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Efforts to explain complex human decisions have focused on competing theories emphasizing utility and narrative mechanisms. These
are difficult to distinguish using behavior alone. Both narrative and utility theories have been proposed to explain juror decisions,
which are among the most consequential complex decisions made in a modern society. Here, we asked jury-eligible male and female
subjects to rate the strength of a series of criminal cases while recording the resulting patterns of brain activation. We compared pat-
terns of brain activation associated with evidence accumulation to patterns of brain activation derived from a large neuroimaging
database to look for signatures of the cognitive processes associated with different models of juror decision-making. Evidence accumu-
lation correlated with multiple narrative processes, including reading and recall. Of the cognitive processes traditionally viewed as
components of utility, activation patterns associated with uncertainty, but not value, were more active with stronger evidence.
Independent of utility and narrative, activations linked to reasoning and relational logic also correlated with increasing evidence.
Hierarchical modeling of cognitive processes associated with evidence accumulation supported a more prominent role for narrative in
weighing evidence in complex decisions. However, utility processes were also associated with evidence accumulation. These comple-
mentary findings support an emerging view that integrates utility and narrative processes in complex decisions.
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Significance Statement

The last decade has seen a sharply increased interest in narrative as a central cognitive process in human decision-making
and as an important factor in the evolution of human societies. However, the roles of narrative versus utility models of deci-
sion-making remain hotly debated. While available models frequently produce similar behavioral predictions, they rely on dif-
ferent cognitive processes and so their roles can be separated using the right neural tests. Here, we use brain imaging during
mock juror decisions to show that cognitive processes associated with narrative, and to a lesser extent utility, were engaged
while subjects evaluated evidence. These results are consistent with interactions between narrative and utility processes during
complex decision-making.
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Introduction
Narrative models have gained traction as an alternative to tradi-
tional utility models in economics (Shiller, 2017), psychology
(Tuckett and Nikolic, 2017), and evolutionary biology (Gottschall
et al., 2005; Wiessner, 2014) as a way of understanding real-world
human decisions (Cialdini and Goldstein, 2004; Thaler and
Sunstein, 2009; Shiller, 2017; Tremblay et al., 2017; Menon,
2018). While both narrative and utility models describe a pro-
cess in which people evaluate evidence to reach a decision, the
two models have traditionally invoked different cognitive proc-
esses to explain evidence evaluation. Historically in economics,
utility is more strongly associated with quantitative processing
(von Neumann and Morgenstern, 1944), while narrative is
associated with the goodness of fit of the current details to
memories and mental schema (Shiller, 2017). As these models
have evolved, they have begun to overlap conceptually. To test
whether these models are separable or need to be synthesized,
we seek to identify the cognitive processes active during evi-
dence accumulation.

The (similarities and) differences between narrative and util-
ity models have been explored extensively in the context of juror
decisions in the criminal justice system (Arkes and Garske, 1982;
Devine, 2012; Allen and Pardo, 2019; Hastie, 2019). In the con-
text of criminal trials, utility theory assumes that jurors assess the
cumulative weight of the evidence to estimate the probability
that the defendant committed the crime, and compare that prob-
ability to a threshold based on expected harms or benefits
(Kaplan, 1968; Connolly, 1987; Arkes et al., 2012; Devine, 2012).
Thus, the cognitive processes most central to utility models are
calculations of the likelihood or uncertainty of different events
and the value of alternative outcomes (Camerer et al., 2005;
Glimcher and Fehr, 2013; Dennison et al., 2022). For jury deci-
sions, narrative explanations are based on the extent to which
the total body of information about a case can be structured into
a coherent account and how closely the competing narratives
offered by prosecution and defense match the juror’s background
knowledge, experience, and beliefs (Arkes and Garske, 1982;
Pennington and Hastie, 1986; Devine, 2012; Allen and Pardo,
2019; Hastie, 2019). Narrative models traditionally emphasize
cognitive processes that support language, semantic representa-
tions, and episodic memory (AbdulSabur et al., 2014; Britton
and Pellegrini, 2014; Baldassano et al., 2018).

Here, we use neural data to test for the involvement of
cognitive processes that historically distinguish utility or
narrative models of evidence processing. For this, we use a
previously characterized task in which participants evaluate
the strength of the prosecution’s evidence against a criminal
defendant (Pearson et al., 2018). By relying on nonoverlapping
sets of cognitive processes to characterize the two models (and
not any common processes like early visual cognition) we pre-
serve the ability to weigh evidence in favor of each model. We
recognize, however, that in modern conceptualizations, some
cognitive processes are shared between utility and narrative
frameworks. We therefore use a hierarchical family of models
to allow us to identify individual cognitive processes that may
form the basis of a synthesis of the two models. For complete-
ness, we also include social and affective processes associated
with juror decisions.

Using whole-brain decoding (Li et al., 2017), we compare pat-
terns of brain activation associated with those cognitive processes
to activation patterns observed with parametric evidence accu-
mulation in a criminal case. We extend the whole-brain decod-
ing approach by comparing the goodness of fit for each model of

juror decision-making. This new approach allows us to begin to
resolve the contributions of each psychological model to a given
decision.

Materials and Methods
Subjects, recruitment, and sampling
This manuscript analyzes different models of evidence accumulation for
a dataset previously reported by Castrellon et al. (2021); the previous
study examined models of evidence-independent bias in juror decision-
making. Thirty-three healthy jury-eligible adults between the ages of 18
and 52 were recruited from the Durham, NC community and underwent
a single-session functional magnetic resonance imaging (fMRI) scan. All
participants were screened for significant health or neurologic problems
and had normal or corrected-to-normal vision, and all gave written
informed consent before the start of the experiment. Neuroimaging data
from four participants were excluded from the analysis because of tech-
nical issues. Twenty-nine participants (mean age = 30.66 9.58 years, 15
women and 14 men) remained for neuroimaging analyses. The experi-
ment was approved by the local ethics committee at Duke University
Medical Center.

Experimental procedures
The mock-juror task (Fig. 1A), answering a call to use engaging narra-
tives in neuroscience (Willems et al., 2020), was adapted from earlier
work (Pearson et al., 2018) for use in the fMRI scanner. The task asks
participants to evaluate the strength of the case presented by the prose-
cution against a criminal defendant, representing the first phase of a
criminal trial. We did not include any evidence that might be part of the
defense case. Our task therefore reflects the accumulation of evidence
against the accused, but does not address processes involved in evaluat-
ing conflicting evidence.

Because of the large number of combinations of scenarios and evi-
dence, these effects must be estimated across subjects. Subjects therefore
viewed 33 scenarios, each describing an accusation of a specific crime
that span from shoplifting to rape, murder and child sexual abuse. Each
crime scenario was followed by up to three items of evidence drawn at
random from the evidence categories and levels described below. The
task was split into three runs with 10–12 trials (scenarios) per run. For
each scenario, participants first viewed a textual description of a crime
type (a “scenario”) presented for 5–30 s. This initial description contains
no evidence of who committed the crime. While type of crime is the pri-
mary difference between scenarios, the scenarios also differ in other
details, including names of defendants and victims, and the circumstan-
ces of the crime. Varying these other details is designed to keep subjects
engaged throughout the task and to encourage participants to treat each
scenario as a distinct crime. At the same time, the varied descriptions
raise the potential for differences other than crime type to influence
effects of the crime scenario on judgments of guilt. However, our large
number of scenarios and the range of crime seriousness across those sce-
narios allows us to test specifically for a main effect of crime seriousness
on judgments of guilt. Scenario and evidence texts are from Pearson et
al. (2018) and are available in Extended Data Figure 1-1.

After viewing the crime scenario description, participants are shown
three types of evidence implicating the named suspect (text presented
one sentence at a time across multiple screens for 2–12 s). Subjects
viewed evidence that was: (1) physical evidence, (2) eyewitness, and (3)
criminal history. The order of presentation for these evidence types were
randomized. Evidence possibilities that link the accused to the crime
included (1) one of three options of physical evidence (no physical evi-
dence, DNA evidence or non-DNA physical evidence such as fingerprint
or ballistic evidence), (2) either of two levels of eyewitness (eyewitness or
a noneyewitness), and (3) one of three options of criminal history (no
prior convictions, prior conviction for a related crime, or prior convic-
tion for an unrelated crime). Each participant saw one randomized com-
bination of evidence with each of 33 crime scenarios. See Extended Data
Figure 1-1 for all possible variations. Following presentation of the sce-
nario and evidence, participants were asked to rate the strength of the
case and recommend a degree of punishment (on a scale of 0–100) for 6s
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each. Across subjects, there are 18 unique evidence combinations (3�
2� 3) for each crime scenario. Subjects may not view each of the 18
combinations of evidence but the effects of each individual piece of evi-
dence can be estimated across subjects and across scenarios.

Computational modeling
We used a hierarchical Bayesian model to estimate scenario-level and
evidence-level effects on case strength and punishment ratings. Since
this model has the advantage of accounting for sparsely sampled data,
we can estimate effects for all scenarios although participants did not
view all possible combinations of scenarios and evidence types. We pre-
viously applied this model to a large online sample of participants
(Pearson et al., 2018) and show here that the model generally replicates
case strength and punishment effects (Castrellon et al., 2021).

To account for both case strength and punishment ratings for a given
scenario, we model the resulting vector of ratings, Rr, r=1...Nr, similarly:

Ri; N u i;s
2
rðiÞ

� �h i100
0

(1)

u i ¼ Xi � b sðiÞcðiÞ�rðiÞ (2)

b scpr ¼ mp;r 1 g cpr 1 e spr (3)

g cp ; T � 0;Rpð Þ (4)

e spr ; T �9 0; t 2pr
� �

(5)

X
p
¼ Lp diagðh pÞLT

p (6)

Vp ¼ LpL
T
p ; LKJð1Þ (7)

mpr ;Nð50; 50Þ (8)

h pr ;Ca1ð0; 50Þ (9)

t pr ;Ca1ð0; 50Þ (10)

s r ;Ca1ð0; 5Þ (11)

�; �9 ;N 1ð0; 100Þ: (12)

Here, we have used a “long” or “melted” representation of R in which
each index i corresponds to a single observation of a single rating scale r
(1). This allows us to more easily handle missing data in the model fitting
procedure (see below). Here, (4) and (7) involve a multivariate t-distri-
bution on the population effects specific to each case (g ). That is, we
allow for covariance among the ratings for each effect at the population
level, where the magnitudes of the variances are again controlled by h
and the correlationsV = LL> are modeled according to the LKJ distribu-
tion (Lewandowski et al., 2009) through their Cholesky factorization (7).
Second, to more accurately estimate variances in the presence of missing
data, we have restricted this model to a single value of t across all cases
(for each outcome and regressor)(3).

We calculated posterior distributions and credible intervals for each
variable of interest using Markov Chain Monte Carlo methods as imple-
mented in the Stan probabilistic programming language (Carpenter et
al., 2017). Full code for all analyses is available at https://github.com/
jcastrel/juror_fmri. Models were fitted by running four chains of 2000
samples with a thinning fraction of 2. The first half of samples were

A B

C

A

Figure 1. A mock-juror task separates evidence accumulation and crime-type bias. During the task, participants view a series of screens in the order depicted (A), first describing a criminal
scenario followed by variable evidence from each of three categories (Extended Data Fig. 1-1); following the evidence presentations, participants rate the strength of the case and the recom-
mended punishment severity. B, An example combination of scenario and evidence types is plotted as individual filled triangles for the accumulation of mean case-strength ratings (scale 0–
100). Shaded regions indicate events included in the parametric regressor modeling the accumulation of evidence. C, Case-strength contributions from scenario independent of evidence and
case-strength contributions from evidence independent of scenario. Symbols represent mean effect size (scale 0–100); error bars represent 95% credible intervals. Scenario and evidence types
depicted in panel B are distinguished with triangles. Scenario effects are shown in rank order.
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discarded as burn-in. This resulted in 2000 total samples for each
variable, for which we report means as well as 95% equal-tailed
credible intervals (bounded by the 2.5% and 97.5% samples from
the distribution). We assessed convergence via effective sample
size and the Gelman–Rubin statistic, for which all runs had R̂,1:1
(Gelman et al., 2014).

Since the model weights for crime-type bias (case strength and pun-
ishment for scenario) across the 33 scenarios were highly correlated in
this sample (r=0.904, p, 0.001) inclusion of both weights as parametric
fMRI regressors would weaken our ability to separate both effects during
scenario viewing. To compensate for this challenge, we ran a principal
components analysis (PCA) to derive a common metric that explained
sufficient shared variance of case strength and punishment (PC1) and
orthogonal residual shared variance (PC2). Therefore, PC1 represents a
general measure of crime-type bias. In a separate dataset, we previously
reported that crimes rated as deserving higher punishment were
rated as having a higher case strength (regardless of evidence;
Pearson et al., 2018). In that sample of Amazon mTurk partici-
pants (N = 360), case strength and punishment weights were also
correlated (r = 0.389, p = 0.025). Before PCA, case strength and
punishment weights were standardized (z-scored). In the fMRI
sample, PC1 explained 95.2% of the variability and PC2 explained
4.80% of the variability. Similarly, in the mTurk sample, PC1
explained 69.5% of the variability and PC2 explained 30.5% of the
variability.

fMRI data acquisition
Brain images were collected using a 3T GE MR750 with an eight-channel
head coil. For each of the three runs of the mock juror task, we acquired a
T2p-weighted spiral-in sensitivity-encoding sequence (acceleration factor=
2) with slices parallel to the axial plane connecting the anterior and posterior
commissures to acquire 488 volumes of 37 ascending interleaved slices, in-
plane resolution=3.75� 3.75� 3.75 mm, acquisition matrix=64� 64 and
FOV=243� 243 mm, flip angle=60°, TR=1580ms, TE=30ms. Before
preprocessing these functional data, we discarded the first seven
volumes of each run to allow for stabilization of the T2p signal. To
facilitate coregistration and normalization of these functional data,
we also acquired whole-brain high-resolution anatomic scans (T1-
weighted fast spoiled gradient echo sequence, in-plane resolution
1� 1 � 1 mm; acquisition matrix = 256� 256, FOV = 256� 256
mm; 206 axial slices; flip angle = 12°, TR, 8.16 ms; TE, 3.18 ms).

fMRI data preprocessing
Preprocessing was performed using FSL software (version 5.0.1).
Functional data were motion-corrected with MCFLIRT and aligned
to the middle volume in the time series (Jenkinson et al., 2002).
Nonbrain tissue from anatomic and functional data were removed
using BET (S.M. Smith, 2002). Functional data were high-pass filtered
with a cutoff of 100 s, spatially-smoothed with a 6-mm FWHM
Gaussian kernel, and grand-mean intensity normalized. Functional
images from each run were coregistered to subject’s anatomic images
using FLIRT with 6 degrees of freedom and nonlinearly transformed
to a standard MNI space 2-mm3 template using FNIRT with 12
degrees of freedom (Jenkinson and Smith, 2001).

Univariate fMRI analysis
Statistical modeling of fMRI data were performed using FSL FEAT (ver-
sion 6.0.0; S.M. Smith et al., 2004; Woolrich et al., 2009). First-level analyses
used FILM prewhitening for autocorrelation correction. Event variables
and parametric regressors were convolved with a double-gamma hemo-
dynamic response function. For each subject, a general linear model
was fit to the data with mean event regressors for (1) scenario viewing,
(2) evidence viewing, (3) case strength rating, and (4) punishment rat-
ing. To identify regions associated with modulation of BOLD signal
with crime-type bias, we included two parametric regressors for loading
scores on the principal components (crime-type bias/PC1 and PC2)
from the PCA described above between case strength and punishment
model weights.

Evidence accumulation was modeled as a parametric regressor of the
cumulative sum of evidence weights as each piece of evidence was pre-
sented. For each trial, the evidence accumulation model starts at zero
and then is incremented when a piece of evidence is presented. The
regressor is incremented at the onset of presentation of each piece of evi-
dence by an amount corresponding to the mean population weight from
the behavioral analysis. The regressor is reset to zero at the end of the
evidence presentation period for each trial. In Figure 1B, for example,
the regressor is zero after the scenario presentation and increments to
36.18 after the presentation of the first item of evidence (DNA), to 58.36
(plus 22.18) after the second evidence item (eyewitness), and to 69.39
(plus 11.03) after the third item of evidence (prior conviction). It then
resets to zero at the as the third item is removed from the screen.

Additional parametric regressors included the scenario-level case
strength model weights during the case strength rating event and sce-
nario-level punishment model weights during the punishment rating
event. Second-level analyses averaged within-subjects’ data across runs
using a fixed-effects model. Higher-level analysis used a mixed-effects
model (FLAME1) to average data across subjects. Statistical maps were
thresholded using a cluster-forming threshold with a height of Z. 2.3,
and cluster-corrected significance threshold of p, 0.05.

Neurosynth similarity analysis
To evaluate the quality of our topic models in an unbiased and data-
driven fashion, we performed a topic-based spatial correlation anal-
ysis. Here, we estimated the spatial voxelwise Pearson correlation
between our parametric fMRI maps and each of all the possible
200 topic maps in the Neurosynth database. We visualized these cor-
relations using a histogram for the thresholded map (Fig. 3). We
expected the specific topics with the strongest associations would
match those from our a priori models described below.

To facilitate comparison of utility and narrative frameworks, we
grouped cognitive topics from Neurosynth into a hierarchical set of cog-
nitive models and submodels (preregistered at https://osf.io/rk92x/). To
preserve the ability to compare models, we constructed the groups of
cognitive processes as nonoverlapping sets. At the most general level, we
distinguish between evidence-based and social-affective based models of
decision-making. The evidence group is then separated into the utility
and narrative frameworks we compare here. Within the utility model,
we included topics associated with the numeric estimation of value and
uncertainty. Within the narrative framework, we included topics associ-
ated with memory recall, reading comprehension, and working memory.
Within the social-affective framework, we included topics that do not
logically inform the decision of case-strength, including social cognition,
affective reaction, and moral judgment. For each model and submodel,
we first identified Neurosynth topics that contained terms related to the
target cognitive processes; we then reviewed the studies included in each
Neurosynth topic to confirm that they are consistent with the topic. The
list of topics included in each model is provided in Extended Data
Figure 4-1.

Specifically, we grouped meta-analytic reverse-inference fMRI statis-
tical maps from the Neurosynth database (version 5, 200 topics release:
https://neurosynth.org/analyses/topics/v5-topics-200/; Yarkoni et al.,
2011) that reflect cognitive features associated with distinctive models of
juror decision-making. For example, a moral judgment model included
Neurosynth maps from topic 112 (“context,” “empathy,” “prosocial,”
etc.), topic 135 (“moral,” “guilt,” “harm,” etc.), topic 145 (“mind,” “men-
tal,” “social,” etc.), and topic 154 (“social,” “interactions,” “interperso-
nal,” etc.). We grouped maps according to a hierarchical structure with
primary models and nested submodels. For the moral judgment model,
for example, topic maps 112 and 135 contributed to a moral submodel
and topic maps 145 and 154 contributed to a social submodel. For the
utility model, we included core cognitive topics associated with value,
the consideration of risk, and mathematical calculation. For the narrative
model, we included a series of submodels. (1) Experience, culture, and
recall narrative (meant to encompass models associated with the consis-
tency of a story and past experiences); this model was further subdivided
into: (1a) culture and ideation bias and (1b) recall. (2) Working memory
narrative (meant to capture the process of holding the pieces of a story
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together). And (3) reading narrative (meant
to capture models associated with processing
fluency). For social-affective models, we con-
sidered both affect and moral judgment.
Within moral judgment, we included submo-
dels for the process of applying morality and,
separately, broader studies of social cognition.

After defining the models, we ran spa-
tial linear regression using the topic maps
as predictors of each model’s similarity to
our parametric statistical maps for evidence
accumulation using the form Ŷ fMRImapð Þ ¼
b o þ b 1ðtopicAÞ þ b 2ðtopicBÞ1:::1e for i
topics included in each model. We used unthre-
sholded z-statistic maps from our results and
unthresholded z-statistic Neurosynth topic
maps provided by the Neurosynth developer
Tal Yarkoni (since the viewable maps on the
Neurosynth website are thresholded). We re-
stricted inclusion to voxels that survived cluster-
based thresholding for positive parametric effects (Fig. 2). While negative
activations could potentially play an important role in juror decision-mak-
ing, it is also possible that negative activations reflect merely a minimization
of energy use by suppressing task-irrelevant processes. Future analysis of
negative activations will require a task that includes both inculpatory and
exculpatory evidence.

fMRI spatial maps were vectorized into one-dimensional arrays
using the “nibabel” Python package. We ran linear regressions
using the “OLS” and “fit” functions from the “statsmodels” Python
package and extracted Bayesian information criterion (BIC)
scores. Lower BIC scores indicate greater similarity of the fMRI
spatial maps to the decision-making models.

To identify meaningful associations, we estimated a model-specific
lower bound threshold of BIC scores by comparing each decision-mak-
ing model BIC score to a null model that consisted of topic maps that
were not included in any a priori model (177/200 remaining topic
maps). The number of topic maps included in a null model matched the
number of topic maps in a given model. We resampled 5000 combina-
tions of the randomly selected topic maps without replacement. Our
lower bound threshold was defined as the 95th percentile of null model
BIC scores (indicating a model fit was higher than 4750 null models
(p, 0.05). Model fit and regression coefficients are presented in
Extended Data Figure 4-2.

We note that this analysis is similar to testing for representational
similarity of topic features with activation in those areas that respond to
accumulating evidence.

Analysis of activation associated with reading
The model-based analysis suggested that a reading model explained a
significant amount of the variability in neural activation associated with
evidence accumulation. We considered the possibility that the associa-
tion with reading reflects processing of textual features, such as word
count or reading complexity, as opposed to the meaning and coherence
of the narrative interpretation of the text.

Using FSL FEAT, we performed a least-squares analysis (Jenkinson
et al., 2002; S.M. Smith, 2002) on the preprocessed fMRI data such that
each participant’s data were modeled with a design matrix composed of
132 columns for each trial’s event period with a single event in each column
[33 scenarios � 4 event types: scenario, evidence (which includes all three
evidence presentations), case strength rating, and punishment rating].
These single-trial estimates were modeled with a double-gamma hemody-
namic response function and the contrast representing the mean effect was
extracted as a z-statistic image. We then estimated the mean activation asso-
ciated with the evidence reading events for each trial from amask of the sig-
nificant clusters associated with evidence accumulation (Fig. 2).

To rule out the possibility that neural activation associated with evi-
dence accumulation is driven by low-level textual features, we applied
a mixed-effects model with a random intercept for each participant
using the “lme4” and “lmerTest” packages in R to test the trial-level

effect of summed word count from evidence pieces on fMRI activation.
Using the “quanteda” R package, we calculated the number of words,
syllables, and sentences for the evidence portion of each trial. We
estimated reading complexity using the Flesch–Kincaid formula
[F-K = (0.39pwords per sentence) 1 (11.8psyllables per word) –
15.59; Kincaid et al., 1975].

Data and code availability
Unthresholded fMRI statistical maps can be viewed/downloaded from
Neurovault: https://neurovault.org/collections/UADNVKNI/. Code and
fMRI analysis preregistration for hypothesis grouping can be viewed and
downloaded from OSF: https://osf.io/rk92x/ and GitHub: https://github.
com/jcastrel/juror_fmri.

Results
Jury-eligible participants viewed a series of simplified crime sce-
narios that vary in the type of crime and amount of evidence
supporting guilt (Pearson et al., 2018) during fMRI. Following
each scenario, participants rated the strength of the case against
the defendant and the punishment deserved for the crime. We
used a hierarchical Bayesian model to estimate the effects of each
type of evidence on participant ratings of case strength and pun-
ishment, controlling for the effects of different crime scenarios.
Overall strength of the case reflected the sum of the weights of
the individual pieces of evidence presented (Fig. 1). Here, we
examine cognitive processes associated with evidence accumula-
tion. We address the effects of different crime scenarios in a sep-
arate manuscript (Castrellon et al., 2021).

Neural activations associated with evidence accumulation
We first sought to identify the patterns of brain activation associ-
ated with evidence accumulation. We modeled evidence accu-
mulation as a parametric regressor of the cumulative sum of
evidence weights as each piece of evidence was presented. We
observed a constellation of activations associated with evidence
accumulation, including distinct regional activations that were
positively and negatively correlated with the cumulative weight
of the evidence presented for each scenario (Fig. 2). Increasing
strength of evidence evoked activation in the posterior temporal-
parietal junction, dorsal-lateral prefrontal cortex, dorsal-medial
prefrontal cortex, ventral striatum, middle caudate, entorhinal cor-
tex, hippocampus and amygdala. Decreasing strength of evidence
was associated with activation in somatosensory, motor, early visual,
and insular cortex as well as superior temporal sulcus. The unthre-
sholded statistical map for evidence accumulation is accessible on
Neurovault (https://neurovault.org/collections/UADNVKNI/).

Figure 2. Evidence accumulation modulates neural activity patterns. Univariate fMRI patterns are shown for the effect of evi-
dence accumulation during evidence presentation. Results shown are corrected for multiple comparisons using a whole-brain
cluster-forming threshold Z. 2.3, cluster-corrected p, 0.05.
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The brain regions identified in this analysis have been linked
to many different cognitive processes. To clarify the cognitive
processes linked to evidence accumulation, we employed a data-
driven approach, comparing the pattern of brain activations
associated with evidence accumulation to the activations associ-
ated with each of 200 topics defined in the Neurosynth database
(version 5, 200 topics release: https://neurosynth.org/analyses/
topics/v5-topics-200/; Yarkoni et al., 2011). Neurosynth topic
maps reflect meta-analyses of .14,000 fMRI studies (Yarkoni et
al., 2011). We used a spatial voxelwise linear regression to com-
pare activations associated with evidence accumulation to the map
of activations associated with each Neurosynth topic (Fig. 3). For
this analysis, we considered only brain regions positively corre-
lated with evidence accumulation because our current task varies
only the amount of affirmative evidence of guilt. Analysis of nega-
tive correlations would require a task that included exonerating
evidence, to distinguish a role for negative correlations in evidence
processing from energy minimization in the brain. Topics with
the strongest correlations for evidence accumulation included lan-
guage comprehension topics (Topic 9: semantic, word, knowledge;
Topic 95: verbs, nouns, syntactic; Topic 162: words, lexical, mean-
ing), memory topics (Topic 72: pairs, associative, accuracy; Topic
28: memory, retrieval, episodic; Topic 65: recognition, correct, fa-
miliarity), a quantitative reasoning topic (Topic 2: problems,
mathematics, calculation), and a reasoning topic (Topic 23: rea-
soning, relational, logic). These topics appear to align with aspects
of both utility and narrative models. To formally compare which
models are supported by these topics, we preregistered a hierarchi-
cal model with groups of topics relevant for separate psychological
models.

Neural support for two aspects of a narrative framework
We preregistered a list of cognitive topics associated with utility,
narrative, and social-affective models and submodels (https://osf.
io/rk92x/) to limit user degrees of freedom while defining model
structure. To compare these models, we used a spatial voxelwise
linear regression to compare activations associated with evidence
accumulation to the map of activations associated with each
Neurosynth topic (Fig. 4A). For the utility model, we included
core cognitive topics associated with value, the consideration of risk,
and mathematical calculation. For the narrative model, we included

a series of submodels. (1) Experience, cul-
ture, and recall narrative (meant to encom-
pass models associated with the consistency
of a story and past experiences); this model
was further subdivided into: (1a) culture
and ideation bias and (1b) recall. (2)
Working memory narrative (meant to
capture the process of holding the pieces
of a story together). And (3) reading nar-
rative (meant to capture models associ-
ated with processing fluency). We have
separated these utility and narrative proc-
esses according to a split between quanti-
tative and qualitative reasoning. However,
we note that modern efforts have pro-
posed the integration of features of recall
into utility models of decision-making
(Shadlen and Shohamy, 2016; Zhang et al.,
2021). To preserve the ability to compare
these models, we maintain the sets of cog-
nitive processes as two, nonoverlapping,
groups of cognitive processes. To consider

the impact of factors outside of narrative and utility, we also
tested a social-affective model, including affect and moral judg-
ment. Within moral judgment, we included submodels for the
process of applying morality and broader studies of social cog-
nition. Hereafter, a model is described as significant if it
explains more variance than 95% of models composed of ran-
domly drawn topics from the 177 topics not associated with
one of the a priori models. The null distribution for each test
was defined for a number of topics matched to each model
(e.g., five drawn topics if the model being evaluated contained
five topics).

If evidence accumulation is largely a matter of quantitative
reasoning regarding the likelihood that an event occurred, we
would expect that patterns of brain activation associated with
evidence accumulation would be similar to topic maps from
the utility model. On the other hand, if evidence accumulation
relies on nonquantitative processes, like the coherence and
plausibility of a narrative, then we would expect brain activa-
tion for evidence accumulation to correspond to topic maps
from the narrative models. For example, the recall of past
experiences and events is more likely to be necessary when
evaluating narrative plausibility.

Patterns of brain activation during evidence accumulation
were significantly correlated with topic maps from the narrative
model (BIC=40 285, p= 0.014, resampled null; Fig. 4B) but not
utility (BIC= 41 550, p= 0.24, resampled null; Fig. 4B) or social-
affective (BIC = 41 947, p=0.72, resampled null; Fig. 4B) topic
sets. Of the narrative submodels, both the narrative recall and
narrative reading topic maps explained a significant percentage
of the variance (BIC = 41 436, p= 0.019, resampled null and
BIC = 40975, p=0.020, resampled null, respectively; Fig. 4B).
The group of reading topics included cognitive processes associ-
ated with both the reading of individual words and sentences and
the integration of words and sentences to interpret the meaning
of the text. Three of the four preregistered topics in the reading
model (see above) were significantly associated with activation
during evidence accumulation. The fourth topic (Topic 93: lan-
guage, comprehension, narrative) was not in the top 5% of the
200 topics tested (Fig. 3), but was closely grouped with the other
three (Fig. 3, unlabeled red dot). While each of the four topic
maps is independently correlated with evidence accumulation,

Figure 3. Brain activation patterns associated with evidence accumulation are associated with different cognitive proc-
esses. Histogram represents the distribution of spatial correlations between 200 Neurosynth topic maps and fMRI maps for
evidence accumulation. Below the histogram are points that correspond to the location of the correlation coefficients in the
histogram for each topic included in each of the indicated decision-making models. The top and bottom 10 correlated topics
from the entire set of 200 topics are indicated beside the histograms (top panels) and topics within each model that appear
in the top 10 list are labeled beside their associated point for each model (bottom panel). Within the reading model, the
dots for topics 95 and 162 overlap.
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Topic 9 (knowledge, word, semantic) is the most strongly corre-
lated (Fig. 3). In fact, when aggregated into an overall reading
model, the contribution of topic map 9 is three times larger than
the next largest contributing topic map (b = 0.147 vs b =�0.048;
Extended Data Fig. 4-2). Topic map 9’s outsized contribution to the
model suggests that the association between reading processes and
evidence accumulation is because of more narrative-like processes
(meaning associated) rather than lower-level text features. In the
next section, we conduct additional tests to further clarify the nature
of the reading/evidence accumulation association.

Low-level reading features are not associated with evidence
In our preregistered hierarchical narrative and utility models, we
assigned reading topics to the narrative model because higher-
order aspects of reading are central to narrative construction and
interpretation (AbdulSabur et al., 2014; Britton and Pellegrini,
2014; Baldassano et al., 2018). We recognize, however, that

lower-level features of reading (word recognition, grammar, syn-
tax) might also correlate with differences in evidence in a way
that does not directly distinguish narrative from utility models.
Since our models included both higher-order and lower-order
aspects of reading, we are able to distinguish these possibilities.
To test whether high-level or low-level features of reading con-
tribute to the evaluation of evidence, we conducted two analyses,
asking (1) Does evidence accumulation correlate with low-level
text features? and (2) Does all text that increases perceived case
strength evoke activation of the reading areas associated with evi-
dence accumulation?

We first tested whether low-level language features of our evi-
dence descriptions were correlated with the average activation in
areas that responded to increasing evidence. In that analysis, the
activation of brain regions associated with the reading submodel
were not correlated with the cumulative number of words or
complexity/readability in the evidence text, but were correlated

Figure 4. Patterns of brain activation associated with evidence accumulation support narrative-based processing. A, Illustration of model comparison using spatial similarity analysis. To
determine which proposed models of juror decision-making best explain evidence accumulation, we performed a spatial voxelwise linear regression between evidence accumulation and
Neurosynth topic maps associated with a given decision-making model. We constructed an inclusion mask of voxels that were significantly positively associated with evidence accumulation.
We then used that map to select voxels from the Neurosynth maps and the parametric map for evidence accumulation. Voxel values were vectorized into one-dimensional arrays and entered
into a linear regression. The color bar represents positive (warmer colors) or negative (cooler colors) statistical values. Neurosynth topic-map values could be positive or negative. B, Height of
dendrograms shows relative differences in fit (BIC) of Neurosynth topic models and submodels (topic list in Extended Data Fig. 4-1) to the parametric fMRI evidence accumulation map (param-
eter estimates in Extended Data Fig. 4-2). Lower BIC scores indicate better model fit. Stars indicate models with BIC scores that are lower than the 95th percentile of equally-sized random mod-
els (thresholds in Extended Data Fig. 4-3).
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parametrically with the cumulative weight of the evidence (Fig.
4B). Specifically, our post hoc ROI analysis indicated that low-
level textual features did not drive observed evidence accumula-
tion patterns of activity in reading-processing regions. Neither
word count (F(1932.42) = 0.063, p= 0.802) nor reading complexity
(F(1932.89) = 0.322, p= 0.571) were associated with fMRI activation
during evidence viewing (Fig. 5).

This suggests that the activation of brain regions associated
with reading is related to the interpretation rather than the
length or complexity of the text. The correlation between pat-
terns of brain activation observed with increasing evidence and
patterns associated with recall provides support for the role of
narrative in weighing evidentiary contributions to case strength.

Reading activation is specific to evidence accumulation
To better understand the correlation of reading-topic maps with
evidence accumulation, we tested whether activation of the read-
ing topic maps is specific to evidence evaluation. Before reading
the evidence in each case, participants first read a short scenario
describing the crime (Fig. 1). We found previously that the sever-
ity of the crime described in each scenario affects case strength
ratings independent of the evidence (Pearson et al., 2018). This
allowed us to test whether scenario text, which also increases per-
ceived case strength, evokes activation of the reading areas asso-
ciated with evidence accumulation.

Elsewhere, we found that brain activation patterns associated
with scenario effects on case strength are distinct from the pat-
terns described here for evidence accumulation (Castrellon et al.,
2021). These scenario effects were associated with brain regions
related to social cognition. If the relationship between reading
topics and evidence accumulation is a matter of simply reading
any text that affects case strength, we would expect to find a
significant relationship between the reading topic maps and
increasing activation with scenario effects on case strength.

We therefore compared activation for scenario-driven case
strength to the same reading topic maps used in our models of
evidence accumulation. We found no significant relationship
between increasing activation patterns associated with reading
different crime scenarios and the reading topic maps (R2 = 0.013,
p= 0.646). We conclude that the association of reading topics
with evidence accumulation is driven by higher-order features
that distinguish evidence evaluation from other processes.

Discussion
We have used neuroimaging to quantify the contributions of
utility and narrative models to jury decision-making, an example
of complex human decisions. To do that, we extended a novel
method for inferring cognitive processes from patterns of brain
activation. Increasing levels of evidence evoked brain activation
patterns associated with reading, recall, calculating uncertainty,
and logic and reason. Reading and recall are typically associated
with aspects of narrative, while uncertainty is traditionally associ-
ated with utility. In addition, the activation associated with logic
and reason could be viewed as supporting either narrative or util-
ity models, or as an entirely separate process. Nevertheless, our
findings suggest a prominent role for the narrative model for evi-
dence accumulation in juror decision-making that could be
extended to other complex decisions.

Recall and reading processes track evidence accumulation
In addition to providing evidence of the importance of the narra-
tive model, we were able to identify specific cognitive processes
from the narrative model that significantly contributed to evi-
dence accumulation in this task. We note that our analysis exam-
ined only the pattern of activity positively correlated evidence
accumulation and does not address the negatively correlated
regions (Fig. 2). Recall of past experiences and reading are the
only significant submodels that contribute to the explained var-
iance. Recall allows the comparison of the current evidence to
past experiences, stories, or schema (Baldassano et al., 2018),
which can serve as a basis for assessing the plausibility and cu-
mulative weight of the evidence.

Involvement of the reading submodel in evidence accumula-
tion likely reflects the cohesion of the individual items of evi-
dence rather than lower-level reading processes. The reading
submodel includes not only the processes associated with reading
individual words and sentences, but also the cognitive processes
involved in integrating the content of words and sentences over
time to assign meaning to the text. Consistent with this interpre-
tation, imaging studies of subjects listening to stories have found
that the integration of stories over increasing temporal windows
shifts the pattern of brain activation from areas near auditory
cortex to brain regions overlapping with those in our reading
submodel (Lerner et al., 2011).

Previous work has shown that the familiarity and ease of proc-
essing a particular idea, including how easily it is read, is strongly
associated with confidence in the validity of a statement (Hasher
et al., 1977; Arkes et al., 1989; Fazio et al., 2015). Mentally, reading
engagement might serve as an index of familiarity or the ease of
understanding evidence that comprises a coherent account, and
therefore confidence in the story presented, as proposed in the
Story Model of juror decisions (Pennington and Hastie, 1986).
Neuroimaging work comparing brain activation between true and
false sentences generally supports this account, finding greater
activation in the temporal parietal junction for true compared
with false statements (Marques et al., 2009).

A

B

Figure 5. Low-level textual features do not account for fMRI activations that increase
with stronger evidence. Trial-level estimated sum of (A) word count (F(1932.42) = 0.063,
p= 0.802) and (B) reading complexity (F(1932.89) = 0.322, p= 0.571) of presented evidence
text were not related to fMRI patterns associated with evidence accumulation. Shaded areas
represent 95% confidence intervals.
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For this analysis, we focused on narrative as a mechanism for
determining the likelihood that a particular story occurred (e.g.,
the story model; Pennington and Hastie, 1986). As our models
were formulated here, we find support for the narrative model in
juror decision-making. However, a significant body of research
has studied narrative as an individual language process (Scholes,
1980; Britton and Pellegrini, 2014; Paulus et al., 2021), assem-
bling information into memory schema (Baldassano et al., 2018;
Chang et al., 2021), and communicating those schema to others
(Shiller, 2017; D. Smith et al., 2017; Nguyen et al., 2020). Studies
of narratives in juror decision-making would benefit from con-
necting the aspects of evidence processing examined here to
measures of narrative cohesion and how narrative schemas are
encoded in the brain.

Support for aspects of the utility model
We note that our findings do not exclude a role for quantitative
reasoning in evidence accumulation. In fact, while the set of
topics included in our utility model do not meet our statistical
threshold, the model-independent analysis finds that arithmetic/
quantitative terms are ranked third in terms of the variance in
evidence accumulation explained (Fig. 3). This topic map over-
laps with activation for evidence accumulation primarily in the
intraparietal sulcus, an area associated with assessing uncertainty
(Huettel et al., 2006; Levy et al., 2010). Topic maps associated
with valuation overlap with activation for evidence accumulation
only in the ventral striatum and not in the orbital frontal or ven-
tral medial cortex (Hare et al., 2008; Bartra et al., 2013; Shadlen
and Shohamy, 2016). Activation in ventral striatum is associated
with both value and uncertainty (Knutson et al., 2005). Thus, activa-
tion in the ventral striatum is consistent with aspects of the utility
(both value and uncertainty, e.g., valuation; Bartra et al., 2013) and
narrative model (related to the probability of an event and predic-
tion error; Abler et al., 2006; Rodriguez et al., 2006). These findings
support a role for uncertainty or probability estimation but do not
support a role for value in evidence accumulation.

Support for aspects of utility as well as narrative processes in
evidence accumulation raises the question of whether and how
they could be integrated. Previous work has proposed to bridge util-
ity and narrative frameworks by relying on processes associated
with logic and reasoning (Johnson-Laird et al., 2015). Alternatively,
memory recall could serve as a means of connecting narrative and
utility. For example, work integrating memory and value posits a
role for recall in utility calculations (Shadlen and Shohamy, 2016;
Zhang et al., 2021).

In a narrative framework, recall is the proposed mechanism
by which the likelihood of an event is estimated. Considering
recall as a means of calculating likelihood would make it possible
to reconfigure the utility model away from the conscious calcula-
tion of primarily numerical value to a more qualitative interpre-
tation of utility. Such a shift might provide a means to merge
aspects of the utility and narrative frameworks.

Evidence and bias mechanisms are distinct
We previously found that the type of crime described in each of
our scenarios influences participant ratings for the strength of the
case, independent of the evidence (Pearson et al., 2018). Crime
type and evidence accumulation thus represent distinct influences
on case strength. Activation patterns associated with crime-type
bias are located in a region of cortex associated with social cogni-
tion, including cultural and ideation bias (Castrellon et al., 2021).
This crime-type activation is distinct from, but neighboring, those
described here for the accumulation of evidence. The neighboring

activations for recall and crime type bias are both located in a
larger region hypothesized to combine information from different
processing streams (Carter and Huettel, 2013; Jung et al., 2022).
This is consistent with a narrative framework for integration of
evidence, in which the accumulation of evidence is compared with
prior experience and beliefs as a basis for decisions (Pennington
and Hastie, 1986; Shiller, 2017; Hastie, 2019).

In this context, a further notable feature of evidence inte-
gration in the narrative model is the internal coherence of
the evidence. In the current task, we investigated only cogni-
tive processes associated with the accumulation of evidence
consistent with the prosecution’s account of the crime. Our
results therefore describe the process of evidence accumula-
tion, but do not address whether the same or separate cogni-
tive processes resolve conflicting information.

Broader significance of narrative as a mechanism of
decision-making
Beyond the longstanding interest in narrative models in the con-
text of juror decisions and trial practice (Pennington and Hastie,
1986; Lubet and Lore, 2015), narrative models have been offered
as an alternative to standard utility models of decision-making to
help explain deviations from optimal behavior in a wide range of
complex decisions from asset pricing to market bubbles (Shiller,
2017). Narrative models attempt to explain unusual behaviors
like the nonlinear spread of preferences and the role of affect in
decision-making by assessing the cohesiveness of a story and
comparing it to previous experiences. Work in anthropology and
evolutionary biology suggest that storytelling has played an im-
portant role in human evolution as means of communicating
plausibility based on past experience from generation to genera-
tion (D. Smith et al., 2017; Bietti et al., 2019; Hitchcock, 2019). In
fact, recent work on the estimation of risk has found that
human subjects are better at estimating risk when it is
described as part of a story than when asked to do so numeri-
cally (Sinclair et al., 2021). It is therefore possible that in nar-
ratively structured settings, likelihood estimates can be
constructed according to consistency with past experiences.
This alternative means of assessing future (and past) likeli-
hood represents a potentially significant expansion of how
risk and uncertainty is treated in many complex decisions.
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