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Abstract
Positive affect (PA) is not only associated with individuals’ psychological and physical health, but also
their cognitive processes. However, whether medial temporal lobe (MTL) and its sub�elds’
volume/functional connectivity can explain individual variability in PA remains understudied. We
investigated the morphological (i.e., gray matter volume; GMV) and functional characteristics (i.e., resting-
state functional connectivity; rsFC) of PA combined with univariate and multivariate pattern analyses
(MVPA) using a large sample of participants (n = 321). We simultaneously collected the T1-weighted (n = 
321), high-resolution MTL T2-weighted, and resting-state functional imaging data (n = 209). The MTL and
its sub�elds’ volumes, including the CA1, CA2 + 3, DG, and subiculum (SUB), perirhinal cortex (PRC), and
parahippcampus (PHC), were extracted by automatic segmentation of hippocampal sub�elds (ASHS)
software. The morphological results revealed that GMVs in the prefrontal-occipital and limbic (i.e.,
hippocampus, amygdala, and PHC) systems were associated with variability in PA at the whole-brain
level using MVPA but not univariate analysis. Linear regression results further revealed a positive
association between the MTL sub�elds’ GMV, especially for the right PRC, and PA after controlling for
several covariates. PRC-seed-based rsFC analyses further revealed that its couplings with the fronto-
parietal-occipital system predicted PA in both univariate and MVPA. These �ndings provide novel insights
into the neuroanatomical and functional substrates underlying human PA trait. Findings also suggest
critical contributions of the MTL and its sub�eld of the perirhinal cortex, but not hippocampal sub�elds,
as well as its functional coupling with the fronto-parietal control-system on the formation of PA.

Introduction
Positive Affect (PA) typically refers to feelings that correspond to pleasurable or hedonic interactions with
one’s environment, such as happiness and excitement (Clark et al., 1989). Such feelings are stable and
long-lasting, thereby distinguishing the construct from moods and emotions while still sharing common
characteristics (Russell & Carroll, 1999). PA is not only associated with psychological and physical health
(Perkinsporras et al., 2008; Pressman & Cohen, 2005), but also in�uences cognitive processes, such as
working memory (Yang et al., 2013), decision-making (Isen, 1993), attention selection (Rowe et al., 2007),
and problem solving (Isen et al., 1987). Higher levels of PA yield a number of cognitive, interpersonal,
physiological, and subjective well-being bene�ts that promote resilience against adverse situations
(Diamond & Aspinwall, 2003; Lyubomirsky et al., 2005). In contrast, lower levels of PA are often
accompanied by increased risk for several psychiatric disorders, including problematic substance use
(Martinotti et al., 2012), depression/anxiety (Headey, 1993), and externalizing problems (Lunkenheimer et
al., 2011). Accordingly, targeting the PA system has been thought to be a promising intervention for
treating anxiety and depression (Taylor et al., 2017). Hence, compared to Negative Affect (NA), PA has
been gaining attention among scholars, particularly within the �eld of neuroscience.

The medial temporal lobe (MTL) is a complex brain structure and consists of the hippocampal region (CA
�elds, dentate gyrus, and subicular complex) and the adjacent perihinal, entorhinal, and parahippocampal
cortices (Squire et al., 2004). These adjacent cortices’ distinct sub�elds are thought to be functionally
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dissociated, with the hippocampus subserving the recollection memory, the perirhinal cortex supporting
recognition and associative memory (Barense et al., 2002), and the parahippocampus contributing to
human spatial navigation (Epstein, 2008). Beyond learning and memory, these sub�elds were also
involved in stress regulation and emotional reactivity, including PA (Admon et al., 2009; Pellman & Kim,
2016). When individuals experience external or internal stress, the hippocampus is believed to provide a
negative feedback mechanism primarily via the hypothalamic pituitary adrenocortical axis (HPA) (Frodl &
O’Keane, 2013). Additionally, patients with parahippocampal cortex lesions have previously exhibited
highly abnormal judgments to dissonant music, appraising it as being slightly pleasant in contrast to
controls who found it unpleasant (Gosselin et al., 2006). These processes of learning/memory, stress
responses, and emotional reactivity/judgment are considered crucial components for PA formation,
implicating the hippocampal neural substrates underlying PA.

Longitudinal evidence suggests that the degree of volume reduction in the hippocampus and striatum
from early to mid-adolescence can be uniquely predicted by depression beyond time (Whittle, Lichter, et
al., 2014; Whittle, Simmons, et al., 2014). Further, roaming entropy (i.e., variability of an individual’s
physical location to determine experiential diversity) has been demonstrated to promote PA via functional
coupling of the hippocampus and striatum (Heller et al., 2020). Hence, we further explored whether such
associations between grey matter volume (GMV) in the hippocampus, including its sub�elds, and PA
likewise occur in a large sample of young adults.

Along the longitudinal axis, the hippocampus can be functionally divided into the dorsal, intermediate,
and ventral portions (Fenton, 2010). Along the transverse axis, it can also be parcellated as the CA1, CA2,
CA3, and dentate gyrus (DG) (Vos et al., 2018; Winterburn et al., 2013). A large body of studies has
demonstrated separated functions of these subdivisions on cognition and affect (Bonnici et al., 2013;
Cao et al., 2017). In particular, prior imaging studies have found distinct contributions of the hippocampal
sub�elds on relational memory formation whereby the CA2-3 and DG were active when encoding pairs
(i.e., face-name) while the subiculum (SUB) was activated during retrieval (Zeineh et al., 2003). Volume
reductions of hippocampal sub�elds, particularly in CA2/3/4 and the hippocampal tail, have been
observed in affective disorders, such as bipolar disorder and major depressive disorder, as well as be
associated with the progression of these illnesses (Cao et al., 2017; Macoveanu et al., 2021). Moreover,
early childhood experiences (e.g., childhood maltreatment) have been identi�ed as critical factors that
in�uence the functional and structural alterations of hippocampal sub�elds, such as CA3, DG, and SUB
(Choi et al., 2012). The perirhinal cortex is also another hub region engaging in recognition memory (i.e.,
familiarity) (Brown & Aggleton, 2001), object perception (E. A. Murray & Richmond, 2001), within- and
between-associations (Suzuki & Naya, 2014), and associative recall (Suzuki & Naya, 2014). PA depends
on several mental processes mentioned before (e.g., relational memory, affective experience, emotional
responses, and associative encoding/recall) in addition to early environmental factors, which both
reshape the experience of PA and buffer the onset of various psychiatric disorders. However, PA’s
potential association with MTL sub�elds, including the hippocampal sub�eld volumes and functional
connectivity, needs further empirical examination.
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Beyond the isolated brain region, the human brain is organized into several functional networks that
exhibit mutual communication and integration between them. To date, intrinsic functional connectivity
has been demonstrated as a critical approach to explore and understand the underlying functional
networks and their communication (van den Heuvel & Pol, 2010). Recent studies have shown extensive
cortical functional connectivity of the human hippocampal system, including the perirhinal cortex via 7T
imaging technique (Ma et al., 2022). Moreover, the perirhinal cortex has been documented to receive
inputs from prefrontal cortex and visual “what” stream, and exhibits preferential connectivity with a
network involved in visceral processing (S. F. Wang et al., 2016). However, what the speci�c functions of
distinct MTL sub�elds’ functional connectivity on PA are remain unclear.

In the present study, we systematically explored the potential associations between MTL sub�elds’
volume/functional connectivity and PA via univariate and multivariate pattern analysis (MVPA)
approaches in a large sample of young adults (n = 321). To quantitatively assess the grey matter volumes
(GMVs) of MTL sub�elds, we simultaneously collected subjects’ high-resolution T2-weighted and resting-
state functional imaging data (n = 209) and employed automatic segmentation of hippocampal sub�elds
(ASHS) tool to divide MTL into seven sub�elds, such as the CA1, CA2 + 3, DG, subiculum (SUB), perirhinal
cortex (PRC), and parahippocampus (PHC) combined with T1-weighted imaging data. Subjects then
provided self-reports of PA to be analyzed. Given the current literature, we hypothesized that there are
associations of PA with GMVs and functional connectivity at the whole-brain level and MTL-based level,
which exhibit speci�c characteristics.

Materials And Methods
Subjects

Three hundred twenty-one subjects (108 males; age ranged from 17 to 26 years old; Mean age ± SD =
19.93 ± 1.51) participated in this study and their T1-weighted MRI data were collected. Only 209 of
participants further included T2-weighted high-resolution MTL and resting-state functional MRI data (70
males; age ranged from 17 to 26 years old; Mean age ± SD = 20.04 ± 1.79). Twenty-six subjects were
further excluded due to excessive head motion (framewise displacement [FD] > 0.5 mm) in the following
functional connectivity analysis. All subjects were free from neurological or psychiatric history. Informed
written consent was obtained from the subjects before formal study procedures were conducted. This
study was approved by the Institutional Review Board of the Faculty of Psychology at Tianjin Normal
University (No. XL2020-27), China.

Positive Affect and Negative Affect

A 14-item version of the Positive Affect and Negative Affect Schedule (PANAS) assessed how often
people had felt six kinds of positive emotions (e.g., pleasant, happy, cheerful) and eight kinds of negative
emotions (e.g., unpleasant, guilt, stress) in the past week (Kuppens & Diener, 2008). All 14 emotion items
were assessed on a 7-point Likert scale ranging from 1 (not at all) to 7 (all the time), α = 0.85. Higher
scores on each affect subscale represented greater experience of the respective emotion. The scale has
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documented high reliability and validity in Chinese populations (Kong & Zhao, 2013). Although only PA
was subject to analysis in the present study, both PA and NA items were presented to the subjects to
prevent biases. 

Brain imaging data acquisition 

Whole-brain and MTL imaging data were collected via a Siemens 3T Prisma scanner with a 64-channel
head coil at the Center for MRI Research of Tianjin Normal University. Subjects laid supine on the scanner
bed and foam pads were used to minimize head motion. High-resolution T1-weighted structural images
were extracted using MP-RAGE sequence with the following parameters: repetition time (TR) = 2,530 ms;
echo time (TE) = 2.98 ms; multi-band factor = 2; �ip angle = 7 degree; �eld-of-view (FOV) = 224 × 256
mm2; slices = 192; voxel size = 0.5 × 0.5 × 1.0 mm3. In addition, a high-resolution T2-weighted image was
also acquired using a T2-SPACE sequence for use in MTL segmentation. The image plane was
perpendicular to the main hippocampal axis and covered the whole MTL region via the following
parameters: TR = 1,3150 ms; TE = 82 ms; �lp angle = 150 degree; FOV = 220 × 220 mm2; matrix =
512 × 512; thickness = 1.5 mm; slices = 60. Finally, the resting-state functional MRI images were further
collected via the Gradient Echo type Echo Planar Imaging (GRE-EPI) sequences: TR = 2,000 ms; TE = 30
ms; multi-band factor = 2; �ip angle = 90°; FOV = 224 × 224 mm2; slice thickness = 2 mm; voxel size =
2 × 2 × 2 mm3. The resting-state functional images included 300 volumes with a running time of 10 min
13 s. During the resting-state scanning, all subjects were required to relax and keep their eyes closed but
to remain awake. 

Structural MRI preprocessing

Structural MRI data were preprocessed using the Oxford Centre for Functional MRI of the Brain (FMRIB)
Software Library voxel-based morphometry (FSL-VBM), a VBM style analysis toolbox implemented in FSL
(version 6.0.0; part of the FSL package; http://www.fmrib.ox.ac.uk/fsl). Structural images of brains were
extracted, tissue-type segmented, and then aligned to the grey matter template in the MNI152 standard
space. The spatially normalized images were then averaged to create a study-speci�c template, at which
the native grey matter images were then registered again using both linear and nonlinear algorithms. The
registered partial volume images were then modulated by dividing them with the Jacobian of the warp
�eld to correct for local expansion or contraction. The modulated segmented images, which represented
GMV, were then smoothed with an isotropic Gaussian kernel with 3 mm standard deviation. The
smoothed data were used for the traditional univariate analysis whereas the unsmoothed data were used
for the MVPA. 

Resting-state fMRI preprocessing

The resting-state fMRI data were �rstly preprocessed via the wise-used GRETNA software and the AFNI
toolbox. The scanner automatically discarded the �rst eight volumes in order to ensure the signal
equilibrium. Furthermore, the �rst ten EPI volumes were also excluded for each subject to factor in the
time needed to adapt to the scanner’s environment and the issue of the magnetization disequilibrium.
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The remaining 290 volumes were further slice-timing corrected, realigned, and registered to the
standardized MNI space. Each fMRI volume was then segmented into different tissue types (i.e., gray
matter, white matter, and cerebrospinal �uid) using DARTEL (Ashburner, 2007). We then performed
temporal detrending, nuisance regression, and bandpass �ltering using AFNI tools. Following a recent
data analysis strategy (Lindquist et al., 2019), nuisance covariates, linear trends, and temporal �lters
(0.01~0.1 Hz) were entered in a single regression model to prevent the reintroduction of noise artifacts. In
the current model, the nuisance covariates included the average signals from the cerebrospinal �uid and
white matter, the global signal, and 24 motion parameters (Friston et al., 1996). 

Segmentation of MTL sub-regions

MTL sub�eld volume was measured via the automatic segmentation of hippocampal sub�elds (ASHS)
(Yushkevich et al., 2010, 2015). The ASHS approach separates hippocampal sub�elds based on a multi-
atlas segmentation approach with joint label fusion that corrects for bias through machine learning.
ASHS further utilizes the input of both high-resolution T1-weighted and T2-weighted images to obtain
best separation. In doing so, the ASHS technique is automated at the MRI pre-processing, image
separation, bias correction, and re�ning stages to parcellate the MTL into seven subregions, including
CA1, CA2+3, the DG, the subiculum (SUB), the perirhinal cortex (PRC), and parahippocampus (PHC).
Additional information about the ASHS technique and its differences from the manual segmentation of
MTL may be found in Yushkevich et al. (2015) and software documentations made available at
http://sites.google.com/site/hipposub�elds/. 

We used two approaches to adjust sub�eld volumes of the MTL to decrease individual variation in head
size. First, we adjusted the hippocampal sub�eld volume in each hemisphere with an analysis of
covariance-based formula:

adjusted volume = raw volume – b × (ICV – mean ICV)

In this formula, b represents the slope coe�cient of the regression of ROI volume on ICV (Raz et al.,
2005). We report all �ndings based on this adjustment approach. Secondly, all hippocampal sub�elds’
volumes on each hemisphere were adjusted by the total hippocampus volume to validate our main
�ndings. Several studies have demonstrated more advantages in compatibility with existing
histopathologic knowledge compared to the FreeSurfer method (Sone et al., 2016). 

Univariate and multivariate pattern analyses

First, we examined possible associations between PA and GMV in whole-brain level using a mixed-effects
FLAME 1 model implemented in FSL. Speci�cally, this model incorporates both �xed effects (i.e., within-
session across-time variances estimated in the �rst level analysis) and random effects (i.e., the true
cross-session variance of �rst-level parameter estimates). The bene�t of this approach is derived from its
ability to model and estimate variances for different groups in the model, capturing potential
associations between different variables. Here, maternal education, paternal education, age at MRI scan,
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sex, and total GMV were included as covariates. In the regression analyses, covariates were entered into
the �rst block of equations. In the second block, mean-centered PA scores were entered. Statistical results
were determined at the cluster level (z > 3.1, p < 0.001) and at the family-wise error rate of 0.05 for the
correction for multiple comparisons using Gaussian Random Field Theory.

Second, in MVPA, Epsilon-insensitive support vector regression (SVR) (Drucker et al., 1997) with a linear
kernel, as implemented in PyMVPA (http://www.pymvpa.org) (Hanke et al., 2009), was employed to
examine the possible associations between PA and GMV at the whole-brain level. A searchlight procedure
with a three-voxel radius (Kriegeskorte et al., 2006) was used to assess the decoding accuracy in the
neighborhood of each voxel. Based on prior studies (Lv et al., 2020; Q. Wang et al., 2021), we set the ε
parameter in the SVR to be 0.01. A three-fold cross-validation analysis was conducted in the present
study. The 321 subjects were divided into three groups of 107 subjects, with matched gender and PA
scores. In each iteration, an SVR model was trained based on two groups of 214 subjects. It is worth
noting that the training dataset was �rst standardized and then applied to the testing dataset. Once
trained, this SVR model then was applied to test the generalization on the remaining group based on their
brain imaging data. The voxel-wise accuracy of SVR prediction was then calculated as the Pearson’s
correlation coe�cient between actual and predicted values of positive affect, and then transformed to the
corresponding z-score maps. Finally, SVR predictions were thresholded using cluster detection statistics,
with a height threshold of z > 3.1, and a cluster probability of p < 0.05, corrected for whole-brain multiple
comparisons using Gaussian Random Field Theory. 

Third, based on the hypothesis that the hippocampus is important for PA as well as the �ndings from the
whole-brain analysis, we further examined the associations between MTL/hippocampal sub�eld volume
and PA using linear regression. Parental education, sex, and age at MRI scan were included as covariates
and the adjusted hippocampal sub�eld volume as the outcome variable. Bonferroni correction was used
to adjust for multiple comparisons (0.05/14 = 0.0036).

Fourth, the right PRC’s mean time course was further calculated for each participant and was correlated
with the time courses of the whole brain to construct the right PRC’s functional connectivity map. This
map was then converted to a z value map using Fisher’s r-to-z transformation and smoothed with a
Gaussian kernel with a full width half maximum of 6 mm. The smoothed data were used for univariate
analysis such as the case with the GMV-related analysis excluding total GMV. Statistical results were
determined at the cluster level (z > 2.3, p < 0.001) and at the family-wise error rate of 0.05 for the
correction for multiple comparisons using Gaussian Random Field Theory. Additionally, we likewise
utilized the unsmoothed rsFC data for MVPA in a manner similar as the above-mentioned analysis in
GMV except for the number of each group. 

Results

Demographics
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In the whole sample (n = 321), the PA scores ranged from 10 to 50 (M ± SD = 27.46 ± 7.83) with no
observed sex differences (t(319) = -1.564, p = 0.119) or variation across age (r = -0.021, p = 0.706),
maternal education (r = 0.035, p = 0.530), paternal education (r = -0.025, p = 0.661), or total GMV (r = 0.006,
p = 0.916). In the subsample with T2-weighted image data (n = 209), the M ± SD of PA scores were 27.45 
± 7.86. Consistent with the whole sample analysis, PA scores were not signi�cantly correlated with age (r 
= 0.054, p = 0.441), maternal education (r = 0.004, p = 0.954), or paternal education (r = -0.087, p = 0.209)
within this group. Further, PA scores were normally distributed (Shapiro-Wilk Z = 0.184, p > 0.05), further
con�rming the suitability of the parameter estimation in the following statistical analyses.

Associations Between Gmv And Pa In The Whole-brain
Level
The present study aimed to explore the potential associations between MTL morphological and
functional connectivity characteristics and PA. First, we used the traditional univariate analysis approach
to examine whether there are signi�cant correlations between speci�c brain regions’ GMVs and PA at the
whole-brain level but found no statistical evidence of such an effect. Considering higher sensitivity of
MVPA on distributed coding of information and detecting brain-behavior associations than univariate
analysis (Jimura & Poldrack, 2012; Q. Wang et al., 2014), we further applied this approach to examine the
associations between PA and brain morphological index. As expected, MVPA revealed that PA was
associated with the GMVs in several brain regions, such as the right hippocampus (peak MNI = 28, -22,
-10, Z = 3.71), left parahippocampus (MNI = -26, -20, -24, Z = 3.88), left amygdala (MNI = -34, -8, -16, Z = 
4.83), right precentral gyrus (MNI = 36, -14, 44, Z = 4.52), left lateral occipital cortex (LOC; MNI = -26, -70,
24, Z = 4.31), left frontal pole (FP; MNI = -16, 70, 6, Z = 4.66), right ventromedial prefrontal cortex (VMPFC;
MNI = 6, 44, -24, Z = 4.22), right inferior frontal gyrus (IFG; MNI = 44, 28, 4, Z = 4.08), right subcallosal
cortex (MNI = 2, 12, -24, Z = 4.73), and right cerebellum (MNI = 6, -52, -14, Z = 5.56) (Fig. 1A & Table 1). In
probing the direction of the associations between these ROIs’ GMVs and PA, an additional correlational
analysis revealed that PA was positively associated with the GMVs in the hippocampus, VMPFC, FP, and
cerebellum. In contrast, the remaining ROIs showed negative associations between their GMVs and PA.
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Table 1
Brain regions whose GMVs predicted PA in multivariate analysis

Brain regions Cluster size (voxels) MNI Coordinates Z score

X Y Z

L amygdala 35 -34 -8 -16 4.83

R hippocampus 11 28 -22 -10 3.71

L parahippocampus 7 -26 -20 -24 3.88

L Frontal pole 123 -16 70 6 4.66

R VMPFC 122 6 44 -24 4.22

R Subcallosal cortex 92 2 12 -24 4.73

R IFG 78 44 28 4 4.08

R Precentral gyrus 150 36 -14 44 4.52

R Cerebellum 126 6 -52 -14 5.56

L LOC 131 -26 -70 24 4.31

Abbreviation:

VMPFC, ventromedial prefrontal cortex; IFG, inferior frontal gyrus; LOC, lateral occipital cortex.

To directly compare the univariate and MVPA results, z statistics of each voxel in these ROIs’ areas were
plotted. As shown in the Fig. 1B, all paired-sample T-test revealed that the z statistics of the MVPA were
signi�cantly larger than those of the univariate analysis (all ts > 20.12, ps < 0.0001), and strongly
distributed on the upper diagonal line (i.e., larger z scores), suggesting that the effect size was higher for
MVPA compared to univariate analysis.

Direct Link Between Mtl Sub�elds’ Volumes And Pa
Based on the signi�cant correlations between GMV in the right hippocampus/PHC and PA observed in the
whole-brain analysis, we further examined which MTL sub�eld volume was associated with individual’s
variability in PA. First, automatic segmentation of the medial temporal lobe is shown in Fig. 2. The MTL
sub�eld volumes are listed in Table 2. All paired sample t-tests on the left versus right comparisons of
volumetric data are presented in Table 2. Signi�cant differences in volumes between the left and the right
hemispheres were found in the CA1, CA2 + 3, DG, ERC, PRC, and SUB.
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Table 2
Comparison of left and right sub�eld volumes with paired samples t-test

  Left Mean Right Mean t value p value

CA1 mm3 780 810 -5.43*** 1.59e-07

CA2 + 3 mm3 329 315 4.07*** 6.74e-05

DG mm3 808 949 -28.21*** < 0.0001

ERC mm3 572 719 -23.51*** < 0.0001

PHC mm3 2780 2765 0.61 0.542

PRC mm3 3178 2927 8.17*** 2.91e-14

SUB mm3 582 435 38.38*** < 0.0001

Abbreviation: CA1, Cornu ammonis 1; CA2 + 3, Cornu ammonis 2 and 3; DG, dentate gyrus; ERC,
entorhinal cortex; PHC, parahippocampus; PRC, perirhinal cortex; SUB, subiculum. *** p < 0.001.

Second, correlational analysis showed a signi�cantly positive correlation between PA and GMV in only
the right PRC (r = 0.221, p = 0.001) (Fig. 3A). Furthermore, linear regression models further evidenced this
positive association between the two variables even after controlling for several covariates (β = 16.315, p 
= 0.0011, R2 = 0.073, Bonferroni correction p = 0.015). In line with this outcome, we observed a signi�cant
association between the right PRC and PA (r = 0.232, p = 0.0004) (Fig. 3B) in the second adjustment
method via total hippocampal volumes. After controlling for covariates, this association remained
signi�cant (β = 0.0014, p = 0.00021, R2 = 0.087, Bonferroni correction p = 0.003). However, we did not
identify any other signi�cant �ndings in the remaining MTL sub�elds’ volumes (all ps > 0.065,
uncorrected). Importantly, the similar patterns were replicated (all corrected ps < 0.034) in the functional
dataset (n = 183) after excluding the subjects with large head motion.

Prc-seed-based Rsfc Could Predict Individual’s Pa
Here, we further explored how the right PRC modulates PA via speci�c functional connectivity with other
brain regions. First, traditional univariate analysis was used to examine the associations between PRC-
seed-based rsFC and PA (n = 183). Results showed that PA was positively correlated with the right PRC-
seed-based couplings with the left LOC (MNI = -34, -70, 16, Z = 4.07) and right PHG (MNI = 26, -24, -24, Z = 
3.99), while negatively with the couplings with the left DLPFC (MNI = -40, 20, 8, Z = 4.18) and left FP (MNI
= -28, 60, 26, Z = 3.93) (Fig. 4A & Table 3).
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Table 3
Brain regions whose functional connectivity with right PRC seed predicted PA in univariate and

multivariate analysis
Brain regions Cluster size (voxels) MNI Coordinates Z score

X Y Z

Univariate analysis          

L parahippocampus (+) 972 26 -24 -24 3.99

L Lateral occipital cortex (+) 991 -34 -70 16 4.07

L DLPFC (-) 531 -40 20 8 4.18

L frontal pole (-) 422 -28 60 26 3.93

Multivariate analysis          

L IFG 324 -38 22 12 5.10

L frontal pole 201 -18 58 -14 4.90

R VMPFC 129 4 52 0 5.74

R frontal pole 146 22 46 -18 5.12

DMPFC 121 0 56 20 4.87

L DLFPC 141 -26 48 20 3.86

L lateral orbitofrontal cortex 210 -42 32 -6 6.22

L Superior parietal lobule 210 -24 -50 36 5.37

R Superior parietal lobule 127 38 -48 54 4.42

L parahippocampus 226 -14 -22 -22 5.28

R Occipital pole 187 12 -92 22 4.87

R Middle cingulate cortex 185 4 -6 46 4.99

L Occipital pole 138 -6 -92 10 4.32

L Lateral occipital cortex 291 -24 -88 18 4.49

R COC 121 44 -18 16 5.75

L Middle temporal gyrus 117 -60 -42 -6 4.78

L Posterior cingulate cortex 115 -8 -36 14 5.88

R Lateral occipital cortex 114 22 -64 52 4.26

Abbreviation: VMPFC, ventromedial prefrontal cortex; IFG, inferior frontal gyrus; DLPFC, dorsolateral
prefrontal cortex; DMPFC, dorsomedial prefrontal cortex; COC, central opercular cortex.
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Brain regions Cluster size (voxels) MNI Coordinates Z score

X Y Z

R cerebellum 176 16 -58 -52 5.01

Abbreviation: VMPFC, ventromedial prefrontal cortex; IFG, inferior frontal gyrus; DLPFC, dorsolateral
prefrontal cortex; DMPFC, dorsomedial prefrontal cortex; COC, central opercular cortex.

In contrast, MVPA revealed that the functional connectivity of the right PRC seed with the fronto-parietal-
occipital system successfully predicted individual variability in PA. The fronto-parietal system
predominantly included the left inferior frontal gyrus (IFG; MNI = -38, 22, 12, Z = 5.1), left DLPFC (MNI =
-26, 48, 20, Z = 3.86), left lateral orbitofrontal cortex (lOFC; MNI = -42, 32, -6, Z = 6.22), left FP (MNI = -18,
58, -14, Z = 4.90), right FP (MNI = 22, 46, -18, Z = 5.12), right VMPFC (MNI = 4, 52, 0, Z = 5.74), DMPFC (MNI 
= 0, 56, 20, Z = 4.87), left SPL (MNI = -24, -50, 36, Z = 5.37), right SPL (MNI = 38, -48, 54, Z = 4.42) (Fig. 4B &
Table 3). The occipital system mainly included the left LOC (MNI = -24, -88, 18, Z = 4.49), right occipital
pole (OP; MNI = 12, -92, 22, Z = 4.87), left OP (MNI = -6, -92, 10, Z = 4.32), and right LOC (MNI = 22, -64, 52,
Z = 4.26). In addition, similar prediction brain regions also included the right middle cingulate cortex
(MCC; MNI = 4, -6, 46, Z = 4.99), left PHG (MNI = -14, -22, -22, Z = 5.28), left posterior cingulate cortex (PCC;
MNI = -8, -36, 14, Z = 5.88), left middle temporal gyrus (MTG; MNI = -60, -42, -6, Z = 4.78), right central
opercular cortex (COC; MNI = 44, -18, 16, Z = 5.75), and right cerebellum (MNI = 16, -58, -52, Z = 5.01).

Discussion
The present study explored the neuroanatomical and functional substrates of PA, with particular focus on
MTL sub�eld volumes and its functional couplings with other brain regions using univariate and MVPA
approaches in a relatively large sample. At the whole-brain level, MVPA results revealed that the GMVs in
the prefrontal-limbic-occipital system were associated with individual variability in PA. At the sub�eld
level, linear regression analysis further revealed a positive association between the MTL sub�elds’ GMV,
particularly for the right PRC, and PA. At the functional level, univariate and MVPA both predicted the
right-PRC-based functional couplings with the fronto-parietal-occipital system on PA. This study provides
an early investigation into the contributions of the MTL sub�elds’ structural architecture and functional
organization on PA to highlight the importance of MTL, particularly the PRC, on human PA trait.

Our multivariate analysis revealed that individuals with higher PA also exhibited larger hippocampal
volume but smaller amygdala volume, supporting past �ndings on adolescents (Whittle, Lichter, et al.,
2014; Whittle, Simmons, et al., 2014). The hippocampus and amygdala have been widely thought to play
critical roles in emotional responses and affect experiences (Mackiewicz et al., 2006; Waraczynski, 2016).
Speci�cally, the amygdala processes social signals of emotion, particularly negative emotions (i.e., fear),
and consolidates emotional memory (Richardson et al., 2004). Damage to this region can lead to
impairments in the processing of faces and other social signals (Dalgleish, 2004) in addition to altering
the subjective experiences of positive and negative affect (Hsu et al., 2005). Past fMRI studies found that
emotional blunting negatively correlates with neural activation in the amygdala during the processing of
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PA (Rahm et al., 2015). In contrast, hippocampal volume has been directly linked with PA during
adolescence (Whittle, Lichter, et al., 2014; Whittle, Simmons, et al., 2014). Even among animal studies,
there has been a consistent link between the subjective experiences of positive emotion and hippocampal
cell proliferation (Wöhr et al., 2009; Yamamuro et al., 2010). Considering the functional coupling between
these two brain regions (Smith et al., 2006), it has been proposed that amygdala-related emotional
responses and hippocampus-related emotional memory might support the formation of human PA trait.

Beyond the whole volume of the hippocampus, MTL sub�elds’ volume, especially the PRC, was observed
to explain individual PA variability in the current study. This remained consistent across two different
adjustment methods. Indeed, the MTL is a complex region and exhibits functional and structural
speci�city for its distinct sub�elds (Alkadhi & Dao, 2019). The PRC, a critical sub-structure anatomically
located at the boundary between the medial temporal lobe and the ventral visual pathway, represents
both within (i.e., face-face) and between-domain associations (i.e., face-name), as well as contributing to
declarative memory (i.e., episodic and semantic memory) via an interaction way with the hippocampus
(Naya, 2016). Larger PRC volume may also hint at a stronger positive emotion/affect associative
memory with daily events for easier recall of PA experiences from long-term memory, further promoting
the formation and development of said PA experiences. Consistent with this morphological �nding,
resting-state functional connectivity analyses evidenced right PRC-visual pathway couplings, including
LOC and OP brain regions, which could predict individual PA trait. Taken together, our study extends the
contribution of MTL on PA into its sub�eld of the PRC, which further improves our understanding of the
neural mechanisms of PA formation.

In the current study, the fronto-parietal system, with particular emphasis on the volume in the IFG/FP and
functional couplings of PRC-seed with several prefrontal and parietal cortices (i.e., IFG/FP/DLPFC/SPL),
have been found to support the formation of PA. Such brain regions were thought to predominantly exert
top-down emotion regulation to change individual subjective affect experiences (Ochsner et al., 2012).
Emotion regulation re�ects modulation to ongoing emotional responses through an active involvement of
regulatory processes regardless of behavioral or cognitive strategies, such as situation modi�cation,
attentional deployment, cognitive change, and response modulation strategies (Aldao et al., 2010).
Considerable task-based functional imaging results have demonstrated that emotion regulation depends
on the aforementioned brain regions and its potential down-modulation site locations on amygdala-
centered hub region in order to increase PA and decrease negative emotional responses (Ochsner, 2003).
Dysfunctional coupling between the control system (i.e., prefrontal cortices), affect system (i.e.,
amygdala), and memory system (i.e., PRC) has been proposed to explain atypical PA and NA experiences
(Etkin et al., 2015). We likewise observed the contribution of the PRC-IFG/FP functional coupling on PA,
which further provides the underlying functional modulation pathway subserving to PA. We also found
that GMV in VMPFC was associated with PA. This region generally integrates affective valuations of
speci�c stimuli made by the amygdala with inputs from other regions, including hippocampus-related
memory system that provide affective information about prior encounters with the stimuli (Cunningham
et al., 2011). Lesions in this region directly damage the PA and NA responses independent of context in
both humans and animals (Beer et al., 2003; Elisabeth A. Murray et al., 2007). Moreover, the resting-state
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functional connectivity analysis further demonstrated the functional coupling between this region and the
right PRC that could predict PA, which provide a potential pathway supporting the formation of PA. Hence,
the prefrontal cortices are not only critical to affect-regulation but also support the affect experiences and
valuations of stimuli, which both determine the generation and formation of human affect trait via
interaction with the amygdala-related emotion and PRC-related memory system.

Aside from the control and emotion systems, the volumes of visual processing systems, subserved by
LOC, are likewise critical for inversely predicting PA. The LOC in humans is known as the “extrastriate
visual cortex” and has been considered to be a critical region on visual object perception (Emberson et al.,
2017; Grill-Spector et al., 2001). Importantly, this region is connected to face-processing core networks,
including fusiform face area (FFA) and occipital face area (OFA) (Nagy et al., 2012), and plays a crucial
role in face discrimination and expression processing by sending primary sensory signals (Pitcher et al.,
2014; Rossion et al., 2001). Moreover, the intrinsic functional coupling between LOC and FFA has been
demonstrated to predict individuals’ ability to discriminate the identity of face images with noise
(Hermann et al., 2015). Abnormal LOC-FFA functional connectivity is associated with dysfunctional face
processing, especially among those with autism spectrum disorder (Nickl-Jockschat et al., 2015). Past
neuroimaging studies have implicated the engagement of LOC on representations of facial expressions
(Grecucci et al., 2010; Greening et al., 2018). Taken together, the visual processing network, including LOC
and OP, may provide primary face-related processing signals that are further integrated to generate
subjective experiences of facial expression, thereby being vital for the formation of human PA.

Functional connectivity analyses further revealed that the PRC-occipital system coupling predicted
individual variability in PA using both the univariate and MVPA approaches. Combined with GMV
�ndings, the right PRC hub region receives input from the visual information processing system and
further integrates its emotional and affective content to generate PA experience, thereby restoring the
human long-term memory system. Several studies have demonstrated the importance of the visual
processing system on emotional and facial expression information processing (Pessoa & Adolphs, 2011).
Hence, the occipital system was thought to provide basic emotional/affective information for the PRC
memory system that then projects to the high-level prefronto-parietal control network for further
integration and modulation.

In the univariate voxel-wise analysis, we did not observe any signi�cant associations between the brain
structural morphological features and PA. In contrast, the MVPA approach detected potential brain-
behavior associations based on distributed representational patterns on voxels’ GMVs, consistent with
previous studies that highlighted higher sensitivity in MVPA (Q. Wang et al., 2016, 2021). To date, this
method has been widely employed to investigate the neural mechanisms of higher-level cognitive
processes and various behavioral indexes (Haxby et al., 2014; Norman et al., 2006; Q. Wang et al., 2014),
which opens a new opportunity to directly decode and understand how the human brain works. In our
study, direct comparison likewise demonstrated higher sensitivity for MVPA relative to traditional voxel-
wise analysis in several brain areas, especially in the MTL region. Higher sensitivity provides implications
for further exploring whether the MTL sub�elds’ volume can predict individual variability in PA. Thus,
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using MVPA to capture the associations between brain morphology and behavior-related performances or
index may be bene�cial in uncovering the underlying neural substrates of PA.

There are several limitations to consider in current study. First, the examined sample was young, ranging
from ages 17–26, limiting the generalizability of �ndings to a wider age bracket. Further research is
necessary to investigate the longitudinal development effects across the lifespan. Second, previous
studies also found that the reward system (i.e., ventral striatum) is critical for PA, which was not observed
in our study. On the one hand, prior studies have typically focused on the functioning of reward system
but not its structural morphological characteristics (Nikolova et al., 2012). Thus, further experimental
designs to dissociate functional and structural associations with PA may be needed in future efforts. On
the other hand, human PA may depend on the topological organization of the whole-brain but not
separated brain regions (Qi et al., 2020), which provides a potential explanation for why we did not �nd
associations with the reward system. Third, the hippocampal sub�elds, including CA1-3, DG, and SUB,
were not found to correlate with individual PA scores, which imply the possibility that PA depends on the
integral neural circuitry between them. Finally, although we found signi�cant correlations between MTL
sub�elds’ volume and PA, especially for PRC, the speci�c functional mechanisms of PRC on PA and
causal relationship are still unknown. Thus, additional experiments to explore its cognitive functions are
needed.

In conclusion, the present study explored the morphological and functional substrates of PA, with
particular focus on the MTL and its sub�elds’ volume, using both the univariate and multivariate pattern
approach. Our �ndings revealed the importance of the MTL and its sub�elds’ hippocampus/PRC in their
relation to PA. Moreover, the fronto-parietal and visual system morphological substrates and functional
couplings with PRC also involve the formation of PA. These �ndings provide novel insights into the
cognitive and neural mechanisms of human affect, especially from the perspective of MTL and its sub-
structure morphology.
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Figure 1

Grey matter volume’s MVPA. A shows where the gray matter volume predicted individual’s PA using
MVPA. B displays the scatterplots of group-level z value of multivariate against univariate analysis for PA
in the brain regions that signi�cantly predict individual’s PA. 
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Figure 2

Visualization of the hippocampal sub�eld segmentations for a single subject and color key. 

Figure 3
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Scatter plots of linear correlation between the gray matter volume in PRC and PA via formula-based (A)
and total hippocampus volume adjusted approaches (B). 

Figure 4

Right PRC-seed-based resting-state functional connectivity predicts individual’s PA via univariate (A) and
MVPA (B).


