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This study introduces a machine learning (ML)-based platform aimed at predicting the effectiveness of 
Metacognitive Training (MCT). The platform is meant to function as an experimental prototype in the scope 
of a clinical research project for a decision support system to assist clinicians in tailoring treatment plans for 
patients with psychosis. It integrates eight ML models to evaluate MCT effectiveness under a wide range of 
mental health questionnaires to assess a broad spectrum of psychological symptoms. By incorporating diverse 
measures, the platform aims to capture a comprehensive understanding of patient profiles, enabling more precise 
and tailored predictions for treatment personalization. Furthermore, the transparency requirements for artificial 
intelligence (AI) systems, as outlined in the AI Act regulation of the European Union, are addressed through the 
implementation of explainable AI models, using post-hoc explanations based on SHAP analysis for each predictive 
model. Ethical concerns related to ensuring gender-neutral behavior in the system are tackled by conducting a 
disparate impact analysis, which evaluates biases present in the models enhancing the system’s accountability 
and alignment with ethical and regulatory standards.

1. Introduction

Personalized medicine applications can be understood as data
centric endeavors for which advanced analytical methods such as ma
chine learning (ML) can be used to increase precision in medical care 
[1,2]. These methods enable the design of customized treatments and 
improve patient outcomes by aligning medical decisions with individ
ual needs and characteristics. In psychology, the domain of this study, 
personalized healthcare has already been applied in various mental 
illness treatments to decide between multiple treatment alternatives 
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[3,4]. Treatments differ by their clinical efficacy and cost-effectiveness, 
aspects that significantly influence healthcare decision-making for reg
ulators, clinicians, and patients [5]. The precise determination of which 
individuals are most likely to benefit from a particular treatment and the 
forecast of cost distribution at the patient level is not straightforward 
[6], but it is essential to enable the delivery of personalized treatment 
recommendations.

Mental illnesses are a major public health challenge worldwide, con
tributing both to the health and economic burdens [7]. In Europe, 
schizophrenia affects approximately 2% of the population [8], con
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tributing to significant disability and societal costs, particularly due to 
work absences and early retirement [9]. Although antipsychotic med
ications are widely prescribed, they often do not improve functional 
outcomes. Psychological treatments, on the other hand, have shown ef
fectiveness in improving symptoms, even in the absence of medication 
[10]. One such intervention, Metacognitive Training (MCT) [11,12], 
was introduced from a psychological perspective to address schizophre
nia. MCT aims to reduce positive symptoms by targeting cognitive biases 
[13]. This training is composed of 10 modules, each addressing key 
aspects such as attribution style, jumping-to-conclusions bias, confir
mation bias, social cognition, false memories, and affective symptoms, 
along with additional modules focused on self-esteem and stigma [14]. 
As summarized in the recent meta-review by [15] there is evidence on 
the effectiveness of MCT in reducing delusions, hallucinations, cognitive 
biases [16] and patient satisfaction [17]. Additionally, MCT has been 
found to alleviate negative symptoms to some extent while enhancing 
self-esteem and overall functioning. Some studies suggest that variables 
such as gender [18], anxiety, self-esteem, quality of life, and severity 
level may act as moderators influencing treatment response [19--21].

This study reports the design and development of a ML-based pro
totype platform aimed at predicting the effectiveness of MCT in the 
context of the European ERAPERMED 2022-292 research project ``To
wards a Personalized Medicine Approach to Psychological Treatment of 
Psychosis'', henceforth referred to as PERMEPSY (www.permepsy.org). 
The participants of the project are five clinical partners, namely Parc 
Sanitari San Joan de Déu (PSSJD) from Spain as project coordinator, 
University Medical Center Hamburg-Eppendorf (UKE) from Germany, 
Polish Academy of Sciences (PAoS) from Poland, the Universidad de 
Valparaiso (UV) from Chile, University Hospital of Strasbourg (Inserm) 
from France, and Universitat Politècnica de Catalunya (UPC) from Spain 
as a technical partner.

This web-based predictive platform represents an experimental pro
totype developed within the framework of this research project as a 
decision support system to assist clinicians in tailoring MCT treatment 
plans for individuals with psychosis. In line with research on person
alized care in mental health, the model offers considerable potential 
for helping therapists adapt MCT modules to the distinct psychological 
profiles and therapeutic needs of each patient. By using patient-specific 
information from individual-level MCT data collected before treatment 
including psychological, sociodemographic, and diagnostic variables, 
the system moves beyond standard methods and supports a more person
alized, targeted approach for individual MCT therapy. Specific compo
nents of the intervention such as module selection or symptom focus can 
be adjusted based on individual cognitive biases, emotional patterns, 
and pre-treatment symptom profiles [22]. While the model estimates 
the overall effectiveness of MCT using standardized questionnaire data, 
it does not perform automated personalization or module selection. In
stead, it serves as a decision support tool, offering therapists relevant 
insights that may guide clinical judgment when adapting MCT to indi
vidual patient needs.

The study outlines the integration of artificial intelligence (AI) tech
nology, namely ML-based methods, for predicting MCT effectiveness. 
The effectiveness of treatment is evaluated using a wide range of men
tal health questionnaires to assess a broad spectrum of psychological 
symptoms so that the predictive platform can capture a comprehen
sive understanding of patient profiles, allowing for more precise and 
tailored predictions for treatment personalization. Additionally, safety 
considerations regarding the use of AI technology in medical applica
tions are taken into account. The European Union (EU) AI Act, adopted 
in March 2024 by its 27 member states, establishes the world’s first 
comprehensive legal framework dedicated to AI [23], ensuring that AI 
systems are human-centered, trustworthy, and ethically aligned. Its pri
mary objective is to safeguard health, safety and fundamental rights 
while mitigating potential risks associated with AI-driven systems. Since 
this study serves as a preliminary proof of concept, it was not feasible 
to address all the regulatory requirements of a high-risk AI system, un

der which the predictive platform would fall as a medical application. 
However, measures ensuring transparency and gender fairness were in
corporated to align with ethical and legal standards. The EU AI Act 
establishes transparency requirements to ensure that AI systems are ex
plainable and accountable, particularly in high-risk applications such as 
healthcare [24]. Advanced ML models are often regarded as black-box 
systems, as the model lacks a human-understandable explanation of its 
reasoning due to the complexity of the underlying functional models. 
To address this limitation, extensive research on Explainable AI (XAI) 
[25,26] has been conducted in recent years, aiming to enhance mod
els with human-understandable explanations of their reasoning. Two 
of the most widely used explainable ML approaches are Local Inter
pretable Model-agnostic Explanations (LIME) [27] and SHapley Addi
tive exPlanations (SHAP) [28]. They provide post-hoc explanations for 
model predictions, enabling an understanding of how each attribute con
tributes to the overall outcome. In this work, SHAP is used to generate 
model explanations, addressing the AI system’s explainability require
ments. Furthermore, the EU AI Act incorporates fairness requirements 
to mitigate bias in AI systems, ensuring that AI-driven decisions do not 
reinforce discrimination or inequality. The Handbook on European non
discrimination law [29] has defined a set of protected attributes that 
cannot be the basis for inferior treatment, such as sex or gender iden
tity among others. Bias in ML models can originate from the training 
data or the algorithms themselves. Various techniques for the detection 
and mitigation of bias have been defined, ensuring fair and equitable 
AI outcomes [30]. However, not all differences in model predictions 
indicate discrimination. In certain domains, such as healthcare, varia
tions in AI-driven decisions may be justified by biological differences or 
other legitimate factors rather than unfair bias [31]. Therefore, whether 
a model’s decision constitutes discrimination depends on the context and 
nature of the evaluated decision, rather than solely on the presence of 
different outcomes. Despite this nuanced distinction on bias, evaluating 
the system for gender-neutral behavior remains essential in medical ap
plications. In this study, gender-neutral behavior within the system is 
analyzed by employing disparate impact analysis [32], a method used 
to identify and evaluate potential biases present in ML models.

This article showcases the outcomes of the design and development 
of a prototype for a personalized medicine platform as an AI system. It 
highlights the technical milestones achieved during the development, 
alongside addressing ethical and safety considerations and identifying 
limitations encountered in this preliminary phase. The remainder of the 
article is structured as follows. Section 2 describes the data under study, 
while section 3 describes the methods and section 4 presents the results 
of the predictive models, the software development and the study of 
ethical concerns of the system. The article concludes in section 5 with a 
discussion of the results and future lines of work.

2. Materials

The data under analysis are part of the PERMEPSY MCT database 
[33] that includes harmonized data from 22 international retrospective 
studies with information on the evolution of patients who received in
dividual MCT. This database integrates the records of 698 patients and 
563 attributes comprising sociodemographic information, such as age, 
gender, diagnosis, marital status, employment, and living situation, as 
well as the psychological evaluation of the patients before starting treat
ment (pre-evaluation) and after finishing treatment (post-evaluation), 
assessed under a range of 12 psychological indicators.

The analysis of the MCT-related retrospective data for the purposes of 
the PERMEPSY project has received approval from the respective ethical 
committees of the involved entities, namely the Research Ethics Com
mittee of Fundació San Joan de Déu on 27/04/2023 by approval PIC-68
23, the Lokale Psychologische Ethikkomission am Zentrum für Pyschosoziale 
Medizin of UKE on 29/03/2023 by approval LPEK-0603, the Comitè 
Ético Científico del Servicio de Salud Valparaíso San Antonio by approval 
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Fig. 1. Overview of development tasks. 

N°54∕2023 on 27/09/2023, and the Ethics Committee of the UPC on 
11/12/2023 by approval 2023.13.

The database contains a substantial number of missing values, a con
sequence of the integration of data collected across 22 independent 
retrospective MCT-related studies. Efforts to address data integration 
as part of data harmonization have been outlined in [33]. Among the 
symptoms addressed by MCT, those evaluated through the PANSS in
dicator represented one of the most frequently available variables in 
the database and were previously analyzed in detail in [34]. To assess 
the homogeneity of features across the 22 data sources, analyses of the 
data distribution were carried out. The Chi-square test was applied to 
categorical variables, and the Kruskal–Wallis test to numerical ones, to 
determine whether the MCT data originated from a common distribution 
[35]. These statistical tests provide evidence of consistency and variabil
ity across sources. Most variables yielded p-values below 0.05, reflect
ing significant heterogeneity and suggesting meaningful differences in 
distributions across studies. These findings highlight the structural com
plexity of integrating data from heterogeneous studies conducted under 
differing protocols, time frames, and contextual conditions. Such cir
cumstances can hinder harmonization and downstream analyses [36]. 
Details regarding missing values and the statistical assessments of ho
mogeneity are presented in Appendices F and G, respectively. Despite 
the heterogeneity of the data, preparing it for further analysis using 
predictive models requires addressing missing values through multi
variate imputation techniques. In this study, Multiple Imputation by 
Chained Equations (MICE) was applied to enhance the completeness of 
the dataset [37].

3. Methods

The development of the web-based predictive platform within the 
scope of the PERMEPSY project integrates data science and software de
velopment as described in the overview of tasks depicted in Fig. 1. The 
initial phase focuses on an analysis of requirements, enabling the sys
tem’s definition by establishing key metrics to assess MCT effectiveness 
and determining the functional requirements of the predictive platform, 
which are essential for the subsequent software development. The sec
ond phase of the project focuses on the development of predictive mod
els by applying ML-based analytical methods. The software development 
of the web-based predictive platform incorporates these predictive mod
els, facilitating seamless accessibility and intuitive usage for end users 
via the internet. Finally, the project addresses ethical concerns associ
ated with the use of AI technology in medical applications, focusing on 
trustworthiness, fairness, and transparency to ensure responsible and 
equitable use.

3.1. Analysis of requirements

The development of the prototype begins with a thorough analysis 
of the system requirements to lay the foundations of a well-structured 
design of the system. The purpose of the system is the prediction of 
MCT effectiveness on a personalized basis from the sociodemographic 
and mental health information of a patient. The system should provide a 

smooth and friendly experience for the end-user, ensuring ease of access 
and operation. The analytical process involves defining the prediction 
targets for the development of the predictive models, alongside analyz
ing the functional requirements for an efficient software design of the 
predictive platform.

3.1.1. Definition of prediction targets
The prediction of the effectiveness of MCT treatment focuses on the 

evaluation of the patient’s health state after having completed the MCT 
treatment (post-evaluation) and taking into account the patient’s health 
state before starting the treatment (pre-evaluation), as well as their so
ciodemographic information. This information is the baseline for the 
prediction (see Fig. 2 for an illustration of the main system process). 
Several well-known psychological indicators [33] are selected as key 
metrics for the evaluation of the patient’s mental health state and con
stitute the prediction targets of the predictive models, as explained in 
the following:

1. The PANSS positive score (PANSS_P), as a key metric to assess 
schizophrenia-related positive symptoms [38].

2. The Psychotic Symptom Rating Scale (PSY_T), to evaluate the severity 
of positive symptoms, namely delusions and hallucinations [39] as 
the sum of the PSYRATS hallucinations (PSY_H) and the PSYRATS 
delusions (PSY_D) scores.

3. An alternative delusion score (A_DEL) derived from PANSS scores.
4. The Rosenberg Self-Esteem Scale (RSES) [40], as a metric of self

esteem.
5. The Beck Cognitive Insight Scale (BCIS) [41], as a metric of cognitive 

insights relying on the BCIS self-reflectiveness (BCIS_R) and the BCIS 
self-certainty (BCIS_C) subscores.

6. MCT completion (MCT_C), as a binary variable to measure whether 
the patient is likely to complete MCT treatment or not.

For details about the mathematical definition of each prediction 
target, as well as the method to calculate its ratio of change (which 
takes into account the difference between pre-evaluation (PRE) and 
post-evaluation (POST) with regard to the total range of values of the 
indicator), the reader is referred to Appendix A in the supplementary 
material. The ratio of change Δ is a derived metric that allows a straight
forward interpretation of trends, expressed as a percentage. Positive 
values indicate the patient’s improvement, while negative values reflect 
deterioration.

Overall, seven numeric target variables related to psychological in
dicators �- PANSS_P, PSY_D, PSY_H, A_DEL, RSES, BCIS_R, BCIS_C �- 
along with the binary variable MCT_C, are thus established as predic
tion targets. The selected prediction targets reflect symptom related 
and metacognitive domains aligned with the therapeutic principles of 
MCT. Specifically, A_DEL reflects the degree of conviction in delusional 
beliefs, while BCIS_R (self-reflectiveness) and BCIS_C (self-certainty) 
assess cognitive insight. Impaired cognitive insight, such as low self
reflectiveness and high self-certainty, indicates reduced metacognitive 
flexibility, which has been associated with poor response to psychother
apeutic interventions [41]. In the context of MCT, such insight profiles 
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Fig. 2. Overview of the system process. 

Fig. 3. Overview of systems and stakeholders. 

are particularly relevant for tailoring intervention modules that target 
rigid thinking styles and promote belief reconsideration.

3.1.2. System design
According to the requirement analysis, the main system function

alities are defined as: I) Facilitate a system for entering patient profile 
information, including sociodemographic data and mental health assess
ments during pre-evaluation. II) Perform inference using eight ML-based 
models corresponding to specific prediction targets. III) Present predic
tion results both numerically and graphically. IV) Provide explanations 
for the prediction outcomes based on the baseline features.

Regarding non-functional requirements, the system must ensure ease 
of use and operation, supporting timely predictions from eight ML mod
els. Additionally, it should address key principles such as data privacy, 
fairness, and transparency, in compliance with the EU AI Act 2024.

Fig. 3 illustrates the interaction between the various stakeholders 
of the system and the corresponding elements produced by each sub
system: I) A data analytical environment for the development of pre

dictive models using Python and scikit-learn libraries [42]. This envi
ronment ensures secure and protected analysis of the MCT database, 
with the predictive models subsequently exported and deployed to the 
web-based platform for seamless integration. II) A web-based software 
system to ensure seamless access to the predictive platform over the 
Internet for end users. The Django framework [43] was chosen as the 
technological solution for the efficient integration of Python-based ML 
models within a web server framework. III) The end-users of the pre
dictive platform are clinicians who access it remotely to gather insights 
into the effectiveness of MCT for individual patients. By entering base
line information, clinicians receive predictive data regarding treatment 
effectiveness, which serves as valuable support for tailoring and person
alizing MCT treatment to the needs of each patient.

3.2. Development of ML models

In addition to the binary variable related to MCT completion, seven 
numeric variables were defined as key metrics for psychological symp
toms, serving as prediction targets for the system. The prediction of 
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numeric variables is approached as a regression task, while the predic
tion of the MCT completion variable is treated as a binary classification 
problem. Several ML models were evaluated, and their hyperparame
ters fine-tuned to optimize performance and ensure the most accurate 
predictions.

Regression models were evaluated calculating the prediction error 
measured by the root mean square error (RMSE). For binary classifica
tion, the model’s performance was assessed using accuracy, specificity, 
sensitivity and the Matthews correlation coefficient (MCC) [44]. While 
the specificity and sensitivity refer to the recall of the negative and pos
itive classes, respectively, the MCC is a balanced metric that takes into 
account both classes and yields values in range 1 to -1, where 1 stands 
for perfect classification and -1 for complete misclassification. The MCC 
metric has been deemed to be appropriate for classification under class 
imbalance [45].

Model selection follows a two-step process. Initially, a broader fea
ture set undergoes feature selection using measurements of feature im
portance derived from a Random Forest (RF) model. Based on this anal
ysis, the most relevant features for each model are identified, and a 
refined subset is selected as the input feature space to construct the 
definitive predictive models, as elaborated in subsequent sections.

3.2.1. Feature selection
The input variables for the predictive models include data related 

to the patient’s sociodemographic profile and a variety of psycholog
ical indicators from pre-evaluation. The MCT database consists of 13 
sociodemographic variables and 12 principal psychological indicators, 
collectively comprising 274 variables. Feature importance analysis iden
tifies the most relevant features in the prediction of each target variable. 
RF [46] models are employed for this purpose, as their intrinsic capa
bility to assess feature importance through permutation-based modeling 
makes them a reliable choice for this type of analysis [47].

3.2.2. Predictive models
After selecting a subset of relevant variables for the prediction mod

els, various ML models were constructed using the reduced feature set. 
For numerical target variables, baseline models like Linear Regressors 
(LR) and Decision Tree Regressors (DT) are considered alongside more 
advanced ensemble models, such as RF, XGBoost (XGB), and LightGBM 
(LGBM) Regressors [48], an efficient variant of Gradient Boosting ma
chines [49]. Ensemble models use a set of weak classifiers to construct 
a stronger model. RF employs a bagging strategy to aggregate multi
ple weak classifiers, while LGBM and XGB utilize a boosting technique, 
sequentially adapting weak classifiers to construct a more robust pre
dictive model [50].

For the binary classification of the MCT_C variable, classification 
variants of the previous algorithms were employed, with Logistic Re
gression (LoR) [51] serving as the baseline model. Class imbalance, 
arising from the high ratio of the positive class (MCT completion) to the 
negative class (No MCT completion), at 667:31, is mitigated through 
SMOTE-based oversampling [52] applied to 80% of the training data. 
This approach ensures balanced representation of both classes during 
the model training process.

The experimental setup for model training involves a hyperparame
ter tuning process. This includes evaluating combinations of several rel
evant hyperparameters through a randomized search comprising 20 it
erations and 5-fold cross-validation. The optimal hyperparameters iden
tified for each model are detailed in Appendix E of the supplementary 
material.

The definitive prediction models were trained using the optimal hy
perparameters identified for each model type. The data was split ran
domly, with 80% allocated for training and 20% for validation. This 
procedure is repeated 30 times to ensure reliable statistics of model per
formance.

3.2.3. Model explanations
SHAP analysis [53], a method derived from Shapley values in game 

theory [54], was used to create post-hoc explanation models. SHAP 
builds a surrogate model for the predictions of the original black-box 
ML model. The surrogate model aims to assess the sensitivity of each 
feature in the prediction of the model by representing it as Shapley ad
ditive values. The surrogate model breaks down the final prediction into 
feature-specific contributions, serving as a post-hoc explanation of the 
model’s reasoning for a given prediction. In particular, the Tree SHAP 
algorithm was used to explain the output of ensemble models [55].

3.3. Fairness

ML models are required to be fair on sensitive attributes to prevent 
disparate impact for protected demographic groups [23]. The disparate 
impact doctrine is one of the most predominant legal theories used to 
evaluate unintended bias in systems [32]. While not established as a le
gal requirement, the generalization of the 80 percent rule, advocated 
by the US Equal Employment Opportunity Commission (EEOC) [56], is 
widely adopted to define the acceptable amount of bias. This rule estab
lishes that the maximum allowable disparity in selection rates between 
protected and unprotected groups should be at least 80%, ensuring that 
AI-driven decisions do not disproportionately disadvantage certain de
mographic groups.

As described in [57], the Disparate Impact (``80% rule'') establishes 
that the acceptable amount of bias 𝜖 for a particular metric is the impact 
ratio (IR) between the selection ratio (SR) of the unprivileged group 𝑏
and the privileged group 𝑎. A common choice for 𝜖 is 0.8, which corre
sponds to the 80% rule [56]. The acceptable amount of bias is therefore 
an IR within the range [𝜖; 1

𝜖
].

𝑆𝑅 = 𝐹𝑎𝑣𝑜𝑟𝑎𝑏𝑙𝑒(𝑔𝑒𝑛𝑑𝑒𝑟)
𝑇 𝑜𝑡𝑎𝑙(𝑔𝑒𝑛𝑑𝑒𝑟) 

(1)

𝐼𝑅 = 𝐹𝑒𝑚𝑎𝑙𝑒_𝑆𝑅
𝑀𝑎𝑙𝑒_𝑆𝑅 

(2)

For the binary MCT completion model, the evaluation of the IR cor
responds to the relation between the selection ratio of females and males 
(See formula (1) and (2)). Linking the decision on admitting a patient to 
therapy to the criteria of MCT completion, the predicted likelihood of a 
patient completing the treatment, makes it a potentially sensitive classi
fication, subject to fairness considerations. The remaining models assess 
the patient’s responsiveness to MCT effectiveness formulated as regres
sion models. To evaluate disparate impact on the regression model, a 
paired t-test on the RMSE and predictions between gender groups is 
carried out to determine whether there are significant differences in 
the model’s prediction [58,59]. While the t-test on the RMSE evaluates 
whether the model is equally accurate by gender, the t-test on the pre
dictions evaluates if there are significant differences in effectiveness by 
gender, which might be explainable by documented knowledge regard
ing gender differences in MCT effectiveness [18].

4. Results

4.1. Feature selection

The analysis of feature relevance involves two steps. First, models are 
selected. Then, feature relevance is assessed for the chosen model. Two 
explainable models were trained: Linear Regression (LR) and RF regres
sion for numeric target variables, and LoR and a RF classifier for the 
MCT_C variable. As shown in Fig. 4, the RF model outperforms other 
models in predicting RSES. Therefore, it was selected for feature rel
evance analysis. See Appendix B in the supplementary material for a 
detailed description of the 15 most relevant features for each target, 
identified through variable permutation on the RF model. Interestingly, 
sociodemographic variables such as age, gender, and substance con
sumption are often found to be highly predictive. Furthermore, the 
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Fig. 4. Performance of LR and RF models for the target variables for feature relevance analysis measured as RMSE for regression (left) and accuracy for classification 
(right).

Table 1
Performance of different types of models in the prediction of the target variables, 
measured by RMSE.

Target DT LR RF XGB LGBM 
PANSS_P 9.77 ± 0.26 6.75 ± 0.16 6.64 ± 0.07 7.20 ± 0.16 6.95 ± 0.04 
PSY_D 7.31 ± 0.01 5.05 ± 0.18 4.61 ± 0.08 5.16 ± 0.29 4.84 ± 0.32 
PSY_H 8.58 ± 0.06 6.33 ± 0.81 6.75 ± 0.07 6.47 ± 0.63 6.30 ± 0.72 
A_DEL 3.68 ± 0.06 2.70 ± 0.02 2.52 ± 0.01 2.70 ± 0.14 2.60 ± 0.12 
BCIS_R 5.10 ± 0.07 3.47 ± 0.03 3.58 ± 0.01 3.79 ± 0.23 3.77 ± 0.13 
BCIS_C 4.48 ± 0.02 2.93 ± 0.09 2.74 ± 0.01 3.15 ± 0.24 3.12 ± 0.15 
RSES 7.70 ± 0.07 13.75 ± 2.9 6.06 ± 0.05 11.8 ± 5.21 12.46 ± 3.8 

pre-evaluation mental health questionnaires often emerge as the most 
significant predictors. For MCT completion, variables like years of ed
ucation, length of illness, and specific questionnaires (e.g., BCIS, TMT, 
PANSS) play an important role as well.

4.2. Definition of baseline variables

Based on the information on the relevant variables of the eight 
predictive models and the expert knowledge from the clinical part
ners in the PERMEPSY project, a common set of characteristics was 
selected. The selected features include 11 sociodemographic variables, 
2 diagnostic-related variables (diagnosis and length of illness), and 8 
psychological questionnaires from the MCT database [33]. These base
line variables are the foundation for training predictive models and are 
used as inputs for inference within the system. Several clinically rele
vant indicators derived from standardized assessments help define the 
cognitive, emotional, and functional profiles that a relevant for MCT en
gagement. These include subcomponents of the PANSS scale (positive, 
negative, and general scores) for symptom severity; BCIS scores (reflec
tiveness and certainty) for cognitive insight; the Rosenberg Self-Esteem 
Scale; Trail Making Test (TMT A and B) for executive functioning; the 
Global Assessment of Functioning (GAF) score; PSYRATS subscales for 
hallucinations and delusions; a Quality of Life (QoL) measure; and the 
Jumping to Conclusions (JTC) bias for reasoning style. The set of base
line variables also includes 11 sociodemographic and behavioral indi
cators that characterize patient profiles prior to MCT. These consist of 
demographic factors such as gender, age, education level, marital status, 
living situation, and employment status as well as lifestyle-related vari
ables such as caffeine consumption, tobacco use, alcohol use, cannabis 
use, and illicit substance use. Together, these features provide infor
mation about the context for interpreting psychological assessments 
and may influence responsiveness to MCT as explained in the follow
ing. Psychological features such as A_DEL, BCIS_R, BCIS_C, PANSS_P, 
PSY_D, PSY_H, RSES, and TMT align with core mechanisms targeted by 

MCT, including belief inflexibility, reasoning biases, and emotional vul
nerability. These variables reflect central aspects of psychosis such as 
delusional conviction, cognitive insight deficits, symptom severity, self
esteem, and executive dysfunction that all influence how patients en
gage with metacognitive content. Theoretically, individuals with more 
pronounced difficulties may benefit more from MCT modules tailored 
to those specific impairments, although such challenges may also pose 
obstacles to maintaining treatment adherence and completing the in
tervention. Sociodemographic variables such as age, gender, education, 
and living situation were selected based on availability and their poten
tial impact on treatment access, engagement, and cognitive capabilities. 
For a detailed description of these features, the reader is referred to Ap
pendix C in the supplementary material.

4.3. Predictive models

Several predictive models were trained from the baseline set of 
features. Information about the best-performing parameters found by 
hyperparameter tuning is detailed in Appendix E (supplementary mate
rial).

Table 1 shows the prediction error measured as RMSE of the dif
ferent types of models for each numerical target variable. The findings 
indicate that ensemble models such as RF, XGB and LGBM show similar 
performance in almost all prediction targets compared to the LR model. 
Nevertheless, the RF model clearly outperforms other models for the 
RSES target. This result underscores the RF model’s effectiveness in cer
tain contexts, particularly for RSES prediction.

The RMSE values presented in Table 1 represent the prediction er
ror in the original scale of each indicator. For instance, the PANSS_P 
model shows a prediction error of 6.6 PANSS score points on the PANSS 
positive scale. To facilitate a qualitative interpretation of these RMSE 
values, predictions are converted into percentage errors. These percent
ages are calculated based on the range of values for each indicator, as 
illustrated in Table 2. The prediction error of 6.6 points for the PANSS_P 
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Fig. 5. GUI of the prediction result page. The upper part (1) shows the predictions in a tabular format. Part 2 (middle) displays the AI ACT related disclaimer. Part 
3 is a graphical representation of the ratio of change. The bottom part (4) highlights the indicators with the lowest improvement.

Table 2
Equivalence of RMSE and percentage error according to the range of values 
of the indicators.

PANSS_P PSY_D PSY_H A_DEL BCIS_R BCIS_C RSES 
RMSE 6.64 4.61 6.3 2.52 3.47 2.74 6.1 
% 15.8 19.2 14.4 12 9.6 11.4 20.3 

score corresponds to a percentage error of 15.8% in the indicators scale. 
These results indicate that the predictive models show a percentage er
ror ranging between 10% and 20%, approximately.

Table 3 presents the classification performance of various models 
for the binary MCT completion variable. Among them, LoR stands out, 
achieving a recall of 0.76 for the negative class (No MCT completion), 
outperforming other models. Other models struggle to recognize this 
class accurately. For the positive class (MCT completion), LoR achieves 
a notably high recall of 0.95. A MCC value of 0.73 further confirms 
the strong classification performance. These results underscore LoR’s 
ability to effectively predict both positive and negative classes for the 
MCT completion variable.

To facilitate the integration of AI-based technology into the proto
type of the web-based predictive platform, RF models were uniformly 
selected for all psychological indicators. Their performance was deemed 
sufficiently robust across all target variables. For MCT completion, LoR 
was chosen for deployment on the platform.

4.4. Web-based predictive platform

The user-friendly web-based platform, built with Python and the 
Django framework, allows users to interactively engage with predic
tive models. This functionality enables the analysis of MCT effectiveness 
based on individual patient profiles. The platform includes a form view 
designed for users to introduce the patient’s baseline information, i.e., 
the features defined for prediction in Appendix C of the supplementary 
material. The form ensures that all necessary data are collected accu
rately, serving as the foundation for generating predictions. The system 
displays a prediction result page, detailing the outcomes generated by 
the eight predictive models, as illustrated in Fig. 5. The prediction result 
page includes the following key sections:

1. Predicted Values: Presents predictions for psychological indicators 
and the percentage change compared to pre-evaluation values. For 
the binary MCT completion variable, predictions are displayed as 
‘Yes’ or ‘No’, along with the model’s confidence level for each pre
diction.

2. Legal Disclaimer: Provides compliance information related to AI 
technology regulations, ensuring transparency as required by rele
vant laws.

3. Graphical Representation: Visualizes the rate of change for psy
chological indicators and confidence levels for predictions. This al
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Table 3
Performance of different types of models for the prediction of the MCT completion.

Metric DT LoR RF XGB LGBM 
Accuracy 0.67 ± 0.08 0.85 ± 0.05 0.60 ± 0.026 0.69 ± 0.04 0.65 ± 0.03 
Specificity 0.41 ± 0.16 0.76 ± 0.12 0.21 ± 0.05 0.41 ± 0.1 0.32 ± 0.05 
Sensitivity 0.93 ± 0.01 0.95 ± 0.02 0.99 ± 0.00 0.98 ± 0.01 0.98 ± 0.01 
MCC 0.4 ± 0.13 0.73 ± 0.11 0.32 ± 0.05 0.48 ± 0.06 0.39 ± 0.06 

lows clinicians to quickly assess improvements or deterioration in 
patient profiles.

4. Indicators with Lowest Improvement: Highlights psychological 
indicators showing the least progress, helping clinicians to tailor 
MCT treatments for better patient outcomes.

These sections collectively ensure that clinicians can effectively in
terpret patient outcomes and make informed decisions about treatment 
adjustments. End users can generate and download a prediction re
port, as detailed in Appendix D of the supplementary material. This 
report includes the patient’s baseline data, the model predictions, and 
the post-hoc explanations of the predictions based on SHAP explainabil
ity models. These features enhance transparency and assist clinicians 
in their interpretation of the predictions effectively for better-informed 
decision-making.

4.5. Ethical concerns

Several ethical concerns related to the use of AI technology in med
ical applications need to be addressed, including:

• Transparency and Explainability: Ensuring that AI models pro
vide clear and interpretable predictions so clinicians can under
stand the rationale behind a decision.

• Data Privacy and Security: Protecting patients’ data to comply 
with privacy laws and preventing unauthorized access or misuse.

• Bias and Fairness: Identifying and mitigating biases in datasets 
or algorithms that may lead to unfair treatment of certain patient 
groups. In the present work, the bias analysis focuses on gender. 
However, a comprehensive analysis would be required to examine 
all variables thoroughly.

• Regulatory Compliance: Adhering to standards like the EU AI Act 
or similar regulations to ensure ethical deployment and validation 
of medical AI tools.

• Clinical Applicability: Integrating AI-based tools in clinical appli
cations poses challenges for all stakeholders, especially for clini
cians and patients.

4.5.1. Transparency and explainability
The system provides human oversight of the system and trans

parency about the logic behind predictive models, as required by Art.14 
of the EU AI ACT, through post-hoc explanations. These explanations 
are generated using a surrogate SHAP model, which explains how the 
final prediction is calculated from the individual feature’s contributions 
in the prediction.

Fig. 6 provides an example of the explanation for the PSYRATS 
delusions prediction, displayed as a waterfall plot of SHAP values for 
each feature. In the plot, positive contributions to the predicted value 
are shown in red, while negative contributions are shown in blue. The 
waterfall plot highlights the 15 highest contributions based on SHAP 
values.

The predicted value is calculated as the cumulative sum of SHAP 
values, starting from the base predicted value of the SHAP model. In 
the example shown in Fig. 6, the base predicted value for PSY_D is 
4.57. The total net contribution of all features is −1.2, resulting in a 
final predicted value of 3.37. While the PSYRAYS delusions variable in 
pre-evaluation (value: 13), the BCIS certainty score (value: 18), and an 

Fig. 6. Waterfall plot of the SHAP values to explain the prediction of the 
PSYRATS delusions target.

education level of 11 years have a positive contribution to the predicted 
value, the PSYRATS hallucinations score (value: 0) has a large negative 
contribution.

4.5.2. Data privacy and security
The MCT database contains patient information, which is safe

guarded to ensure privacy and prevent unauthorized access or misuse. 
Although the data are fully anonymized and, therefore, not subject to 
the General Data Protection Regulation (GDPR), the PERMEPSY consor
tium has developed a comprehensive data management plan to securely 
handle the information. Access to the data is strictly limited to a secure 
environment �- the MyDisk platform of RDLab at UPC [60], which com
plies with various regulatory frameworks. These include GDPR, HIPAA, 
ISO/IEC 2700X standards, and Computer System Validation practices 
such as Good Automated Manufacturing Practice (GAMP5). Addition
ally, the predictive platform, hosted at the RDLab facilities as well, is 
available as part of the web server, which relies solely on ML-based 
models and does not use the patients’ records. Therefore this approach 
effectively restricts data distribution and enhances privacy protection.

4.5.3. Gender bias analysis
The MCT database contains information from 273 male and 425 

female patients. To assess gender fairness in the predictive models, 
their performance was analyzed through disparate impact analysis on 
the test dataset, which consisted of 20% of the total data (77 fe
males and 63 males). The analysis aimed to ensure that the models 
provided equitable predictions across genders. The fairness analysis 
for the MCT completion target evaluates disparate impact by calcu
lating the impact rate of favorable predictions by gender, following 
the 4/5th rule. Favorable predictions are classified as successful MCT 
completion. With a male SR of 0.87 and a female SR of 0.99, the cal
culated IR is 1.13. Since this ratio is inside the thresholds specified 
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Table 4
Analysis of disparate impact on predictive models. RMSE values according to gender (left) 
to evaluate disparate impact on the accuracy of predictions and the predicted values (right) 
to evaluate whether there are significant differences in the predictions. p-value provided 
for a t-test for statistical significance between male and female sample.

Accuracy Prediction 
Target Male Female All p-value Male Female All p-value 
PANSS_P 6.32 6.98 6.63 0.23 15.1 15.6 15.4 0.52 
PSY_D 4.17 5.23 4.68 0.07 4.5 5.1 4.8 0.47 
PSY_H 6.14 7.46 6.77 0.40 2.6 3.2 2.9 0.45 
A_DEL 2.53 2.48 2.5 0.89 7.3 7.3 7.3 0.99 
BCIS_R 3.7 3.4 3.57 0.43 15.0 14.5 14.8 0.44 
BCIS_C 2.83 2.68 2.77 0.76 10.9 10.6 10.8 0.59 
RSES 6.87 5.26 6.2 0.10 25.3 22.4 24.0 0.04 

by the 4/5th rule, the predictions of the MCT completion model are 
considered fair with respect to gender, as no disparate impact is ob
served.

For the regression models, disparate impact is evaluated by testing 
for significant differences in the accuracy of the models by evaluating 
the prediction error (RMSE) between genders. Table 4 at the left side 
presents the RMSE values for the male and female samples, along with 
the corresponding p-value from the t-test. The findings indicate no sig
nificant differences in the accuracy of the models by gender, as the 
p-value is always greater than 0.05. Table 4 shows, on the right side, 
the mean predicted values for each prediction target. Only for the RSES 
indicator, a significant difference in the prediction according to gender 
was found.

4.5.4. Regulatory compliance
The development of the predictive platform based on AI technology 

for medical applications requires adherence to several regulations and 
laws to ensure compliance, safety, and ethical use:

1. General Data Protection Regulation (GDPR): Governs the pro
cessing and storage of personal data, guaranteeing privacy and se
curity. It is especially important for managing sensitive patient in
formation.

2. EU AI Act: A comprehensive regulation that categorizes AI systems 
by risk levels (e.g., high-risk systems such as medical AI). It man
dates requirements for transparency, accountability, safety, human 
oversight, and bias mitigation.

3. Medical Device Regulation (MDR): Applicable if the AI system is 
classified as a medical device. MDR enforces clinical evaluation, risk 
management protocols, and post-market surveillance requirements.

4. Ethical Guidelines: Published by the European Commission, these 
guidelines emphasize principles of transparency, fairness, and ac
countability, fostering trustworthy AI implementation.

4.5.5. Clinical applicability
The platform provides AI-generated predictions regarding treatment 

outcomes and engagement based on pre-treatment characteristics of the 
patient. Nevertheless the platform is not designed to automate clini
cal decisions. Instead, it functions as a supportive tool that enhances 
clinician insight during MCT personalization. All treatment choices re
main under the clinician’s authority. Therefore the platform does not 
initiate, modify, or discontinue MCT independently. Its role is purely 
informative, offering clinicians data-driven insights that may support 
personalized treatment planning. For instance, predicted low engage
ment or symptom specific benefit might prompt clinicians to empha
size particular MCT modules or explore complementary strategies, but 
these decisions remain entirely led by the clinician. The current dis
claimer indicates that predictions are AI-generated and do not com
ply with clinical regulatory standards. To reinforce ethics, a visible 
disclaimer within the interface should also clarify that outputs are 

non-prescriptive and intended solely for professional interpretation. 
This not only safeguards clinical autonomy but also aligns the sys
tem with established decision-making frameworks in mental health
care.

In addition to ensuring bias-free behavior of AI systems at the tech
nical level, broader ethical challenges must be addressed to facilitate 
their integration into clinical practice. Regulatory and ethical standards 
require accountability, patient autonomy, and informed consent for AI 
based systems. Therefore a key consideration is transparent disclosure 
of AI use in the clinical application so that patients are informed when 
AI contributes to their diagnosis or treatment. The system’s function 
should be described whether it is a supportive tool or operates au
tonomously. Furthermore, human oversight must be preserved, with a 
clear statement whether healthcare professionals will review or override 
AI generated recommendations. In addition, stakeholders should receive 
a clear and comprehensible explanation of the system’s functionality, 
including how it analyzes data, predicts outcomes, and informs clinical 
decision-making. Clinical implementation must be supported by well
defined protocols, particularly concerning oversight and accountability. 
This aligns with the argument presented by [61] who emphasize that ex
plainability and transparency are essential for fostering trust and ethical 
use of AI in healthcare.

Beyond regulatory and ethical compliance, several practical chal
lenges remain regarding the integration of AI tools into healthcare 
applications. These include cost, accessibility, and the effort for collect
ing assessment data prior to the start of the therapy. As highlighted 
by [62], such requirements can hinder scalable and fair AI-use adop
tion, especially in low resource environments or in context with lim
ited data interoperability. In addition, deeper systemic issues further 
complicate the adoption of AI in clinical care. These include clinician 
skepticism stemming from limited trust in AI tools or lack of train
ing, constrained resources in health environments that hinder access 
to digital platforms as well as uneven adoption rates due to cultural, 
economic, and infrastructural disparities across regions. Together, these 
factors create important challenges that need to be overcome for an 
equitable and scalable implementation of AI in real-world clinical work
flows.

Furthermore, potential clinical overreliance on AI generated sugges
tions must be addressed. Overreliance in clinical settings occurs when 
healthcare professionals rely excessively on AI generated outputs, al
lowing that algorithmic recommendations override their own medical 
evaluation. In such cases, clinicians may neglect to critically evaluate 
the system’s suggestions resulting in a transfer of the responsibility of 
decision-making from the clinicians to the AI system. This effect has 
been identified as automation bias, a significant concern in sensitive 
clinical applications that may compromise accountability and care qual
ity [63]. However, implementing intuitive and context-sensitive AI ex
planations have been highlighted as a solution to reduce this risk by 
providing deeper clinical insight and more responsible decision-making 
[64].
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4.6. MCT personalization

4.6.1. Present functional design
From a functional perspective, the system aims to act as decision 

support tool for personalizing MCT treatment. Using patient-specific in
formation, it provides insights into the therapy’s effectiveness, offering 
predictions regarding improvements in a wide range of psychological 
symptoms. The predictive platform is designed to address two specific 
clinical challenges in the context of delivering MCT. First, it aims to 
reduce uncertainty around individual therapy response by estimating 
patient specific change in cognitive and symptomatic indicators. Sec
ond, it seeks to support clinicians in planning personalized interventions 
by identifying in which psychological domains they are most likely to 
improve. In addition, the system predicts the likelihood of therapy com
pletion, which is useful for decisions about engagement strategies and 
resource allocation. Together, these predictive insights assist clinicians 
in tailoring MCT delivery according to the patient’s profile and thera
peutic goals without replacing their role in evaluating and personalizing 
the therapy.

The predictive system was designed by choosing psychological out
comes that mainly focus on symptoms and thinking patterns addressed 
in MCT. In particular, A_DEL measures overconfidence in beliefs; BCIS_R 
and BCIS_C reflect aspects of cognitive insight, such as self-monitoring 
and belief inflexibility, which are distortions addressed by MCT. Other 
indicators are PANSS_P, PSY_D, PSY_H, and RSES. These outcomes relate 
to positive symptoms, negative self-perceptions, hostile ways of inter
preting others’ behavior, and self-esteem. Each is connected to specific 
MCT modules that address stigma and social thinking. MCT_C, while not 
a psychological distortion measure, informs predictions about treatment 
engagement, which may depend on cognitive flexibility.

To operationalize these insights, each of the prediction targets is es
timated using a dedicated ML model trained on baseline psychological 
and sociodemographic variables. This includes predictions for the in
dividual’s change in seven metacognitive and symptomatic indicators, 
as well as the likelihood of completing the 8--10 week MCT program. 
During the model design relevant baseline variables for the prediction 
were selected from the MCT database. Standard ML techniques were 
used to select features that improve model performance. At the same 
time variables were kept that are considered clinically relevant to MCT. 
Then the ML models were trained using a comprehensive set of baseline 
features comprising 8 psychological indicators, 11 sociodemographic 
and behavioral variables, and 2 diagnosis related variables. Psycho
logical indicators were selected for their relevance to MCT treatment 
targets, including belief flexibility, emotional vulnerability, and rea
soning patterns. These include cognitive insight scores from the Beck 
Cognitive Insight Scale (BCIS_R for self-reflectiveness and BCIS_C for 
self-certainty), delusional conviction (A_DEL), self-esteem (RSES), symp
tom severity captured by the positive subscale of the PANSS (PANSS_P), 
hostile attribution style (PSY_H), reasoning bias measured through the 
Jumping to Conclusions indicator (JTC), executive function via Trail 
Making Test scores (TMT A and B), overall quality of life (QoL), and 
Global Assessment of Functioning (GAF) scores, which provide a mea
sure of overall psychological, social, and occupational functioning. In 
addition, sociodemographic and lifestyle features, namely gender, age, 
years of education, marital status, living situation, employment status, 
and behavioral indicators such as caffeine, tobacco, alcohol, cannabis, 
and illicit substance use were included to contextualize patient profiles. 
These variables may affect MCT engagement, symptom expression, and 
treatment response patterns. Finally, two diagnosis related variables, 
the formal psychiatric diagnosis and illness duration, were included to 
reflect clinical history and guide treatment planning. Together, these 
features form the baseline information for model inference, therefore 
enabling personalized predictions based on cognitive, emotional, func
tional, and contextual profiles prior to treatment. While these features 
may offer contextual relevance to treatment planning, their relationship 
to metacognitive processes remains less clearly defined in existing liter

ature. We acknowledge this as a limitation and recommend that future 
iterations of the system incorporate more theory driven functional and 
contextual predictors to enhance clinical interpretability and support 
personalization at the module level.

4.6.2. Challenges and strategic improvements
From a clinical perspective, the current prototype offers valuable 

insights as a preliminary model, but remains still limited in scope. It 
focuses mainly on factors specific to the patient, like their symptoms, 
personal background, and psychological traits, which are important, but 
only part of the clinical reality and do not fully capture the complex 
clinical reality of psychotherapy.

Notably, important clinical predictors such as psychiatric comor
bidities, treatment adherence, and social support described as relevant 
in shaping therapy outcomes and engagement [65], are not available 
from the MCT dataset. Similarly, while the MCT dataset includes ba
sic sociodemographic indicators such as living situation and employ
ment status, which may serve as proxies for autonomy and occupational 
functioning, they do not offer the granularity or standardization neces
sary for multidimensional functional assessment. Although GAF scores 
are available in the dataset and offer a clinician-rated global index of 
psychological, social, and occupational functioning [66], they do not 
capture broader functional domains such as interpersonal relationships, 
autonomy, and vocational engagement, which are recognized as key 
clinical endpoints in psychiatric rehabilitation [67]. These limitations 
could be addressed in future iterations of the system by incorporating 
standardized tools, such as comorbidity indexes and adherence scales 
for clinical predictors, as well as validated instruments like the WHO 
Disability Assessment Schedule (WHODAS) [68] and the Personal and 
Social Performance scale (PSP) [69], enabling more comprehensive per
sonalization and long-term MCT planning.

The preliminary prototype also presents limitations in its ability to 
model group-based MCT dynamics, illness trajectories, and cognitive 
functioning. Group-level factors such as cohesion, group size, and fa
cilitator style are known to influence engagement and outcomes and 
should be considered in future iterations. Currently, only data from 
individual MCT sessions were available in the dataset, and no group
level metrics could be modeled. To overcome this limitation, future 
versions of the system should collect and incorporate data from group
based MCT settings to better reflect real-world therapeutic formats and 
capture dynamics that shape intervention effectiveness. Additionally, 
while illness duration was used as a proxy for chronicity, schizophrenia 
presents diverse trajectories such as cyclical symptom patterns and grad
ual cognitive decline, which should be assessed using broader clinical 
and cognitive indicators [70]. Cognitive functioning, a critical factor for 
MCT engagement, is also only partially represented. While the dataset 
includes indicators such as Trail Making Test scores and Jumping to 
Conclusions bias, and provides a global functioning index through GAF 
scores, broader standardized assessments in memory, attention, and 
judgment domains are missing [71]. In summary, incorporating in fu
ture development structured measures of cognitive capacity and illness 
progression, together with group-level variables, would enhance the sys
tem’s ability to reflect real-world therapeutic contexts and support more 
personalized clinical decision-making.

Moreover, psychotherapy success depends not only on patient char
acteristics but also on relational dynamics and therapist related factors, 
which are currently not represented in the model due to the absence of 
corresponding data in the MCT database. Therapist variables, such as 
clinical orientation, experience, and interpersonal style along with the 
quality of the therapeutic alliance, substantially influence treatment ef
fectiveness [72,73]. To better capture these elements, future iterations 
should incorporate therapist profiles and monitor therapeutic relation
ships using standardized questionnaires, including the Working Alliance 
Inventory (WAI) [74] and Session Rating Scale (SRS) [75]. Addition
ally, matching patient-therapist pairs on compatibility criteria, such as 
cultural or linguistic background, may strengthen personalization and 
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improve outcomes [76]. Technically, these enhancements require ex
panded data collection from both patients and therapists.

Furthermore to support clinical integration, future versions of the 
platform may evolve along several development lines that enhance its 
practical relevance and ease of implementation. First, a qualitative study 
exploring clinicians’ perspectives including usability, clarity, and per
ceived impact on therapeutic decision-making would provide valuable 
insights for refining system design and interface [77]. Second, model 
validation should be extended to diverse clinical contexts such as inpa
tient and outpatient care, and across different illness stages including 
early-episode and chronic presentations, to assess generalizability and 
robustness [78]. Third, the development of structured resources, such 
as a user guide or decision-support recommendations could facilitate 
integration into routine care, helping clinicians interpret model outputs 
effectively. This would reinforce transparency, support clinical auton
omy, and ensure that the system remains a supportive tool for informed 
decision-making rather than a prescriptive algorithm.

5. Discussion and conclusions

The PERMEPSY project aims to develop a predictive platform as a 
technical prototype in a proof of concept to personalize the delivery of 
MCT. The purpose of the system is the prediction of MCT effectiveness 
on a personalized basis from the sociodemographic and mental health 
information of a patient. By analyzing psychological baseline data, the 
platform helps clinicians identify patients most likely to benefit from 
MCT. While it does not automate personalization or MCT module selec
tion, it empowers therapists to adapt the intervention, for example, by 
emphasizing modules focused on self-esteem, cognitive biases, or attri
bution styles. This approach strengthens precision psychiatry by guiding 
MCT delivery according to each patient’s unique symptom profile and 
therapeutic goals. As such, the system enhances treatment engagement 
and clinical relevance without replacing professional judgment as the 
platform’s function is a decision support tool for the clinician without 
prescriptive character.

From a technical standpoint, the project has successfully achieved its 
development objectives. The development of the web-based predictive 
platform has integrated data science and software engineering through 
a structured sequence of phases, from requirement analysis, definition 
of prediction targets, construction of ML models to the implementation 
of system functionalities. This process has resulted in a functional pro
totype that allows the user to input baseline patient data and receive 
predictions regarding post-treatment outcomes and the likelihood of 
completing MCT. The prototype platform has been finalized and deliv
ered to the project’s clinical partners, facilitating testing and evaluation 
in a controlled environment, such as a statistical post-hoc validation. 
This milestone marks a significant step toward validating the system’s 
functionality and reliability.

Nonetheless, the technical readiness level of the development, esti
mated as TRL3, a status prior to validation in a controlled environment 
according to ISO 16290:2013 definition [79], does not yet meet all the 
requirements outlined in the respective legislative regulations, as de
tailed in Section 4.5.4. Further developments will be necessary to ensure 
full compliance with the requirements of the medical device regulation 
and that of a high-risk AI system as described in [24]. These require
ments constitute a comprehensive and demanding framework, covering 
aspects such as accuracy, robustness, transparency, human oversight, 
risk mitigation, and bias prevention, among many others. For instance, 
the requirements for accuracy and robustness outlined in Article 15 of 
the AI Act regarding defence against data/model poisoning, adversarial 
examples, and model flaws are closely tied to data quality. As described 
in Article 10, AI systems must be trained, validated, and tested using 
representative, relevant, and error-free data, with clearly defined qual
ity criteria for these datasets.

Nevertheless, certain requirements of the AI Act have already been 
addressed. One key example is the emphasis on transparency, which has 

been tackled through the development of explainability models utiliz
ing SHAP analysis. These models provide insights into the contributions 
of individual features to predictions, enhancing the interpretability and 
accountability of the system. This demonstrates the platform’s com
mitment to aligning with ethical guidelines and fostering trust in AI 
applications.

Furthermore, models were assessed for gender bias, and the results 
confirmed that the system has gender-neutral behavior. MCT comple
tion has been identified as a potentially sensitive decision, as the model’s 
predictions might influence a clinician’s decision to admit or exclude a 
patient from MCT treatment. However, the disparate impact analysis in
dicates that the gender bias within the model falls within the acceptable 
range defined by the fourfifths rule, suggesting that the model does 
not exhibit discriminatory behavior based on gender. For the models 
assessing MCT effectiveness, the system evaluated prediction accuracy 
differences across genders and variations in the predicted values them
selves. The bias analysis on accuracy confirmed that the models perform 
equally well for both genders, ensuring fairness in predictive perfor
mance. Regarding the predicted values of MCT effectiveness, the dis
parate impact analysis identified significant differences only in the RSES 
model’s predictions. However, prior research has demonstrated gender
specific differences in responsiveness to MCT treatment [18], suggesting 
that the observed bias in the RSES model reflects biological or clinical 
differences rather than discriminatory behavior. To ensure equitable sys
tem behavior, future fairness and bias analyses should be expanded to 
include additional sensitive variables, such as age and disability, as well 
as potential proxy attributes, following the criteria outlined in [29]. A 
comprehensive evaluation across these dimensions is necessary to vali
date the platform’s fairness.

During this study, certain limitations were identified, primarily re
lated to data quality. The MCT database, derived from 22 independent 
studies, presents challenges due to a substantial number of missing val
ues and data collection under varying protocols and possible contextual 
conditions. To address missing information, extensive data preprocess
ing and imputation techniques were applied to the source data in an 
effort to complete the available information and mitigate data inconsis
tencies. However, residual biases stemming from study-specific char
acteristics may still persist. Data quality was found to be limited by 
heterogeneity across the 22 contributing sources, as evidenced by the 
results of Chi-square and Kruskal–Wallis tests. Nearly all variables ex
hibited statistically distinct distributions, indicating that they do not 
originate from a common population.

Additionally, assessing whether the prediction error of the models 
falls within acceptable limits is key to deciding on their practical ap
plication in medical decision-making. As described in the study, the 
prediction error for measuring MCT effectiveness was around 10% -
20% in the respective scales for the best-performing models. It is widely 
recognized that meeting data quality standards presents significant chal
lenges when working with real-world, multi-study datasets. As described 
in [36], the integration of data from methodologically and temporally 
heterogeneous sources can complicate model stability and limit inter
pretability across populations. In conclusion, high-quality data remains 
paramount for the accurate and reliable functioning of predictive mod
els.

To enhance model generalizability and clinical relevance, future im
provements should prioritize the collection of representative patient 
data under a unified MCT treatment protocol. Additionally, data col
lection should encompass a broader range of clinically meaningful as
pects, such as therapeutic engagement, illness trajectory, participation 
in group therapy, co-occurring psychiatric conditions, and functional 
outcomes in autonomy and social relationships, as outlined in Sec
tion 4.6.2. Capturing these dimensions would enable the platform to 
better reflect real-world therapeutic processes and support a more in
dividualized and context-aware approach to MCT personalization. Ad
dressing these data-related limitations will be fundamental to improv
ing model performance, ensuring consistent results, and meeting the 
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requirements for robustness and reliability outlined in the AI Act for 
medical applications and the medical device regulation.

Furthermore, successful clinical integration of AI tools requires over
coming key challenges as outlined in Section 4.5.5, such as general
izability across diverse clinical contexts, cost-effectiveness, and imple
mentation feasibility. As well it is important to safeguard clinician au
tonomy and prevent overreliance on automated outputs by ensuring 
transparency and interpretability of the AI generated predictions. To 
support clinically sound use, future development should include clini
cian feedback on usability, validation across varied settings and illness 
stages, and structured resources to guide decision-making. These efforts 
must be supported by comprehensive data collection before and during 
treatment to strengthen therapeutic relevance and real-world applica
bility.
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