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Objective: We aimed to predict antipsychotic prescription patterns for people with schizophrenia using machine learn-
ing (ML) algorithms.
Methods: In a cross-sectional design, a sample of community mental health service users (SUs; n = 368) with a primary 
diagnosis of schizophrenia was randomly selected. Socio-demographic and clinical features, including the number, total 
dose, and route of administration of the antipsychotic treatment were recorded. Information about the number and the 
length of psychiatric hospitalization was retrieved. Ordinary Least Square (OLS) regression and ML algorithms (i.e., ran-
dom forest [RF], supported vector machine, K-nearest neighborhood, and Naïve Bayes) were used to estimate the pre-
dictors of total antipsychotic dosage and prescription of antipsychotic polytherapy (APP).
Results: The strongest predictor of the total dose was APP. The number of Community Mental Health Centers (CMHC) 
contacts was the most important predictor of APP and, with APP omitted, of dosage. Treatment with anticholinergics 
predicted APP, emphasizing the strong correlation between APP and higher antipsychotic dose. RF performed better 
than OLS regression and the other ML algorithms in predicting both antipsychotic dose (root square mean error = 0.70, 
R2 = 0.31) and APP (area under the receiving operator curve = 0.66, true positive rate = 0.41, and true negative rate = 
0.78).
Conclusion: APP is associated with the prescription of higher total doses of antipsychotics. Frequent attenders at CMHCs, 
and SUs recently hospitalized are often treated with APP and higher doses of antipsychotics. Future prospective studies 
incorporating standardized clinical assessments for both psychopathological severity and treatment efficacy are needed 
to confirm these findings.
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INTRODUCTION

Schizophrenia is a complex phenotype, understood as 
a neurodevelopmental, polygenic, and multifactorial dis-
order [1,2]. It is characterized by polymorphic sympto-
matic manifestations, including reality distortion, cogni-

tive disturbance, and negative symptoms, typically pre-
senting phases of remission and relapses. Genetic, envi-
ronmental and social factors have been established as 
playing important roles in its origin [3,4].

Although the prevalence of schizophrenia spectrum 
disorders is relatively low−approximately 0.47% for 
schizophrenia and 3.0% for other clinical diagnoses of 
psychotic disorders [5,6]−they are responsible for tre-
mendous personal, economic and societal burden, with 
218 disability adjusted life years (DALYs) per 100,000, 
making schizophrenia the fifth leading cause of DALYs in 
the 15−44 age group of [7].

Regarding the treatment of schizophrenia, the UK 
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National Institute for Health and Care Excellence (NICE) 
guidelines recommend the use of a single form of anti-
psychotic medication (monotherapy) as the first-line treat-
ment [8]. NICE guidelines recommendations regarding 
the use of antipsychotics for the treatment of schizo-
phrenia have not changed substantially since 2002 de-
spite review and an update in 2014. Critically, there have 
been no changes to the recommendation to avoid use of 
combined antipsychotics and to keep the total anti-
psychotic dose within the limits indicated by the summary 
of product characteristics. Maintaining a record the rea-
sons of any use outside the endorsed dosage ranges is also 
recommended [8,9]. 

In the 2014 update, the NICE guidelines advised the 
regular monitoring of indicators of overall physical health 
(i.e., weight, waist circumference, pulse and blood pres-
sure, fasting blood glucose, lipid blood profile, nutritional 
status and physical activity), response to treatment and 
presence of any side effects potentially attributable to an-
tipsychotic treatment [8].

The more recently promulgated Maudsley Prescriber 
guidelines [10] also recommend use the lowest possible 
dose of antipsychotics in the treatment of schizophrenia 
and psychosis. The guidelines state that dose should be ti-
trated to the lowest effective level for each patient, and 
that the treating psychiatrist should consider an increase 
in dosage only if the patient does not respond after 2 
weeks of treatment. 

High-dose antipsychotic medication regimes may re-
sult from the prescription of either a single antipsychotic 
agent or from the combination of two or more anti-
psychotics as part of the clinical practice called anti-
psychotic polytherapy (APP) [11]. There is concern re-
garding the use of APP, mainly due to a lack of evidence 
of its safety and efficacy [12] as well as due to the poten-
tially high total dose of antipsychotics resulting from APP. 
Many side effects of the antipsychotic treatment are either 
dose‐related or drug specific. These include the wide ar-
ray of antipsychotic-induced movement disorders (i.e., 
drug-induced parkinsonism [the term now preferred to 
extrapyramidal symptoms], akathisia, and tardive dyski-
nesia), sedation, anticholinergic effects (i.e., tachycardia, 
constipation, urinary retention, xerostomia, and cognitive 
impairment), sexual dysfunction, metabolic impairment 
(up to a frank metabolic syndrome), QTc prolongation, 
and coronary heart disease [13,14]. High number and 

dose of antipsychotics are commonly associated with 
greater burden of adverse reactions. Pharmacological 
strategies for reducing the number of antipsychotics deliv-
ered, favoring monotherapy, have been proposed [15]. 
Nevertheless, the practice of prescribing APP is common 
worldwide [11,16-18]. Observational studies report vari-
ous reasons for APP. These include the need of prolonged 
cross-titration when switching between antipsychotics, 
combination of different mechanisms of action, minimiz-
ing side effects of a single antipsychotic agent, treating co-
morbidities, and ineffective antipsychotic monotherapy 
[12,19,20].

In recent years, the use of machine learning (ML) has 
grown to include applications in the social sciences and 
medical research. Classical Ordinary Least Square (OLS) 
regression models are limited in their ability to manage 
nonlinearity and collinearity issues. To overcoming these 
limitations, many ML algorithms have been developed. 
These include (but are not limited to) random forest (RF), 
supported vector machine (SVM), K-nearest neighbor-
hood (KNN), Naïve Bayes (NB). In psychiatry, emerging 
ML studies have significantly predicted the probability of 
response to antipsychotic treatment in patients diagnosed 
with schizophrenia using SVM and RF for continuous out-
comes and KNN and NB for classification problems 
[21,22]; and psychosocial outcomes in people treated 
with antipsychotic monotherapy, through RF [23].

ML algorithms have different predictive capabilities 
when applied to different tasks and different types of data 
[24]. A recent systematic review concluded that RF gen-
erally yields superior accuracy for disease prediction [25], 
but no study compared the performance of these methods 
in predicting drugs prescription. However, ML may be ap-
propriate in the study of prescription patterns as it is able 
to unravel patterns in complex, multivariate, and non-lin-
ear datasets [26].

Identifying predictors of prescription patterns that di-
verge from the current, established guidelines could pro-
vide a profile of the types of SUs who are more likely to re-
ceive higher doses of antipsychotic and APP in the future, 
guiding clinical practice and interventions in real-world 
settings.

The aim of this study was to compare the performance 
of OLS regression and different ML algorithms in predict-
ing the dose and the number of antipsychotics prescribed 
to people with schizophrenia, using real-world data. 
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Specifically, based on the available literature [25], we 
chose four of the most widely used ML algorithms: RF, 
SVM, KNN, NB.

METHODS

Study Design and Sample Size
The population studied consisted of a cross-sectional 

random sample of Community Mental Health Service 
Users (SUs) from the catchment area of the Department of 
Mental Health and Drug Abuse of Modena (Italy) with a 
primary diagnosis of Schizophrenia Disorders, corre-
sponding to ICD-10 code F20, and subclasses [27]. A tar-
get sample size of 400 was selected based on a desire to 
maintain 95% confidence intervals (95% CIs) within ±5% 
(i.e., 0.05), conservatively assuming a prevalence of 0.5 
[28,29]. The sample was selected using a computer- 
generated random sequence to include an equal number 
of SUs taking oral or long-acting injectable (LAI) antipsy-
chotics.

Data were collected from SUs’ electronic medical re-
cords and clinical paper records held by Community 
Mental Health Centers (CMHC) for outpatients. In Italy, 
CMHC are the main providers of care for people with 
mental health conditions. Records were screened for the 
required information by the investigators (G.G. and G.F.); 
when the information was not clear or the screener was in 
doubt, the specific issue was discussed between the mem-
bers of the research team and with the referring psychia-
trist’s SU.

The following data were collected:
∙ Presence/absence of the following indicators:

∘ Medication side effects;
∘ Electrocardiogram (ECG) and QTc measure;
∘ Body mass index (BMI);
∘ Blood exams;

∙ Mode of administration of antipsychotic medication, 
namely oral or LAI;

∙ Prescription of APP;
∙ The total dose of the prescribed antipsychotic 

medication in chlorpromazine equivalents milli-
grams [10,30];

∙ Prescription of medications with anticholinergic 
effect;

∙ Stability of the prescription in the previous year, in 
terms of in dose and type of antipsychotic medi-

cation prescribed;
∙ Number, length (days) and type (voluntary or com-

pulsory admission) of psychiatric hospitalization 
in the last year;

∙ Number and type (urgent or routine) of CMHC 
contacts both with the psychiatrist and with other 
mental health professionals;

∙ Socio-demographic attributes:
∘ Age;
∘ Sex;
∘ Marital status;
∘ Employment;
∘ Schooling;
∘ Citizenship.

A total of 400 clinical records were randomly selected. 
There was substantial missing information in 32 records, 
which were excluded from analyses (i.e., the final n = 
368).

Figure 1 displays the flow chart of the enrollment and 
selection process, compliant with the Strengthening the 
Reporting of Observational Studies in Epidemiology 
(STROBE) guidelines.

Statistical Analyses
Frequencies and percentages were used for describing 

categorical and dichotomous variables. Continuous vari-
ables were summarized by means, standard deviations 
(SD), medians, and ranges.

Analyses were performed to investigate the role of pos-
sible predictors of the total dose (continuous) and the APP 
prescribed (dichotomous), implementing ML algorithms 
for regression and classification problems, respectively. 
The analyses were performed with R [31], using the 
“caret” package [32]. We implemented a train/test split ra-
tio of 0.75/0.25 and employed 5 × 5 cross-validation, to 
avoid bias in prediction, for all the analyses. Performance 
of the models was compared on the basis of each model’s 
root mean square error (RMSE) or R2 for the regression 
models. Classification models were compared using dif-
ferences in the area under the receiving operator curve 
(AUROC), true positive rate, true negative rate, and over-
all accuracy.

Prediction of Total Dose
Total antipsychotic dose was log transformed to reduce 

righthand skew of the distribution. There were n = 276 ob-
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Fig. 1. STROBE flow chart. 
STROBE, Strengthening the Reporting
of Observational Studies in Epide-
miology; SUs, Community Mental 
Health Service Users (SUs).

servations in the training set, and n = 92 observations in 
the test set. Twenty possible predictors of the total anti-
psychotic dose were assessed. The model’s hyperpara-
meters were tuned to find the model with the highest pre-
diction accuracy across ten (number of predictors/2) pos-
sible models. We used the “train ()” function from the 
“caret” package to automate this process, employing 
“tuneLenght=10”, and the function “trainControl()” to set 
repeated 5 × 5 folds cross-validation.

Prediction of APP
There were n = 277 observations in the train set, and n = 

91 observations in the test set. The number of predictors of 
APP was 19. The model’s hyperparameters were auto-
matically tuned across ten possible models, employing 
the same procedure used for the prediction of dose.

Statement of Ethics
The study was approved by the local ethics committee 

on July 3, 2019 (Comitato Etico AVEN, reference 549/2019, 
protocol number 19133) and was conducted according to 
the Declaration of Helsinki, Good Clinical Practice prin-
ciples for medical research, and current regulations relat-
ing to the protection and processing of personal and sensi-
tive data (European Regulation n. 679/2016).

RESULTS

The final sample consisted of 368 clinical records, cor-
responding to 368 different SUs. Mean age was 52.9 years 
(SD = 12.8; median = 53 years); 56.5% (n = 208) were 
males. The majority of the sample were Italian citizens (n = 
334, 92.8%) and married (n = 274, 79.4%); only 35.8% (n = 
120) had at least 8 years of schooling (attended high 
school), and just 33.0% (n = 115) were employed. N = 
137 (37.2%) SUs were taking APP, 185 (50.3%) received 
LAI medication, and 67 (18.2%) anticholinergics; the 
average dose of antipsychotics (expressed as chlorproma-
zine equivalent milligrams) was 238.1 mg (SD = 204.8; 
median = 181.5 mg). The most common follow-up re-
corded in the clinical records was blood exam monitoring 
(n = 143, 38.9%). Average days of admission in the pre-
vious 3 year was 6.4 (SD = 27.9 days), with the majority of 
the sample that were not admitted to psychiatric ward in 
the last year (n = 333, 90.5%). Mean number of commun-
ity mental health outpatient contacts in the last year was 
39.7 (SD = 59.6). Table 1 displays full description of the 
sample.

Prediction of Dose
As can be seen in Table 2, the best prediction perform-
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Table 2. Model’s performance comparisons in the prediction of the total antipsychotic dose

Comparison ∆MAE (p value) ∆RMSE (p value) ∆ R2 (p value)

LM vs. RF 0.032 (0.001) 0.073 (0.009) −0.034 (0.014)
SVM vs. RF 0.060 (＜ 0.001) 0.125 (0.001) −0.079 (＜ 0.001)
NB vs. RF 0.031 (0.001) 0.073 (0.010) −0.034 (0.014)
KNN vs. RF 0.082 (＜ 0.001) 0.086 (＜ 0.001) −0.181 (＜ 0.001)

MAE, mean absolute error; RMSE, root mean square error; LM, linear regression model; RF, random forest; SVM, supported vector machine; NB, 
Naïve Bayes; KNN, K-nearest neighborhood. 
NB: A positive difference represents better performance by RF, on the contrary for the R2.

Table 1. Descriptive analysis of the sample

Variable Value

Sex, male 208 (56.5)
Married 71 (20.6)
Employed 115 (33.0)
Schooling (＞ 8 yr) 120 (35.8)
Italian Citizenship 334 (92.8)
Antipsychotic medication (LAI) 185 (50.3)
Anticholinergic medication 67 (18.2)
APP 137 (37.2)
Therapy unchanged in the last year 168 (45.8)
Compulsory psychiatric hospitaliza-
tions in the last year

8 (2.2)

Number of psychiatric hospitalizations 
in the last year

0 333 (90.5)
1 20 (5.4)
2 12 (3.3)
3 3 (0.8)

Recorded BMI (in the last year) 38 (10.3)
Recorded blood exams (in the last year) 143 (38.9)
Recorded ECG (in the last year) 124 (33.7)
Recorded side effects (in the last year) 110 (29.9)
Age (yr) 52.9 ± 12.8 (24−82)
Antipsychotic dose (mg 
chlorpromazine equivalence)

238.1 ± 204.8 (17−1,050)

Length of psychiatric hospitalization 
in the last year (day)

1.6 ± 6.2 (0−36)

Length of psychiatric hospitalization 
in the last 3 years (day)

6.4 ± 27.9 (0−65)

Overall community mental health 
center services in the last year

39.7 ± 59.6 (2−335)

Medical community mental health 
center services in the last year

8.0 ± 6.5 (0−32)

Urgent community mental health 
center services in the last year

0.7 ± 2.4 (0−9)

Values are presented as number (%) or mean ± standard deviation 
(range).
LAI, long-acting injectable antipsychotic; APP, antipsychotic 
polytherapy; BMI, body mass index; ECG, electrocardiogram.

ance was provided by RF (mean absolute error = 0.56; 
RMSE = 0.70; R2 = 0.31). We presented the results of per-
formance comparison as the difference in the parameters 

(i.e., the first-the second), along with the two-tailed test p 
value, with Bonferroni adjustment, to avoid Type I error 
due to multiple testing.

In addition to model performance indices, we regressed 
the predicted dose on the actual dose to understand 
which model yielded the strongest association. The re-
sults are displayed in Supplementary Table 1 (available 
online), highlighting best linear correlation yielded by RF 
predictions (unstandardized regression coefficient [B] = 
1.01; 95% CI = 0.627−1.39; p ＜ 0.001).

Accordingly, the RF model was fitted on the whole set 
of data (i.e., n = 368; 20 predictors). That RF model em-
ployed 500 iterations (i.e., number of trees), and ran-
domly selected six variables at each split. To gain insight 
into the model, the ‘importance’ of each variable 
(essentially, its relative strength of predictive power) was 
calculated by dividing its prediction score over the max-
imum score (note that, due to this normalization, the im-
portance score obtained for the most important variable is 
always 1, i.e., 100%). The relative importance plot is dis-
played in Figure 2. The most important predictor of the to-
tal antipsychotic dose was the APP, followed by the num-
ber of CMHC contacts, SU age, and by variables describ-
ing length of psychiatric hospitalizations, and the type of 
CMHC contacts in the last year. When APP was omitted 
from the set of predictors the relative order and size of the 
predictors is maintained, and the most important pre-
dictors became the total number of CMHC contacts in the 
last year (see Supplementary Fig. 1; available online).

The results of linear regression on the full set are dis-
played in Table 3. For increasing the readability of the co-
efficients, the outcome (dose, log-transformed) was multi-
plied by 10.

Prediction of APP
As can be seen in Table 4, RF performed better than the 
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Fig. 2. Plot of variable importance 
of predictors of antipsychotic dose.
ECG, electrocardiogram; LAI, long- 
acting injectable antipsychotics; BMI,
body mass index; APP, antipsychotic
polytherapy.

Table 3. Predictors of antipsychotic dose using multivariate linear regression model 

Variable Coefficient 95% CI p value
Standardized beta 

coefficient

APPa 6.61 4.63 to 8.60 ＜ 0.01** 0.417
Sexa −2.36 −4.38 to −0.33 0.02* −0.235
Length of admission (day) 0.02 −0.26 to 0.30 0.86 0.119
Overall community mental health contacts 0.01 −0.01 to 0.03 0.15 0.030
Compulsory admission 2.72 −4.08 to 9.52 0.43 0.026
Number of admissions 0.42 −3.26 to 4.09 0.82 0.054
Urgent community mental health contacts 0.23 −0.19 to 0.65 0.28 0.069
Marital status 0.58 −1.96 to 3.13 0.65 −0.011
Medical community mental health contacts 0.03 −0.14 to 0.20 0.70 0.080
Age −0.05 −0.14 to 0.03 0.19 −0.059
Italian citizenshipa −6.83 −11.63 to −2.03 ＜ 0.01** −0.088
Anticholinergic medicationa 2.48 0.10 to 4.87 0.04* 0.101
Recorded BMI 2.47 −0.60 to 5.55 0.11 0.013
Employmenta −3.45 −5.40 to −1.49 ＜ 0.01** −0.077
Therapy stable 1.35 −0.53 to 3.15 0.16 0.056
Recorded blood exam 0.48 −2.10 to 3.07 0.71 0.032
Recorded side effect −1.06 −3.25 to 1.13 0.34 −0.001
LAI −0.32 −2.18 to 1.54 0.73 −0.002
Schooling 0.59 −1.36 to 2.54 0.55 0.047
Recorded ECG −0.48 −3.13 to 2.17 0.72 0.018

95% CI, 95% confidence interval; APP, antipsychotic polytherapy; BMI, body mass index; LAI, long-acting injectable antipsychotic; ECG, 
electrocardiogram. 
Significant associations are highlighted using a.
p values: *＜ 0.05; **＜ 0.01.

other models in terms of true positive rate and AUROC in 
predicting APP. Yet, the true negative rate resulted not sig-
nificantly different from that of logistic regression, but 
lower than that of SMV, NB, and KNN. RF performance 
indices for the prediction of APP are: AUROC = 0.66, true 
positive rate = 0.41, and true negative rate = 0.78. We 
present the results of performance comparison as the dif-

ference in the parameters (i.e., the first-the second), along 
with the two-tailed test p value, with Bonferroni adjust-
ment, to avoid Type I error due to multiple testing.

However, when testing if the overall accuracy is better 
than the “no information rate”, which is taken to be the 
largest class percentage in the data (i.e., 63% anti-
psychotic monotherapy), the overall accuracy resulted 
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Table 4. Model’s performance comparison in the prediction of APP

Comparison ∆AUROC (p value) ∆True positive rate (p value) ∆True negative rate (p value)

LM vs. RF −0.034 (0.044) −0.078 (0.001) 0.037 (0.106)
SVM vs. RF −0.048 (0.003) −0.311 (＜ 0.001) 0.194 (＜ 0.001)
NB vs. RF −0.035 (0.042) −0.096 (＜ 0.001) 0.047 (0.045)
KNN vs. RF −0.022 (0.022) −0.125 (＜ 0.001) 0.114 (＜ 0.001)

APP, antipsychotic polytherapy; AUROC, area under the receiving operator curve; LM, logistic regression model; RF, random forest; SVM, 
supported vector machine; NB, Naïve Bayes; KNN, K-nearest neighborhood.
NB: A positive difference represents better performance by RF.

Fig. 3. Variable importance plot of 
the predictors of APP. 
APP, antipsychotic polytherapy; BMI,
body mass index; ECG, electrocar-
diogram; LAI, long-acting injectable 
antipsychotics.

not above of that baseline accuracy for all the models. The 
confusion matrix is displayed in Supplementary Table 2 
(available online).

The RF model was then fitted to the complete dataset (n = 
368; 19 predictors) to determine the relative importance 
of each variable in the prediction of APP. The importance 
plot is displayed in Figure 3. The final RF model employed 
500 iterations (i.e., number of trees) and randomly se-
lected 17 variables at each split. 

The most important predictors of APP identified were: 
the number of CMHC contacts, the length of psychiatric 
hospitalization in the last year, receiving anticholinergic 
medication, the stability of the prescription in the last 
year, the age, and sex.

The results of logistic regression on the full set are dis-
played in Table 5, the significant associations are bolded.

DISCUSSION

Random Forest Performance
Our classification and regression application of RF con-

firmed that RF models can have higher prediction accu-
racy than corresponding parametric models such as logis-
tic regression and linear regression [33]. As previously 
suggested, the main advantage of RF over the respective 
parametric model has been observed in managing non-
linearity and collinearity issues [34]. This is an important 
strength of RF over a typical regression-type approach be-
cause it allows identifying which predictors of the out-
come under study are most strongly related to it in a 
non-parametric way. Moreover, this avoids the risk of 
misspecifications and arbitrary categorizations of con-
tinuous variables with non-normal distribution, such as 
the overall antipsychotic dose or the length of hospitaliza-
tion. Most of these features are common to other ML algo-
rithms but RF yielded more accurate predictions also than 
the other ML models explored in this application.
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Table 5. Odds ratios predictors of APP derived from logistic regression model 

Variable Odds ratio 95% CI p value

LAI 1.16 0.59−2.27 0.67
Total community mental health contactsa 1.02 1.01−1.03 ＜ 0.01**
Therapy stable 0.73 0.38−1.41 0.35
Recorded side effect 0.95 0.43−2.13 0.91
Medical community mental health contacts 1.03 0.96−1.09 0.42
Agea 1.06 1.03−1.09 ＜ 0.01**
Recorded blood exam 1.81 0.70−4.68 0.22
Recorded ECG 0.91 0.35−2.39 0.85
Recorded BMI 0.68 0.21−2.23 0.53
Employment 0.76 0.37−1.57 0.47
Sex 0.59 0.28−1.24 0.16
Anticholinergic medicationa 1.68 1.09−2.61 0.019*
Urgent community mental health contacts 1.05 0.91−1.21 0.55
Schooling 1.37 0.67−2.83 0.39
Length of admission (day) 1.06 0.96−1.17 0.28
Marital status 0.47 0.18−1.21 0.12
Number of admissions 0.31 0.07−1.28 0.11
Italian citizenship 3.94 0.69−22.5 0.12
Compulsory admission 2.92 0.001−32.3 0.38

APP, antipsychotic polytherapy; 95% CI, 95% confidence interval; LAI, long-acting injectable antipsychotic; ECG, electrocardiogram; BMI, body 
mass index. 
Significant associations are highlighted using a.
p values: *＜ 0.05; **＜ 0.01.

Clinical Outcomes
The aim of this study was to assess antipsychotics pre-

scription patterns for people with schizophrenia, using 
ML techniques applied to real-world data to investigate 
predictors of antipsychotic dose and number of anti-
psychotics prescribed.

In our sample a relatively high proportion of patients 
were receiving APP (37.2%). The average chlorproma-
zine equivalent dose in the whole sample was relatively 
low, at 238.1 mg/day (the approved range is 200 to 1,000 
mg/day [10]). The high rate of APP is not surprising, de-
spite guidelines recommendations, as it reflects common 
practice widespread throughout the world [17,18,35,36]. 
This pattern reflects the fact that the clinical improvement 
brought by antipsychotics is often only partial. The pres-
ence of residual symptoms may drive the combined pre-
scription of medication [10]. 

APP was the most important predictor of total anti-
psychotic dose in the RF and was also strongly associated 
with dose in the linear regression. Our findings suggest 
that APP is adjunctive rather than compensatory: effec-
tively ‘more’ drug is added, not just different drugs. Other 
studies have highlighted a correlation between total dose 
and the number of antipsychotics delivered, since the ad-

dition of medications is very likely to increase the final 
dose of medication prescribed [11,36,37]. However, this 
correlation may also reflect the long-standing challenge 
in clinical settings of implementing an effective tapering 
strategy according to individual patient response and 
needs, leading to the stalling of the cross-titration process 
when switching between antipsychotics and resulting in 
de facto APP. In clinical practice, slow cross-titration is 
frequently observed because of the widely held notion 
that this method diminishes risk of symptom exacerbation 
and side effects, making this a safer approach. However, 
the evidence collected to date in this respect is not com-
pelling [38] and studies addressing this issue are in prog-
ress [39,40].

Concerning total antipsychotic dose, other than APP, 
sex was found to be a strong predictor both in RF and in 
linear regression whereby males received higher doses 
than females. This result may be intuitively understood as 
deriving from the higher average body weight of males 
than females, leading the former to need more medication 
to reach a similar dose per kg ratio [36]. However, the cur-
rent literature suggests a worse course of schizophrenia in 
males [41], consequently inducing the clinician to adopt 
a more intense pharmacological approach. Furthermore, 
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it has been also suggested that women might be more 
prone to develop side effects [42] and that they show a 
better response to lower doses due to the different hormo-
nal milieu and, possibly, due to the relatively greater 
blood flow in the brain which delivers more drug to target 
receptors [43].

Length of hospital admissions in the previous year and 
other indicators of CMHC utilization (i.e., the number of 
CMHC contacts, both medical and urgent) were im-
portant predictors of total dose of antipsychotic in the RF 
but not in the linear model. The source of the incon-
sistency between the two methods may be attributable to 
the low number of cases (i.e., SUs admitted in the pre-
vious year) that makes difficult for regression model to de-
tect a linear relation with the outcome. That could also re-
flect a difference in metrics. RF importance is normalized 
while OLS ‘importance’ is judged against a fixed standard 
of significance. However, a more severe hospital admis-
sion and CMHC utilization status is a likely indicator of a 
worse control of the psychotic symptoms, warranting 
higher antipsychotic doses for these patients. Furthermore, 
the pressure on the inpatient psychiatric unit and in-
creased demand for hospital beds might induce clinicians 
to adopt prescription patterns resulting in higher dosages 
at discharge [36]. Being unemployed and receiving anti-
cholinergic medication was significantly associated with 
the total antipsychotic dose. These results may be indicat-
ing a suboptimal antipsychotic prescription, leaving pa-
tients with residual symptoms or debilitating side effects, 
which need the prescription of anti-side effects medica-
tion. In this perspective, psychiatric rehabilitation (such as 
vocational rehabilitation programs) may represent a use-
ful approach to facilitate reduction of psychotropic medi-
cation and foster recovery [44]. Alternatively, unemploy-
ment and the need for anticholinergics may be consid-
ered proxies of more severe psychopathology, requiring 
higher doses of antipsychotics to achieve a psychosocial 
recovery. Unfortunately, the cross-sectional design of the 
present study does not allow resolution of the causal di-
rection of these associations.

Treatment with anticholinergics was found to be im-
portant predictor also of APP in the RF model and in the 
logistic regression, emphasizing the strong correlation be-
tween APP and higher antipsychotic dose. The severity of 
the symptoms and insufficient control by monotherapy 
could explain why a higher number of CMHC contacts 

was a predictor of APP both in the RF and in the linear re-
gression models. According to the results of the present 
study, for each additional community mental health cen-
ter contact per year, the odds of being prescribed APP 
rather than monotherapy are 2% higher, suggesting that 
frequent attenders at mental health services require more 
intensive psychiatric treatment due to their experiencing 
more severe psychopathology. However, some studies 
have highlighted the challenge for mental health pro-
fessionals of dealing with frequent attenders. Polytherapy 
may result from attempts to address the problem by add-
ing prescription to prescription, even though this practice 
diverges dramatically from guideline recommendations 
[45,46]. 

Finally, maintaining records of side effects, blood ex-
ams, ECG, and BMI in the clinical charts proved to be pre-
dictors of APP. These results are consistent with previous 
evidence suggesting that patients taking more complex 
pharmacotherapy usually suffer from other physical health 
conditions, being more vulnerable to more severe side ef-
fects, and requiring closer monitoring of physical parame-
ters [45]. Overall, the increased monitoring to which SUs 
receiving APP are subject is in in accord with relevant 
guideline recommendations [8,10]. However, issues of 
patient compliance and satisfaction needs to be ad-
dressed, balancing prescribing for efficacy with side effect 
management, since both lack of efficacy and poor toler-
ability have been shown to be determinants of treatment 
discontinuation by patients [13,47].

Prospectively, ML techniques applied to the amount of 
data routinely produced by CMHCs (that may be con-
ceived as “big data”) may help to implement new models 
of community psychiatry in Italy. The Mental Health 
Department service model developed since 1978 is cur-
rently only able to partially respond to the increase need 
for mental health care, due to budget cuts, reduced per-
sonnel, and increased psychiatric disorders throughout 
Europe. This may particularly occur in times of economic 
crises or severe epidemics [48,49]. Also, the circumstances 
may be a cause of increased high-dose antipsychotic pre-
scription, i.e. a “medicalizing response” to suffering. The 
adoption of a new approach based on big data analysis, 
ML techniques, digitalization and informatization of men-
tal health care may represent an avenue of innovation for 
Italian Mental Health Departments, specifically for 
CMHCs [50,51].
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Limitations
Some limitations of this study must be acknowledged. 

The use of cross-sectional design does not account whether 
some associations revealed are causes or consequences 
of higher antipsychotic dose, or APP. Nevertheless, we 
aimed to apply an independent, atheoretical approach, 
using real-world data to take a snapshot of what com-
monly occurs in the everyday clinical practice. RF models 
have been predominantly used in cross-sectional samples 
[34,52,53], and we performed direct comparisons with 
the classic parametric models to assess whether the out-
comes from the two approaches offer different insights.

We relied on the evaluation of the most used perform-
ance indices for comparing RF with other ML algorithms 
and the parametric models, however, the prediction ac-
curacy in our classification problem (i.e., APP prediction) 
resulted not different from random guessing for all the 
models. That is likely due to the imbalanced prevalence of 
APP within the sample.

Finally, only indirect indicators of the clinical state 
have been considered in the absence of a standardized as-
sessment for the overall psychopathology or the effective-
ness of APP and current antipsychotic dose. Future studies 
should particularly attempt to overcome this last issue, 
ideally implementing prospective evaluations, for a more 
comprehensive understanding of the prescription patterns 
for SUs living with schizophrenia.
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