices, 108x108 matrix, voxel size = 2.1 mm3, T1-weighted

images were collected with a MPRAGE protocol with voxel size = 0.8 mm3.

Image preprocessing

Image preprocessing was conducted using SPM12 (Wellcome Trust Centre for Neuroimaging), with
standard steps. To correct for head motion, the functional images were realigned to the first
volume using 6 parameter rigid body transformation (3 translations and 3 rotations) and then
unwarped to account for magnetic field inhomogeneities. The realigned images were slice-time
corrected to the middle slice using normalized mutual information, then co-registered in
alignment with the MPRAGE to the mean unwarped image. The MPRAGE image was then
segmented into 6 tissue classes (gray matter, white matter, cerebral spinal fluid, skull, soft-tissue
and air) and the resulting forward deformation parameters were used to normalize the images to
a standard Montreal Neurological Institute (MNI) template image (using 4th-degree B-spline
interpolation). The functional images were not smoothed.

Supplement

Hippocampal trajectory decoding across different dimensions

To test the effect of choice of the dimensionality in the neural embedding step, we reduced the
dimensionality (see Neural manifold estimation in Methods) and ran our trajectory analysis for
dimensions 2 to 10. To estimate decoding performance at each dimension, we compared the mean
decoding error against the null models’ decoding (see Relationship neural trajectory analysis in
Methods):

decoding above null; = decoding, — null decoding, .

Here, positive values indicate greater than chance decoding for the given null. Generally, the
decoding improvement above the null improves up to about 5 dimensions and then plateaus (see
Supplemental figure 132).

To visualize the change in performance across dimensions, for dimensions 3 to 10, we compared
the error improvement over the null at each dimension against the improvement at the previous
dimension:

A decoding above null, = decoding above nully — decoding above null , .

Increasing from 4 to 5 dimensions provides a substantial improvement in decoding performance,
but with clearly diminishing returns at higher dimensions-at times even worsening decoding
performance. As such, 5 dimensions-a choice made a priori-is a good dimensionality for
compressing the neural patterns.
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Supplemental figure 1.

All trajectory models were evaluated on embedding dimensions 2 to 10. (A) Top plot is how much better the ‘real’ model does
than the null. Larger values mean smaller errors for the real model compared to the null model. (B) Bottom plot is the
comparisons for dimensions 3 to 10 against the previous dimension’s decoding, for each null. Larger values mean a larger
improvement over the null from the previous dimension. For both plots, the mean error difference is shown along with 95%
confidence intervals.
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Reviewing Editor
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Senior Editor
Jonathan Roiser
University College London, London, United Kingdom

Reviewer #1 (Public Review):
Summary:

Schafer et al. tested whether the hippocampus tracks social interactions as sequences of
neural states within an abstract social space defined by dimensions of affiliation and power,
using a task in which participants engaged in narrative-based social interactions. The
findings of this study revealed that individual social relationships are represented by unique
sequences of hippocampal activity patterns. These neural trajectories corresponded to the
history of trial-to-trial affiliation and power dynamics between participants and each
character, suggesting an extended role of the hippocampus in encoding sequences of events
beyond spatial relationships.
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The current version has limited information on details in decoding and clustering analyses
which can be improved in the future revision.

Strengths:

(1) Robust Analysis: The research combined representational similarity analysis with
manifold analyses, enhancing the robustness of the findings and the interpretation of the
hippocampus's role in social cognition.

(2) Replicability: The study included two independent samples, which strengthens the
generalizability and reliability of the results.

Weaknesses:

I appreciate the authors for utilizing contemporary machine-learning techniques to analyze
neuroimaging data and examine the intricacies of human cognition. However, the
manuscript would benefit from a more detailed explanation of the rationale behind the
selection of each method and a thorough description of the validation procedures. Such
clarifications are essential to understand the true impact of the research. Moreover, refining
these areas will broaden the manuscript's accessibility to a diverse audience.

https://doi.org/10.7554/eLife.96895.1.sa1

Reviewer #2 (Public Review):
Summary:

Using an innovative task design and analysis approach, the authors set out to show that the
activity patterns in the hippocampus related to the development of social relationships with
multiple partners in a virtual game. While I found the paper highly interesting (and would be
thrilled if the claims made in the paper turned out to be true), I found many of the analyses
presented either unconvincing or slightly unconnected to the claims that they were supposed
to support. I very much hope the authors can alleviate these concerns in a revision of the

paper.
Strengths & Weaknesses:

(1) The innovative task design and analyses, and the two independent samples of participants
are clear strengths of the paper.

(2) The RSA analysis is not what I expected after I read the abstract and tile of the result
section "The hippocampus represents abstract dimensions of affiliation and power". To me,
the title suggests that the hippocampus has voxel patterns, which could be read out by a
downstream area to infer the affiliation and power value, independent of the exact identity
of the character in the current trial. The presented RSA analysis however presents something
entirely different - namely that the affiliation trials and power trials elicit different activity
patterns in the area indicated in Figure 3. What is the meaning of this analysis? It is not clear
to me what is being "decoded" here and alternative explanations have not been considered.
How do affiliation and power trials differ in terms of the length of sentences, complexity of
the statements, and reaction time? Can the subsequent decision be decoded from these areas?
I hope in the revision the authors can test these ideas - and also explain how the current RSA
analysis relates to a representation of the "dimensions of affiliation and power".

(3) Overall, I found that the paper was missing some more fundamental and simpler RSA
analyses that would provide a necessary backdrop for the more complicated analyses that
followed. Can you decode character identity from the regions in question? If you trained a

Matthew Schafer et al., 2024 eLife. https://doi.org/10.7554/eLife.96895.1 26 of 29


https://doi.org/10.7554/eLife.96895.1
https://doi.org/10.7554/eLife.96895.1.sa1

7 eLife

simple decoder for power and affiliation values (using the LLE, but without consideration of
the sequential position as used in the spline analysis), could you predict left-out trials? Are
affiliation and power represented in a way that is consistent across participants - i.e. could
you train a model that predicts affiliation and power from N-1 subjects and then predict the
Nth subject? Even if the answer to these questions is "no", I believe that they are important to
report for the reader to get a full understanding of the nature of the neural representations in
these areas. If the claim is that the hippocampus represents an "abstract” relationship space,
then I think it is important to show that these representations hold across relationships.
Otherwise, the claim needs to be adjusted to say that it is a representation of a relationship-
specific trajectory, but not an abstract social space.

(4) To determine that the location of a specific character can be decoded from the
hippocampal activity patterns, the authors use a sequential analysis in a low-dimensional
space (using local linear embedding). In essence, each trial is decoded by finding the pair of
two temporally sequential trials that is closest to this pattern, and then interpolating the
power/affiliation values linearly between these two points. The obvious problem with this
analysis is that fMRI pattern will have temporal autocorrelation and the power and affiliation
values have temporal autocorrelation. Successful decoding could just reflect this smoothness
in both time series. The authors present a series of control analyses, but I found most of them
to not be incisive or convincing and I believe that they (and their explanation of their
rationale) need to be improved. For example, the circular shifting of the patterns preserves
some of the autocorrelation of the time series - but not entirely. In the shifted patterns, the
first and last items are considered to be neighboring and used in the evaluation, which alone
could explain the poor performance. The simplest way that I can see is to also connect the
first and last item in a circular fashion, even when evaluating the veridical ordering. The only
really convincing control condition I found was the generation of new sequences for every
character by shuffling the sequence of choices and re-creating new artificial trajectories with
the same start and endpoint. This analysis performs much better than chance (circular
shuffling), suggesting to me that a lot of the observed decoding accuracy is indeed simply
caused by the temporal smoothness of both time series.

(5) Overall, I found the analysis of the brain-behavior correlation presented in Figure 5
unconvincing. First, the correlation is mostly driven by one individual with a large network
size and a 6.5 cluster. I suspect that the exclusion of this individual would lead to the
correlation losing significance. Secondly, the neural measure used for this analysis
(determining the number of optimal clusters that maximize the overlap between neural
clustering and behavioral clustering) is new, non-validated, and disconnected from all the
analyses that had been reported previously. The authors need to forgive me for saying so, but
at this point of the paper, would it not be much more obvious to use the decoding accuracy
for power and affiliation from the main model used in the paper thus far? Does this
correlate? Another obvious candidate would be the decoding accuracy for character identity
or the size of the region that encodes affiliation and power. Given the plethora of candidate
neural measures, I would appreciate if the authors reported the other neural measures that
were tried (and that did not correlate). One way to address this would have been to select the
method on the initial sample and then test it on the validation sample - unfortunately, the
measure was not pre-registered before the validation sample was collected. It seems that the
correlation was only found and reported on the validation sample?

https://doi.org/10.7554/eLife.96895.1.sa0

Author response:

a) that the investigation is very interesting and inventive, and has the potential to reveal
some novel insights.
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We thank the reviewers and are excited to improve upon the manuscript through their
suggestions.

b) that the problem of temporal autocorrelation in the fMRI and behavioral data has not
been dealt with clearly and convincingly

We agree that convincingly accounting for fMRI temporal autocorrelation is important to our
claims. To reduce its effects, we used field standard methods: prewhitening and
autocorrelation modeling with SPM’s FAST algorithm (shown by Olszowy et al. 2019 to be
superior to SPM’s default setting), as well as a high-pass filter of 128 Hz. There is still some
first-order autocorrelation structure present across voxels in the left hippocampal beta
series: across participants there is slightly positive autocorrelation between the betas of
decision trials on successive trials, that decays to ~0 at subsequent lags. We note that our task
is a narrative, and some patterns over time are expected; instead of attempting to fully
eliminate all temporal structure in the data, we aim to show that the temporal distance
between trials is unlikely to explain our effects.

In the within versus between social dimension representational similarity analysis, the
average temporal distance between trials is the same within and between dimensions. The
clustering analysis is a between subject analysis about individual differences-and the same
overall temporal structure is experienced by all participants.

The trajectory analysis does not focus on consecutive trials across characters, but rather on
consecutive trials within characters, where the time gap between successive trials is
relatively large and highly variable. An average of over a minute of time elapses between
successive decision trials for a given character (versus ~20 seconds across characters), which
is on average almost 11 narrative slides and 3 decision trials. Across characters, the temporal
gap between decision trials ranges between 12 seconds to more than 10 minutes, reducing
the likelihood that temporal autocorrelation drives character-related estimates. We also
highlight the shuffled choices control model, which shares the same temporal autocorrelation
structure as the model of interest but had significantly poorer social location decoding-a
strong indication that temporal autocorrelation alone can’t explain these results. For each
participant, we shuffled their choices and re-computed trajectories that preserved the origin
and end locations but produced different locations along the way. Our model decoded
location significantly better than this null model, and this difference in performance can't be
explained by differences in temporal autocorrelation in the neural or behavioral data.

In the revision, we will further address this concern. For example, we will report more details
on the task structure to aid in interpretation and will more precisely characterize the
temporal autocorrelation profile. Where appropriate, we will also improve on and/or add
more control analyses that preserve the autocorrelation structure.

¢) that a number of important interesting questions have not been addressed: Are the
differences between social partners encoded in the hippocampus? Are the social
dimensions encoded in a consistent manner across social partners?

We believe that we should be able to decode other interesting task- and relationship-related
features from the hippocampal patterns, as suggested by the reviewers. In the revision, we
will attempt several such analyses, while taking care to control for temporal autocorrelation.

d) that the cluster analysis in the brain-behavior correlation analysis is not well
motivated or validated and should be clarified.
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We agree with the reviewers that this clustering analysis should be better described and
validated. We aimed to ask whether less diverse and distinctive cognitive representations of
the relationship trajectories relate to smaller real-world social networks. This question of
impoverished cognitive maps was first raised by Edward Tolman; we think it is relevant here,
as well. In the revision, we will clarify its motivations and implications, and better evaluate it
for its robustness. Here, we address a few comments made by the reviewers.

Reviewer 2 noted that other analyses could be used to ask whether social cognitive map
complexity relates to real-world social network complexity. While the proposed alternatives
are interesting (e.g., correlating decoding accuracy with social network size), we believe these
analyses ask different questions. The current co-clustering analysis was intended to estimate
map complexity jointly from the behavioral and neural signatures of the social map across
characters. In contrast, the spline location decoding is within character; the accuracy of this
decoding does not say much about representations across characters. And although we think
character decoding is an interesting possible addition to this manuscript, its accuracy may
reflect other aspects of the relationships, beyond just spatial representation. Thus, we will
provide a clearer and better validated version of the current analysis to address this
question.

We would also like to clarify that we did not collect the Social Network Index questionnaire in
the Initial sample; as such these results are more tentative than the other analyses, due to the
inability to confirm them in a separate sample. Reviewer 2 also suggests that a single outlier
could drive this effect; but estimating the effect with robust regression also returns a right-
tailed p < 0.05, showing that the relationship is robust to outliers.
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