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Abstract

Emotional deficits in psychosis are prevalent and difficult to treat. In particular, much remains
unknown about facial expression abnormalities, and a key reason is that expressions are very
labor-intensive to code. Artificial intelligence measures of non-verbal expressions (nveAl) can
remove this barrier. The current study sought to increase understanding of facial expression
abnormalities in psychotic disorders by using nveAl. Changes of facial expressions and head
position of participants—39 with schizophrenia/schizoaffective disorder (SZ), 46 with other
psychotic disorders (OP), and 108 never psychotic individuals (NP)—were assessed via
FaceReader, a commercially available automated facial expression analysis software, using video
recorded during a clinical interview. We first examined the behavioral markers of the psychotic
disorder groups and tested if they can discriminate between the groups. Next, we evaluated links
of behavioral markers with clinical features (symptoms, functioning, and physical performance)
controlling for group membership. We found the SZ group was characterized by significantly
less variation in neutral expressions, happy expressions, arousal, and head orientation compared
to NP. These markers discriminated SZ from NP well (AUC=.79, sensitivity=.79,
specificity=.67) but discriminated SZ from OP less well (AUC=.66, sensitivity=.77,
specificity=.46). We also found significant correlations between clinical features and all
behavioral markers (particularly happy expressions, arousal, and head orientation), except
disgust. Taken together, these results suggest that nveAl can provide useful behavioral markers
of psychosis, which could improve research on non-verbal expressions in psychosis and,
ultimately, enhance treatment.

Keywords: facial expressions, emotional expressions, schizophrenia, flat affect, depression,
FaceReader
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1. Introduction

In psychotic disorders, emotional abnormalities are extremely common(Kohler and
Martin, 2006) and are associated with a host of poor outcomes, including lower quality of life
and worse social functioning (Blanchard et al., 1998). These deficits include abnormal non-
verbal emotional expressions, namely blunted affect and inappropriate affect, which are
considered characteristic symptoms of schizophrenia (Bleuler, 1911/1950; Kring and Elis, 2013;
Kring and Moran, 2008; McGlashan, 2011). Blunted affect is characterized by a decrease
variability in spontaneous or elicited expression of emotion (Kirkpatrick et al., 2006).
Inappropriate affect is the expression of affect that is incongruent with the circumstance
(Andreasen, 1984). Blunted and inappropriate affect precede the onset of psychosis (Gooding et
al., 2018; Gupta et al., 2019) and can predict the development of a psychotic illness (Mason et
al., 2004; Schmidt et al., 2017). Despite their prevalence and negative associations with
outcomes, abnormal non-verbal expressions remain poorly understood (Begue et al., 2020), and
there are no effective treatments (Carpenter and Buchanan, 2017). In order to develop more
effective treatments, a better understanding of non-verbal expression abnormalities is needed.
The current study aimed to elucidate these abnormalities by employing artificial intelligence
measures of non-verbal expressions (i.e., nveAl) to determine behavioral markers of psychosis.

A key reason for the limited understanding of abnormal non-verbal expressions of
emotions is the difficulty associated with measuring them (Kohler and Martin, 2006).
Historically, their assessment relied exclusively on clinician ratings. While invaluable in many
ways, these ratings are largely impressionistic. Consequently, ratings are less likely to capture
variability of the patients’ expressions over the course of an interaction (Cohen et al., 2020).

Also, other information about the patient (e.g., diagnosis, inpatient status) can bias interviewers.

3
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The “gold standard” for measurement of facial expressions in research settings has been the
Facial Action Coding System (FACS; Ekman and Friesen, 1978; Ekman et al., 2002). FACS
revolutionized the study of facial expressions by standardizing ratings, which allowed for
meaningful comparisons between patient groups or between emotion expression types within a
patient group. However, FACS, and its companion system, Emotion FACS (Friesen and Ekman,
1983), rely on time-consuming ratings made by extensively trained raters, making it difficult to
implement broadly. Electromyography (EMG) is another way to measure facial movements.
Although sensitive to subtle facial movements, EMG is very obtrusive and may draw
participants’ attention towards their face, making them aware of changes in their expressions
(Ekman et al., 1992). In contrast, nveAl offers to capture nuances of facial expressions while
maximizing efficiency and minimizing potential researcher/participant biases (Hamm et al.,
2011; Wang et al., 2008).

Applications of nveAl to psychopathology are growing (Maithri et al., 2022; e.g., major
depressive disorder; Girard et al., 2013), but to date, few investigations included individuals with
psychosis (Cowan et al., 2022). However, there is some initial evidence of nveAl validity in this
population. Research suggests that the frequency of pleasant expressions measured by nveAl for
individuals with psychosis is lower compared to individuals without psychosis and is negatively
correlated with negative symptom severity (Cohen et al., 2020; Tron et al., 2016). In addition,
prior studies have found significant associations between head position variability/body
movement measured by Al and clinician-rated negative symptoms (Abbas et al., 2021b;
Chakraborty et al., 2017; Park et al., 2009). Nevertheless, the relations between nveAl and a
variety of clinical features have not been studied systematically, leaving it unclear the extent to

which nveAl is associated with other symptoms (e.g., disorganization, depression), everyday
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functioning, and physical performance. Thus, the current study sought to extend previous work
by assessing relations between nveAl and these hallmarks of psychotic disorders.

There is also some recent evidence that nveAl can support diagnostic decision-making,
an area clinicians and clinical researchers are striving to improve (Bromet et al., 2011). Abbas
and colleagues (2021b) reported that an Al measure of head movement variability significantly
differentiated those with schizophrenia (» = 17) from control participants (n = 9), suggesting that
Al could accurately classify participants by diagnosis. Despite this promising finding, the sample
was small, leaving the extent to which nveAl can be used to aid in diagnosis of psychotic
disorders unclear. Thus, the current study aimed to replicate and extend this work by including a
larger sample of individuals with different psychotic disorders and clinical features.

Overall, the current study sought to increase our understanding of non-verbal expression
abnormalities by using Al to identify behavioral markers of psychosis. Given that variability in
expression is expected during a clinical interview (Ekman, 1964; Troisi et al., 2007; Villanueva-
Valle et al., 2021), we examined schizophrenia spectrum disorders, other psychotic disorders,
and never psychotic individuals video recorded during such an interview. First, we examined the
behavioral markers of psychotic disorders using nveAl. Given robust evidence of facial
expression abnormalities in schizophrenia specifically (Gaebel and Wolwer, 2004; Kohler et al.,
2008a; Kohler et al., 2008b), we hypothesized that behavioral markers would discriminate the
groups of individuals with schizophrenia spectrum disorders from never psychotic individuals.
Next, we tested for relations between behavioral markers and a variety of clinical features,
including symptoms, everyday functioning, and physical performance. Given this small, nascent
literature, we had only a few specific hypotheses. Based on previous findings available from both

the Al and broader facial expression literature (Brozgold et al., 1998; Cohen et al., 2020; Girard
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et al., 2013; Kupper et al., 2010; Matsumoto et al., 2008; Rottenberg and Vaughan, 2008), we
predicted that low variability in expressions would be related to clinician-rated inexpressivity

and depression, and head movement would be related to clinician-rated abnormal movements.

2. Materials and Methods

2.1 Participants. Data were drawn from the 25-year follow-up of the Suffolk County
Mental Health Project, a longitudinal study of first-admission psychosis (Bromet et al., 2011;
Bromet et al., 1992; Fett et al., 2020). The 25-year follow-up included 569 participants. As
previously described (Bromet et al., 2011), diagnoses were made by the consensus of study
psychiatrists at 20-year follow-up using all available information, including medical records,
significant other interviews, and the Structured Clinical Interview for DSM- IV (First et al.,
1997).

Analyzable video data were available for 39 individuals with a schizophrenia spectrum
diagnosis (schizophrenia or schizoaffective disorder; SZ group), 46 individuals with other
psychotic disorders (OP group), and 108 never-psychotic (NP group) adults (N = 193). OP group
included bipolar disorder (n = 29), major depression (n = 6), substance induced (n = 4), and other
psychoses (brief reactive psychosis, delusional disorder, and psychosis NOS; n = 7). Table 1
contains demographic information and descriptive statistics for all the measures used in the
current study.

The most common reason that data were unavailable for the current study was because
interviews took place over the phone. There were no differences on any demographic or clinical
variables (i.e., symptom, functioning, physical performance) between those in the current study

versus those not in the current study for any diagnostic group with a single exception. NP
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participants in the current study were slightly more depressed than NP participants not in the
current study (d = 0.31, p =.03).

2.2 Measures.

2.2.1 Behavioral Markers

nveAl Markers via FaceReader. Participants (N = 240) were video recorded while being
interviewed using the Structured Clinical Interview for DSM-IV (SCID; First et al., 1997) and
Quality of Life Scale (QLS; Heinrichs et al., 1984). Participants sat facing the interviewer, and
the video camera was placed on the desk slightly off center. Participants’ data were excluded
from analyses if they had less than 10 minutes of recording where their face could be detected (N
= 47). This left 193 participants, with an average of 43.3 minutes (SD = 24.8) of usable data per
participant.

Video recordings were analyzed using FaceReader version 7 (2018), a facial expression
analysis software. FaceReader is among the most accurate Al for emotion detection (Dupre et al.,
2020). Even in classifying emotions under naturalistic conditions, it was 79% as accurate as
human raters. Thus, it is a widely accepted nveAl method.

FaceReader analyzes individual video frames for landmark features, and using
proprietary deep learning algorithms, the software then integrates these features and determines
the extent to which these features in each frame characterize an emotion expression (neutral,
happy, sad, anger, fear, disgust, and surprise). Scores reflect intensity of each specific emotion
expression is shown during that frame, ranging from 0 (not at all) to 1 (maximum). In addition to
specific emotion expressions, FaceReader calculates overall valence and arousal scores. The
valence score is a dimension of emotional expression ranging from -1 (intense negative) to +1

(intense positive). It is scored by subtracting the highest intensity negative emotion from
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intensity of happy in that frame. The arousal score indicates the extent to which a participant’s
face was active during each frame. Arousal is based on the activation of 20 Action Units of the
FACS, and range in scores from 0 (not active) to 1 (active). Finally, FaceReader provides
information on head orientation in three dimensions, each expressed as angle ranging from -90 to
+90 degrees.

In total, 10 nveAl indicators were calculated. Given our interest in emotional expression
variability, we analyzed within-person standard deviation of each marker, with the exception of
valence. For valence, we analyzed within-person mean, as it indicates the general emotional state
of the participant, whereas variability of valence is already captured by variability of its
components (specific emotions). Head orientation variability was calculated by averaging three
within-person standard deviations (one for each dimension).

2.2.2 Clinical Features

2.2.2.1 Symptoms. We included six measures of symptoms. Reality distortion,
disorganization, inexpressivity, and avolition were scored from the Scale for the Assessment of
Positive Symptoms (SAPS; Andreasen, 1984) and Scale for the Assessment of Negative
Symptoms (SANS; Andreasen, 1983), rated for the past month. As detailed in Kotov et al.
(2016), these four empirical dimensions were derived by a factor analysis of individual SAPS
and SANS item scores in the current sample. Each dimension has been shown to be internally
consistent, stable across assessments, and have strong discriminant validity. Depressive
symptoms were assessed with the Hamilton Depression Rating Scale (HDRS; Hamilton, 1960)
Last, we included full symptom remission defined according to consensus criteria (2005), which

requires ratings of mild or less on all global items of the SAPS and SANS.
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2.2.2.2 Functioning. We included two measures of functioning. Use of public assistance
was coded as 0 =no and 1 = yes (e.g., SSI, SSD, welfare, rent supplements, food stamps). As
detailed previously(2021), recovery status at the 25 year follow-up was defined according to the
criteria of Liberman et al. (2002) which requires ratings of 4 or less on multiple items from the
Brief Psychiatric Rating Scale (Overall and Gorham, 1988) as well as ratings of 2 or more on
items assessing occupational and social functioning from the QLS (Heinrichs et al., 1984).

2.2.2.3 Physical Performance. Two measures of physical performance were included.
Abnormal movements of face, trunk, and extremities indicative of tardive dyskinesia were
assessed via a standardized exam, the Abnormal Involuntary Movement Scale (1976). We
analyzed global rating that ranged from 0 (none) to 4 (severe). The Short Physical Performance
Battery (Guralnik et al., 1994) was used to assess extremity functioning (rising from a chair,
balancing while standing, and gait speed). Total scores on the battery range from 0 to 12, with
higher scores indicating better functioning.

2.3 Data Analysis. First, we examined behavioral markers of the psychotic disorder
groups by testing for group differences on each Al-based behavioral marker. Next, we used
logistic regression with forward entry to determine whether the behavioral markers could
discriminate between the groups (SZ vs. NP; OP vs. NP). All markers were standardized and
only statistically significant predictors were retained. Performance for the resulting model was
evaluated using the area under the receiver operating characteristic curve (AUC), and sensitivity
and specificity were computed from an optimal cut-off point from the curve. Last, controlling for
group membership, we examined associations between the 10 behavioral markers and each

clinical feature (symptoms, functioning, and physical performance).
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3. Results

3.1 Behavioral Markers of Psychotic Disorders

We first examined the behavioral markers of the psychotic disorder groups. As can be
seen in Table 1 and Figure 1 (A-D), the SZ group showed significantly less variation in neutral
expressions, happy expressions, arousal, and head orientation compared to the NP group
(Cohen’s ds = 0.42 — 0.79, all ps < .05). In addition, the SZ group showed significantly less
variation in neutral expressions and arousal compared to the OP group (Figure 1A, 1C; Cohen’s
ds =0.44 and 0.64, ps < .05). The OP group did not show any significant differences from the
NP group, Cohen’s ds < [0.36|, ps > .07. Taken together, these results suggest that the SZ group
has a unique set of behavioral markers compared to the other groups.

3.2 Using Behavioral Markers to Discriminate between Groups

We used logistic regression to determine whether the behavioral markers could
discriminate between the SZ from the NP group (Table 2). Using forward entry, three behavioral
markers were significant in predicting group membership—variations in fear expressions,
arousal, and head orientation. The AUC was .79, indicating that these markers were moderately
accurate in discriminating between the SZ and NP groups.(Streiner and Cairney, 2007) As can be
seen in Figure 2a, optimal cut-point produced sensitivity of .79 and specificity of .67.

We used the same procedure to test whether the behavioral markers could discriminate
between the SZ and OP groups (Table 2). Variation in arousal was the lone significant marker.
The AUC was .66, indicating that the curve had a low accuracy in discriminating between the SZ
and OP groups (Streiner and Cairney, 2007). As can be seen in Figure 2b, optimal cut-point

produced good sensitivity (.77) but weak specificity (.46).
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3.3 Associations between Behavioral Markers and Clinical Features

Controlling for group status, we examined the associations between behavioral markers
and clinical features (Table 3). Of these markers, happy expression variability showed the largest
number of significant correlations with the clinical features, five altogether. Variability in arousal
and head orientation had three significant links each. Variability in fear and surprise, as well as
valence, had two significant associations each, and the remaining markers had one, except that
variability in disgust had none. The correlations ranged from small to moderate (|.15] to |.30|).

Disorganization was associated with more head movement, variability in surprise and
fear expression, and less variability in happy expression. Negative symptoms (avolition or
inexpressivity) were correlated with less variability in arousal, and surprise and happy
expressions as well as more negative valence. Depression was linked to greater anger variability
and lower arousal variability. Remission was associated with greater variability of happy
expressions and arousal. With regard to everyday functioning, public assistance was associated
with more variability in fear and happy expressions, and recovery was related to less head
movement. Physical performance revealed that abnormal movements (tardive dyskinesia) were
linked to less head movement and sad expression variability. Better physical performance was

associated with greater arousal variability.

4. Discussion

The current study sought to increase our understanding of expression abnormalities in
psychotic disorders by using well validated, widely accepted artificial intelligence detectors of
non-verbal expression (nveAl). Overall, results indicate that 1) nveAl can identify behavioral

markers for schizophrenia spectrum disorder, and 2) these markers can discriminate individuals
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with this disorder from never psychotic individuals fairly well, although not sufficient for clinical
applications currently, and 3) nveAl abnormalities are associated with a variety of clinical
features.

As we expected, the SZ group had a unique set of nveAl markers. Compared to never
psychotic individuals, people with schizophrenia spectrum disorders showed significantly less
variation in neutral expressions, happy expressions, arousal, and head orientation. This is
consistent with work using Al (Cohen et al., 2020; Tron et al., 2016) and human raters (Gaebel
and Wolwer, 2004; Kohler et al., 2008a; Kohler et al., 2008b) that has shown that individuals
with schizophrenia show less facial expressivity and less movement overall compared to
unaffected adults. Emotional abnormalities are extremely common in schizophrenia spectrum
disorders (Kohler and Martin, 2006), precede the onset of psychosis (Gooding et al., 2018; Gupta
et al., 2019), and are associated with poor outcomes (Blanchard et al., 1998), including
conversion to psychosis (Mason et al., 2004; Schmidt et al., 2017). Despite their prevalence and
negative associations with outcomes, abnormal non-verbal expressions in this population remain
poorly understood (Begue et al., 2020). The current work suggests that nveAl can increase our
understanding of non-verbal expression abnormalities in order to ultimately inform prevention
and intervention efforts.

In contrast to the SZ group, no clear set of markers emerged for the group with other
psychotic disorders. This group did not differ significantly from the never-psychotic group on
any of the markers. Markers other than facial expression alone (e.g., upper body movements;
Mittal et al., 2008) may be necessary in order to characterize other psychotic disorders.

Jointly, behavioral markers differentiated schizophrenia spectrum disorders from the

never-psychotic group reasonably well, evidenced by fairly high AUC (Streiner and Cairney,
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2007) and good sensitivity and specificity. These effect sizes are too small to be useful clinically
but indicate potential utility for translational research and fundamental science of emotion.
Indeed, the observed non-verbal markers are consistent with robust previous findings of facial
expression abnormalities in schizophrenia (Gaebel and Wolwer, 2004; Kohler et al., 2008a;
Kohler et al., 2008b). However, behavioral markers were worse at distinguishing schizophrenia
spectrum from other psychotic disorders with low AUC and a difference in only one marker
(arousal).

We also found a number of associations between behavioral markers and a variety of
clinical features, including symptoms, functioning, and physical performance. Even controlling
for group status, these associations were small to moderate in size. As we hypothesized, several
behavioral markers were related to clinician-rated inexpressivity. This suggests there is an
overall affective blunting in SZ, a finding consistent with non-nveAl studies of posed and
evoked facial expression in SZ (e.g., Kohler et al., 2008a; Kohler et al., 2008b; Tremeau et al.,
2005). Also as hypothesized, greater depression was associated with decreased arousal. This is
consistent with findings documented in the non-nveAl literature (Rottenberg et al., 2005;
Rottenberg and Vaughan, 2008). We also found that depression was associated with increased
anger expression variability, consistent with previous research reporting an association between
depression and negative facial expressions (e.g., contempt; Berenbaum, 1992; Girard et al., 2013;
Jaeger et al., 1986; Sloan et al., 1997). Greater disorganization was correlated with increased
head movement, in line with some prior work linking clinician-rated disorganization and an
objective measure of variability in motor activity (Walther et al., 2014). In addition, the current
findings are consistent with initial previous research that has reported associations between Al

and symptoms (Abbas et al., 2021b; Chakraborty et al., 2017; Cohen et al., 2020; Park et al.,
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2009; Tron et al., 2016), and taken together, suggest that nveAl can be valid indicators of
outcomes of interest to researchers and clinicians alike.

Overall, the current findings have several broad implications for research. First, a key
reason for our limited understanding of abnormal facial expressions of emotions is the difficulty
associated with measuring them (Kohler and Martin, 2006). nveAl are objective markers of
psychotic symptoms that can complement clinician ratings. They can be easily implemented as
they do not required extensive training nor time-consuming coding (Cross et al., 2022). Thus,
nveAl can facilitate research because it can capture nuances of facial expressions while
maximizing efficiency and minimizing potential biases (Hamm et al., 2011; Wang et al., 2008).
Second, it is scalable given its automaticity and may be more sensitive to treatment effects as
nveAl could detect subtle nuances unobservable to clinicians. Also, nveAl does not require
blinding, making it a promising tool for randomized clinical trials (Abbas et al., 2021a; Harati et
al., 2020). In addition, although we used basic emotions in the current study, nveAl can be
trained for specific applications (e.g., to detect schizophrenia or measure severity of affective
blunting), using rich information on individual action units (movement of specific muscles) and
temporal dynamics (beyond simple variability), thus substantially increasing their accuracy. This
modeling requires much larger samples than available in the present project and is an important
target for future research.

The current findings also have clinical implications for diagnostics, treatment, and
screening. The observed effects are too small for nveAl to replace clinical ratings, but as nveAl
develops further, it may be able to augment these ratings to assist clinicians in making a
psychotic disorder diagnosis and in detecting symptom worsening or improvement, which would

signal a need to adjust treatment. In addition, in primary care settings, nveAl may help to detect
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symptoms of psychosis that general practitioners are not trained to identify. These applications
will require further testing in targeted clinical settings to provide additional evidence of the
clinical utility of nveAl.

Although, to our knowledge, this is the largest sample of individuals with psychosis to
investigate nveAl, and an average of 43.3 minutes of video was available per subject, some
expressions were infrequent, particularly disgust. This limited our statistical power in testing for
associations, as well as identifying them as behavioral markers of psychosis. We investigated
video taken during a clinical interview, which increases applicability of present findings to
diverse settings, but this context may have created a more limited range of expressions. Thus,
future research could employ nveAl during a range of situations, such as a live social interaction
lab task (Martin et al., 2019), to examine whether behavioral markers might be different across
contexts.

5. Conclusions

Despite these limitations, the current work is the first to demonstrate that 1) nveAl can be
used to characterize behavioral markers of psychotic disorders, 2) these markers can discriminate
between individuals with schizophrenia spectrum disorder from never psychotic individuals, and
3) these markers are associated with a variety of clinical features. Although current findings
suggest that clinical practice would benefit from the development of more powerful nveAl,

nveAl is ripe for application to research settings.
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Figure Legend

Figure 1. Box Plots of Behavioral Markers by Group

Note. Scales differ between plots because to the variances of behavioral markers. NP = never
psychotic group, OP = other psychoses group, SZ = schizophrenia group; Red bars indicate
significant group differences

Figure 2. ROC Curves for Behavioral Markers to Discriminate between Groups
A. AUC =.79, cut-point = .23, sensitivity = .79, specificity = .67

B. AUC = .66, cut-point = .43, sensitivity = .77, specificity = .46

Note. False positive rate = 1 — specificity



nveAl 17

References

Abbas, A., Sauder, C., Yadav, V., Koesmahargyo, V., Aghjayan, A., Marecki, S., Evans, M.,
Galatzer-Levy, I.R., 2021a. Remote Digital Measurement of Facial and Vocal Markers of
Major Depressive Disorder Severity and Treatment Response: A Pilot Study. Front Digit
Health 3, 610006.

Abbas, A., Yadav, V., Smith, E., Ramjas, E., Rutter, S.B., Benavidez, C., Koesmahargyo, V.,
Zhang, L., Guan, L., Rosenfield, P., Perez-Rodriguez, M., Galatzer-Levy, [.R., 2021b.
Computer Vision-Based Assessment of Motor Functioning in Schizophrenia: Use of
Smartphones for Remote Measurement of Schizophrenia Symptomatology. Digit
Biomark 5(1), 29-36.

AIMS, 1976. Guy W. ECDEU Assessment Manual for Psychopharmacology: Revised (DHEW
publication number ADM 76-338). , in: US Department of Health, E.a.W., Public Health
Service, Alcohol, Drug Abuse and Mental Health Administration, NIMH
Psychopharmacology Research Branch, Division of Extramural Research Programs (Ed.),
Rockville, MD, pp. 534-537.

Andreasen, N.C., 1983. Scale for the Assessment of Negative Symptoms. University of lowa,
College of Medicine, lowa City, IA.

Andreasen, N.C., 1984. Scale for the Assessment of Positive Symptoms. University of lowa,
College of Medicine, lowa City, [A.

Andreasen, N.C., Carpenter, W.T., Jr., Kane, J.M., Lasser, R.A., Marder, S.R., Weinberger,
D.R., 2005. Remission in schizophrenia: proposed criteria and rationale for consensus.
Am J Psychiatry 162(3), 441-449.

Begue, 1., Kaiser, S., Kirschner, M., 2020. Pathophysiology of negative symptom dimensions of
schizophrenia - Current developments and implications for treatment. Neurosci Biobehav
Rev 116, 74-88.

Berenbaum, H., 1992. Posed facial expressions of emotion in schizophrenia and depression.
Psychol Med 22(4), 929-937.

Blanchard, J.J., Mueser, K.T., Bellack, A.S., 1998. Anhedonia, positive and negative affect, and
social functioning in schizophrenia. Schizophr Bull 24(3), 413-424.

Bleuler, E., 1911/1950. Dementia Praccox. International Universities Press, New York, NY.

Bromet, E.J., Kotov, R., Fochtmann, L.J., Carlson, G.A., Tanenberg-Karant, M., Ruggero, C.,
Chang, S.W., 2011. Diagnostic shifts during the decade following first admission for
psychosis. Am J Psychiatry 168(11), 1186-1194.

Bromet, E.J., Schwartz, J.E., Fennig, S., Geller, L., Jandorf, L., Kovasznay, B., Lavelle, J.,
Miller, A., Pato, C., Ram, R., et al., 1992. The epidemiology of psychosis: the Suffolk
County Mental Health Project. Schizophr Bull 18(2), 243-255.

Brozgold, A.Z., Borod, J.C., Martin, C.C., Pick, L.H., Alpert, M., Welkowitz, J., 1998. Social
functioning and facial emotional expression in neurological and psychiatric disorders.
Appl Neuropsychol 5(1), 15-23.

Carpenter, W.T., Jr., Buchanan, R.-W., 2017. Negative Symptom Therapeutics. Schizophr Bull
43(4), 681-682.

Chakraborty, D., Tahir, Y., Yang, Z., Maszczyk, T., Dauwels, J., Thalmann, D., Thalmann,
N.M,, Tan, B.L., Lee, J., 2017. Assessment and prediction of negative symptoms of
schizophrenia from RGB+D movement signals, 19th International Workshop on
Multimedia Signal Processing (MMSP). IEEE, Luton, UK.



nveAl 18

Cohen, A.S., Cowan, T., Le, T.P., Schwartz, E.K., Kirkpatrick, B., Raugh, .M., Chapman, H.C.,
Strauss, G.P., 2020. Ambulatory digital phenotyping of blunted affect and alogia using
objective facial and vocal analysis: Proof of concept. Schizophr Res 220, 141-146.

Cowan, T., Masucci, M.D., Gupta, T., Haase, C.M., Strauss, G.P., Cohen, A.S., 2022.
Computerized analysis of facial expressions in serious mental illness. Schizophr Res 241,
44-51.

Cross, M.P., Hunter, J.H., Smith, J.R., Twidwell, R.E., Pressman, S.D., 2022. Comparing,
differentiating, and applying affective facial coding techniques for the assessment of
positive emotion. Journal of Positive Psychology.

Dupre, D., Krumhuber, E.G., Kuster, D., McKeown, G.J., 2020. A performance comparison of
eight commercially available automatic classifiers for facial affect recognition. PLoS One
15(4), €0231968.

Ekman, P., 1964. Body Position, Facial Expression, and Verbal Behavior during Interviews. J
Abnorm Psychol 68, 295-301.

Ekman, P., Friesen, W.V., 1978. Facial Action Coding System. Consulting Psychologists Press.

Ekman, P., Friesen, W.V., Hager, J.C., 2002. Facial Action Coding System. Manual and
Investigator’s Guide. Research Nexus, Salt Lake City, UT.

Ekman, P., Rolls, E.T., Perrett, D.I., Ellis, H.D., 1992. Facial expressions of emotion: An old
controversey and new findings (and discussion). Philosophical Transactions: Biological
Sciences 335, 63-69.

Fett, A.K.J., Velthorst, E., Reichenberg, A., Ruggero, C.J., Callahan, J.L., Fochtmann, L.J.,
Carlson, G.A., Perlman, G., Bromet, E.J., Kotov, R., 2020. Long-term changes in
cognitive functioning in individuals with psychotic disorders: findings from the Suffolk
County mental health project. JAMA Psychiatry 77, 387-396.

First, M.B., Spitzer, R.L., Gibbon, M., Williams, J.B.M., 1997. Structured clinical interview
diagnostic (SCID) for DSM-IV Axis I disorders-Clinician version (SCID-CV).

Friesen, W.V., Ekman, P., 1983. EMFACS (Emotion FACS). University of California, Berkeley,
CA.

Gaebel, W., Wolwer, W., 2004. Facial expressivity in the course of schizophrenia and
depression. Eur Arch Psychiatry Clin Neurosci 254(5), 335-342.

Girard, J.M., Cohn, J.F., Mahoor, M.H., Mavadati, S., Rosenwald, D.P., 2013. Social Risk and
Depression: Evidence from Manual and Automatic Facial Expression Analysis. Proc Int
Conf Autom Face Gesture Recognit, 1-8.

Gooding, D.C., Zahn-Waxler, C., Light, S.N., Kestenbaum, C.J., Erlenmeyer-Kimling, L., 2018.
Childhood Affective Indicators of Risk for Adulthood Psychopathology: The New York
High-Risk Project Findings. J Psychiatr Brain Sci 3(3).

Gupta, T., Haase, C.M., Strauss, G.P., Cohen, A.S., Mittal, V.A., 2019. Alterations in facial
expressivity in youth at clinical high-risk for psychosis. J Abnorm Psychol 128(4), 341-
351.

Guralnik, J.M., Simonsick, E.M., Ferrucci, L., Glynn, R.J., Berkman, L.F., Blazer, D.G., Scherr,
P.A., Wallace, R.B., 1994. A short physical performance battery assessing lower
extremity function: association with self-reported disability and prediction of mortality
and nursing home admission. J Gerontol 49(2), M85-94.

Hamilton, M., 1960. A rating scale for depression. J Neurol Neurosurg Psychiatry 23, 56-62.



nveAl 19

Hamm, J., Kohler, C.G., Gur, R.C., Verma, R., 2011. Automated Facial Action Coding System
for dynamic analysis of facial expressions in neuropsychiatric disorders. J Neurosci
Methods 200(2), 237-256.

Harati, S., Crowell, A., Huang, Y., Mayberg, H., Nemati, S., 2020. Classifying Depression
Severity in Recovery From Major Depressive Disorder via Dynamic Facial Features.
IEEE J Biomed Health Inform 24(3), 815-824.

Heinrichs, D.W., Hanlon, T.E., Carpenter, W.T., Jr., 1984. The Quality of Life Scale: an
instrument for rating the schizophrenic deficit syndrome. Schizophr Bull 10(3), 388-398.

Jaeger, J., Borod, J.C., Peselow, E., 1986. Facial expression of positive and negative emotions in
patients with unipolar depression. J Affect Disord 11(1), 43-50.

Kirkpatrick, B., Fenton, W.S., Carpenter, W.T., Jr., Marder, S.R., 2006. The NIMH-MATRICS
consensus statement on negative symptoms. Schizophr Bull 32(2), 214-219.

Kohler, C.G., Martin, E.A., 2006. Emotional processing in schizophrenia. Cogn Neuropsychiatry
11(3), 250-271.

Kohler, C.G., Martin, E.A., Milonova, M., Wang, P., Verma, R., Brensinger, C.M., Bilker, W.,
Gur, R.E., Gur, R.C., 2008a. Dynamic evoked facial expressions of emotions in
schizophrenia. Schizophr Res 105(1-3), 30-39.

Kohler, C.G., Martin, E.A., Stolar, N., Barrett, F.S., Verma, R., Brensinger, C., Bilker, W., Gur,
R.E., Gur, R.C., 2008b. Static posed and evoked facial expressions of emotions in
schizophrenia. Schizophr Res 105(1-3), 49-60.

Kotov, R., Foti, D., Li, K., Bromet, E.J., Hajcak, G., Ruggero, C.J., 2016. Validating dimensions
of psychosis symptomatology: Neural correlates and 20-year outcomes. J Abnorm
Psychol 125(8), 1103-1119.

Kring, A.M., Elis, O., 2013. Emotion deficits in people with schizophrenia. Annu Rev Clin
Psychol 9, 409-433.

Kring, A.M., Moran, E.K., 2008. Emotional response deficits in schizophrenia: insights from
affective science. Schizophr Bull 34(5), 819-834.

Kupper, Z., Ramseyer, F., Hoffmann, H., Kalbermatten, S., Tschacher, W., 2010. Video-based
quantification of body movement during social interaction indicates the severity of
negative symptoms in patients with schizophrenia. Schizophr Res 121(1-3), 90-100.

Liberman, R.P., Kopelowicz, A., Ventura, J., Gutkind, D., 2002. Operational criteria and factors
related to recovery from schizophrenia. International Review of Psychiatry 14, 256-272.

Maithri, M., Raghavendra, U., Gudigar, A., Samanth, J., Prabal Datta, B., Murugappan, M.,
Chakole, Y., Acharya, U.R., 2022. Automated emotion recognition: Current trends and
future perspectives. Comput Methods Programs Biomed 215, 106646.

Martin, E.A., Castro, M.K., Li, L.Y., Urban, E.J., Moore, M.M., 2019. Emotional response in
schizophrenia to the "36 questions that lead to love": Predicted and experienced emotions
regarding a live social interaction. PLoS One 14(2), €0212069.

Martin, E.A., Jonas, K.G., Lian, W., Foti, D., Donaldson, K.R., Bromet, E.J., Kotov, R., 2021.
Predicting Long-Term Outcomes in First-Admission Psychosis: Does the Hierarchical
Taxonomy of Psychopathology Aid DSM in Prognostication? Schizophr Bull.

Mason, O., Startup, M., Halpin, S., Schall, U., Conrad, A., Carr, V., 2004. Risk factors for
transition to first episode psychosis among individuals with 'at-risk mental states'.
Schizophr Res 71(2-3), 227-237.



nveAl 20

Matsumoto, D., Keltner, D., Shiota, M., N., O’Sullivan, M., Frank, M., 2008. Facial expressions
of emotion, in: Lewis, M., Haviland-Jones, J.M., Barrett, L.F. (Ed.), Handbook of
Emotions, 3 ed. Guilford Press, New York, NY, pp. 211-234.

McGlashan, T.H., 2011. Eugen Bleuler: centennial anniversary of his 1911 publication of
Dementia Praecox or the group of schizophrenias. Schizophr Bull 37(6), 1101-1103.

Mittal, V.A., Neumann, C., Saczawa, M., Walker, E.F., 2008. Longitudinal progression of
movement abnormalities in relation to psychotic symptoms in adolescents at high risk of
schizophrenia. Arch Gen Psychiatry 65(2), 165-171.

Noldus, 2018. FaceReader, Wageningen, Netherlands.

Overall, J.E., Gorham, D.R., 1988. The Brief Psychiatric Rating Scale (BPRS): Recent
developments in ascertainment and scaling. Psychopharmacol Bull 24, 97-99.

Park, S.H., Ku, J., Kim, J.J., Jang, H.J., Kim, S.Y., Kim, S.H., Kim, C.H., Lee, H., Kim, LY.,
Kim, S.I., 2009. Increased personal space of patients with schizophrenia in a virtual
social environment. Psychiatry Res 169(3), 197-202.

Rottenberg, J., Gross, J.J., Gotlib, I.H., 2005. Emotion context insensitivity in major depressive
disorder. J Abnorm Psychol 114(4), 627-639.

Rottenberg, J., Vaughan, C., 2008. Emotion expression in depression: Emerging evidence for
emotion context-insensitivity, Emotion regulation. Springer, pp. 125-139.

Schmidt, A., Cappucciati, M., Radua, J., Rutigliano, G., Rocchetti, M., Dell'Osso, L., Politi, P.,
Borgwardt, S., Reilly, T., Valmaggia, L., McGuire, P., Fusar-Poli, P., 2017. Improving
Prognostic Accuracy in Subjects at Clinical High Risk for Psychosis: Systematic Review
of Predictive Models and Meta-analytical Sequential Testing Simulation. Schizophr Bull
43(2), 375-388.

Sloan, D.M., Strauss, M.E., Quirk, S.W., Sajatovic, M., 1997. Subjective and expressive
emotional responses in depression. J Affect Disord 46(2), 135-141.

Streiner, D.L., Cairney, J., 2007. What's under the ROC? An introduction to receiver operating
characteristics curves. Can J Psychiatry 52(2), 121-128.

Tremeau, F., Malaspina, D., Duval, F., Correa, H., Hager-Budny, M., Coin-Bariou, L., Macher,
J.P., Gorman, J.M., 2005. Facial expressiveness in patients with schizophrenia compared
to depressed patients and nonpatient comparison subjects. Am J Psychiatry 162(1), 92-
101.

Troisi, A., Pompili, E., Binello, L., Sterpone, A., 2007. Facial expressivity during the clinical
interview as a predictor functional disability in schizophrenia. a pilot study. Prog
Neuropsychopharmacol Biol Psychiatry 31(2), 475-481.

Tron, T., Peled, A., Grinsphoon, A., Weinshall, D., 2016. Automated facial expressions analysis
in schizophrenia: A continuous dynamic approach, in: Serino, S., Matic, A., Giakoumis,
D., Lopez, G., Cipresso, P. (Eds.), Pervasive Computing Paradigms for Mental Health.
MindCare 2015. Communications in Computer and Information Science. Springer,
Switzerland.

Villanueva-Valle, J., Diaz, J.L., Jimenez, S., Rodriguez-Delgado, A., Arango de Montis, I.,
Leon-Bernal, A., Miranda-Terres, E., Munoz-Delgado, J., 2021. Facial and Vocal
Expressions During Clinical Interviews Suggest an Emotional Modulation Paradox in
Borderline Personality Disorder: An Explorative Study. Front Psychiatry 12, 628397.

Walther, S., Ramseyer, F., Horn, H., Strik, W., Tschacher, W., 2014. Less structured movement
patterns predict severity of positive syndrome, excitement, and disorganization.
Schizophr Bull 40(3), 585-591.



nveAl 21

Wang, P., Barrett, F., Martin, E., Milonova, M., Gur, R.E., Gur, R.C., Kohler, C., Verma, R.,
2008. Automated video-based facial expression analysis of neuropsychiatric disorders. J
Neurosci Methods 168(1), 224-238.



Table 1. Descriptive information on all measures

Schizophrenia Other Never SZ vs. NP SZ vs. OP OP vs. NP
Group Psychoses Psychotic
(SZ; n=39) Group Group
(OP;n=46) (NP;n=108)
Mean (SD) or % Cohen’s d; p values

Demographics

Women 44% 43% 48% p=.63 p=.99 p=.60

White 84% 91% 92% p=.20 p=.36 p=.88

Age 52.33(8.39) 52.96(9.30) 56.47(9.01) -047,p=.01 -0.07,p=.75 -039,p=.03
nveAl Markers*

Neutral 0.15 (0.04) 0.17 (0.04)  0.17(0.03) -0.66,p<.001 -044,p=.04 -0.14,p=.42

Happy 0.08 (0.06)  0.10(0.07) 0.10 (0.07) -042,p=.02 -038,p=.08 -0.03,p=.85

Sad 0.09 (0.06)  0.10 (0.08) 0.10 (0.06) -0.17,p=.37 -0.19,p=.39 0.04,p=.82

Anger 0.01 (0.01)  0.02 (0.02) 0.02 (0.02) -0.15,p=.43  -025,p=.25 0.10,p=.59

Fear 0.03(0.03)  0.03 (0.03) 0.02 (0.02) 0.23,p=.23 0.05,p=.81 0.15,p=.39

Disgust 0.11(0.07)  0.12(0.07) 0.10 (0.06) 0.04,p=.84 -0.21,p=.33 027,p=.12

Surprise 0.03(0.03)  0.03 (0.04) 0.03 (0.03) -0.18,p=.34  -0.20,p=.37 0.06,p=.75

Valence -0.13(0.18)  -0.16(0.17)  -0.10(0.14) -0.19,p=.30 0.14,p=.53  -0.36,p=.07

Arousal 0.06 (0.02) 0.08 (0.03)  0.08 (0.02) -0.79,p<.001 -0.64,p=.004 -0.06,p=.76

Head orientation 12.84 (3.25) 13.95(3.33) 14.91 (2.96) -0.68,p<.001 -034,p=.12 -0.31,p=.08
Symptoms

SAPS Reality Distortion 5.16 (7.14)  0.88 (1.76) 0.16 (0.80) 1.36,p<.001 0.85,p<.001 0.63, p <.001

SAPS Disorganization 6.79 (7.28)  3.87(5.26) 1.61 (3.00) 1.14,p<.001 047,p=.03 0.59, p <.001

SANS Avolition 16.16 (6.96) 9.02 (6.41) 4.26 (5.46) 2.02,p<.001 1.07,p<.001 0.83, p <.001

SANS Inexpressivity 9.49(9.37)  4.02(5.35) 1.71 (2.98) 1.43,p<.001 0.73,p=.001 0.60, p <.001

Hamilton Depression Rating Scale 7.96 (4.40)  5.96 (4.65) 3.88 (4.70) 0.88,p<.001 0.44,p=.050 0.45,p=.01

Full symptom remission 5% 30% 73% p <.001 p=.002 p <.001



Functioning

Public assistance 77% 48% 10% p <.001 p =.005 p <.001
Recovery 16% 43% 76% p <.001 p=.007 p <.001
Physical Performance
Severity of Bodily Movements 0.31(0.71)  0.09 (0.48) 0.01 (0.10) 0.78,p<.001 0.36,p=.12 0.29,p=.11
Short Physical Performance Battery - 9.13 (2.35) 10.03 (1.95) 10.46 (1.77) -0.69,p=.001 -0.42,p=.09 -0.24,p=.23
Total

Note: *Within-person standard deviations were used for all nveAl, except for Valence for which we used its mean. SAPS = Scale for the
Assessment of Positive Symptoms; SANS = Scale for the Assessment of Negative Symptoms



Table 2. Prediction of Group Membership from Behavioral Markers

Odds
Ratio R’
Schizophrenia vs Never Psychotic 0.19
Fear expressions 2.00
Arousal 0.32
Head orientation 0.37
Schizophrenia vs Other Psychoses 0.10
Arousal 0.50

Note: Final block of the models shown; R? values are Cox and Snell



Table 3. Partial correlations of nveAl with symptom, functioning, and physical assessment measures controlling for group status (N = 193)

Head

Neutral  Happy Sad Anger Fear Disgust  Surprise  Valence Arousal  Orientation
1. SAPS Reality Distortion -0.10 -0.04 0.03 0.01 0.14 -0.09 0.05 0.03 0.01 0.08
2. SAPS Disorganization -0.12 -0.15* -0.04 0.01 0.22%* 0.02 0.30***  -0.07 -0.02 0.27%**
3. SANS Avolition -0.15* -0.15* 0.09 -0.04 -0.08 0.04 -0.04 -0.08 -0.18* 0.03
4. SANS Inexpressivity -0.09 -0.16* 0.05 -0.06 0.01 0.05 -0.15* -0.18* -0.07 -0.04
5. Hamilton Depression Rating Scale -0.08 -0.04 -0.02 0.18%* 0.03 0.06 0.08 -0.04 -0.15* 0.12
6. Full symptom remission 0.11 0.23%* -0.12 -0.10 -0.05 -0.07 0.01 0.19* 0.05 -0.08
7. Public assistance 0.08 0.15% 0.05 0.02 0.19**  -0.10 0.01 0.09 0.08 0.00
8. Recovery 0.00 0.02 -0.10 -0.04 -0.07 0.06 -0.06 0.04 0.04 -0.15*
9. Severity of abnormal movements -0.05 -0.01 -0.16*  -0.04 0.02 0.00 0.14 -0.03 -0.07 -0.19*
10. Short Physical Performance Battery  0.11 0.04 0.04 0.00 0.00 -0.12 0.00 0.02 0.19* 0.04

Note: ***p <.001, **p < .01, *p <.05; SAPS = Scale for the Assessment of Positive Symptoms; SANS = Scale for the Assessment of Negative Symptoms;
IDAS = Inventory for Depression and Anxiety Symptoms. Within-person standard deviations were used for all nveAl, except for Valence for which

we used its mean.
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Figure 1 (con’t)

Standard Deviation

C. Arousal

0.09-

0.06-

NP OP
Group

Standard Deviation

20-

Head Orientation

NP

OP
Group

SZ



Sensitivity

Figure 2.

1.0

0.8

06

04

02

0.0

SZ vs. NP

0.0

0.2 04 06

False positive rate

Sensitivity

SZ vs. OP

00

02

0.4 06 08

False positive rate

1.0



