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Understanding the specificity of symptom change in schizophrenia can facilitate the evaluation antipsychotic
efficacy for different symptom domains. Previous work identified a transform of PANSS using an uncorrelated
PANSS score matrix (UPSM) to reduce pseudospecificity among symptom domains during clinical trials of
schizophrenia. Here we used UPSM-transformed factor scores to identify 5 distinct patient types, each having
elevated and specific severity among each of 5 symptom domains. Subjects from placebo-controlled clinical trials
of acute schizophrenia were clustered (baseline) and classified (post-baseline) by a machine-learning algorithm.
At baseline, all 5 patient types were similar in PANSS total score. Post-baseline, subjects’ memberships among
the 5 UPSM patient types were relatively stable over treatment duration and were relatively insensitive to overall
improvements in symptoms, in contrast to other methods based on untransformed PANSS items. Using UPSM-
transformed PANSS, drug treatment effect sizes versus placebo were doubly-dissociated for specificity across
symptom domains and within specific patient types. This approach illustrates how broader clinical trial pop-
ulations can nevertheless be utilized to characterize the specificity of new mechanisms across the dimensions of
schizophrenia psychopathology.

1. Introduction

The diagnosis of schizophrenia is associated with a high degree of
symptom heterogeneity. The heterogeneity of symptoms, when viewed
by factor analytic approaches(Emsley et al., 2003; Lindenmayer et al.,
1995; Marder et al., 1997; Wallwork et al., 2012), have consistently
identified 5 factors, the first 3 of which approximately map onto the
current DSM-5 core criteria (positive symptoms, negative symptoms,
disorganized thinking) plus the 2 associated symptom domains of hos-
tility/excitement, and depression/anxiety.

Decades of treatment research and clinical experience suggest that
currently available antipsychotic medications are likely not comparably
effective across all 5 symptom domains (Leucht et al., 2009). However,
the ability to detect differential, domain-specific treatment effects is not
possible because of the extent to which PANSS factors, the gold standard
for measuring efficacy in schizophrenia, are correlated with each other
(Citrome et al., 2011; Loebel et al., 2015; Marder et al., 1997; Trampush
et al., 2015). These measurement issues, sometimes referred to as
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pseudospecificity (Leber, 2002), have hampered efforts to accurately
characterize the effects of a given treatment on a specific symptom
domain independent of correlated improvements (or impairments) in
other domains (Laughren and Levin, 2011). Also impeded is the ability
to determine whether new drugs in development, having mechanisms of
action distinct from dopamine blockade, have improved domain-specific
efficacy (Koblan et al., 2020).

Although negative symptoms are considered core to the disorder, it
remains unclear to what extent negative symptoms are specifically
treated with current antipsychotics (Fusar-Poli et al., 2015; Krause et al.,
2018; Leucht et al., 2017). In trials of acute schizophrenia, any im-
provements in negative symptoms may be secondary to overall
improvement or to improvement in other domains (Carpenter and
Buchanan, 2017; Kirkpatrick et al., 2006). Clinical trials of novel com-
pounds not acting via blockade of dopamine D2 receptors have been
designed to target more-specific patient populations in an attempt to
address specificity of improvements. Such designs rely on trial pop-
ulations and stringent patient selection criteria to create
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more-homogenous subgroups of schizophrenia, selecting patients who
present with persistence, prominence, and/or predominance of negative
symptoms (Davidson et al., 2017; Nemeth et al., 2017; Stauffer et al.,
2012; Umbricht et al., 2014). However, it is unclear whether studies in
such sub-populations can solve the problem of pseudospecificity
(Marder et al., 2013), given the complexities of restricting criteria for
negative symptoms prior to demonstrating specific benefits of treatment
(Dunayevich et al., 2014). In contrast, diagnostic concepts of schizo-
phrenia have moved away from traditional subtypes due to a lack of
diagnostic reliability, difficulty in distinguishing between subtypes, and
uncertain value in predicting treatment response (Andreasen et al.,
1997; Bartko et al., 1981; Braff et al., 2013; Mattila et al., 2015). New
methodological approaches are needed to better characterize efficacy of
current and future antipsychotic drug mechanisms within symptom
domains and among patient types.

We propose analyzing existing clinical trial databases to unify
dimensional (factor analytic) and typological (distinct subtypes) con-
structs for more-accurate depictions of drug efficacy, and to apply these
to the clinical development and differentiation of novel therapeutics.
Previously we have described the use of an Uncorrelated PANSS Score
Matrix (UPSM) transform of the PANSS scale (Hopkins et al., 2017,
2018) to describe change scores which have minimal correlations to
each other, but still retain a high degree of correspondence with stan-
dard PANSS factors. Standard PANSS factors, on the other hand,
demonstrate a high degree of correlations to each other, hindering
interpretation of the specificity of improvements in any one symptom
domain independently from overall improvements (pseudospecificity).
The application of UPSM was validated across 12 clinical trials inde-
pendent of the data from which UPSM was derived (Hopkins et al.,
2018) using PANSS data collected in other drug development programs,
including non-D2 compounds (Mahableshwarkar AR, 2017).

Here we extend this work, showing how use of the UPSM-
transformed PANSS scores identified 5 distinct patient subtypes char-
acterized by prominent severity along each of the 5 dimensions of
schizophrenia. We used a machine-learning algorithm trained on the
baseline UPSM-transformed PANSS factor scores to identify patient-type
membership post-baseline. We summarize here results of analyses
showing that the 5 patient types are relatively stable over time. We also
provide data suggesting that these patient types are associated with
distinct clinical characteristics and treatment responses.

2. Methods

The analysis dataset was a sample of 1710 patients from 5 similarly
designed, randomized, double-blind, placebo-controlled, 6-week treat-
ment studies of lurasidone or active comparator for the treatment of
patients with an acute exacerbation of schizophrenia. An analysis of this
same clinical sample identified (Hopkins et al., 2018) an Uncorrelated
PANSS Score Matrix (UPSM) based on change scores post-baseline. Here
the UPSM transform was applied to absolute PANSS scores to develop a
patient type classifier. Application of UPSM to PANSS scores directly
(rather than change scores) was described previously (Hopkins et al.,
2017). Rating scales other than PANSS were used to validate the relative
symptom severities among the UPSM patient types, including depressive
symptoms (MADRS scores available on N = 1404 subjects at baseline),
negative symptoms (NSA-16, N = 465 subjects), neuropsychological
cognition (CogState, N = 444 subjects), and functional cognition
(UPSA-B, N = 467 subjects). The utility of the UPSM patient-type clas-
sifier was validated in patients from studies independent of the patients
used to derive the classifier, and independent of the patient sample used
to derive UPSM. Two 12-month studies (Studies NCT00789698 and
NCT00641745) were used to evaluate the stability of patient-types over
longer-term treatment periods. Study NCT00789698 included subjects
(N = 292) treated with lurasidone or quetiapine XR or placebo (Loebel
et al., 2013). Study NCT00641745 included subjects (N = 629) treated
with lurasidone or risperidone (Citrome et al., 2012).

Psychiatry Research 294 (2020) 113569

Subjects at baseline were clustered into 5 patient types with the
intent to collect subjects presenting with high specificity for each of the
5 domains of schizophrenia. The scores for each subject’s 30 PANSS
items were UPSM-transformed into 7 UPSM factor scores. The 7 UPSM
factor scores were: positive (POS), hostility (HOS), disorganized (DIS),
negative apathy avolition (NAA), negative deficit of expression (NDE),
anxiety (ANX), and depression (DEP). Subjects were clustered by k-
means (MATLAB version) based on their 7 UPSM factor scores at base-
line. The distinctness of the 5 UPSM clusters was evaluated using
silhouette values for each subject as calculated (MATLAB) using a
Euclidean distance metric to compare the separation of subjects to their
own cluster, when compared to their separation to subjects in other
clusters. The silhouette value for the ith subject, Si, is defined as Si = (bi -
ai) / max(ai, bi), where ai is the average distance from the ith subject to
the other subjects in the same cluster as i, and bi is the minimum average
distance from the ith subject to subjects in a different cluster, minimized
over clusters. The validity of the 5 clusters generated by k-means was
evaluated against an alternate clustering method (Ward’s). The 5 clus-
ters generated by the 2 different algorithms were compared using the
Rand Index, which is a measure of the relative similarity between
clustering outcomes (Dollfus et al., 1996; Rand, 1971). A similar pattern
of clustering emerged regardless of the algorithm used for clustering (the
Rand Index was 0.75 when comparing clustering assignments by
k-means versus Ward’s), supporting further analyses of the 5 distinct
types of schizophrenia patients as identified from the 7 UPSM factor
scores.

A classification algorithm was developed to assign subjects post-
baseline into each of the 5 patient types based on their post-baseline
UPSM factor scores, without having to re-cluster new observations. A
machine learning classifier (SVM in MATLAB) of UPSM factor scores for
each subject were used to assign the patient type based on proximity to
each pre-identified cluster centers and boundaries. The accuracy of the
SVM classifier on the training set (baseline assessments) was over 97%
for correct assignment of cluster membership. Euclidean distances were
calculated in a 7-dimensional space using the 7 UPSM factor scores. The
boundaries among the 5 patient-type clusters were determined in 7-
dimensional Euclidean space

Baseline demographic and geographic variables by patient type were
summarized with descriptive statistics. Treatment responses within each
cluster were estimated by descriptive statistics and using last observa-
tion carried forward (LOCF).

The stability of patient type memberships over time were descrip-
tively summarized using SANKEY plots (Google Plot Version). Rand
index (Rand, 1971), a measure of the similarity between two data
clusters, was adapted here to quantify the stability of subjects within
patient-types between successive visits.

A MATLAB executable (available in Supplementary Material online)
is available to calculate UPSM factor scores and assign patient type using
subject-level PANSS item scores.

3. Results
3.1. Distinctness of patient types

At baseline, acutely exacerbated schizophrenia subjects in the pooled
sample (N = 1710) were clustered into 5 distinct profiles of UPSM-
transformed PANSS factor scores (Prominently Positive, Prominently
Hostile, Prominently Disorganized, Prominently Affective, and Promi-
nently Negative) based on their profiles of severity across the 7 UPSM-
transformed factor scores (see upper panels of UPSM profiles in
Fig. 1). The histograms of silhouette values indicate that the majority of
subjects were well-matched to their respective cluster centers, and
poorly matched to the other cluster centers (lower panels in Fig. 1).
Severity of symptoms were equivalent betweeen the clusters. Mean
PANSS total scores and mean CGI-S scores were similar among the 5
baseline clusters, indicating that total symptom severity did not
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Fig. 1. UPSM factor scores at baseline cluster into 5 distinct patient types. Upper panels show the profiles of individual subjects’ UPSM factor (y-axis). Each colored
line is an individual subject’s UPSM factor scores. The first 200 subjects in each cluster is shown in upper panels. The subject corresponding to the cluster average
(solid line) and the subject corresponding to the cluster center (dashed line) is shown for each cluster. Lower panels show the histograms of all (N = 1710) subjects’
silhouette values in each patient type, as ranked by proximity (Euclidean distance) to the cluster center (dashed line). Higher silhouette values (y-axis) indicate that a
subject’s UPSM profile is both well-matched within its own cluster and poorly-matched to neighboring clusters.

contribute substantially to differentiating the patient types (Table 1).
Depressive symptoms assessed with MADRS were greater in the affective
type (mean 16) than in any other patient type and greater than the
overall population (mean 11 + 7 sd, N = 1404). The affective patient
type appeared to have higher levels of cognitive performance (mean
scores on cognitive battery CogState) and a higher level of cognitive
functioning (mean scores UPSA-B). Mean scores of negative symptoms
(NSA-16) were higher in the negative patient type, and mean scores of

cognitive functioning and performance were also lower in this patient
type. Clinical sites in Eastern Europe more commonly enrolled the
disorganized patient type, a patient type that had a higher mean rate of
hospitalization (Table 2). Clinical sites in the USA more commonly
enrolled the affective patient type, which had a greater proportion of
African ancestry, had a lower mean rate of hospitalization, and were
heavier and older than other patient types (Table 2). Clinical sites
outside of USA and Eastern Europe more commonly enrolled the

Table 1
Acute schizophrenia patient types at baseline.
PROMINENT PROMINENT PROMINENT PROMINENT PROMINENT
POSITIVE HOSTILE DISORGANIZED AFFECTIVE NEGATIVE ALL SUBJECTS

Number of subjects 264 311 452 397 286 AVG SD N
PANSS Total score 91 98 97 93 103 96 + 11 1710
UPSM POSITIVE 3.9 3.1 2.4 2.8 2.6 2.9 + 0.9 1710
UPSM HOSTILITY 0.7 2.6 0.7 1.4 1.9 1.4 + 1.1 1710
UPSM DISORGANIZED 2.4 2.6 3 1.4 3.1 2.5 + 1 1710
UPSM ANXIETY 1.4 1.8 2.3 2.3 0.8 1.8 =+ 0.9 1710
UPSM DEPRESSION 1.4 1.3 1.7 2.7 0.9 1.7 + 1 1710
UPSM APATHY AVOLITION 2.3 1.8 2.5 2.7 3.1 2.5 + 0.9 1710
UPSM DEFICIT OF EXPRESSION 1.3 1.2 2.1 1.6 2.5 1.8 + 0.9 1710
MARDER POSITIVE 31 31 28 28 30 29 =+ 4.3 1710
MARDER HOSTILITY 8 15 9 10 12 11 + 3.4 1710
MARDER DISORGANIZED 21 22 24 18 25 22 + 4.4 1710
MARDER DEPRESSION 10 11 12 14 8 11 =+ 3.2 1710
MARDER NEGATIVE 20 19 24 22 28 23 + 4.9 1710
NSA Total score 48 46 56 48 61 53 + 13 465
MADRS TOTAL SCORE 8.2 9.8 12 16 9.2 11 =+ 7 1404
CGI-S 5 5 5 5 5 5 + 1 1710
UPSA Total score 64 64 67 72 58 65 + 21 467
COGSTATE Composite score -1.2 -1.3 -1.1 -0.7 -1.8 -1.2 + 1.1 444
Age(y) 38.5 37 38.2 41.3 35.5 38.3 + 10.6 1710
Weight (kg) 76.3 72.9 77.3 84.4 69.4 76.2 + 18.8 1404
BMI 26.2 25.5 26.1 28 24.3 26.1 + 5.4 1404
Number of hospitalizations 2.6 2.5 3.3 3 2.4 2.8 + 1.5 1404
Duration of illness (y) 14.2 12.1 13.3 16.3 11.5 13.5 + 10.2 1404
Rate of hospitalizations (per yr) 0.33 0.28 0.45 0.31 0.33 0.35 + 0.55 1404
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Table 2
Acute schizophrenia patient sub-types at baseline (%).
PROMINENT PROMINENT PROMINENT PROMINENT PROMINENT
POSITIVE HOSTILE DISORGANIZED AFFECTIVE NEGATIVE All
Female 31 27 30 23 27 27
Male 70 73 70 77 73 73
White 39 41 64 39 35 45
Black or African American 33 26 28 53 24 33
Asian 22 30 4 5 34 17
Other 6 4 4 3 7 4
USA 58 44 52 90 34 57
Eastern Europe 15 20 36 4 24 20
Rest of world 27 35 12 6 42 22

negative type (Table 2). Marder PANSS factor scores, when clustered by
similar methods, placed subjects into clusters of low and high PANSS
total rather than in clusters with distinct profiles of symptoms within
symptom domains (Supplemental Figure 1). The assignments were
distinct from the clusters based on UPSM (adjusted Rand Index of 0.14).
Post-baseline assignments to Marder clusters indicated that the low-
severity type grew in membership and the high-severity type shrank in
membership, as PANSS total scores tended to decrease over time (Sup-
plemental Figure 2).

3.2. Stability of patient types

Membership of subjects among the 5 UPSM patient-type classifica-
tions was relatively stable over time (Fig. 2a). For example, between any
2 sequential PANSS assessments during a 6-week acute schizophrenia
trial, patient type classification remained unchanged on average 69% of
the time (N = 1710), even in the context of overall changes (improve-
ments) in PANSS total score. Between baseline and endpoint, there was
an overall similarity of membership among patient types, as indicated by
a relatively high Rand Index of 0.70, indicating a high degree of simi-
larity in classification between visits. A Rand index < 0.3 attributes
similar clustering by chance and rand index >= 0.7 attributes similar
clustering due to inherent information in data. Over the 6 weeks of
treatment duration, 33% of subjects at endpoint remaining unchanged
relative to their baseline patient type. In longer-term clinical trials,
patient-type membership was similarly stable. In 2 separate 12-month
clinical trials of chronic schizophrenia (Studies NCT00789698 and
NCT00641745), after 12 months of study participation, 50% and 41% of
the subjects were classified the same as their baseline patient type,
respectively, and combining the studies, at the end of 12 months, 44% of
the subjects remained in the same cluster as baseline, with a Rand Index
of 0.66. Rand Index between successive visits for all 12 months is be-
tween 0.72 — 0.76 that shows long-term stability of this patient type
classification. The Rand Index tended to increase between successive
visits over both the pool of 6-week studies (Fig. 2a) as well as in the pool
of 12-month studies (Fig. 2b), indicating that patient type classification
stabilizes further over time with fewer patients changing membership.

3.3. Double-dissociation of treatment effects using patient types

Using UPSM, drug treatment effects were doubly-dissociated for
specificity across symptom domains (dimensional) and for specificity
within patient types (typological). Effect size estimates for pooled
lurasidone-treated subjects for baseline-to-endpoint change, difference
from placebo, were used to compare treatment responses (Fig. 3) across
symptom dimensions (rows) and among patient types (columns). In
terms of symptom dimensions, positive symptoms (UPSM-POS)
improved in patient types who were prominently positive (e.s. 0.33),
hostile (e.s. 0.37), disorganized (e.s. 0.43) and negative (0.47). Hostile
symptoms (UPSM-HOS) improved in patient types who were promi-
nently hostile (e.s. 0.29), disorganized (e.s. 0.26), and negative (e.s.
0.34). Disorganized symptoms (UPSM-DIS) improved in patient types

who were prominently disorganized (e.s. 0.32) and negative (e.s. 0.31).
Negative apathy/avolition symptoms (UPSM-NAA) only improved in
patient types who were prominently positive (e.s. 0.57). Negative
symptoms of deficit of expression (UPSM-NDE) did not appear to
improve in any patient type, consistent with a lack of effect in the overall
population.

In the total population (all patient types), the overall effect size for
drug-related improvement in PANSS total was 0.46 (bottom right,
Fig. 3). Disorganized types demonstrated the largest PANSS total effect
size (0.55), and affective types the smallest (0.38). The overall
improvement in symptoms in the negative patient types (PANSS total e.
s. 0.44) was without any specific drug effect on negative symptoms
(UPSM-NAA e.s. 0.05; UPSM-NDE e.s. 0.00). Rather, in these negative
patient types, specific drug effects were apparent on positive (e.s. 0.47),
hostile (e.s. 0.34), and disorganized (e.s. 0.31) symptoms. In other pa-
tient types, specific drug effects were detected in the same dimension of
the symptom domain defining the patient type. For example, in hostile
patient types there were drug-related improvements specific to positive,
hostility and depression symptoms. In disorganized patient types, there
were drug-related improvements specific to disorganized, positive,
hostility and anxiety symptoms. In affective patient types the UPSM
factor score effect sizes were all below 0.3, consistent with the lowest
overall effect size (PANSS total) in this patient type.

4. Discussion

These results describe an approach to characterizing the specificity
of a drug treatment effect across the symptom domains of schizophrenia,
where drug treatment effect sizes on total symptoms in the broad pop-
ulation can be doubly-dissociated by symptom-specific effect sizes
(dimensional) and among distinct patient types (typological). This work
uncovers the presence and persistence of distinct patient types using
UPSM factor scores, which are uncorrelated to the overall symptom
changes that typically occur post-baseline in acute schizophrenia drug
treatment trials. Representing schizophrenia symptoms along UPSM
factors allowed for classification of individual patients by their relative
severity among the 5 dimensions of schizophrenia psychopathology,
uncorrelated from overall symptom severity. Since UPSM-patient type
membership was relatively independent of total symptom severity, as
PANSS total scores improved, patients tended to remain stable in their
classification over treatment duration. In contrast, the now-abandoned
traditional subtypes of schizophrenia, based on clinical features, are
not distinguishable symptomatically and not stable longitudinally (Braff
et al., 2013). The classification of UPSM patient types is thus a pro-
spective mathematical classification for any new patient having any new
assessment of PANSS, and is independent of the clustering and the data
that was used to derive the subtypes.

That the UPSM patient types described here were relatively inde-
pendent of total symptom severities was in marked contrast to other
methods of identifying subtypes. Clustering of traditional PANSS factors
or the scores of other assessment instruments is sensitive to total
symptom severity. For example, clustering Marder PANSS factors
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Fig. 2. Patient-type classification over treatment duration. Each of the 5 UPSM-patient types at baseline are represented for each cluster (panels left column) with
line plot for the 7 UPSM factor scores. The Sankey Plot depicts the portion of patients in each cluster that remain or change membership (or discontinue) at each of
the sequential weekly visits. In the table below each panel, the percent of subjects not changing UPSM-patient type membership, and the corresponding Rand Index,
are shown for each between-visit and between baseline and endpoint. The right column of panels shows the line plots for the UPSM factor scores for each UPSM-
patient type at endpoint.
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Fig. 3. Effect size estimates for pooled lurasidone-treated subjects’ baseline-to-endpoint change, difference from placebo (N = 1710, LOCF).

produced clusters which were largely determined by PANSS total scores
(not specific), without meaningful separation (not distinct), and with
memberships changing over treatment duration (not stable). A contin-
uum of severity in schizophrenia symptoms can mislead classification
systems attempting to account for apparent heterogeneity (Goldberg
and Weinberger, 1995). UPSM clusters, in contrast, did not rely on
outliers or extreme cases to define patient types. The silhouette values
for the UPSM clusters spanned most of the cluster and were distinct to
each cluster.

The identity of each UPSM-defined patient types was face-valid with
assessments made on scales other than PANSS, such as MADRS and NSA-
16 for depressive and negative symptoms, respectively. The distribution
of UPSM patient types appeared dependent on geography, an effect
which was consistent between different trials. Demographic variables
such as age, BMI, ancestry, and psychiatric history varied among the
patient types. Cognitive function also tended to differ between patient
types. UPSM-defined patients remained classified into their respective
patient type during longer (12-months) treatments. Taken together,
these results suggest that UPSM-defined patient types may provide a
novel approach to analyze trials dedicated to understanding the
neurobiological or genetic contributions to schizophrenia
psychopathology.

The PANSS scale was developed to provide more standardization
across a broader array of symptoms (Kay et al., 1987) and to support
dimensional factor-analytic analyses (Kay and Sevy, 1990). The inclu-
sion of standardized PANSS assessments in industry-sponsored efficacy
trials have generated large databases. For example, the database of
lurasidone clinical development trials combined contains approximately
60,000 PANSS assessments on roughly 6000 unique patients (Sunovion
Pharmaceuticals). The large number of standardized PANSS assessments
has allowed this UPSM analysis to combine dimensional (factor analytic)
and typological (distinct subtypes) for more-accurate depictions of drug
efficacy. We propose that analysis methods such as these can be used to
describe the relative efficacy profile of new non-D2 treatments in
schizophrenia (Dedic et al., 2019a, 2019b; Koblan et al., 2020), with
specificity along symptom change and among patient types in a broader
population.

Recently data-driven approaches (Grisanzio et al., 2018; Ivleva et al.,
2017) have attempted to connect symptoms of mental disorders to un-
derlying neurobehavioral dimensions with focus on objective,
performance-based and neuroimaging-based measures. We propose that
UPSM-defined patient types allow for a novel use of PANSS in such
data-driven approaches.

5. Limitations

The UPSM patient types identified in this work relied on large
numbers of PANSS assessments, whereas the applicability of UPSM pa-
tient type classification at an individual patient level is uncertain
without prospective clinical trials. Likewise the demographic variables
associated with each patient type were only analyzed by descriptive
statistics, due to the post-hoc and pooled nature of the analysis. Future
clinical trials incorporating analyses by UPSM patient type will help to
demonstrate specific effects of novel treatments, or to demonstrate the
specificity of any genetic or neurobiological contributions to schizo-
phrenia psychopathology.
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