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A B S T R A C T

Temperament consists of multi-dimensional traits that affect various domains of human life. Evidence has shown
functional connectome-based predictive models are powerful predictors of cognitive abilities. Putatively, in-
dividuals' innate temperament traits may be predictable by unique patterns of brain functional connectivity (FC)
as well. However, quantitative prediction for multiple temperament traits at the individual level has not yet been
studied. Therefore, we were motivated to realize the individualized prediction of four temperament traits (novelty
seeking [NS], harm avoidance [HA], reward dependence [RD] and persistence [PS]) using whole-brain FC.
Specifically, a multivariate prediction framework integrating feature selection and sparse regression was applied
to resting-state fMRI data from 360 college students, resulting in 4 connectome-based predictive models that
enabled prediction of temperament scores for unseen subjects in cross-validation. More importantly, predictive
models for HA and NS could be successfully generalized to two relevant personality traits for unseen individuals,
i.e., neuroticism and extraversion, in an independent dataset. In four temperament trait predictions, brain con-
nectivities that show top contributing power commonly concentrated on the hippocampus, prefrontal cortex,
basal ganglia, amygdala, and cingulate gyrus. Finally, across independent datasets and multiple traits, we show
person's temperament traits can be reliably predicted using functional connectivity strength within frontal-
subcortical circuits, indicating that human social and behavioral performance can be characterized by specific
brain connectivity profile.
1. Introduction

Human temperament, as a basic inherited characteristic, is comprised
of several multidimensional traits encompassing cognitive, emotional
and behavioral characteristics, which affects various domains of human
life such as job performance, social attitude, quality and stability of social
relationship (Nostro et al., 2017, 2018). Temperament and character
inventory (TCI), as the most influential biopsychosocial model of per-
sonality, consists of four temperament traits (harm avoidance [HA],
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novelty seeking [NS], reward dependence [RD] and persistence [PS])
and three character domains (cooperativeness [CO], self-transcendence
[ST] and self-directedness [SD]) (Cloninger, 2008; Cloninger et al.,
1993). Broadly speaking, temperaments represent individuals' congenital
and automatic behavioral response to the environmental stimuli of
danger, novelty and reward, whereas characters represent individuals'
adaptation to complex social contexts and ability to self-regulation of
temperament (Cloninger and Zohar, 2011). Consequently, temperaments
are postulated to be more genetically determined, innate, and relatively
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stable during the lifetime.
Correspondingly, HA, NS, RD and PS in TCI respectively reflects one's

tendency 1) to inhibit a behavior in order to avoid punishment, 2) to
initiate a behavior towards novelty, 3) to generate a reward-related
behavior, and 4) to maintain an ongoing behavior despite an absence
of reward (Van Schuerbeek et al., 2011). PS was originally considered to
be a subscale of RD, while RD has a stronger social component; e.g., in-
dividuals with high RD are often ambitious, warm, sentimental, pleasant,
sociable, sensitive, sympathetic and socially dependent (Weiner et al.,
2012). Temperament traits have proven to be useful in understanding the
pathogenesis, co-morbidity and treatment of mental illness (Lei et al.,
2014). Notably, clinical practice has demonstrated that individuals who
have extreme temperament scores are concerned with a spectrum of
personality or neuropsychiatric disorders such as depression, addiction,
borderline personality disorder or obsessive-compulsive disorder (Celikel
et al., 2009; Ettelt et al., 2008; Loftus et al., 2008; Richter and Brand-
strom, 2009; Sui et al., 2018). Even in not-dysfunctional situations, the
variance in the normal range of temperaments appears to be linked to
several neurobiological measures, e.g., neurotransmitter metabolites,
in-vivo neuroimaging markers in specific brain areas, especially the
cortico-limbic pathways (Laricchiuta et al., 2014a). For example, a recent
functional study reported that individuals who are novelty seekers
demonstrated greater dorsomedial and lateral orbitofrontal (OFC) acti-
vation, and those who are more harm avoidant demonstrated greater
parahippocampus and putamen activation during cognitive motor de-
cisions (Hu et al., 2016). While for RD and PS, functional imaging studies
confirmed the key role of the OFC-striatum network in reward processing
and behavioral persistence (Jung et al., 2010; Krebs et al., 2009). Coin-
cidentally, a DTI study using probabilistic tracking revealed that NS, RD
and PS were correlated with fiber connectivity between the striatum and
medial prefrontal cortex (PFC), while HA was correlated with fiber
connectivity between the striatum and dorsal PFC, implying the impor-
tance of prefrontal-subcortical networks(Lei et al., 2014). Moreover, a
morphological analysis found significantly positive associations between
regional gray matter volume in normal volunteers and their tempera-
ments scores, specifically, the amygdala with HA, the PFC with NS, and
the caudate with RD, indicating a morphological basis of temperaments
in human brain (Iidaka et al., 2006).

However, despite the well-documented association studies between
temperaments and neuroimaging measures, quantitative prediction for
multiple temperament traits at the individual level has not yet been
carried out; although evidence has suggested that connectome-based
predictive models may serve as predictors of cognitive performance
(Beaty et al., 2018; Jiang et al., 2017b; Rosenberg et al., 2017a; Shen
et al., 2017). Specifically, Rosenberg et al. successfully predicted in-
dividuals' sustained attention using functional network models, demon-
strating that intrinsic functional connectivity (FC) provides an applicable
neuromarker of attention that can be generalized to two relevant mea-
sures of attention across two cohorts (Rosenberg et al., 2016). Similarly,
Finn et al. verified that the frontoparietal FCs can be adopted to predict
the cognitive trait of fluid intelligence in healthy subjects (Finn et al.,
2015). These works set up foundations for future work to reveal how
individual functional brain organization relates to distinct behavioral
phenotypes, while most current TCI studies still focus on group-wise
inference. Moreover, a most recent study provided new inputs to un-
derstanding the neurological basis of personality (Markett et al., 2018),
and contributed to the development of more realistic models of the brain
dynamics that mediate personality differences using ‘train/test’ ap-
proaches based on graph theory (Toschi et al., 2018). Collectively, we are
motivated to search for imaging biomarkers that are able to reveal in-
dividual heterogeneity and perform personalized prediction of temper-
ament (Jiang et al., 2017a).

In this study, we aim to test the possibility of quantitatively predicting
individual temperament scores (NS, HA, RD and PS) using whole-brain
FCs. A short-time resting-state fMRI scan may eventually be helpful for
estimating addictive personality on drugs or substances (based on HA,
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RD) for certain patients, or help to predict the potential job performance
or social achievements (based on NS, PS) for special requirements. Spe-
cifically, we proposed a rigorous cross-validated prediction framework
incorporating feature selection and regression techniques, to predict each
of the four temperament traits, using resting-state fMRI data from 360
healthy college students. Moreover, to verify the validity of the derived
predictionmodels, we adopted human connectome project(HCP) dataset,
in which participants were measured by the NEO five-factor inventory
(NEO-FFI) (Costa and McCrae, 1992) and were recorded with two per-
sonality metrics, neuroticism and extraversion, which closely related to
HA and NS correspondingly. Then the HA-predictive and NS-predictive
models based on selected FC patterns were generalized to neuroticism
and extraversion respectively, demonstrating acceptable prediction ac-
curacy. We hope that this work can complement existing work on indi-
vidual differences of personality and shed light on the neurobiological
mechanisms of human temperament.

2. Materials and methods

2.1. Subjects

The data from the University of Electronic Science and Technology of
China (UESTC) were used as discovery dataset, while data from the
human connectome project (HCP) were used for validation. Details of the
demographic information can be found in Supplementary Table S1.

UESTC Dataset. A total of 440 healthy college students covering a
wide range of research areas including art, music, and science were
recruited from the UESTC. All participants were Han Chinese. The
research protocol was approved by the Ethics Committee of School of Life
Science and Technology at the UESTC. Written informed consent was
obtained from each participant. All subjects had no history of neurologic
or psychiatric disorders, and were not taking any medications that could
interfere with their ability to complete a questionnaire or provide MRI
data. Each subject was asked to complete the Chinese version of the TCI-
revised (TCI-R) (Chen et al., 2011). This inventory was translated from
English to Chinese and back-translated and verified through a bilingual
group discussion, and the resulting Chinese versions had high internal
consistency and test-rest reliability as reported in (Chen et al., 2011; Li
et al., 2015). Participants with missing imaging data, incomplete psy-
chological assessment or excessive head motion (defined as >3mm
translation, or >3� rotation during the run) were excluded. Finally, 360
subjects (174 females, mean age 19.4� 1.1 years, in range of 17–24
years) were retained in our study. Apart from TCI, several other clinical
metrics were also measured, details about these measures and their
inter-correlations can be found in Supplementary Table S2.

HCP dataset. We used the released HCP S500 data. After excluding
subjects with either missing fMRI data or missing temperament scores,
463 healthy subjects (269 females, mean age 29.1� 3.5 years, in range of
22–36 years) were retained. HCP participants did not receive the same
temperament tests as in UESTC (i.e. TCI-R), instead, different yet related
personality metrics measured by NEO-FFI (Costa and McCrae, 1992)
were used. The NEO-FFI consists of 60 items in the form of statements, 12
for each of 5 factors (neuroticism, extraversion, openness, agreeableness,
and conscientiousness), in which neuroticism and extraversion are
considered to be quite relevant to HA and NS in TCI respectively (Lar-
icchiuta et al., 2014b). Although similarities between extraversion and
other temperament dimensions were also reported elsewhere (De Fruyt
et al., 2000), extraversion was considered to share more common char-
acteristics with NS (Iidaka et al., 2006; Kyeong et al., 2014; Laricchiuta
et al., 2014a). Furthermore, several attempts had been made to group
many affect-related traits into two categories. Namely, traits such as HA
in TCI, neuroticism in NEO, and behavior inhibition system all belong to
negative emotionality, whereas NS in TCI, extraversion in NEO, and
behavior approach system belong to positive emotionality(Reuter et al.,
2006). Based on above reasons, we adopted neuroticism and extraversion
as validation measures for HA and NS, to test the generalizability of the
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achieved predictive models; whereas RD and PS were not validated in
this study due to lack of corresponding metrics.

2.2. MRI data acquisition

Details regarding data acquisition and preprocessing can be found in
Supplementary file S1.

2.3. Resting-state functional connectivity analysis

For both the UESTC and HCP datasets, the registered functional MRI
volumes in the Montreal Neurological Institute template were divided
into 246 regions of interests (ROI) from the Brainnetome Atlas(Fan et al.,
2016) (https://scalablebrainatlas.incf.org/human/BNA), serving as 210
cortical and 36 subcortical nodes when calculating FCs. Mean regional
time series were obtained for each individual by averaging fMRI time
series over all voxels in each of the 246 ROIs. Pearson correlations of time
courses between each node pair were calculated, and were normalized to
Z scores using Fisher transformation, resulting in a 246� 246 symmetric
FC matrix for each subject. After removing 246 diagonal elements, we
extracted the upper triangle elements of the FC matrix as features for
prediction, namely, each subject has a feature vector in the dimension of
(246� 245)/2¼ 30135.

2.4. Individualized prediction

A prediction framework integrating feature selection and sparse
regression was adopted to predict the continuous temperaments scores.
For neuroimaging data with feature dimension considerably over-
whelming the sample size, feature selection is necessary to reduce the
redundancy, simplify the fitted model, and enhance the generalizability
(Bermingham et al., 2015). As shown in Fig. 1, we implemented a nested
10-fold cross-validation strategy. Specifically, in each outer loop of the
10-fold cross-validation, one fold (10%, 36 subjects) was left out as
testing subjects, and the remaining 9 folds (324 subjects) were used as
the training set, in which a 10-fold LASSO (least absolute shrinkage and
Fig. 1. The prediction and validation flowchart incorp
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selection operator) regression was run to determine the optimal features
and build the model (Cui et al., 2016). The details are shown below:

2.4.1. Inner training loop

i) Feature selection: The Pearson's correlation between the specific
temperament scores and each of the 30135 connections was first
calculated. By applying a statistical p-threshold, we retained a
reduced number of FCs (Cui et al., 2016; Rosenberg et al., 2017b).
The optimal p-threshold was determined by the data, and once
determined, it remains constant across all loops.

ii) Regression model building: The specific temperament scores were
estimated with the selected connections by LASSO with 10-fold cross-
validation in training set, resulting in a regression model. Details
regarding the prediction procedure can be found in Supplementary
file S2.

2.4.2. Outer predicting loop
The left-out subjects in one fold were then input into the regression

model derived with inner training data, generating the estimated
temperament scores. This loop was repeated 10 times to test through all
subjects. Each time, the predicted temperament scores for the left-out
subjects, the identified FCs and their corresponding weights in the
regression model were obtained. By pulling together all testing subjects
across 10 loops, we obtained the prediction results for all subjects. The
prediction performance was calculated by correlating the model-
predicted temperament values with the actual scores. The root mean
square error (RMSE) and normalized RMSE (NRMSE) were also calcu-
lated (Meng et al., 2017). In order to confirm the specificity of the pre-
dictive models and controlling for potential confounds, the partial
correction between predicted and true temperament scores after ruling
out age, mean frame-to-frame displacement, and IQ was also calculated
(Cui et al., 2017).
orating feature selection and regression analysis.

https://scalablebrainatlas.incf.org/human/BNA
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2.5. Selecting predictive FCs for each temperament trait

Since we applied a cross-validation strategy to estimate the temper-
ament scores, in each iteration, slightly different FCs were selected. The
relative weights for all selected FCs were determined by averaging the
regression weights of all loops. For better interpretation and visualization
(Rosenberg et al., 2016), we grouped the 246 FC nodes into 24 relatively
larger brain regions anatomically defined by the Brainnetome atlas (Fan
et al., 2016), and estimated the contributing power of all FCs connecting
among these macroscale regions. Since a varied number of nodes were
included in different macroscale regions (range from 4 to 16), in order to
circumvent the influence of disproportion of nodes, mean contributing
weights were calculated by averaging the total weights of the selected
FCs connecting each pair of this macroscale regions (Fig. 3).To further
ensure the robustness and reliability, we repeated the prediction process
100 times with subjects randomly shuffled, and the contributing weights
of all FCs were averaged across 100 repetitions. Additionally, by selecting
the FCs that were repeatedly identified by all loops (i.e. with a 100%
occurrence rate), we obtained the consensus FCs, as described in (Dos-
enbach et al., 2010; Zeng et al., 2012). The above process was performed
for HA, NS, RD and PS respectively, resulting in 4 groups of consensus
FCs (Fig. 4a and c). The predictability and validity of the consensus FCs
within discovery cohort were evaluated, please see Supplementary file S3
and Fig S1.
2.6. External validation in HCP dataset

In discovery dataset, by fitting the temperament scores (HA and NS)
with the corresponding consensus FCs using multiple linear regression,
we can acquire the HA-predictive and NS-predictive models. To test the
generalizability, we extracted the same consensus FCs as selected in HA-
Fig. 2. Scatter plot of the predicted temperament scores with respect to their t
functional connectome-based prediction framework, Pearson's correlation of r¼ 0.61
r¼ 0.50 (p¼ 2.20� 10�26) were achieved for HA, NS, RD and PS respectively in ne
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predictive model from HCP subjects through Brainnetome Atlas, which
were then directly fed into the HA-predictive model, to examine whether
the predicted neuroticism values still significantly correlated with true
values. Similarly, NS-predictive model was generalized to predict extra-
version in HCP data. Notably, owing to the heterogeneity of age between
UESTC (19–24 years old) and HCP (22–36 years old), we only included
HCP subjects with an age�27 years for validation (155 subjects, 64
males/91 females). Note that here age, head motion and intelligence
level revealed no significant correlations (p> 0.1) with either extraver-
sion or neuroticism. Nonetheless, in order to minimize the potential
confounds of these factors in prediction, we also calculated the partial
correlations between the predicted and observed trait scores, by adopting
age, mean frame-to-frame motion and intelligence level as control mea-
surements (Hsu et al., 2018; Rosenberg et al., 2016).

3. Results

3.1. Individualized prediction

The FC-based prediction models achieved significant correlations be-
tween the predicted and true scores on four temperament traits for 360
healthy subjects (Fig. 2). Specifically, Pearson correlations of r¼ 0.61
(p¼ 1.12� 10�39, RMSE¼ 11.5, NRMSE¼ 0.11), r¼ 0.57 (p¼ 3.79�
10�30, RMSE¼ 9.8, NRMSE¼ 0.10), r¼ 0.61 (p¼ 8.37� 10�41,
RMSE¼ 8.3, NRMSE¼ 0.08) and r¼ 0.50 (p¼ 2.20� 10�26, RMSE¼
12.7, NRMSE¼ 0.11)were achieved forHA,NS, RDandPS respectively, all
passedBonferroni corrections formultiple comparisons. Predictions remain
significant after adjusting for age,mean frame-to-frameheadmotionand IQ
scores (Supplementary Table S3).
rue values based on prediction framework using whole-brain FCs. With the
(p¼ 1.12� 10�39), r¼ 0.57 (p¼ 3.79� 10�30), r¼ 0.61 (p¼ 8.37� 10�41) and
sted cross-validation using whole-brain FCs.



Fig. 3. Mean weights distribution of
whole-brain FCs for each of the four
temperament traits. The mean contributing
weights of whole-brain FCs for HA, NS, RD
and PS were calculated by averaging the
total beta weights in all 1000(100*10)
regression models of the selected FCs. As
shown in the matrix plot, the 246 FC nodes
are grouped into 24 macroscale brain regions
that are anatomically defined by the Brain-
netome atlas; Matrix plots: rows and columns
represent predefined macroscale regions in
Brainnetome Atlas, and a bigger circle rep-
resents a higher predictive weight. Names of
24 macroscale regions were colored accord-
ing to their lobe locations.
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3.2. Predictive FCs for each temperament trait

The relative weights of FCs between each pair of the 24 anatomically
defined macroscale areas are displayed in Fig. 3. Specifically, for HA, FCs
which show more contributing power mainly concentrated between the
hippocampus and OFC, and between basal ganglia and amygdala. For NS,
connections between the amygdala and inferior frontal gyrus, and within
the posterior superior temporal sulcus exhibited more predictive power.
For RD, the most contributing features were FCs between basal ganglia
and amygdala. While for PS, contributing areas included amygdala, basal
ganglia, OFC, paracentral and cingulate gyrus.
3.3. External validation in HCP dataset

To summarize the FC occurrence in all cross-validations, 10, 14, 14
and 8 FCs were repeatedly identified for HA, NS, RD and PS respectively
with a 100% identification rate, which accounted for less than 0.05% of
the whole-brain's 30135 FCs, and we defined them as the consensus FCs,
as shown in Fig. 4a and c. By fitting HA and NS with their corresponding
consensus FCs as regressors for UESTC cohort subjects, we acquired the
HA-predictive and NS-predictive models. In order to test the general-
ization performance of these models, they were used to predict two
corresponding relevant, but different personality measures: neuroticism
and extraversion. As shown in Fig. 4b, significant correlations were ob-
tained for neuroticism (r¼ 0.31, p¼ 1.07� 10�4) and extraversion
(r¼ 0.22, p¼ 0.02) respectively, when directly applying the HA-
predictive and NS-predictive models trained in UESTC to predict for
HCP subjects with age� 27 years. Note that even after controlling for
age, head motion, and fluid intelligence, the predictions for neuroticism
(r¼ 0.32, p¼ 7.05� 10�5) and extraversion (r¼ 0.21, p¼ 0.03) were
still significant, see details in Supplementary Table S3.
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4. Discussion

The ultimate goal of developing imaging biomarkers is to perform
individualized predictions of educational or health outcomes, which can
aid clinical practice in real-world settings (Gabrieli et al., 2015; Sui et al.,
2018). In this work, we successfully predicted individual temperament
scores with whole-brain FCs by machine learning techniques. More
importantly, the generalization performance of the identified FC-based
prediction models was verified in independent cohort on correspond-
ing personality traits, i.e., HA—>neuroticism and NS—>extraversion.
Furthermore, we found that individual differences in temperament traits
are closely linked to the prefrontal-subcortical network, providing evi-
dence for meaningful interactions of the limbic network in the neurobi-
ology of temperaments.
4.1. Temperament-predictive brain regions and their biological significance

4.1.1. Harm avoidance
Harm avoidance refers to individual inhibit behaviors to aversive

stimulus and is conceptualized as excessive worrying, pessimism,
shyness, and being fearful, doubtful, and easily fatigued. Accordingly,
extreme scores of HA are often concerned with anxiety-related disorders
in clinical practice (Jylha and Isometsa, 2006), and consequently the
majority of psychotherapies used to treat anxiety (e.g.
cognitive-behavioral and exposure-based therapies) aim to reduce such
avoidance behaviors (Aupperle and Paulus, 2010). In our study, func-
tional connections demonstrating high predictive power mainly corre-
sponded to prefrontal-subcortical circuit and part of the insula-opercular
networks. Aberrant functional interactions between prefrontal control
and subcortical areas in highly anxious participants (Basten et al., 2011),
and correlations between anxiety and individual differences in



Fig. 4. The identified consensus FCs and their
generalization in external validation dataset.
(a)&(c) 10, 14, 14 and 8 consensus FCs were
identified for HA, NS, RD and PS respectively. As
shown in the circle plots, the 246 FC nodes (inner
circle) are grouped into 24 macroscale brain re-
gions (outer brain representations) that are
anatomically defined by the Brainnetome atlas;
specifically, nodes incorporated in each of 24
macroscale brain areas are plotted with different
colors, which delineate their corresponding
anatomy locations in the outer brain representa-
tions. (b) Generalization of the HA-predictive and
NS-predictive models. The same consensus FCs
were extracted from HCP subjects through
Brainnetome Atlas, and were fed into the above
predictive models directly to predict two relevant
temperament metrics: neuroticism and extraver-
sion, which correspond to TCI temperament traits
HA and NS. Correlations of r¼ 0.31
(p¼ 1.07� 10�4) and r¼ 0.22 (p¼ 0.02) were
achieved when applying the HA-predictive and
NS-predicted models trained in UESTC to predict
the neuroticism and extraversion scores for HCP
subjects with age � 27 years. Values in the x-axis
and y-axis were standardized for visualization.
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prefrontal-subcortical white matter projections (Montag et al., 2013)
have been reported by task fMRI and structural studies. In the regulation
of anxiety-related behaviors, the OFC is responsible for the perception
and control of fear and anxiety, and the amygdala is involved in gener-
ating automatic response to threating stimuli which is controlled by
connections with frontal cortex (Van Schuerbeek et al., 2011), while the
hippocampus interacts with amygdala and PFC in processing of
emotional stimuli (Naghavi et al., 2009). A neural model based on a
physiological experiment indicated that functional interaction between
371
the prefrontal cortex and amygdala basal nucleus plays a role in fear
conditioning and extinction (Sotres-Bayon et al., 2004). More impor-
tantly, several investigations implied an insular-opercular network un-
derlying the processing of emotionally salient information, and
hypothesized it to be a major contributor to anxiety disorders (Markett
et al., 2013, 2016). Results of previous studies also suggested a pivotal
role for neuro-circuitry, consisting of the amygdala, ventral striatal, PFC
and hippocampus, in the pathogenesis of mood and anxiety disorders
including generalized anxiety disorder, social anxiety disorder, panic
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disorder, specific phobia, and posttraumatic stress disorder (Aupperle
and Paulus, 2010). Moreover, increased resting-state functional associ-
ations between the PFC and limbic territories have been hypothesized to
be the basis of inhibited behavior in individuals with high HA scores
(Kyeong et al., 2014).

4.1.2. Novelty seeking
Novelty seeking is expressed as the genetic tendency to exploratory

activity in response to novel stimulation, impulsive decision making,
extravagant approach to cues of reward, and quick loss of temper. In our
results, we found significant predictive power in functional connections
between the PFC and amygdala and connections within posterior supe-
rior temporal sulcus. In accordance with our findings, it is hypothesized
that NS is predominantly linked with a corticolimbic circuity including
the PFC and amygdala, which controls cognitive and attentional func-
tions, reward sensitivity, and emotion expressions (Gardini et al., 2009;
Kelley et al., 2004). Putatively, the PFC has been shown to be responsible
for taking impulsive decisions, response inhibition and impulsive control
(Kim and Lee, 2011),via interactions with other structures such as
amygdala and striatum. It has been reported that a high regional gray
matter volume in PFCmay lead to high NS scores and risky behaviors that
are typically common in adolescents, consistent with the fact that the
frontal gray matter volume reduces gradually from adolescence to young
adults (Kelley et al., 2004). In addition, another study suggested that the
perception and calculation of risk, with regard to risky behaviors such as
drug taking, gambling, and sensation seeking likely involve a still
immature substrate, particularly the PFC and its connections with
amygdala and some other limbic structures (Kelley et al., 2004). The
amygdala may support novelty seeking by modulating hippocampal and
striatal activity in novelty environments (Cohen et al., 2009). No study
has previously found direct evidence for the participation of within
posterior superior temporal sulcus functional connections in
novelty-related behaviors. However, the superior temporal sulcus has
been reported to get involved in comprehension, language, and social
cognition, and structural alterations may disrupt these normal functions
in adolescents with alcohol use disorder (Brooks and Stein, 2016), which
is characterized by a high NS score (Escribano et al., 2016).

4.1.3. Reward dependence
Reward dependence is characterized as a tendency to respond

markedly to signals of reward, particularly to verbal signals of social
approval, social support, and sentiment. According to the TCI model,
individual variabilities in RD are modulated by variance in a single
monoamine neurotransmitter system: the noradrenergic system. Key re-
gions in this reward system are OFC and basal nuclei, especially the
striatum, which is rich in dopamine receptors (Rademacher et al., 2010).
These regions play a critical role in coding the receipt, anticipation and
error in prediction of primary and simple secondary reward (Lebreton
et al., 2009). Both structural and functional imaging studies have
confirmed the key role of the striatum in reward processing (Gardini
et al., 2009; Krebs et al., 2009; Lei et al., 2014). We did not detected any
OFC related connectivity patterns, whereas amygdala-basal ganglia
functional connections were highlighted in our result. Consistently,
previous studies also identified such an amygdala-striatum pathway
underlying the processing of reward-related behaviors (Lintas et al.,
2011b; Stuber et al., 2011). Specifically, the amygdala facilitates
reward-seeking behaviors by the glutamatergic or dopaminergic neuro-
transmission (Lei et al., 2014). It receives innervation from dopaminergic
fibers originating in the ventral tegmental area and sends glutamatergic
projections to the nucleus accumbens predominantly that modulate the
release of dopamine during emotionally salient events, and facilitate
reward-seeking behaviors (Ambroggi et al., 2008; Lintas et al., 2011a).
Additionally, studies also reported that individual variation in reward
sensitivity was highly correlated with activation elicited by appetizing
foods in the fronto-striatal-amygdala-midbrain network (Beaver et al.,
2006).
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4.1.4. Persistence
Persistence denotes perseverance in spite of fatigue or frustration and

is regarded as an adaptive behavioral strategy when rewards are inter-
mittent and contingencies remain stable. The OFC-striatum connection
was postulated to modulate behavioral persistence during uncertain
decision-making and strength of this connection was reported to posi-
tively correlate with the number of persistent response made during a
picture-viewing task (Jung et al., 2010). Specifically, the striatum is
responsible for learning and prediction of reward-based neural activity,
while OFC together with the amygdala works in concert with the stria-
tum when encoding predictive rewards (Gottfried et al., 2003). Although
the OFC-striatum connections didn't reveal the most contributing power
in our result, we observed significant contributing power in connections
between basal ganglia and fusiform, paracentral and OFC, consistent
with existing findings (Gardini et al., 2009). Previous studies revealed
that cortical and subcortical regions exhibited significant functional
connectivity with cingulate and orbitofrontal cortices during
decision-making in uncertain situations (Cohen et al., 2005). Specially,
the cingulate gyrus, key node of the default mode network, has been
proven to get involved in decision making through evaluating the new
outcomes to the expected and previous rewards in changing environ-
ments, given that persistence reflects the ability of decision making in
balancing future rewards to potential risks, when contingencies change
rapidly in uncertain situations (Rushworth and Behrens, 2008). In
accordance with the above finding, functional connectivity within the
cingulate gyrus demonstrated significant predictive power in our result.

4.2. Interaction among TCI temperament traits

Notably, multiple brain regions were repeatedly identified across
different temperaments, including the amygdala, basal ganglia and PFC.
Previous studies attributed it to multitasking or involving in different
neural processes, as well as the genetic interaction between each other
(Bilgi et al., 2015). Although some factor analysis study(Farmer and
Goldberg, 2008) claimed that character and temperament may not
represent psychologically fully-separated domains; however, many re-
searchers also argued that it is quite possible for two moderately corre-
lated traits to represent psychologically distinct constructs (Josefsson
et al., 2013), which support current study. According to the TCI model,
NS is related to the behavioral activation system which governs response
to positive and rewarding stimuli, whereas HA is related to the behav-
ioral inhibition system which governs response to inhabitation and
avoidance behavior (Cloninger et al., 1993). Therefore, HA and NS can
be described as antagonistic to each other (Miettunen et al., 2008). In-
dividuals with high NS and low HA scores have been shown to be asso-
ciated with substance use and alcoholism, whereas individuals with high
HA and low NS scores are often vulnerable to generalized anxiety dis-
order and panic disorder (Cloninger et al., 1988). Besides, NS was re-
ported to share properties with RD. Specifically, stimulus novelty might
enhance exploratory choice in humans through engagement of circuits
within a reward system encompassing striatum, amygdala, and PFC
(Knutson and Cooper, 2005). And a recent fMRI study suggested that the
activity and coordination of salience network may be moderated by NS
and RD, which are associated with risk of addiction (Li et al., 2017).
Regarding NS and PS, they represent two contrary aspects of human
behaviors—impulsive decision making and maintenance of original be-
haviors. Finally, PS was originally considered to be a subscale of RD.
Therefore, it is not surprising that reward system implicated regions were
also detected in PS. In line with the above findings, we found signifi-
cantly negative correlations between NS and HA, PS, and positive cor-
relations between RD and NS, PS (Supplementary Table S2).

4.3. Limitation and future directions

Some issues need to be mentioned. First, our discovery sample
comprised young college students, which included a limited age range
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between 19 and 24 years, nevertheless the HCP participants were older
than those in the UESTC (22–36 years, p< 10�10). It has been demon-
strated that HA shows an increasing trend and NS shows a decreasing
trend with age, relevant to the brains of adolescents and young adults
(Mikolajczyk et al., 2008). These measures may remain rather stable
during the adulthood (Terracciano et al., 2006). Therefore, the temper-
ament prediction models may be age-relevant. Consequently, we found
the proposed temperament model only show good generalizability for
younger adults in HCP dataset (age range, 22–27 years old, 155 subjects,
Fig. 4), when applying generalization from HA to neuroticism and from
NS to extraversion. Consequently, future studies including subjects with a
wider age range or incorporating nonlinearity in regression model should
be considered. In addition, considering the fact that brain functioning can
be better understood as an interplay between FCs embedded into a
network of multiple brain areas (Markett et al., 2016), future work can
explore how the temperament traits relate to different brain wide topo-
logical systems based on resting-state networks by applying method such
as consensus-clustering (Bertolero et al., 2015; Lancichinetti and For-
tunato, 2012).

5. Conclusion

In summary, this is the first attempt to predict temperament scores for
a relatively large number of subjects using fMRI connectivity. Four
connectome-based predictive models were built that enable decent pre-
diction of temperament scores for unseen subjects in cross-validation. A
functional network centered on the prefrontal-subcortical network
including areas of hippocampus, basal ganglia, PFC and cingulate gyrus
was highlighted in multiple traits prediction, potentially due to their
involvement in different neural processes, as well as the genetic inter-
action between each other. More importantly, predictive models for HA
and NS accomplished to be generalized to two corresponding personality
traits, neuroticism and extraversion, in independent dataset. Across two
independent datasets and multiple traits, we show that person's
temperament can be reliably predicted from the strength of functional
connectivity within distinct frontal-subcortical circuits, suggesting that
human social performance is characterized by a specific brain connec-
tivity profile. This finding may deepen our understanding of the under-
lying neurobiological mechanisms of human temperaments,
demonstrating the feasibility of FC-based prediction on human social and
behavioral performance.
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