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ARTICLE INFO ABSTRACT

Keywords: This study used machine-learning algorithms to make unbiased estimates of the relative importance of various
Machine learning multilevel data for classifying cases with schizophrenia (n = 60), schizoaffective disorder (n = 19), bipolar
Nosology disorder (n = 20), unipolar depression (n = 14), and healthy controls (n = 51) into psychiatric diagnostic ca-
Schizophrenia

tegories. The Random Forest machine learning algorithm, which showed best efficacy (92.9% SD: 0.06), was
used to generate variable importance ranking of positive, negative, and general psychopathology symptoms,
cognitive indexes, global assessment of function (GAF), and parental ages at birth for sorting participants into
diagnostic categories. Symptoms were ranked most influential for separating cases from healthy controls, fol-
lowed by cognition and maternal age. To separate schizophrenia/schizoaffective disorder from bipolar/unipolar
depression, GAF was most influential, followed by cognition and paternal age. For classifying schizophrenia from
all other psychiatric disorders, low GAF and paternal age were similarly important, followed by cognition,
psychopathology and maternal age. Controls misclassified as schizophrenia cases showed lower nonverbal
abilities, mild negative and general psychopathology symptoms, and younger maternal or older paternal age.
The importance of symptoms for classification of cases and lower GAF for diagnosing schizophrenia, notably
more important and distinct from cognition and symptoms, concurs with current practices. The high importance
of parental ages is noteworthy and merits further study.

Schizoaffective disorder
Major depressive disorder, Bipolar disorder

unbiased information to inform or complement these categorical and
continuous systems. Machine learning classification procedures are

1. Introduction

The DSM-5 (American Psychiatric Association, 2013) and the ICD-
11 (World Health Organization, 1992) list specific observable criteria
that must be fulfilled to make categorical diagnoses. In contrast, the
evolving NIMH Research Domain Criteria (RDoC) aims to identify cross-
cutting domains of dysfunction that transcend different diagnostic ca-
tegories and can even occur at sub-threshold levels in some persons
without a psychiatric diagnosis (Bzdok and Meyer-Lindenberg, 2018).
Both approaches are meaningful attempts to classify psychiatric phe-
nomena that have enigmatic origins, but each is limited by human
subjectivity, including diagnostic traditions and prevailing concepts on
the neural determinants of mental illness.

Machine learning classification methods can provide objective,

hypothesis-independent approaches in which algorithms are first
“learned” from a training set of data from individuals with known
conditions and then applied to multimodal data to determine the re-
lative importance of different variables for the classification. Such
methods are already employed for medical decision-making that in-
volves complex multilevel data, such as health assessments, treatment
decisions and evaluation of risk factors (Buzaev et al., 2016; Senders
et al., 2018; Sinha et al., 2018). With respect to schizophrenia, machine
learning approaches have classified schizophrenia from bipolar disorder
cases with 88% accuracy and separated schizophrenia cases from
healthy participants with 90% accuracy (Schnack et al., 2014). Machine
learning algorithms have also predicted good versus poor treatment
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outcome in schizophrenia (Koutsouleris et al., 2016), predicted con-
version to psychosis in an ultra-high risk sample (Mechelli et al., 2017)
and also differentiated first-episode psychosis from ultra-high risk cases
(Pettersson-Yeo et al., 2013). It should be noted, however, that findings
across machine learning studies for psychiatric diagnosis and classifi-
cation are variable, and the replicability and generalizability of these
models to other samples may be limited (Bzdock and Meyer-
Lindenberg, 2018).

To our knowledge, no study has employed machine learning to
determine the relative importance of different types of multilevel data
for separating schizophrenia cases from those with other psychiatric
disorders and healthy controls. The present study applied machine-
learning algorithms to a large sample of rigorously assessed research
participants to determine the relative importance of symptoms, cogni-
tion, past and current function and parental ages for classifying schi-
zophrenia and other psychiatric diagnoses. We hypothesized that ma-
chine learning could be used to generate unbiased determinations of the
most influential variables for classifying psychiatric disorders for re-
search and to inform classification strategies. A secondary goal of the
study was to examine the individual features of any healthy control
participants that were classified as having schizophrenia by machine-
learning algorithms. This information might be especially pertinent for
defining which multilevel data is most relevant for schizophrenia. As
there are several machine learning tools available, a preliminary ana-
lysis was first conducted to choose the method with the highest efficacy
for the data.

2. Methods
2.1. Participants

Clinical research data was uniformly collected from 113 psychiatric
cases and 51 healthy comparison participants between 1995 and 2010
as part of several NIMH funded research studies conducted at two
public hospitals in New York City. Healthy controls did not meet cri-
teria for a DSM-IV Axis I disorder within the past two years, were not
taking any psychiatric medications, and had no family history of psy-
chosis in any first or second-degree relative. Institutional Review Board
approval was obtained for all studies and all participants provided
written informed consent.

2.2. Measures

All participants underwent the same comprehensive assessments.
The Diagnostic Interview for Genetic Studies (Nurnberger et al., 1994) was
conducted by clinicians with a master's degree or higher to assess
psychiatric symptoms and disorders. The machine learning algorithm
was trained using final “best estimate” DSM-IV diagnoses
(American Psychiatric Association, 2000), which were determined upon
agreement by two senior diagnosticians at a consensus conference at-
tended by all clinical raters. Other assessment data included parental
ages at birth, current and past Global Assessment of Function (GAF), the
Positive and Negative Syndrome Scale (PANSS; Kay et al., 1987), which
was used to generate separate positive, negative and general psycho-
pathology scale scores, and the Verbal Comprehension (VCI), Working
Memory (WMI), Processing Speed (PSI) and Perceptual Organization
(POI) index scores from the Wechsler Adult Intelligence Scale, Third Edi-
tion (WAIS-III; Wechsler, 1997).

2.3. Models and statistical analysis

The efficacy of four widely used machine-learning methods,
Random Forest (RF), linear discriminant analysis (LDA), AdaBoost, and
Support Vector Machine (SVM), was first examined for efficacy in
classifying psychiatric cases versus healthy controls. Accuracy, sensi-
tivity, specificity, positive predictive value (PPV), and negative
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predictive value (NPV) were compared across the models, and RF was
determined to be the superior method overall and was therefore em-
ployed for the study. The RF method (Breiman, 2001) uses an ensemble
of multiple decision trees as tools to map the variables into possible
classes (see Ahn et al., 2007) for detailed methodology). The RF model
consisted of 500 trees analyzed with the R statistical software package
randomForest (Liaw and Wiener, 2002) using default settings. Any
missing observations were imputed by the mean for continuous vari-
ables and mode for categorical variables.

The response sets were evaluated using three different groupings: 1)
healthy control = 0, all psychiatric cases = 1 (schizophrenia, schi-
zoaffective, bipolar, and major depressive disorder cases); 2) schizo-
phrenia and schizoaffective cases = 0, affective disorder cases = 1
(bipolar and major depressive disorders); 3) schizophrenia cases = O,
other psychiatric disorder cases = 1 (schizoaffective, bipolar and major
depressive disorders). For each analysis we examined the mean de-
crease in accuracy (MDA), which provides a measure of the decrease in
accuracy of the model if the variable is not included (Breiman, 2001). A
higher MDA indicates greater importance of the variable for accurate
classification. We also tested the utility of the algorithms to conduct
three-way and five-way classifications across all the psychiatric cases
and healthy control participants.

Next, we examined which healthy controls had been misclassified as
psychiatric cases by each of the four machine-learning models by ran-
domly dividing the control group into three groups of roughly equal
size: G1, G2 and G3. First, G1 and G2 plus the 113 cases formed the
learning set and G3 served as the test set. Second, G1 and G3 plus the
113 cases formed the learning set and G2 served as the test set. Finally,
G2 and G3 plus the 113 cases were in the learning set and G1 served as
the test set. For SVM, linear kernel was used because it performed better
than radial basis kernel for these data. The individual variables for each
control participant classified as a case by any of the algorithms were
inspected to identify which variables were consistent with schizo-
phrenia case categorization.

3. Results

Diagnoses of the study participants included schizophrenia
(n = 60), schizoaffective disorder (n = 19), bipolar disorder (n = 20),
major depressive disorder (n = 14) and no psychiatric disorder
(n = 51). Mean values for all variables are displayed in Table 1 for each
diagnostic group. There were no significant differences in any of the
clinical measures across the two data collection sites (all p’s > .300);
however, there were significant differences in sex x? = 6.03, p =.01)
and in diagnostic distribution across the two sites (see Table 2). Results
presented in Table 3 demonstrate the superior efficiency of RF in
comparison to the other algorithms for all models except model III, for
which Adaboost was minimally stronger. Performance metrics of RF for
classifying the participants into diagnostic categories is shown in
Fig. la-c.

3.1. . Diagnostic classification

3.1.1. . All psychiatric cases versus healthy control participants

For classifying psychiatric cases from healthy control participants,
the RF algorithms demonstrated an average accuracy of 92.9% (SD, 0.6)
(see Table 3a and b). As depicted in Fig. 2a, the most influential mea-
sures were general psychopathology symptoms (MDA = 0.107) and
positive symptoms (MDA = 0.082). There were weaker effects for ne-
gative symptoms (MDA = 0.04), and even smaller effects for cognition
(WMI MDA = 0.01; PSI MDA = 0.009; POI MDA = 0.008; VCI
MDA = 0.007) and younger maternal age (MDA = 0.007).

3.1.2. . Schizophrenia and schizoaffective disorder versus affective disorder
cases
The RF algorithms differentiated schizophrenia and schizoaffective
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Table 1

Psychiatry Research 278 (2019) 27-34

Descriptive statistics of the data for all 164 participants and grouped by best estimate research diagnoses.

All Control Schizoaffective Schizophrenia Bipolar disorder Major depression
N M (SD) N M (SD) N M (SD) N  M(SD) N M (SD) N M (SD)
Age 164  35.0 (11.0) 51  33.1(11.6) 19  36.5(9.3) 60 35.1(10.7) 20  34.5(8.9) 14 40.5 (14.0)
Age of onset 103 22.5(7.3) - - 17 22.1 (7.7) 58 23.2 (6.1) 16 21.2 (8.0) 12 21.6 (10.8)
Mother's age at birth 122 27.8 (6.4) 40 29.2 (6.3) 11 24.3 (5.1) 46 27.9 (6.6) 16 271 (7.7) 9 26.7 (4.8)
Father's age at birth 115 31.4 (6.9) 37 32.2(6.6) 10 27171 46 327 (6.3) 15 30.6 (8.1) 7 27.1 (6.0)
WAIS-III Full Scale IQ 132 100.6 (17.6) 37 106.0 (13.0) 17 95.6 (19.7) 50 96.7 (20.1) 18 100.4 (13.9) 10 109.0 (15.7)
WAIS-III Working Memory 133 85.8 (31.8) 37 94.0 (31.4) 17 73.5 (36.1) 51 76.2 (33.0) 18 99.0 (16.4) 10 102.3 (17.2)
WAIS-III Verbal Comprehension 133 92.3(34.0) 37 98.1 (31.6) 17  831(424) 51 823(36.6) 18 1084 (166) 10  108.6 (11.2)
WAIS-III Perceptual Organization ~ 131 84.6 (32.3) 37  86.5(29.7) 17 77.0(39.3) 50 76.6(356) 18  97.0(11.7) 10 107.3(19.4)
WAIS-III Processing Speed 131 81.2 (34.5) 37 90.3 (32.7) 17 67.8 (37.9) 50 68.4 (35.9) 18 97.7 (14.2) 9 106.4 (14.4)
PANSS Positive Symptoms 136 10.4 (5.6) 40 7.0 (0.0) 15 12.4 (4.4) 57 12.9 (7.0) 12 8.4 (1.7) 12 9.8 (4.6)
PANSS Negative Symptoms 138 11.7 (5.5) 41 7.6 (1.6) 15 137 (4.9) 57 136 (5.8) 13 119 (5.8) 12 141 (5.9
PANSS General Psychopathology 138 23.9 (8.8) 41 16.8 (1.7) 15 27.4 (8.1) 57 26.6 (10.0) 13 25.8 (4.2) 12 29.1 (9.0)
Current GAF 74 32.4 (19.6) - - 14 29.0 (12.2) 42 25.7 (14.1) 12 43.7 (24.2) 6 54.5 (17.9)
Past GAF 74 40.2 (19.1) - - 14 354(138) 42 371(167) 12 44.5(24.0) 6 55.8 (16.9)
Table 2 validations (CV) had an accuracy of 90.3% (SD, 0.8). A five-way clas-
Number of participants for each diagnosis across the two data collection sites. sification of the participants to partition healthy controls, schizo-
Site I - phrenia, schizoaffective, bipolar and major depression cases using RF
N N yielded an accuracy of 70.9% (SD, 1.0). SVM also performed well in
these multiple classification schemes, although there were poor results
Healthy control 44 7 from LDA and AdaBoost approaches.
Schizophrenia 44 16
Schizoaffective 14 5
Bipolar 20 0 - - e .
MDD 14 0 3.2.1. Qualitative descriptions of misclassified healthy control participants

disorder cases from unipolar and bipolar affective disorder cases with a
mean accuracy of 90.3% (SD, 0.8) (Table 3a and b). Function, parti-
cularly current GAF (MDA = 0.087) but also past GAF (MDA = 0.059),
was most important for dichotomizing the schizophrenias from the af-
fective disorders (see Fig. 2b). Cognition was much less important (PSI
MDA = 0.039; VCI MDA = 0.024;, WMI MDA = 0.024; POI
MDA = 0.012), and older paternal age (MDA = 0.014) was more im-
portant than positive symptoms (MDA = 0.010).

3.1.3. . Schizophrenia cases versus other psychiatric disorder cases

The mean accuracy of the RF algorithms for classifying schizo-
phrenia cases from all other psychiatric disorder cases was 78.5% (SD,
2.2) (Table 3a and b). Current GAF (MDA = 0.057) and older paternal
age (MDA = 0.055) were comparably the most influential measures for
classifying schizophrenia (Fig. 2c). These effects were substantially
more important than past GAF (MDA = 0.026) and several cognitive
indices (PSI MDA = 0.018; VCI MDA = 0.016; POI MDA = 0.0014).
Finally, general psychopathology symptoms (MDA = 0.007), younger
mother's age at birth (MDA = 0.006) and working memory
(MDA = 0.006) also influenced the classification of schizophrenia, al-
though these were much less important than current GAF and older
paternal age.

As GAF was highly important for classifying schizophrenia, multiple
regression with missing value mean imputation was employed to
evaluate the degree to which parental ages, psychiatric symptoms and
cognitive indices uniquely contributed to current GAF scores in cases
with schizophrenia and schizoaffective disorder (N = 68). Together the
variables explained only 23% of the variance in current GAF. General
psychopathology was the only variable to be significantly associated
(t = 2.261, p = .028), with VCI marginally associated (t = —1.981,
p = .053).

3.2. More complex models
The RF algorithms also performed well in a three-way classification

partitioning healthy controls, the combined group of schizophrenias,
and the affective disorder cases. Twenty repetitions of 5-inner fold cross
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Some healthy control participants were classified as psychiatric
cases by the algorithms, including 10 controls by RF, 8 controls by SVM,
24 controls by LDA and 16 controls by AdaBoost with some overlap
(Table 4). Five of the 51 controls were classified as psychiatric cases by
all four models and four controls were classified as cases by three of the
models. Of these nine controls, four females and five males, seven who
were classified as cases by RF were then further evaluated using a three-
group model (schizophrenia vs. all other psychiatric disorder vs. con-
trols) and a five-group model (schizophrenia vs. schizoaffective vs.
depression vs. bipolar vs. control), as shown in the center and right
columns in Table 4.

The RF approach classified three of the seven controls (A, B and E)
as schizophrenia cases in both the 3-group and 5-group analyses. The
first, control A (6), was also classified as schizophrenia by RF and SVM,
and as schizoaffective disorder by LDA. Control A had a young mother
(16 years), was divorced and unemployed, had earned an associate
degree, was of average intelligence, and displayed slight (minimal)
elevations in negative symptoms and general psychopathology. The
second (control B), classified as schizophrenia by three models (RF,
SVM and LDA) in the three-way comparison and all four models in the
four-way comparison, was married, employed part-time, had average
intelligence but had only earned a high school degree, and demon-
strated slight (minimal) elevations in negative symptoms and general
psychopathology. Control E, classified as schizophrenia by RF, SVM,
and LDA in the three-way and four-way comparisons, had an older fa-
ther (52 years), was single, unemployed, had completed some college
courses but not earned a degree, displayed a mild elevation in negative
symptoms, and had low average PSI and POI scores, which were no-
tably weaker than his average VCI and WMI scores. No control classi-
fied as an “other psychiatric disorder” by RF in the 3-way analysis was
subsequently classified as schizophrenia in the 5-way analysis.

Regarding the other algorithms, SVM classified two other healthy
controls (C, D) as schizophrenia cases. Control C was single, earned a
bachelor's degree, was unemployed, had moderately high negative
symptoms and Average VCI, WMI, and PSI, but Low Average POI In
contrast, Control D had a younger mother (22 years), was single, em-
ployed full-time, had completed some college courses but had not
earned a degree, and showed substantial scatter in her performance on
the WAIS-III indices: her VCI was in the superior, POI was high average,
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Table 3

The efficacy of the four machine-learning algorithms and performance of Random Forest (RF).

3a. Accuracy of the four machine-learning algorithms for diagnostic classification across the three classification groups models

Adaboost mean (SD)

LDA mean (SD)

SVM mean (SD)

RF mean (SD)

0.892 (0.013)
0.885 (0.017)
0.808 (0.022)

0.837 (0.022)
0.873 (0.020)
0.754 (0.024)

0.913 (0.014)
0.879 (0.019)
0.753 (0.031)

0.919 (0.010)
0.902 (0.010)
0.778 (0.022)

Model I: All psychiatric cases vs healthy controls

Model II: Schizophrenia and schizoaffective disorder cases vs affective disorder cases

Model III: Schizophrenia cases vs all other psychiatric disorder cases

3b. Performance of RF algorithms for diagnostic classification across the three classification groups models

NPV mean (SD)

PPV mean (SD)

Balanced accuracy mean (SD)

Specificity mean (SD)

Sensitivity mean (SD)

0.868 (0.023)
0.759 (0.026)
0.732 (0.032)

0.943 (0.007)
0.968 (0.011)
0.823 (0.034)

0.907 (0.012)
0.908 (0.015)
0.787 (0.021)

0.875 (0.018)
0.916 (0.028)
0.793 (0.037)

0.939 (0.013)
0.900 (0.007)
0.781 (0.019)

Model I: All psychiatric cases vs healthy controls

Model II: Schizophrenia and schizoaffective disorder cases vs affective disorder cases

Model III: Schizophrenia cases vs all other psychiatric disorder cases
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Fig. 1. (a) ROC curve: classification algorithms into cases and control, (b) ROC
curve: classification algorithms into schizophrenias (Schizophrenia &
Schizoaffective) and affective disorders (Bipolar & MDD), (c) ROC curve: clas-
sification algorithms into schizophrenia and other psychiatric disorders.

PSI was average, and WMI was low average. Adaboost classified two
other healthy controls (F, H) as schizophrenia cases, who were educated
with a Bachelor's (F) or graduate (H) degree but evidenced a mild
elevation in general psychopathology combined with Low Average PSI
and POI but Average VCI and WMI. Control F was single and employed
part-time while control H was divorced and retired. Adaboost classified
another healthy control as a bipolar case (I).

No single profile accounted for these participants’ inclusions as
cases. None had any positive symptoms whereas most had mild nega-
tive symptoms and general psychopathology. Almost all had average or
better VCI and WMI, but four had low average POI and three had low
average PSIL. One had a 16 year-old mother and another's father was 52
years at birth. More than half of the controls classified as cases did not
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a Importance Ranking of Variables

General psychopathology  IEEE—— 0.107

Positive Sx I 0.082

Negative Sx [N 0.04
WMI I 0.01
PSI M 0.009
POl M 0.008

Maternal Age [l 0.007
vCl [l 0.007

0 0.02 0.04 0.06 0.08 0.1 0.12
Mean Decrease in Accuracy (MDA)

b Importance Ranking of Variables

GAF-c I 0.087
GAF-p I 0.059
PSI I  0.039
VCl NN 0.024
WM I 0.024
Paternalage I 0.014
POl N 0.012
Positive Sx [l 0.01

0 0.02 0.04 0.06 0.08 0.1
Mean Decrease in Accuracy (MDA)

Cc Importance Ranking ot Variables

GAF - c I —— 0.057
Paternal age I 0.055
GAF -p I 0.026
PSI I 0.018
VCl NN 0.016
POl I 0.014
General Psychopathology I 0.007
Maternal age I 0.006
WMI I 0.006
0 0.01 0.02 0.03 0.04 0.05 0.06
Mean Decrease in Accuracy (MDA)

Fig. 2. Variable importance ranking and mean decrease in accuracy (MDA) for the Random Forest (RF) model, (a) classifying psychiatric cases from healthy controls,
(b) classifying cases with schizophrenia and schizoaffective disorder from affective disorder cases, (c) classifying schizophrenia cases from cases with other psy-
chiatric disorders

GAF-c = Current Global Assessment of Function; GAF-p = Past Global Assessment of Function; WAIS III Indexes: VCI = Verbal Comprehension Index; WMI=Working
Memory Index; POI=Perceptual Orientation Index; PSI = Processing Speed Index.
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Table 4
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Participants in the healthy control group predicted to be cases by the respective classification methods: Random Forest (RF), Support Vector Machine (SVM), Linear

Discriminant Analysis (LDA), and AdaBoost.

ID Two classes Three classes

Classified as a psychiatric case by 3 or 4 of

the algorithms disorder vs. control subject

Classified as schizophrenia vs. another psychiatric

Five classes
Classified as schizophrenia vs. schizoaffective vs. depression vs.
bipolar vs. control subject

A 4 methods (RF, SVM, LDA, AdaBoost) Schizophrenia (RF, SVM, LDA)

B 4 methods (RF, SVM, LDA, AdaBoost) Schizophrenia (RF, SVM, LDA)

Other Psychiatric Disorder (AdaBoost)

C 3 methods (SVM, LDA, AdaBoost)
D 4 methods (RF, SVM, LDA, AdaBoost)

Schizophrenia (SVM)

E 3 methods (SVM, LDA, AdaBoost)
F 3 methods (RF, LDA, AdaBoost)

Schizophrenia (RF, SVM, LDA)
Other Psychiatric Disorder
(RF, LDA, AdaBoost)

Control

Other Psychiatric Disorder
(RF, SVM, AdaBoost)

Other Psychiatric Disorder
(RF, SVM, AdaBoost)

G 3 methods (RF, LDA, AdaBoost)
H 4 methods (RF, SVM, LDA, AdaBoost)

1 4 methods (RF, SVM, LDA, AdaBoost)

Other Psychiatric Disorder (RF, SVM, LDA)

Schizophrenia (RF, SVM)
Schizoaffective (LDA)
Schizophrenia (RF, SVM, LDA, AdaBoost)

Schizophrenia (SVM)
Schizophrenia (SVM)
Schizoaffective (LDA)
Schizophrenia (RF, SVM, LDA)
Schizophrenia (AdaBoost)

Control
Schizophrenia (AdaBoost)

Bipolar (LDA, AdaBoost)

complete a four-year college degree, only one was employed full-time,
and another was presumably employed prior to early retirement.

4. Discussion

Hypothesis-free machine-learning algorithms identified symptoms
as the most influential variables for classifying psychiatric cases from
controls, ranking cognition as much less important and of similar in-
fluence as young maternal age. While this supports current diagnostic
practices, we had considered the possibility that cognitive measures
might be of similar or greater importance. In contrast, it was current
and past global assessment of function scores (GAF) that best dichot-
omized the group of schizophrenias from affective disorders. Cognitive
measures and paternal age were less important, but still more influen-
tial than psychotic symptoms. This underlines the importance of not
misdiagnosis a condition as schizophrenia based on psychosis, which
can be a feature of many disorders. Low GAF scores remained valuable
for the specific classification of schizophrenia, apart from schizoaffec-
tive disorder and other conditions, but paternal age was similarly in-
fluential. Less highly ranked, although still influential, were verbal
comprehension, perceptual organization, and processing speed fol-
lowed by general psychopathology, maternal age and working memory.

Inspection of the characteristics of the seven healthy controls who
were misclassified as schizophrenia cases illuminated sub-threshold
negative symptoms and a cognitive pattern of intact (average or su-
perior) verbal comprehension with low average scores in perceptual
organization, processing speed or working memory. One had a younger
mother (16 years) and another had an older father (52 years). Negative
symptoms and nonverbal deficits indices may represent the most salient
sub-threshold symptoms in healthy subjects for schizophrenia vulner-
ability. The relative sparing of verbal comprehension in most controls
who were classified as cases suggests that verbal comprehension deficits
may be a key vulnerability for the expression of schizophrenia. Indeed,
the relative importance of verbal comprehension and processing speed
over other cognitive indices in classifying schizophrenia is consistent
with this contention. Such importance of impaired verbal comprehen-
sion for classifying schizophrenia parallels the findings from another
machine learning study that found language usage, assessed by auto-
mated algorithms, was highly accurate in predicting the conversion to
psychosis among high risk youth (Corcoran et al., 2018). Global as-
sessments of function scores were not obtained for the controls, so
function did not contribute to the misclassification of controls as cases.
Nonetheless, while education and employment were not included as
variables, the controls who were misclassified as cases tended to have
less education and low employment compared to the other controls,
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also consistent with schizophrenia vulnerability.

In part, these results confirm the efficacy of the current symptom-
based clinical practices that employ observable criteria, such as the
DSM-5 (American Psychiatric Association, 2013), for psychiatric clas-
sification. The preeminent importance of lower current and past global
functioning for separating schizophrenia-related disorders from affec-
tive disorders also confirms the necessity of the DSM-5 requirement of
impaired function (B Criteria) for a schizophrenia diagnosis. Im-
portantly, while general psychopathology was correlated with current
GAF scores, more than three-quarters of the variance in current GAF
was not explained by the other study variables, suggesting that func-
tional incapacity is not simply a consequence of symptoms and/or
cognitive deficits. Rather, reduced function may be related to a core
pathology that could also give rise to symptoms and cognitive deficits.

These findings suggest that current and past function may best
capture the “fundamental features” of the disease, hypothesized by
Bleuler to include autism, changes in the structure of the person, am-
bivalence, avolition, thought disorder and the affective-emotional and
affect-expressive changes that were distinct from organic dementias
(Bleuler, 1950/1908; Urfer-Parnas et al., 2010). The central importance
of function for schizophrenia pathology is further supported by a recent
clinical high-risk study that found a significant drop in social function
occurred in the clinical high-risk cases who converted to psychosis
compared to cases that did not convert within two years, along with a
similar trend-level decline for their role function (Carrién et al., 2018).

Cognitive deficits are common in schizophrenia and have been
considered as possible explanations for the disease (Jirsaraie et al.,
2018) although many persons with far greater cognitive limitations
have spared social functioning. If indeed cognitive impairments are
secondary to a latent fundamental lesion, then interventions designed
to improve cognition may not target the central deterministic pathology
that integrates and activates social and affective drives to function in
society. Importantly, psychotic symptoms, which guide most clinicians
to the diagnosis, were least important for the classification.

Of the cognitive measures, working memory was the most important
one for differentiating all psychiatric cases from controls, whereas
processing speed and verbal comprehension were most important for
differentiating schizophrenia from other disorders. This finding sup-
ports the transdiagnostic importance of working memory as a risk
factor for psychopathology in general (Huang-Pollock et al., 2017),
perhaps tapping a brain activation abnormality that is relevant to
multiple disorders as a final pathway (McTeague et al., 2017). Sup-
porting our results, processing speed, followed by social cognition, also
best distinguished persons with schizophrenia from community re-
sidents using the MATRICS Consensus Cognitive Battery (MCCB;
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Kern et al., 2011), which was not included in the present study.

The unbiased algorithm in this study showed older paternal age was
similar in importance to low function for classifying schizophrenia.
Given the inclusion of symptoms, cognition and function as variables
for the algorithms, the separate importance of parental ages is intri-
guing. Advancing paternal age is an established risk factor for schizo-
phrenia, proposed to be associated with de novo genetic changes in the
paternal germ line that advantage the affected clone of spermatogonia
to divide more rapidly, thus expanding in proportion to other sper-
matogonia as paternal age advances (Goriely et al., 2013). Younger
maternal age is also consistently linked to the risk for psychiatric con-
ditions in offspring (McGrath et al., 2014). Earlier papers proposed that
offspring risks for men who reproduced later and women who did so
early could reflect the inheritance of the behavioral deficits of im-
pulsive mothers or social deficiencies of men with delayed reproduction
(Sandin et al., 2016). However, these results show parental age effects
are separate from cognition and symptoms, implicating other biological
pathways. The ages of parents might, for example, epigenetically in-
fluence offspring behavior to introduce useful variation among siblings
for group survival (Eisenberg and Kuzawa, 2018), which could be prone
to disruption at the extremes of parental ages.

The main output for this study was the variable importance rank-
ings, which reflect the proportion of observations that would be in-
correctly classified were not included. By comparing several different
machine-learning classification models, Random Forest (RF) was shown
to be superior in terms of overall accuracy for classifying cases from
controls (93%). The superiority of RF is attributable to its use of an
ensemble of multiple decision trees as tools that map the variables into
possible classes, which is more accurate than the other methods, which
are based on individual classifier models (Kohavi,1995). While RF also
demonstrated a 90% accuracy in dichotomizing the schizophrenias
from affective disorders, it was less accurate for classifying schizo-
phrenia per se (79%). This lesser accuracy of the RF algorithm for
classifying schizophrenia mirrors the real-world findings of low relia-
bility for schizophrenia and schizoaffective disorder diagnoses based on
the clinical instrument utilized for the present study, the Diagnostic
Interview for Genetic Studies, particularly when the conditions are se-
parately considered (Faraone et al., 1996).

A final strength of the present study is the misclassification of seven
healthy participants as cases by three or four of the different machine-
learning algorithms. These results provide a qualitative picture of
subthreshold illness features in some healthy controls and suggest the
possibility that spared verbal capacity is protective, which are goals of
the RDoC approach (Kozak and Cuthbert, 2016). In addition, as half of
these controls were less than 30 years of age, they are potentially still at
risk for the disorder, further supporting strengths of machine learning
algorithms.

There are some limitations to the present study. While participants
across the sites did not differ in age or clinical measures, there were
significant sex and diagnostic distribution differences that could have
influenced our results. Follow up studies are needed to verify the pre-
sent results, and the addition of genomic information and life exposures
would provide further information about key features that differentiate
schizophrenia. Additionally, due to the small sample size of mis-
classified controls, supporting the efficacy of the machine learning al-
gorithms, we relied on qualitative descriptions to understand why the
algorithms may have misclassified the controls. Our qualitative findings
should be considered preliminary and followed up with quantitative
analyses in larger samples. Still, the results of the present study de-
monstrate that machine-learning methods can provide a novel window
on salient domains and etiologies for psychiatric conditions and support
the utility of current criteria based diagnostic practices.
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