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To counteract the placebo response, some trial designs eliminate subjects 
who previously responded to placebo treatment. Here, we assess whether 
predictive modeling of placebo response and medication response using data 
from previous trials would allow smaller targeted trials of purified patient 
subgroups, by screening out those patients for whom the medication is 
unlikely to be beneficial thereby eliminating the need for a lead-in placebo 
intervention.  We hypothesize that targeted screening would lead to an 
increase in statistical power in assessing whether medications are effective.  
Can screening out patients based upon predicted placebo and medication 
response lead to more efficient trials?

Given that placebo responders may be systematically identifiable during the 
screening period, we hypothesized that removing such subjects would 
increase the statistical power of the study.  Similarly, identifying potential 
medication responders may also benefit response by identifying a priori 
which patients are most likely to benefit from intervention.  Such 
identification has benefits beyond the trial; predicting a patient’s medication 
response would allow them to optimize their treatment by selecting the 
medication most likely to benefit them.  Using clinical trial recordings from 11 
studies, we assessed (1) whether the predicted placebo quantified risk score 
(PQRS) predicted the actual placebo response; (2) whether the PQRS 
predicted a patient’s response to an active medication; and (3) whether pre-
trial screening of predicted placebo responders and predicted medication 
non-responders would increase the effect size seen in the remaining purified 
sample.  Different strategies for inclusion and exclusion of predicted 
medication and placebo response were compared to the traditional full trial 
using effect size measures Omega-squared, eta-squared, and partial eta-
squared.  Collectively, this study compares screening procedures using 
machine learning approaches, and identifies factors affecting the 
predictability of the placebo and the medication response in schizophrenia.

Across all 9 studies with placebo groups, the average correlation between the 
PQRS and the actual placebo response was p=.243, corresponding to a R2 of 
5.9% (p< .001). In the parametric models, a greater PQRS was associated with 
a larger treatment response within the medication group in Figure 1. The 
correlation between the PQRS and the total treatment response was r= .220, 
corresponding to a R2 of 5.9% (p<0.05.)

Within medication assigned patients, the PQRS predicted treatment response 
above and beyond the explanatory power of baseline PANSS, gender, age, 
and the medication received (p<0.001), chi-square test for nested models. 
Similarly, the random forests importance values showed that the most 
important predictors of the PQRS placebo response were country, baseline 
PANSS, and BMI, but the most important predictors of a subject’s medication 
response were country, PQRS, and baseline PANSS, as shown in Figure 2.

Similarly, the machine-learning models demonstrated that the PQRS was the 
second greatest predictor of overall treatment response, following Country.  
A higher PQRS was associated with a smaller pure medication effect 
(p<0.001) in a general linear model, and again the PQRS was important for 
predicting the pure medication effect in subjects receiving a medication.

The placebo response can be anticipated based upon machine learning 
models learned in other studies, and modified trial designs which incorporate 
screening procedures and adjustment of treatment response for placebo risk 
showed modest gain in effect sizes in simulated trials.  The primary benefit to 
these study designs may be in their ability to reduce the sample sizes needed 
to observe clinical efficacy.
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The study population consisted of 3,647 patients with a schizophrenia (SZ) 
diagnosis who had participated in one of 11 different studies, and had 
received either a placebo intervention or an active medication (Olanzapine, 
Paliperidone, Paliperidone Palmitate, Quetiapine, and Risperidone).  Two 
comparator studies did not contain a placebo intervention.  Further 
demographic information on all patients is provided in Table 1. The placebo 
group data consists of 679 schizophrenia baseline patients spanning 9 
studies. The treatment group data consists of 2,968 patients who were 
treated in 11 different studies.  Written informed consent for all patients was 
obtained after the study procedure was fully explained. 

Patients were assessed throughout the trial using the Positive and Negative 
Syndrome Scale (PANSS).   The PANSS was created to measure symptom 
assessment in schizophrenia, and rates the presence of 30 different 
symptoms on a 1-7 ordinal scale.  The total score of all 30 symptoms is used 
as an estimate of disease severity.  The PANSS is the most widely used 
assessment of symptom treatment response in clinical trials with psychotic 
disorders worldwide, making it an ideal tool to study the placebo response.

Internal	ID DX NCT	 N Male	(%) PANSS	(mean) PANSS	(SD) Age	in	Years	(Mean) Age	in	Years	(SD) Inclusion

R076477-SCH-301 SZ NCT00086320 164 61.0% 92.10 11.3 39.78 9.8

DSM-IV diagnosis of schizophrenia (295.10, 295.20, 295.30, 295.60, 295.90); Diagnosis of schizophrenia 
at least 1 year before screening; Experiencing an acute schizophrenic episode with a total PANSS score 
between 70 and 120, inclusive, both at screening and at baseline (the start of the run-in phase).

R076477-SCH-302 SZ NCT00085748 93 25.8% 105.20 13.9 69.58 4.56
DSM-IV diagnosis of schizophrenia (295.10, 295.20, 295.30, 295.60, 295.90) at least 1 year before 
screening. Total PANSS score at screening and baseline (Visit 2) between 70 and 120, inclusive.

R076477-SCH-303 SZ NCT00650793 555 50.6% 92.90 9.2 37.15 10.86

Subjects must have been diagnosed with schizophrenia according to DSM-IV (295.10, 295.20, 295.30, 
295.60, 295.90) at least 1 year prior to screening. Subjects must be experiencing an acute episode, with a 
total PANSS score at screening between 70 and 120.

R076477-SCH-304 SZ NCT00077714 315 73.0% 93.60 10.7 41.81 10.56

Diagnosis of schizophrenia according to DSM-IV criteria (295.10, 295.20, 295.30, 295.60, 295.90) at least 
1 year before screening; Experiencing an acute episode, with a PANSS total score at screening between 
70 and 120.

R076477-SCH-305 SZ NCT00083668 516 66.5% 93.90 11.8 36.74 10.54Experiencing an acute episode, with a total PANSS score at screening between 70 and 120; 

R076477SCH3015 SZ NCT00334126 204 58.3% 92.80 12.4 35.92 10.76

Diagnostic and Statistical Manual - Fourth Edition (DSM-IV) diagnosis of schizophrenia (paranoid, 
disorganized or undifferentiated type); score of >=4 on at least two of a subset of selected PANSS items 
and a total score on these five items of >=17; score of >=5 on the CGI-S (clinical global impression - 
severity)

R092670-SCH-201 SZ NCT00074477 178 65.7% 81.10 13 38.98 10.47

Subjects diagnosed with schizophrenia according to DSM-IV [disorganized type (295.10), catatonic type 
(295.20), paranoid type(295.30), residual type (295.60), or undifferentiated type (295.90)] at least 1 year 
before screening. Total PANSS score must be between 70 and 120, inclusive, at screening, and 60 and 
120, inclusive, at Day 1 (before start of double-blind study drug)

R092670PSY3002 SZ NCT00210717 576 58.5% 90.80 12.1 40.7 11.69

Met diagnostic criteria for schizophrenia according to DSM-IV (disorganized type [295.10], catatonic type 
[295.20], paranoid type [295.30], residual type [295.60], or undifferentiated type [295.90]) for at least 1 
year before screening. A total PANSS score between 60 and 120, inclusive, at screening and baseline.

R092670PSY3003 SZ NCT00210548 237 67.1% 91.00 11.9 39.07 10.36

Met diagnostic criteria for schizophrenia according to DSM IV (disorganized type [295.10], catatonic type 
[295.20], paranoid type [295.30], residual type [295.60] or undifferentiated type [295.90]) for at least 1 
year before screening. A total PANSS score at screening and at baseline of between 70 and 120, 
inclusive

R092670PSY3004 SZ NCT00101634 372 63.2% 87.00 11 40.01 11.28

Patients who meet diagnostic criteria for schizophrenia according to DSM-IV for at least 1 year who meet 
PANSS score criteria and have body mass index (BMI) of >15.0 kilogram(kg)/meter (m)2. PANSS total 
score at screening and baseline of 70 to 120, inclusive;

R092670PSY3007 SZ NCT00590577 437 65.9% 87.30 11.7 39.42 10.7

Met diagnostic criteria for schizophrenia according to DSM-IV (disorganized type [295.10], catatonic type 
[295.20], paranoid type [295.30], residual type [295.60] or undifferentiated type [295.90]) for at least 1 
year before screening. Prior medical records, written documentation or verbal information obtained from 
previous psychiatric providers obtained by the investigator must be consistent with the diagnosis of 
schizophrenia. A total PANSS score at screening of between 70 and 120, inclusive and at baseline of 
between 60 and 120, inclusive.

Table 1: Demographic information of study population.  A total 
of 11 clinical trials were studied containing 3647 patients with 
SZ.  Models to predict the placebo quantified risk score (PQRS) 
and the medication response were trained and tested across 
trials, to assess whether a patient’s placebo risk affected their 
predicted and actual response to medication.

Machine learning models were used to predict the expected placebo 
response (placebo quantified response score [PQRS]) and the expected 
medication response given the PQRS.  These models were trained and tested 
across studies using leave-one-study-out cross validation.  We assessed (1) 
whether the predicted placebo risk (PQRS) predicted the actual placebo 
response; (2) whether the PQRS predicted a patient’s response to an active 
medication; and (3) whether pre-trial screening of predicted placebo 
responders and predicted medication non-responders would increase the 
effect size seen in the remaining purified sample.  
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Figure 1: An increased PQRS was associated with a stronger total 
treatment response within subjects receiving an active medication 
(p<0.001). This suggests that a subjects’ placebo risk (PQRS) 
strongly predicts how they will respond to a active medication.
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Figure 2:  (L) The features most predictive of the placebo 
response in the PQRS machine learning model were country, 
baseline illness, BMI, and Diagnosis age.  (R ) The PQRS was the 
second most important predictor of the subject’s total response to 
medication, and contained more predictive power than the 
medication to which a subject was assigned.
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Figure 3:  A subject’s predicted placebo response varied 
depending on country of study administration.

In a leave-one-out cross validation, models were trained to predict the 
placebo response within subjects receiving a placebo intervention, and then 
tested on the left-out study. A random forests model in R using all default 
parameters was used which predicted the placebo response using the 
baseline item-level PANSS scores, total baseline PANSS score, country, gender, 
age, diagnosis age, and BMI. These models were tested across studies, to 
predict the placebo response in patients receiving placebo and active 
interventions.

Several alternate trial designs were compared to traditional non-screening 
models, which simulated combinations of 1) screening out of predicted 
placebo non-responders (< 75th percentile PQRS), 2) screening out the 
predicted drug non-responders (>25th percentile), and 3) retaining placebo 
responders while adjusting for their placebo risk (PQRS) in the trial analyses. 
Combinations of these options were compared to a standard trial design 
which did not use any predictive modeling or screening, to evaluate how pre-
trial screening using machine-learning predictions would affect the trial 
outcome and the observed effect size of the interventions.   All PQRS 
predictions were performed using models trained from different studies, in a 
cross-validated approach.  To predict medication response in the held-out 
study, a random forests machine learning model was trained using patients 
from the other studies who had received an active medication.  The 
predictors included: PQRS, medication, baseline item-level PANSS scores, 
total baseline PANSS score, country, gender, age, diagnosis age, and BMI.  

Table 2:  The PQRS was highly predictive of the actual placebo response 
and the overall treatment response across studies.  The average gain in 
effect size from the modified trial designs ranged from .3% to 7%.

Variable Full	PQRS Purified	Placebo Purified	PQRS	Placebo Purified	PQRS	TX	Placebo Purified	TX	Placebo
Sample	Size 376.667 300.556 300.556 211.500 211.500
F-value 12.676 10.448 10.626 7.751 7.577
P(	F<.05) 0.106 0.037 0.037 0.116 0.116
Eta	(Proposed,	Baseline) 0.041 0.044 0.044 0.043 0.043
Partial	Eta	(Proposed,	Baseline) 0.046 0.047 0.048 0.047 0.046
Omega	(Proposed,	Baseline) 0.037 0.038 0.038 0.034 0.034


