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Background: Executive function (EF) impairments are
often seen in mental disorders, particularly schizophrenia
(SZ), where they relate to adverse outcomes. As a hetero-
geneous construct, how specifically each dimension of EF
to characterize the diagnostic and prognostic aspects of SZ
remains opaque.

Study Design: We used classification models with a stack-
ing approach on systematically measured EFs using 6 tasks
to discriminate 195 patients with SZ from healthy individ-
uals. Baseline EF measurements were moreover employed
to predict symptomatically remitted or non-remitted prog-
nostic subgroups. EF feature importance was determined at
the group-level and the ensuing individual importance scores
were associated with 4 symptom dimensions.

Study Results: The models highlighted the importance of
inhibitory control (interference and response inhibitions) or
working memory (WM) in accurately identifying individu-
als with SZ (area under the curve [AUC] = 0.87) or those in
remission (AUC = 0.81). Patients who are correctly classi-
fied, in the association with the contribution of interference
inhibition function to our diagnostic classifier, present more
severe baseline negative symptoms compared to those who
are more likely to be misclassified. Also, linked to the
function of WM updating, patients who are successfully
classified as remitted display milder cognitive symptoms at
follow-up. Remitted patients do not differ significantly from
non-remitted cases in baseline EF assessments or overall
symptom severity.

Conclusions: Our work indicates that impairments in
specific EF dimensions in SZ are differentially linked to
individual symptom-load and prognostic outcomes. Thus,
assessments and models based on EF may be promising in
the clinical evaluation of this disorder.

Key words: schizophrenia; executive functions; machine
learning; prognostic prediction.

Introduction

Cognitive symptoms, a core aspect of schizophrenia (SZ),
emerge in the prodromal phase and persist throughout the
illness'—unlike in affective psychotic disorders or drug-
induced psychosis, where cognitive deficits are epiphe-
nomenal. Symptoms involve impaired mental functions
related to memory, attention, and executive tasks.” Exec-
utive function (EF) represents higher-order cognitive pro-
cesses involving impulse control and behavior orchestra-
tion.* EF deficits hinder goal-directed activity and con-
tribute to poor medication compliance, worsening clinical
outcomes.*

In psychiatry, prognostic prediction remains chal-
lenging. Assessments using baseline neuroimaging,
genetic, or clinical data often approach chance-level
accuracy.’® EF deficits—related to disease progression,
symptom severity, and loss of social and occupa-
tional skills’represent potential clinical and prognostic
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markers for SZ and align well with the 3-factor model
of EF of Miyake et al.,® characterizing (1) interference
inhibition and response inhibition; (2) cognitive flexibility
(CF) and switching; and (3) working memory (WM)
updating and maintenance.” These EF dimensions differ
in concept and neurobiological substrate, highlighting
the need to assess them separately when correlating
them with diagnostic and prognostic aspects of SZ.
Furthermore, the inhibitory and WM dimension contain
sub-functions—specifically, interference inhibition and
response inhibition fall under the inhibition dimension,
while the WM dimension contains updating (dynamic
manipulation) and maintenance (short-term storage)
functions. The inhibition and WM constructs each
comprise at least 2 distinct sub-functions,'”!" which
can be differentially affected in SZ.">!* Such finer
characterization of EFs may assist in understanding
specific psychopathological processes in SZ, for example,
disorganization symptoms.'*!* EF disturbances have been
implicated in negative and positive symptoms. Failure in
effectively monitoring volitional behaviors and inhibiting
false inference in predictive processing would give rise
to positive symptoms (eg, hallucinations).'®!” Impaired
WM updating and maintenance is linked to poor
abstract thinking,' which increases the risk of developing
negative symptoms (eg, apathy) common in SZ.'°*
However, some EF dimensions may be more severely
affected than others,*! leaving unknown which EF dimen-
sion deficits best characterize SZ and offer prognostic
information.

Widely used tools, for example, the Cambridge Neu-
ropsychological Test Automated Battery”? and the
National Institutes of Health Toolbox,” do not cover
various EF dimensions. Assessments included in available
neuropsychological batteries (eg, Delis—Kaplan EF
System) do not offer trial-by-trial dynamic quantification
that could detect subtle cognitive impairments, includ-
ing in EF*** Furthermore, routinely used cognitive
symptom items, such as in the Positive and Negative
Syndrome Scale (PANSS), are retrospective, based on
information collected from patient interviews or relatives’
contributions. In contrast, task paradigms offer a tailored
assessment strategy, with objective trial-by-trial tests that
measure particular cognitive functions, with improved
sensitivity and specificity.”*

Here, 6 well-established behavioral paradigms were
implemented to assess individual functions along 3 EF
dimensions to determine their role in characterizing SZ
patients at base-line and their prognostic statuses at
follow-up (Figure 1). This is tested via establishing diag-
nostic and prognostic classification models using multiple
machine learning methods, along with their stacked
model, following a stringent nested cross-validation (CV)
and independent testing. The importance of EF feature
contributions to classification models was determined at
both the group- and individual-levels, which the latter

2

further facilitates establishing a link between feature
importance and individual psychopathology.

Methods

Participant Recruitment, Clinical Characterization, and
Definition of Prognostic Status

We recruited 195 SZ aged 35.35 4+9.35 years (81 females),
and 169 age- and gender-matched healthy individuals
(HC group) (Table 1). Eighty-six patients were suc-
cessfully followed with reassessment after 4-6 weeks.
Diagnoses were made by 2 resident psychiatrists using
the ICD-10 diagnostic criteria for SZ. Participants
provided written informed consent, and were screened
with the Structured Clinical Interview for DSM-IV axis
I Disorders. Patients were stable and receiving consistent
treatment, with no medication changes expected during
the study (cf. Table S1). This study was approved by
the Ethics Committee at the Third People’s Hospital
of Lanzhou City and Northwest Normal University
(Lanzhou, China).

Symptom severity was assessed using the PANSS.”
Scores of 4 dimensions representing positive, negative,
affective, and cognitive symptoms were derived for
each patient via the Dimensions and Clustering Tool
for Schizophrenia Symptomatology (DCTS; http:/
webtools.inm7.de/sczDCTS/). These dimensions have
been previously identified as stable and generalizable
across populations, regions, and clinical settings,”” with
higher scores denoting more severe symptoms. Patient
subgroups, either showing prominent positive or negative
symptoms, were also defined using this DCTS tool to
explore potential interactions between symptom profiles,
classification accuracy, and key EF impairments. Patients
with an ambiguous symptom profile were excluded to
improve specificity.

For the 86 followed-up patients, reassessments included
item-wise PANSS and EF behaviors. Their remission ver-
sus non-remission prognostic statuses were determined
based on the Remission in Schizophrenia Working Group
(RSWGQG) criteria® defined by scores<3 on specific PANSS
items (P1, P2, P3, N1, N4, N6, G5, G9). Considering the
lack of an established definition of clinical outcomes in
SZ, we utilized an alternative definition based on different
rates (25%, 35%, and 50%) of reduction in total PANSS
score.” Prognostic statuses may also be reflected in a
change of subtype membership from baseline to the end
of follow-up, particularly surrounding the negative symp-
tom subtype, which we differentiated: (1) baseline non-
negative subtype (ie, positive subtype and the ambiguous
class wherein the patients lack clear assignment) with
transition to a negative subtype; and (2) stable negative
subtype during follow-up. Negative symptoms can be
primary (stable) or secondary to positive symptoms and
antipsychotic treatments® which relate to poorer clinical
outcomes.’!
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Figure 1. Study overview. (A) The diagnostic model included the recruitment of patients with schizophrenia, further stratified into positive
and negative symptom subtypes, and healthy controls. All participants underwent a comprehensive battery of tests and assessments tailored
to their respective groups. The prognostic model was developed from a cohort of 86 patients with schizophrenia who completed a standard
treatment regimen within 4-6 weeks of hospitalization. At follow-up, patients were evaluated using the RSWG criteria as the primary
outcome measure. Additionally, 3 widely accepted definitions in the field were incorporated to comprehensively classify treatment response
(ie, 25%, 35%, and 50% symptom reduction thresholds), as well as changes in positive and negative symptom subtypes. (B) Data underwent
preprocessing, followed by a stratified random division into an 80% discovery dataset and a 20% test dataset, balanced for diagnostic
and remission outcomes. The discovery set was subjected to nested cross-validation, with model performance assessed on the test set using
various metrics. To reduce splitting variance, this procedure was repeated 100 times. (C) SHAP values assigned to executive function features
indicated their importance in model predictions, with mean absolute values reflecting overall impact. Individual Shapley values highlighted
feature influence on correct classifications, which were also assessed for their relationships to psychopathology measures. FDR was used
to control for false-positives in multiple comparisons. Correlational analysis between individual-level Shapley values for each feature and
individual psychopathology. Abbreviations: Ada = AdaBoost; FDR = false discovery rate; RF = random forest; RSWG = remission in
schizophrenia working group; SHAP = SHapley additive exPlanations; SVM = support vector machine. EF = executive function.

Assessments

Executive Function. We adopted a 3-dimensional defi-
nition of EF, specifying inhibitory control (IC) (interfer-
ence inhibition and response inhibition), WM (updating
and maintenance), and CF®. Six behavioral tasks were
employed to measure these dimensions® (Figure 2A): (1)
number running memory updating task (WM updating)®;
(2) digit span backward task (WM maintenance)®?; (3)
Corsi block test (WM maintenance)*; (4) Stroop task
(interference inhibition)*; (5) Go/No-Go task (response
inhibition)*; and (6) number switching task (CF).>” Accu-
racy and reaction time (RT) for these tasks were used
to compute values for 14 assessment indicators, that is,
features for model training. These indicators are effective
in measuring different aspects of EF (cf. Table S2) to
reflect the underlying latent construct,*® and are sensitive
to SZ-related deficits.*

Inhibitory Control. The 4 measurements for assessing
the interference control function included the RT for the

incongruent, congruent, and neutral stimuli, and the dif-
ference in RT between the congruent and the incongruent
condition trials (ie, the interference effect) in the Stroop
task. Three measurements for assessing the response inhi-
bition function included the RT for the “Go” stimuli and
the accuracy for the Go and No-Go stimuli in the Go/No-
Go task.

Working Memory. Two measurements for assessing
WM updating function included the proportion of digits
correctly recalled and placed in the correct sequence at
2 different speeds of presentation (1750 and 750 ms per
digit) in the running memory task. Three measurements
for assessing the numeric WM maintenance capac-
ity included the length of the last correctly repeated
sequence, the count of sequences correctly repeated
until the conclusion of the test (ie, the total number
of successful trials) from the Corsi block test, and the
maximal number of digits accurately recalled in the
reverse order of the digit span backward task.
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Table 1. Participant Demographics and Clinical Characteristics

Characteristic Schizophrenia  Healthy control P-value Remission group Non-remission P-value
group (n=195) group (n=169) at baseline group at baseline
(n=158) (n=28)
Demographic
Age 35.35+9.35 37.69+13.71  .055 34.03 +8.69 34.54+9.75 .810
Sex .264 157
Male 114 (58.5%) 88 (52.1%) 39 (67.2%) 14 (50.0%)
Female 81 (41.5%) 81 (47.9%) 19 (32.8%) 14 (50.0%)
Ethnicity, Han 173 (88.7%) 152 (89.9%) .837 52 (89.7%) 24 (85.7%) 465
Education, years 11.12+£4.58 10.90 £ 3.94 .615 10.52£3.98 11.07+£4.24 555
BMI 23.21+£3.73 23.95+4.32 494 23.60£3.13 22.65+3.78 217
Residence, urban 114 (58.5%) 98 (58.0%) 1.000 27 (46.6%) 16 (57.1%) 255
SES 23.21+7.32 23.88 £5.80 .338 22,72 £7.25 23.43+8.02 .684
RPM 32.56+£11.50 39.524+9.63 <.001 34.84+11.17 33.04 +12.49 .500
Employed, yes 53 (27.2%) 111 (65.7%) <.001 15 (25.9%) 5(17.9%) .587
Only child, yes 63 (32.3%) 24 (14.2%) <.001 42 (72.4%) 14 (50.0%) 150
Marital status
Unmarried 115 (59.0%) 54 (32.0%) <.001 34 (58.6%) 19 (67.9%)
Married 48 (24.6%) 108 (63.9%) 18 (31.0%) 4 (14.3%)
Divorced 31 (15.9%) 7 (4.1%) 6 (10.3%) 5(17.9%)
Widowed 1 (0.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Smoking history .079 .508
Never 119 (61.0%) 122 (72.2%) 34 (58.6%) 20 (71.4%)
1-3 years 19 (9.7%) 11 (6.5%) 6 (10.3%) 2 (7.1%)
>3 years 57 (29.2%) 36 (21.3%) 18 (31.0%) 6 (21.4%)
Alcohol consumption history
Never 133 (68.2%) 99 (58.6%) 118 42 (72.4%) 18 (64.3%) 968
Occasionally 54 (27.7%) 64 (40.3%) 14 (24.1%) 9 (32.1%)
Regularly 8 (4.1%) 6 (3.8%) 2 (3.4%) 1 (3.6%)
Clinical
Electronic medication records
Age at onset 27.43 +8.63 27.02 £8.02 27.254+9.39 .906
Duration of disorder 9.74+7.17 9.09 +5.98 10.48 +7.51 .395
Frequency of episodes 598 +4.27 6.17+3.84 6.32+£4.05 871
First episode, yes 10 (5.1%) 1 (1.7%) 1 (3.6%) .548
Family medical history, yes 33 (16.9%) 10 (17.2%) 4 (14.3%) 971
Dose equivalent to olanzapine 14.48 £ 6.41 14.30 £ 5.46 16.65+7.66 154
(mg/day)
Type of antipsychotic medication .829
First generation 9 (4.6%) 2 (3.4%) 2 (7.1%)
Second generation 186 (95.4%) 56 (96.6%) 26 (92.9%)
Clinical scale
3 PANSS subscales
PANSS-Negative 21.42+6.48 21.59 £6.59 21.79+5.99 .893
PANSS-Positive 22.01 +4.46 21.64 +4.06 21.18+5.99 .676
PANSS-General 40.30 £6.81 39.67+7.39 40.39+6.20 .657
PANSS-Total 83.79+13.85 82.90 £ 13.97 83.36+15.33 .890
4 dimensions of PANSS
Negative factor 8.22+2.50 8.24+2.70 8.71+2.11 425
Positive factor 6.24+1.74 5.99+1.66 6.23+2.07 .560
Affective factor 5.65+0.86 5.67+0.93 5.57+0.78 .619
Cognitive factor 9.78 £1.72 9.66 +1.82 9.76 £ 1.61 .823

Data are presented as the mean =+ standard deviation or n (%). The P-values in bold face indicate statistically significant differences
between groups (P < .05). Calculation: BMI is calculated as weight (kg) divided by height squared (m?). Remission status (remission or
non-remission) was determined based on the RSWG remission criteria. Abbreviations: BMI = body mass index; SES = socioeconomic
status; RPM = Raven’s Progressive Matrices; PANSS = Positive and Negative Syndrome Scale; RSWG = Remission in Schizophrenia

Working Group.
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Figure 2. Multi-task executive function dimension assessments. (A) The 6 behavioral paradigms (eg, Zhao et al.*?) used to assess the three
EF dimensions (ie, inhibitory control, working memory maintenance and updating, and cognitive flexibility) based on 14 measurements. (B)
The radar plot was constructed based on the Z-scores of the 14 EF measurements and the 5 composite scores, with annotated p-values (FDR
corrected) resulted from one-way ANCOVAs following a mixed model ANCOVA. (C) Effect sizes are colored as small (0.01 <n? < 0.06),
medium (0.06 < 1?2 < 0.14), or large (n? > 0.14) based on the guidelines proposed by Cohen (1988). Abbreviations: EF = executive function;
FDR = false discovery rate; ns = not significant. ns: Not significant difference. *P < .05; **P < .01; **P < .001.
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Cognitive Flexibility. Two measurements included the
difference in RT between the switch and the non-switch
trials [switch cost] as well as between the non-switch
and the single-task trials [mixing cost] measured in the
number-letter switching task.

Our measurements were in line with those commonly
used in works involving Miyake’s 3 theoretical factors.®
For instance, compared with the “Heaton’s Wisconsin
Card Sorting Test (WCST),” the number-letter switch-
ing task we adopted provides a more process-pure
measurement of CF* by reducing engagement of other
functions such as WM and rule learning. The CF
domain is unidimensional, while the IC and WM domains
comprised sub-functions. Therefore, separate tasks are
required for comprehensive measurement, leading to a
greater number of variables for characterizing these 2
domains than CF. To evaluate the construct validity
of the variables included against the theoretical 3-
factor structure, confirmatory factor analysis (CFA) was
conducted.

Besides conceptual formulation of the 14 task mea-
surements according to the 3-dimensional representation
of EF, we supplemented 5 composite scores calculated
based on these measured variables.*” This is because
real-world cognitive tasks often require multiple EFs
to engage simultaneously for goal representation and
maintenance.”® It is possible that in SZ, the interac-
tion between these functions is impaired,* leading to
symptoms and poor clinical outcomes.*-** Consequently,
composite scores that measure this interplay may offer a
distinct predictive contribution beyond that of any single
variable. An inhibitory composite score was calculated
by averaging: (1) the difference in RT between the
congruent and the incongruent condition trials; and (2)
the accuracy for the No-Go stimuli in the Go/No-Go
task***’ to denote the combined response and interfer-
ence inhibitory functions. Furthermore, this inhibitory
composite score was aggregated with the assessments
in the running memory task (the proportion of digits
correctly recalled and placed in the correct sequence at
the speed of 1750 ms per digit) and the number-letter
switching task (switch cost) to abbreviate general EF
functions. Such abbreviation complies with the previous
notion on a single-condition indicator that these trials
require greater executive control demands.*™ We moreover
created 3 cross-dimensional EF composite scores®: (1)
Inhibition/Updating composite; (2) Inhibition/Switching
composite; and (3) Switching/Updating composite.

Between-Group Comparisons in EF and Symptoms

Multiple one-way ANCOVAs corrected using a false
discovery rate (FDR) approach were followed by a mixed-
model ANCOVA with group (SZ vs. healthy control)
as a between-subjects factor and all EF variables as
within-subjects factors, controlling for sociodemographic

6

variables, to examine whether SZ differentially affected
EF performance. Two-sample #-tests compared symp-
toms, demographics, and EF between remission and non-
remission subgroups. Chi-squared tests compared cate-
gorical variables between these groups. Paired-samples
t-tests compared symptoms between baseline and follow-
up assessments; and Pearson and Spearman correlation
analyses were performed to examine the relationships
among symptoms and EF where appropriate.

Classification Modeling Procedure

Features and Models. Two feature sets were tested for
diagnostic classification (SZ vs. HC): (1) 19 baseline EF
assessments, reflecting the 3 EF dimensions (Table 2);
and (2) 32 features—the 19 baseline EF measures plus
13 sociodemographic variables (age, years of education,
body mass index, socioeconomic status, and fluid intelli-
gence as well as sex, ethnicity, residence, employment sta-
tus, only-child status, marital status, smoking history, and
drinking history). For prognostic classification (remission
vs. non-remission) (Table S3), the same 2 feature sets
(Table S4) were tested. Support vector machine (SVM),
random forest (RF), and AdaBoost—widely used in psy-
chiatric machine-learning research®—were used for clas-
sification tasks, along with a synthesized stacking model
of the three.’® After training the 3 base-models separately,
they are provided examples from an intermediate holdout
set and their predictions are collected. These predictions
serve as the input features to a meta-model (stacked
atop the base-models), which is tuned to the intermediate
holdout set. Finally, the full system of models is used to
make predictions about examples that neither the base-
models nor the meta-models were trained on (the final
holdout set).

Machine Learning Design. The original data were first
preprocessed to accommodate missing values, outliers,
and class imbalance issues (see Supplementary material
for details). Then, data were repeatedly split into discov-
ery and test sets, with each discovery set nested for hyper-
parameters tuning and model validation as a CV design.
Next, the ensuing best model was applied to the test set
from each repeat to obtain out-of-sample performance.
The whole procedure was repeated for 100 tests to avoid
potential bias from random splitting,’'->* which resulted in
100 hold-out, test sets. This approach effectively gauges
generalization while balancing practical acquisitions of
clinical sample data.™®** Specifically, in each repeat, we
randomly split the preprocessed data into a discovery
dataset with 80% of the overall SZ and HC groups (“train-
ing set”) and a “lock-box” test dataset with the remaining
20% of these samples (“test set”) to determine out-of-
sample classification performance (Figure 1).% The ran-
dom split procedure was stratified for the outcome vari-
able (diagnostic label or remission status), ensuring bal-
anced representation of labels in each dataset.*** Using
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the discovery dataset, we performed a nested CV loop*’
(also termed double CV), which differentiates 2 CV roles
to avoid “circularity” introduced by overfitting when the
same sample subset is used for both hyperparameter tun-
ing and model validation.® Specifically, within a nested
CV loop, the inner CV (k=3), encompassing 80% of
the discovery sample, operates all data-dependent deci-
sions while determining optimal hyperparameters in the
validation sets of the inner loop.” The outer CV (k=5)
is subsequently utilized for out-of-sample validation and
parameter assessment.® Hyperparameters with the high-
est average performance over the 5 x 3 nested CV were
used to train a model on the entire discovery sample
without further modification; next, they were tested using
the independent “test set” sample.®! Performance metrics
were then assessed on the 100 test sets. In addition to
AUC, sensitivity, specificity, and balanced accuracy per-
formance metrics were assessed.®

Feature Importance. To evaluate the contributions
of EF features to our classifications, we assigned an
importance score (ie, Shapley value) to each feature.”’
Specifically, we used the SHAP library (version 0.39.0)
model-agnostic SHAP KernelExplainer approach gen-
erally used to estimate Shapley values for prediction
models.®® After obtaining individual-level Shapley values
for each feature based on a weighted linear regression
model as detailed elsewhere,* we computed the mean
absolute Shapley value (ie, feature importance score)
across all individuals (ie, the group-level Shapley values)
where larger Shapley values indicate stronger importance
of this feature to the classification model. SHAP analysis
was performed on the classifiers best-performing in the
test sets with the 19 EF assessments.®

To determine the directional contribution of EF
dimensions for classification, a decision path analysis
was performed. Among correctly classified participants
in the SZ group, performance by each EF dimension
assessment was averaged across both the HC and SZ
groups for the diagnostic models, and across the remission
and non-remission patient groups for the prognostic
models. The averaged performance was then used to
normalize the original measurement values of each EF
feature for correctly assigned patients, with a positive (or
negative) value denoting higher (or lower) performance
of an EF feature that has driven the model towards
an accurate classification. Using individual Shapley
values, the decision path was plotted for each correctly
classified individual, because SZ have heterogeneous
expressions across EF dimensions.® Finally, based on
these values, we tested the extent to which the importance
of the contribution of an EF feature to a classification
was linked to individual psychopathology along the 4
symptom dimensions, using Pearson correlation analysis
followed by a FDR approach for correcting multiple
comparisons.®’

8

Complementary Investigations

Control Analysis. We controlled the effects of (1) 13
demographic characteristics; (2) the 13 demographic vari-
ables and the olanzapine (OZP) equivalent dosage; and
(3) only the OZP equivalent dosage on the baseline EF
assessments using regression approaches® when establish-
ing the classification models. Furthermore, to mitigate the
potential impact of antipsychotic drug dosage on prog-
nostic classification, we included only patients receiving
a clinically standard, commonly effective OZP equivalent
dosage of 10-20 mg/day.

Sensitivity Analysis. We conducted a best- and worst-
case sensitivity analysis to account for the effect of
attrition, assuming that all participants who were lost
to follow-up had positive or unfavorable treatment
outcomes. This helped establish potentially extreme
scenarios due to attrition with respect to our main
analyses.®-7°

Subsampling and Subgroup Analyses. To investigate
whether an unequal number of variables across EF
dimensions affected the model results and our identifi-
cation of feature importance, we performed subsampling
analysis with 100 repetitions to draw an equal number of
individual indicators across dimensions from the original
data when establishing classifiers (cf. Supplementary
methods).

We stratified our diagnostic and prognostic models by
sex, that is, repeating the stacking ensemble within the
male or female patient subgroup independently, to assess
the influence of sex on classification performance and
contributing EF variables. We also performed diagnostic
and prognostic classifications separately for each symp-
tom subgroup.

Results

EF Dimensions Are Consistently and Differentially
Affected in Schizophrenia

CFA confirmed adequate model fit of the included
EF variables against the theoretical 3-factor construct
(cf Table S5, Figure S1). All variables demonstrated
acceptable standardized factor loadings (>0.30, per).”"?
All latent factors showed good composite reliability
(all>0.60) in the combined group of patients and controls.
ANCOVA revealed significant 2-way interaction between
group (SZ vs. HC) and EF measurements (P <.001).
Follow-up one-way ANCOVAs revealed that, except for
2 measurements which assess WM maintenance based
on the Corsi block test, the accuracy in No-Go trials,
the difference of RT between the congruent and the
incongruent condition trials (ie, the interference effect)
in the Stroop task, the mixing cost in the switching task
and the 2 composite scores of Inhibition/ WM updating
and Inhibition, other measurements and composite scores
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were all significantly different between SZ patients and
healthy controls (all Py <.05) (Table2; Figure 2B).
The differential EF performance covers all of 3 EF
dimensions with the RT for Go trials (response inhibition)
in the Go/No-Go task presenting the largest effect size
(n?=0.160) (Table 2; Figure 2C). Response inhibition
showed a significant sex difference, with females demon-
strating superior accuracy in No-Go trials (0.86 +0.10
vs. 0.81+0.13, Py, =.039) (Table S6 compares male and
female patients).

Remitted Patients Show Improved Interference Inhibition
at Follow-Up, without Difference in any EF Dimension at
Baseline, Compared with Non-remitted Patients

The differences in baseline EF dimensions between the
remission (58 patients) and non-remission groups (28
patients; RSWG criteria) were analyzed. No significant
between-group differences were observed on any EF
dimension (Table S7). When comparing respective
changes in these dimensions from baseline to follow-up
(Table S8), significant differences were only observed in
the remission group. Specifically, on the Stroop task, the
remission group demonstrated shorter RT under neutral,
congruent, and incongruent conditions compared with
baseline (ie, better interference inhibition ability; all
P < .05).

Regarding clinical outcomes defined by subtype trans-
mission, there were no significant differences in baseline
EF measurements among the 3 subgroups (ie, positive,
negative, and ambiguous) of SZ patients (all Py, > .05). In
patients with more prominent secondary negative symp-
toms (ie, baseline non-negative subtype with transition
to a negative subtype), the Stroop task revealed signifi-
cantly reduced RT at follow-up compared with baseline
for incongruent stimuli (P =.022), congruent stimuli
(P =.007), and neutral stimuli (Py =.037). Addition-
ally, the mixing cost in the switching task was significantly
lower at follow-up (P, =.048). However, 13 patients of
the stable negative subtype during follow-up did not show
significant differences between baseline and follow-up
across all EF measurements. There were no significant
differences in baseline EF measurements between the
secondary negative group (64 patients of non-negative
subtype transition to negative subtype) and the stable
negative group (all Py, > .05).

Psychopathology Dimensions Specifically Correlated with
Different EF Measurements

EF, and specifically their dimensional measurements, is
associated with different aspects of symptomatology.”
Using the 4-dimensional structure of the PANSS,* we
observed significant reductions in severity across negative,
positive, cognitive, and affective symptoms in SZ patients
at follow-up (P <.001, Table S9). Among the 86 follow-
up patients, the ability to inhibit conflict, as reflected by
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congruent stimuli (r = 0.246, P =.022) in the Stroop task,
was positively correlated with baseline positive symptom
scores (Figure S2). Patients’ capacity to maintain and shift
mental sets, quantified by switch cost and mixing cost in
the number-letter switching task, was positively correlated
with baseline cognitive (r =0.298; P =.005) and positive
symptom scores (r =0.265; P =.014), respectively, within
the follow-up subset but not in the overall patient sample.
For comparison, correlation analyses were repeated using
PANSS 3-original subscale scores; these yielded simi-
lar results, except for correlations with Stroop metrics
(Figure S3).

EF Dimensions Show Consistent and Distinct
Impairments in Schizophrenia and Offer Prognostic
Insights Via Machine Learning Classification Models

Diagnostic Classification. For the feature set relying on
only EF assessments (ie, feature set 1), we aimed for a
model to classify new patients, regardless of sociode-
mographics. The highest out-of-sample classification
was achieved by the stacking model (JAUC]=0.87)
(Figure 3A; Table S10). The feature set 2, which also
included sociodemographic variables, was aimed at
incorporating information from routine clinical inter-
views that indicates disease susceptibility.” With the
addition of sociodemographic variables, improved model
performance was observed (stacking model AUC =0.91).
Additionally, we regressed demographic variables (age,
gender, and education) from the EF assessments and used
the residuals as features for model training, removing the
variance explained by demographic factors and maintain-
ing model performance (stacking model AUC = 0.80).

Prognostic Classification. The stacking model achieved
the highest classification accuracy based on the EF
assessments-only feature set (AUC =0.81) (Figure 4A),
and the performance was identical to that observed when
the EF plus sociodemographic features set was used.

By regressing out the effects of sociodemographic
variables on EF assessments, we found that the model per-
formance decreased to AUC =0.65, indicating a poorer
setup (Figure 4A). However, there was no significant dif-
ference in any of the sociodemographic variables adjusted
in our classification models between the remitted and
non-remitted patient subgroups (all P > .05) (Table S7).
Additionally, controlling for medication effects using an
OZP equivalent dosage (which did not differ significantly
between remitted and non-remitted patients; P =.15)
diminished the prognostic classification accuracy to an
AUC of 0.72. Investigating only patients (n = 46) treated
with a commonly effective OZP-equivalent dosage of
10-20 mg/day in clinical practice produced a similar
prognostic classification performance (AUC=0.82) to
that recorded in the group of followed up patients
(n=286).
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Figure 3. Performance and feature importance for diagnostic models. (A) Violin plots show the values of area under the curve (AUC) for
discriminating patients with schizophrenia from healthy participants by diagnostic classification models. Each point within the violin plots
represents the AUC value derived from the hold-out test data of each random split procedure (repeated 100 times) in our machine learning
design. The horizontal line within each violin plot denotes the mean. (B) The group-level feature importance plot ranks EF features on the y-
axis by their absolute average Shapley value across individuals, representing their overall importance in the ability of the model to distinguish
between patients and healthy participants. The original feature weights for each EF variable were color coded. Values along the x-axis
indicate a positive or negative effect of an EF feature on classifying an individual, with a negative and positive value promoting the model
towards a classification of “healthy” and “schizophrenia,” respectively. Collectively, these findings indicated that higher accuracy in the go
trials was associated with a higher likelihood of classifying an individual as healthy. (C) The group-level decision path, generated based on
all correctly classified samples. EF features are presented in an order with more closely related ones to have more similar decision paths.
The color bar denotes the impact of an EF feature on model’s classification towards “healthy” (0) or “schizophrenia” (1), the curve shows
the values for each EF feature coded in the color bar. The numbers in parentheses represent the z-score standardized original measurement
values of each EF feature by the averages of this EF feature across the healthy and the patient groups in the model test samples (a negative
number denotes the measurement of an EF feature that is below the average in patients with schizophrenia). The ” or ¥ markers adjacent to
the parentheses indicate the higher or lower values within the parentheses that are associated with better or worse EF functions, respectively.
This is because some measurements from the EF tasks indicate better performance with higher values, while others are more favorable with
lower values. (D) The decision path for each individual in the test sets of the diagnostic classification to illustrate the model’s decision-
making process. The visualization begins from a uniform baseline at the bottom, corresponding to the model’s average prediction, here 0.5
as we were performing binary classifications. Each curve from bottom to top denotes the Shapley values assigned to each EF feature per
individual given the expression level this individual in these features associated with corresponding outcome. The terminal point of each
trajectory at the top of the plot represents the model’s final output score, which maps to a classified class of either 0 (healthy) or 1 (patient).
Predictive path for an accurately classified individual was shown, demonstrating the individual-level reliability of the feature contributions
that align with the observed diagnostics. Abbreviations: EF = executive function; HC = healthy control.
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Figure 4. Performance and feature importance for prognostic models. (A) Violin plots show the values of area under the curve (AUC) for
discriminating remitted patients with schizophrenia from non-remitted patients by prognostic classification models. Each point within
the violin plots represents the AUC value derived from the hold-out test data of each random split procedure (repeated 100 times)
in our machine learning design. The horizontal line within each violin plot denotes the mean. (B) The group-level feature importance
plot ranks EF features on the y-axis by their absolute average Shapley value across individuals, representing their overall importance in
the model’s distinction between remitted and non-remitted patients (ie, greater separation of the violin-like plots towards the extremes
denotes higher importance). The original feature weights for each EF variable are color-coded. Values along the x-axis indicate a
positive or negative effect of an EF feature on classifying an individual, with a negative and positive value promoting the model
towards a classification of “remission” and “non-remission,” respectively. Collectively, these data suggest that longer reaction times in
incongruent stimuli are associated with a higher likelihood of classification as non-remitted patient. (C) The group-level decision path,
generated based on all correctly classified remitted schizophrenia patients. EF features are presented in an order with more closely
related ones to have more similar decision paths. The color bar denotes the impact of an EF feature on model’s classification towards
“remission” (0) or “non-remission” (1), and the curve shows the values for each EF feature coded in the color bar. The numbers in
parentheses represent the z-score standardized original measurement values of each EF feature by the averages of this EF feature
across the remitted and non-remitted patient subgroups in the model test samples (a negative number denotes the measurement of
an EF feature that is below the average in remitted patients). The * or ¥ markers adjacent to the parentheses indicate the higher or
lower values within the parentheses that are associated with better or worse EF functions, respectively, as some measurements from
the EF tasks indicate better performance with higher values, while others are more favorable with lower values. (D) The decision path
for each individual in the test sets of the prognostic classification to illustrate the model’s decision-making process. The visualization
begins from a uniform baseline at the bottom, corresponding to the model’s average prediction, here 0.5 as we were performing binary
classifications. Each curve from bottom to top denotes the Shapley values assigned to each EF feature per individual given the expression
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We supplemented classifications to discriminate prog-
nostic subgroups defined by the reduction in re-assessed
total PANSS score. The results showed poorer discrimina-
tive power, with AUCs of 0.74, 0.58, and 0.73 (Figure 4A;
Table S11) for a 25% (68 remitted vs. 18 non-remitted),
35% (48 remitted vs. 38 non-remitted), and 50% (16 remit-
ted vs. 70 non-remitted) reduction in the PANSS score,
respectively. Alternatively, we established a classification
model for the clinical outcomes of patients based on
subtype-membership transition which yielded a promis-
ing performance (AUC =0.81).

Moreover, 2 sensitive analyses were performed to take
the attrition condition in our study into consideration.
The demographic variables, symptoms, OZP-equivalent
dosage, and EF measurements did not differ significantly
between followed-up patients and those who were not
(all P > .05, Table S7). Furthermore, by treating the
patients lost to attrition as best cases (ie, all remitted),
classification accuracy decreased slightly to an AUC of
0.75; treating them as worst cases (none remitted) yielded
a further decrease (AUC =0.68).

Feature Importance and Association with Individual
Psychopathology

Group-Level Feature Importance and Decision Path.
Including only the 19 EF dimensions scores as the feature
set in both diagnostic and prognostic classifications, the
IC dimension—comprised of response and interference
inhibitions—ranked highest in both classifying SZ group
participants and their follow-up remission status by the
Shapley approach (Figures 3B and 4B). Within the IC
dimension, important features were from the Go/No-
Go task and the Stroop task. Adding sociodemographic
variables to the diagnostic and prognostic classifiers
generally replicated IC as the strongest contributing
dimension (Figures S4A and S5A).

Next, group-level decision path analysis of each EF
dimension identified that poor performance on any of
these drove the model to correctly classify SZ patients
(Figure 3C). However, worse performance on the IC
dimension increased the likelihood of non-remission
status classification (Figure 4C). These results were repli-
cated in additional models in which sociodemographic
variables were included (Figures S4B and S5B).

Individual-Level Decision Path and Association with Psy-
chopathology. Among correctly identified participants
in diagnostic classification, SZ patients scored below the

averages of both HC and SZ groups on at least one
EF dimension (Figure 3D; Figure S6). For the prognos-
tic classification model, remitted status for most partic-
ipants in the SZ group was correctly assigned based on
higher baseline IC dimension (including both interfer-
ence control and response inhibition) compared with the
averages of both remitted and non-remitted participants.
Specifically, remitted participants showed shorter RT to
the incongruent condition in the Stroop task and higher
accuracy in the response to the Go trials during the
Gol/No-Go task. However, several patients in remission
presented worse baseline performance in WM than the
group averages (Figure 4D; Figure S7). These findings
were replicated when sociodemographic variables were
included in diagnostic classification models (Figures S4
and S5).

Pearson correlation analysis was further performed on
individual Shapley values for each EF feature and scores
on the 4 symptom dimensions. The interference inhibition
function, as assessed by a difference in RT between the
congruent and the incongruent trials in the Stroop task,
that promoted a correct assignment of cases versus HC
were significantly associated with the negative symptoms
(r=0.439, Py, =.042) for SZ (Figure 5A). After includ-
ing the 13 sociodemographic variables, no significant
correlation was found. For prognostic classification, the
importance of WM updating (assessed in the running
memory task; r=0.618, P, =.023) and maintenance
(assessed in the Corsi block test; r=0.597, Py, =.031) in
the model that accurately assigned remitted patients was
correlated with low-level cognitive symptoms at follow-
up. Additionally, WM updating function contributing
to the accurate assignment of remitted patients was
associated with less severe re-assessed negative symptoms
(r=0.596, Py, =.031) (Figure 5B). Following inclusion of
sociodemographic variables in the model, the significantly
associated EF variables were different (Figure S8).

Using PANSS 3-subscale scores in correlation analyses
did not reveal significant correlation with the importance
scores of any EF features identified in the diagnostic mod-
els. Significant correlation patterns among the importance
scores of EF dimension features in prognostic models
were a subset of those reported above (Figure S9).

Equalizing variables across EF dimensions when clas-
sifying patients and their remission outcomes exhibited
decreased performance with the number of features
reducing from 19 to 11 (diagnostic model: AUC =0.81,
prognostic model: AUC =0.70) (Figure S10). Therefore,
all variables contributed to the classification, supporting

level this individual in these features associated with corresponding outcome. The terminal point of each trajectory at the top of the plot
represents the model’s final output score, which maps to a classified class of either 0 (non-remission) or 1 (remission). Predictive path for
an accurately classified individual was shown, demonstrating the individual-level reliability of the feature contributions that align with the
observed outcomes. Abbreviations: EF = executive function; OZP = olanzapine; PANSS = Positive and Negative Syndrome Scale; RSWG
= Remission in Schizophrenia Working Group; SHAP = SHapley Additive exPlanations.
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Figure 5. Correlation between the importance of an executive function feature and individual psychopathology along four symptom
dimensions. (A) Correlation of model-derived EF feature importance with individual symptom scores in diagnostic classification.
(B) Correlation of model-derived EF feature importance with individual symptom scores in prognostic classification. Abbreviations: BH
= Benjamini-Hochberg correction; CBT = Corsi block test, assessing numeric working memory maintenance capacity; Go/No-Go task,=
assessing response inhibition function; PANSS = Positive and Negative Syndrome Scale; RM = running memory task, assessing working
memory updating capability; SHAP = SHapley Additive exPlanations; Stroop = Stroop task, assessing interference control function.

their inclusion. Feature ranking using SHAP replicated
the main results.

Classification of patients versus controls in each sex
subgroup demonstrated similar performance as in our
main results (AUC=0.86 for males, AUC=0.84 for
females) (Figure S11). However, prognostic classification
of remission outcomes within female patients revealed
an apparent decrease in AUC (0.73). Nevertheless,
feature importance identified by SHAP replicated the IC
dimension as the most important predictor contributed
to correctly assign a diagnostic label and a remission
status (Figure S11). Establishing models separately for
patients dominant in positive or negative symptom
profiles revealed comparable discriminative power in
diagnostic classification (AUCs=0.88 and 0.85 for
the positive and negative subgroups respectively) to
the main results, and the important features pointed
to the inhibitory dimension as well. In contrast, in
prognostic classification, modeling within either the
positive (AUC =0.77) or negative (AUC =0.74) subgroup
resulted in lower AUC, with WM maintenance identified
as the top important EF assessment for the negative
subgroup (Figure S12).

Discussion

This study investigated the classification power of 3 EF
dimensions for discriminating both SZ patients from
HC and determine their remission status at follow-up.
Importantly, our SHAP approach parsed the relative
importance of each feature in these classification tasks.
Previous studies classifying patients using cognitive
data have generally achieved accuracies below 78%
(Table S12); those reaching up to 90% accuracy’ typically
include symptom data.” Our stacking model achieved
reasonably high diagnostic accuracy, identifying specific
EF dimensions and assessments informative for identify-
ing patients. Furthermore, inclusion of sociodemographic
characteristics increased the AUC to 0.91, consistent
with previous findings.”” At the group level, the IC
dimension ranked highest in importance for classifying
patients. Previous works showing abnormal temporal
and spatial characteristics of inhibition-related brain
responses and behaviors in SZ.”®” Moreover, our decision
path plot indicated that those performing poorly on any
EF dimension tended to be classified in the SZ group.
This corroborates the general EF impairments among
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these patients.”! However, we noted from individual-level
decision paths that the performance on either of 3 EF
dimensions for a few accurately identified patients was
relatively preserved. This aligns well with reports that
cognitive performance, including EFs, in SZ can vary
from mild deficiency®®' to severe impairment,*** and
connects the neuropsychological and neurobiological
heterogeneity observed among these patients.® Our
study addressed this heterogeneity from a dimensional
perspective in consistent with the “unity and diversity”
structure of EF,® which differs from approaches that use
clustering to define patient subgroups based on EF pro-
files.* That is, instead of creating categories, we captured
inter-individual variability by treating each patient as a
unique profile of continuous EF variables. Our model was
then trained on these individual-level variables—without
imposing any conceptual groupings—to classify patients
versus controls. Furthermore, in the aforementioned clus-
tering study, the author implemented 3 types of models
to instantiate the “three-component theory of flexible
cognition,” plus an inner-speech component (deep neural
network), to fit the behavioral data obtained from healthy
controls and patients with SZ while performing WCST.
They found that specific model parameters successfully
differentiated the 3 patient subgroups with varying degree
of impairments in CF.* There are also other attempts®>-%
to probe the possible mechanisms that would be related to
the executive functioning impairment in SZ using theory-
driven computational models (cf. Table S12 for details).
The group-level important EF dimension—interference
inhibition—was significantly associated with negative
symptoms. Consistent with this, individuals with more
severe negative symptoms tend to have diminished IC."?
This association, particularly for interference inhibition,
may be understood as target-speech recognition deficits
in SZ.** Specifically, impaired interference inhibition is
connected to disorganized speech information processes
in SZ, including the inability to inhibit unrelated speech
signals or capture desired speech signals.’’” The putative
excitatory/inhibitory imbalance in SZ* could lead to the
linguistic disorganization and impoverishment charac-
teristic of formal thought disorder (FTD). Impairments
in EF, particularly IC, have been consistently associated
with FTD in SZ.¥® At the neurobiological level, multi-
ple brain regions are implicated,”* involving deficits
in distributed networks for sematic, executive, atten-
tional and social functions.” Especially a compromised
frontoparietal-striatal circuit underlies EF impairments
with IC being tied to frontostriatal dysfunction and
WM to prefrontal-parietal disturbances. The weakened
frontoparietal connectivity and reduced frontostriatal
influence in SZ may give rise to the excitatory/inhibitory
imbalance linked with abnormal striatal dopamine
levels.”? These collectively suggest that the executive
dysfunction in SZ would relate to an impaired synergy
between cognitive and reward processes, hindering
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goal-oriented thought and behavior (cf. Supplementary
discussion).

Prognostic prediction is even more challenging; one
study using only cognitive data achieved a chance-
level accuracy of 50.3%. With clinical data included,
accuracies usually hover around 70%. Our model—
trained using only EF assessments—achieved a balanced
accuracy of 74% (AUC: 0.81). We tested the classifica-
tions by alternative definitions for remission, but the
discriminative power of the classification model was
higher when specific items, relative to all items, of the
PANSS were involved in defining prognostic statuses.
This implies specificities in mapping EF dimensions and
symptom recovery in patients with SZ. Interestingly, 1C
was again appeared as the top predictor of remission
outcome. Furthermore, patients correctly classified as
remitted generally showed good baseline performance
on IC tasks. Previous work consistently demonstrates an
association between EF and long-term post-treatment
outcomes.” Specifically, patients with higher EF per-
formance are more likely to remit,’** especially on
the IC dimension,” likely because patients with better
IC are more therapy-adherent.”” Alternatively, because
IC assessments are closely related to specific clinical
manifestations in SZ,'*-%% better performance on this
EF dimension along with milder symptoms among
such patients implies higher remission likelihood.”* Our
results showed significant post-treatment improvement
in interference inhibition in the remission subgroup, but
not in the non-remission subgroup (Supplementary mate-
rial), corroborating a relationship between inhibitory
performance and remission. Interestingly, we found no
significant difference in any baseline EF assessment and
symptom dimension score between subgroups. While
suggestive of dissociation between SZ symptoms and the
EF construct, this highlights the role of EF dimensions
in predicting remission rather than merely being a
marker of illness severity. The absence of significant
differences in any baseline EF variables between patients
in remission and those who are not at follow up, despite
the presence of successful classification of patients’
remission outcomes with multivariate machine learning,
implied that prediction of remission in SZ is contingent
upon patterns of executive dysfunction rather than
deficits in any single measure. In fact, there are non-linear
interactions across EF variables and dimensions, with an
inclusion of interaction terms to out-perform a regression
model formulating only main effects, as illustrated (cf.
Figure S13). Our SHAP method accounts for non-linear
relationships and interactions among features'® when
decomposing each feature’s specific contributions to a
prediction model on the individual level.'”" Therefore, an
EF variable can be identified as important by SHAP—
because of its role in complex, individual-level patterns—
while failing to show a significant average effect across the
entire group in univariate analyses. Also, the calculation
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of Shapley values is not affected by the imbalanced
number of variables we included for measuring different
EF dimensions. This property is particularly relevant as
variables within the same dimension are often highly
inter-correlated. These findings are consistent with
previous empirical works.%

Furthermore, the importance of WM contribution to
the prognostic model in classifying remission status covar-
ied with poor patient cognitive symptoms at follow-up.
WM performance is superior among stably remitted SZ
patients versus non-remitted patients,”* and worse per-
formance in WM is linked to cognitive disorganization
(the major symptom within the cognitive dimension we
used in this study).!819:19 Sex differences exist in SZ.!%10
Our results regarding between-sex comparisons on socio-
demographic and EF variables resonate with findings that
female patients typically exhibit later onset, higher social
functioning, and milder symptoms.!®!°7 Possibly relate
to the influences of psychosocial factors and hormonal
variations®'® on a greater heterogeneity in the illness
trajectories for female patients, we observed lower accu-
racy when classifying the remission outcomes within this
population group. However, IC was consistently identified
as the important contribution dimension irrespective of
sex subgroups.

Multiple prior works employing several machine
learning algorithms to classify SZ have generated variable
accuracies.'”'"° They have not synthesized the predictive
power of single classifiers. Here, we implemented a
stacking model to integrate the strengths of various
algorithms operating different assumptions''! to reduce
generalization error as demonstrated in both healthy
populations''? and psychiatric disorders.!"* Our stacking
model built upon 3 algorithms yielded slight performance
improvement over the best-performing single model, RF.
This suggests RF’s assumptions were a good fit for our
data. Consequently, the stacking model should have
leveraged the characteristics of RF most heavily. The
outcome highlights a practical tradeoff between model
complexity (related to computational costs, regulariza-
tions''* and number of hyperparameters [Table S13]) and
performance gain. Thus, the choice to adopt such a model
would benefit from a cost-effective analysis that considers
computational resources, presumed complexity of the
data, and clinical utility of the resulting performance
enhancement. Nevertheless, the flexibility of stacking
models to integrate heterogeneous data sources makes
them a powerful and versatile tool for future medical
applications.!®

Several limitations exist. Our use of multiple random-
splits to set aside a test “lock box” in each repeat,
while performing nested CVs on the remaining sample,®
effectively gauges the out-of-sample generalization
performance, while balancing practical clinical data
collection issues.>*-**- 11 Nevertheless, future studies might
consider incorporating additional sites, while performing
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careful data harmonization to address heterogeneity
and ensure the validity of any predictions.® Owing to
potential ethical restrictions and data privacy constraints,
methods such as federated learning!’” can be leveraged
without sharing individual raw data upon a uniform
processing pipeline. Alternatively, there is a recent note
about “recurring local validation” that protects against
performance-disruptive data variability across popu-
lations, geographies, and facilities.'"® Second, present
patients had been treated with antipsychotics, reflecting
typical clinical practice, and the exact dosage of antipsy-
chotic medication could have influenced individual
prognostic status'’®. As expected, the classification accu-
racy decreased when adjusting for individual variations in
OZP equivalent dosage. However, a control analysis that
only included patients who received the suggested starting
dose (eg, 10-20 mg/day)—commonly effective in SZ'*—
retained the classification performance in our main exper-
iments. Nevertheless, future research involving drug-naive
patients at baseline and continuous assessments of EF
along with detailed records of medication usage over
time would help establish causal relationships between
antipsychotic effects, prognostic statuses, and specific
EF dimensions. Third, classifications were poorer when
patient attrition was accounted by assuming extreme
outcomes (either all remitted or all non-remitted). Such
analyses can underestimate results as reported,'® though
the true bias may differ. Although urged, managing
patient attrition remains challenging. In addition, we
focused on patients diagnosed with SZ (F20.9) according
to DSM-IV criteria is to avoid introducing additional
heterogeneity between categories. However, including the
wider spectrum of patient populations with psychosis
(based on the DSM-5) would allow capture of additional
important transdiagnostic, dimensional information.
Lastly, this study did not employ verbal tasks to assess the
language deficits in SZ, for example, incoherent speech,
which are usually subsumed under the broad umbrella of
FTD.” While FTD is linked with executive dysfunction in
SZ.% its pathophysiology is complex, including multiple
cognitive functions beyond EF¥; this leads to difficulties
in dissecting the extent to which FTD severity is due to
executive dysfunction. Formal language assessments may
be integrated to explore how FTD interacts with executive
dysfunction in identifying SZ and related prognostic
outcomes.

To conclude, results from our models revealed promis-
ing performance and, importantly, different EF dimen-
sions characterized diagnosis and prognosis to varying
extents. IC and WM were the most important fac-
tors for accurate classification of SZ and remission
outcomes. Together with the classification strength of
these EF dimension features to associate with specific
psychopathologies, our research thus provides measures
that may serve as valuable aids in the clinical assessment
of this disorder.
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