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Personalized medicine is a data-driven approach that aims to adapt patients’ diagnostics and therapies
to their characteristics and needs. The availability of patients’ data is therefore paramount for the
personalization of treatments on the basis of predictive models, and even more so in machine learning-
based analyses. Data harmonization is an essential part of the process of data curation. This study
presents research on data harmonization for the development of a harmonized retrospective database
of patients in Metacognitive Training (MCT) treatment for psychotic disorders. This work is part of the
European ERAPERMED 2022-292 research project entitled ‘Towards a Personalized Medicine Approach
to Psychological Treatment of Psychosis’ (PERMEPSY), which focuses on the development of a
personalized medicine platform for the treatment of psychosis. The study integrates information from
22 studies into a common format to enable a data analytical approach for personalized treatment. The
harmonized database comprises information about 698 patients who underwent MCT and includes

a wide range of sociodemographic variables and psychological indicators used to assess a patient's
mental health state. The characteristics of patients participating in the study are analyzed using
descriptive statistics and exploratory data analysis.

Keywords Data harmonization, Metacognitive treatment, Personalized medicine, Machine learning,
Exploratory data analysis, Mental health

Traditional healthcare generalizes treatment from population averages. Personalized approaches are becoming
increasingly feasible and hold the combined promises of predicting, preventing, and treating illnesses according
to individual needs!. This is due to the availability of a data-driven approach, often fuelled by machine learning
(ML)-based analytical pipelines that leverage predictive capabilities and enable the simultaneous handling
of extensive predictor datasets®*. The concept of personalization of healthcare in the field of psychology and
its application to treating mental illnesses is already used in different clinical applications*. Since multiple
treatment alternatives are available for psychological disorders, the clinical efficacy and cost-effectiveness of
treatments are essential factors to consider for policymakers, therapists, and patients alike, thereby significantly
influencing healthcare decision-making®. At the onset of an intervention, identifying the specific individuals
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who will benefit most from a particular treatment option, as well as predicting the distribution of costs at the
individual patient level, is often challenging’. Such predictions enable the provision of personalized treatment
recommendations.

Mental illnesses are a significant public health issue worldwide and are an important burden in terms of
both health and economic losses®. Schizophrenia, in particular, has become a public health issue in Europe,
with about 2% of the population affected®. The core symptoms of this severe mental illness are delusions and
hallucinations, but the cognitive and affective domains are also affected. Schizophrenia leads to significant
disability and the corresponding societal costs, particularly due to work absence and early retirement!®. While
antipsychotic medications are commonly prescribed, they often fail to improve functional outcomes, and
psychological treatment has shown to be beneficial for symptom improvement even without medication'!. From
a psychological perspective to dealing with schizophrenia was introduced an intervention called Metacognitive
Training (MCT)!>!3, aimed at reducing positive symptoms in schizophrenia by targeting cognitive biases'*. This
training consists of 10 modules covering different items such as attribution style, jumping to conclusions bias,
confirmation bias, social cognition, false memories, affective symptoms, and extra modules on stigma and self-
esteem. Recently, a systematic review and meta-analysis of 43 studies'” found that MCT was effective in reducing
delusions, hallucinations, and cognitive biases, reducing negative symptoms to some extent and improving self-
esteem and functioning. Some studies suggest that variables such as gender, anxiety, self-esteem, quality of life
and level of severity could act as moderators of response to treatment!®-18, However, the use of ML in the context
of personalized MCT requires sizeable volumes of data to build predictive models, so that the diversity of patient
profiles and their possible heterogeneous responses to the treatment are represented'. Although several meta-
analyses have been conducted, incorporating results from various samples and studies?*-%4, including the most
recent one by!® gathering 43 studies with a total of 1816 participants, to the best of our knowledge, no prior
studies have developed ML-based models for predicting the effectiveness of MCT and personalizing treatment.

The MCT related data considered in this study should ideally comprise clearly labeled outcomes and relevant
information about the patients before and after the treatment. Gathering these data involves pooling retrospective
heterogeneous data sets and transforming them into one large unified dataset, which could subsequently be used
for analysis. This is the domain of data harmonization, which concerns the unification of data of disparate nature
that cannot be processed with simple tools and techniques*>?°. Data harmonization has successfully been used
in many health domains, such as, for instance, oncology”, epidemiology?® or mental health?. Specific projects
have researched the development of data harmonization tools in general for medical applications, such as the
BioSHaRE project® or for secure data sharing in healthcare, such as, for example in the Datashield project®!.

This study describes the data harmonization process conducing to the generation of a harmonized database
in the context of the European project ERAPERMED 2022-292 entitled ‘Towards a Personalized Medicine
Approach to Psychological Treatment of Psychosis’, henceforth referred to as PERMEPSY (https://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 as a technical partner the Universitat Politécnica de Catalunya (UPC)
from Spain. In this project, 22 retrospective studies with information from patients who had received MCT were
acquired from clinical partners. These datasets contain information on patients with psychosis, before and after
undergoing MCT. Despite the digital dataset format and data structure varying from one partner to another,
three distinct parts can be distinguished. The first part consists of sociodemographic information describing
personal data from the patient; the second part corresponds to the precondition or the patient’s clinical, cognitive
and metacognitive state prior to MCT; while the third part contains the post-condition, describing the patient’s
state after treatment. The study comprises the presentation of the harmonized dataset in the Result section and
its discussion subsequently. The methods for data harmonization are described in the Method section in detail.

Results

The PERMEPSY MCT database integrates information from 22 international retrospective studies with
information about the evolution of patients receiving MCT. These studies are from 4 internal partners of the
PERMEPSY project and 14 external collaborators. The harmonized database integrates records of 698 patients and
563 attributes. Records contain sociodemographic information, such as age, gender, diagnosis, and employment
status as well as the psychological evaluation of the patients before starting treatment (pre-evaluation) and after
finishing treatment (post-evaluation), using a variety of psychological indicators. The reader can find an item
catalog of the harmonized dataset in the supplementary material. Tables A2-A32 provide information about the
nomenclature of variables, data types, admitted values and a categorization by searchable tags.

The harmonization process aimed at integrating the variables of interest by transforming the information to a
common format. Nevertheless, given the diversity of data collected in the different studies in origin due to their
different aims, the identified variables of interest were not present in all the databases, and in some cases, they
were not always complete after harmonization and included missing values. Figure 1 shows the number of MCT
patients by source dataset and according to psychological variable indicator.

Sociodemographic variables

The Permepsy MCT database registers information about age, gender, marital status, living status, employment
status, years spent in education as well as information about the illness, that is, diagnosis itself as well as years of
evolution, i.e., the period between the time when the patient was first diagnosed with that illness until the time
of evaluation (length-of-illness). Furthermore, there is information regarding the consumption of substances,
namely caffeine, tobacco, alcohol, cannabis, and illicit substances.
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Fig. 1. Data distribution of the harmonized dataset. Number of patients according to source dataset (left) and
number of patients with information according to psychological indicator (right).

In detail, the harmonized dataset comprises: (I) Gender: male, or female. (II) Age: in years. (III) Education:
years spent in education. (IV) Marital status: single, married, separated, widowed, and other. (V) Living status:
alone, resident with family/parents , living in a residence, and other situations. (VI) Employment: inactive,
active, temporal illness, retired, disabled, student, and others. (VII) Substance consumption (Yes/No) for
Caffeine, Tobacco, Alcohol, Cannabis, and Illicit substances. (VIII) Diagnosis: Schizophrenia, Schizophreniform,
Schizoaffective, Delusional Disorder, First Episode of Psychosis (FEP), Brief Psychotic Disorder, Other Psychoses,
and Other Disorders. (IX) Length of illness: Numerical value describing the length of illness (in years), which is
the time between the appearance of the first psychiatric symptoms, for which the patient is now being treated,
and the date of assessment.

Psychological indicators
The database comprises information of psychological baseline and post-treatment, before and after the
implementation of the MCT therapy, respectively. This study comprises a variety of psychological indicators
obtained from the following questionnaires, in detail: (I) Positive and Negative Syndrome Scale (PANSS)*?
measuring positive, negative and general symptoms severity. (I1) Beck Cognitive Insight Scale (BCIS)*? evaluating
the patients’ self-reflectiveness and self-certainty in their interpretations of their experiences. (III) Global
Assessment of Functioning (GAF)* assessing the impact of the illness on daily life with a focus on symptomatology
and its social impact. IV) The Internal, Personal, Situational Attributions Questionnaire (IPSAQ) as a measure
of attributional style®. (V) The Rosenberg Self-Esteem Scale (RSES)*¢ evaluating patients’ self-esteem. (VI) The
Psychotic Symptom Rating Scale (PSYRATS) evaluates the severity of positive symptoms, namely delusions
and hallucinations®. (VII) The Cognitive Biases Questionnaire for psychosis (CBQp)*® captures five cognitive
distortions affecting psychotic symptomatology (jumping to conclusions, intentionalising, catastrophising,
emotional reasoning, and dichotomous thinking). (VIII) The Jumping to Conclusion (JTC) bias tasks testing the
individual’s tendency to make hasty decisions®. (IX) Trail Making Test (TMT)*, a neuropsychological test for
attention and task switching. (X) Peters et al. Delusions Inventory (PDI)*! evaluates the presence of several types
of delusions and the distress, preoccupation, and conviction of those delusions. (XI) Beck Depression Inventory
(BDI)*2 for evaluating the severity of depression. (XII) Harmonized Depression indicator (DEP) calculated from
other depressive symptomatology questionnaires. (XIII) Harmonized Quality of Life indicator (QoL). (XIV)
Completion indicates whether the patient has completed MCT.

Table 1 provides an overview of the available information about the psychological indicators by source. Figure
1 represents graphically the number of registers for each indicator. Table Al available in the supplementary
information details the number of patients collected from each study.

Descriptive statistics and distribution

This section presents a basic overview of the characteristics of sociodemographic information through descriptive
statistics and visualizations. A detailed description of the variables Age, Gender, Marital Status, Employment and
Living Situation can be found in the supplementary material (Section B).
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Table 1. List of psychological indicators present in each source dataset. Please note that the columns IPS, RSE,
PSY, CBQ, DEP, and QoL refer to the indicators IPSAQ, RSES, PSYRATS, and CBQp, respectively. Finally,
column DEP is the abbreviation for depression, and QoL is the acronym for quality of life.
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Fig. 2. Overall Prevalence of substance use (left) and Cramér’s V heatmap of substance use variables (right).
Autocorrelations in heatmap set to zero for sake of visualization.

Substance use profile

This section explores the patterns of substance use among the study participants. For Caffeine Usage, the clear
majority of the study population, 74.5%, reported using caffeine. Focusing on Alcohol Consumption, a significant
proportion, 35.53%, reported consuming alcohol. With regard to Tobacco Usage, Tobacco use was reported by
54.73% of participants. For Cannabis Usage, a smaller section of the studied population, 19.34%, reported using
cannabis. For Illicit Substance Usage, a very small proportion, namely a 6.59%, reported using illicit substances.
For further analysis, the overall prevalence of substance use is shown in Fig. 2. This chart provides an aggregated
view of the percentage of users for each substance.
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In examining the associations between various substance use behaviors within the study cohort, we decided
to calculate Cramér’s V statistics*’, revealing several noteworthy relationships, as visualized in Fig. 2. A moderate
association exists between tobacco and caffeine usage (V = 0.378), as well as between tobacco and cannabis use
(V =0.381), indicating that individuals who smoke tobacco might also be inclined to consume caffeine and use
cannabis. Conversely, tobacco use shows only a weak association with alcohol (V = 0.121) and illicit substances
(V =0.153), suggesting that these substance use behaviors may not be as closely linked in our sample. Caffeine
consumption, while prevalent, is not strongly associated with either alcohol (V = 0.100) or illicit substance use
(V' =0.000), positioning it as a potentially independent variable in the context of this study. Furthermore, alcohol
and cannabis use are weakly associated (V = 0.106), but there is a noticeable moderate to strong relationship
between cannabis and the use of other illicit substances (V = 0.516), which could indicate a pattern of poly-
substance use.

Diagnosis and illness length analysis

This section examines the types of psychotic disorder diagnoses present in the harmonized dataset and the
duration of these mental illnesses among the participants. This analysis provides insights into how common each
diagnosis is and the chronicity and variability of psychotic disorders within the study population by plotting the
range of time individuals have lived with their conditions. This first chart in Fig. 3 outlines the distribution of
various mental disorders, from the more commonly diagnosed Schizophrenia to the less frequent Schizoaffective
and Brief Psychotic Disorder. Schizophrenia is the most common diagnosis, significantly surpassing 400 cases.
Psychosis Other follows with 94 cases, Schizoaffective with 64 cases and First Episode Psychosis (FEP) with 51
cases. While FEP is not a diagnostic label for any psychotic disorder, in this sample, when specific diagnostic
information was unavailable, any patient with a length of illness below 5 years who did not have a different
specified diagnosed mental disorder was given the label of FEP. On the other hand, Psychosis—Other refers to
labels of psychotic disorders that were either single-case or unspecified. The other diagnoses fall below 50 cases.

Moreover, the length of illness associated with each diagnosis is investigated in the second chart, showing the
chronicity and persistence of symptoms over time. Some diagnoses, like *Other Psychosis, Schizophrenia and
Schizoaffective disorders, show a broader spread and potential upper outliers, indicating that there are patients
with these diagnoses who have had symptoms for a significantly longer time than others.

The data was grouped by diagnosis and the average length of illness for each diagnosis was calculated.
Conditions like Schizophreniform and Brief Psychotic Disorder are on the shorter end of the spectrum (from
0.3 to 1.5 years), indicating acute phases or shorter duration conditions. First Episode Psychosis (FEP) and
Delusional Disorder show moderate durations (1.8 to 3.2 years), suggesting these conditions can have a
significant, though not necessarily prolonged, impact on individuals. Other and Psychosis-Other represent a
broader category of mental health conditions with varied durations, pointing towards the diverse nature of
psychosis-related disorders. Schizoaffective Disorder and Schizophrenia are at the longer end of the spectrum
(from 9 to 10.4 years), reflecting their chronic nature and the ongoing impact they have on patients’ lives.

Statistical analysis of psychological indicators

The correlations between the main psychological indicators both in baseline and post-treatment were analyzed
using Pearson’s correlation coefficient. The heatmap representation of the correlations is provided in Fig. 4.
The focus is on the correlation between independent types of psychological indicators. The analysis shows that
the PANSS positive scores are strongly associated with the PSYRATS Delusion and PSYRATS Hallucination
indicators (0.61 and 0.74 in pre-evaluation and 0.54 and 0.74 in post-evaluation). The GAF indicator shows a
strong negative association with PANSS scores with values in the range of -0.8 to —0.88 in pre-evaluation and
-0.79 to -0.82 in post-evaluation. These strong associations are congruent with the indicators measured by the
scales. The PANSS Positive subscale measures, among other positive symptoms, the presence of hallucinations
and delusions, while the PSYRATS measures the presence, frequency and severity of hallucinations and
delusions. As a results, strong positive associations between the Positive PANSS subscale and both PSYRATS
subscales is to be expected. Likewise, the GAF scale measures the impact of symptomatology on patients’ daily
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Fig. 3. Distribution of diagnosis (left) and boxplot representation of the distribution of the illness length
across type of diagnosis (right).
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Fig. 4. Heatmap representation of the correlations of the psychological indicators at baseline and post-
treatment.

functioning, as a result, increased symptom presence and severity is expect to negatively impact functioning,
resulting in lower GAF scores.

Discussion

The resulting harmonized dataset comprises information from 698 patients who have undergone MCT. A
common set of sociodemographic attributes was derived from the 22 source datasets and the possibilities to
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integrate information into a common format were considered. The information availability criterion was key to
decide on the integration of a variable. For example, even though the information about handedness of patients
was of interest, only few studies collected this information and it was not possible to integrate it in the harmonized
dataset. Regarding the availability of psychological indicators, the harmonization process comprised the analysis
of 12 indicators and the calculation of two derived psychological indicators (QoL and depression indexes).
Additionally, the variable used to assess the completion of MCT was also included in the harmonization process.
Integration of psychological indicators required the greatest effort during the data harmonization process due to
the high number of variables and scores included in each indicator (see Table A2 of the supplementary material
section for a summary). As presented in Fig. 1, the harmonized dataset included information from individual
indicators for each patient in as much detail as possible. Nevertheless, information from psychological indicators
differed in the number of available data points, leading to registers with high amounts of unknown values. In
general, the PANSS, BCIS, and GAF were the indicators with the largest amount of available information, while
information on the PDI indicator was the scarcest one.

The exploratory data analysis of participant sociodemographic information provides interesting insights on
their most common characteristics. This analysis will be extended in future research with more advanced data
analytical approaches, such as clustering, to discover meaningful patient groups.

The systematic approach to data harmonization presented here has enabled the successful integration of
a large amount of diverse information from a very specific field of research. The identification of variables of
interest and the definition of the common nomenclature of variables was key to successfully integrate the 563
variables from 22 source datasets. The implementation of the logic of variable mapping and transformation
by means of Python programs allowed to efficiently handle the such amount of information. The benefits of
using a programmatical approach include enabling data harmonization process reproducibility with the
possibility of correcting errors in variable mapping, transformation, and data quality assessment. Nevertheless,
data understanding and domain knowledge were essential to define the mapping of variables and the design of
transformation rules.

The characterization of depression as a binary variable (the patient either suffers or does not suffer depression)
may seem an oversimplification of a nuanced pathology. That is, we are not assessing it in terms of its severity,
or the subtleties of depressive symptomatology. This is, in fact, a trade-off for analytical purposes: in this multi-
center study, the instruments used to measure depression in the original studies were different at different
centers. From the point of view of a data harmonization process oriented towards the quantitative analysis of
the resulting unified dataset, the binary characterization of depression, using the cutoff points established in the
literature**~*%, was deemed to be the most adequate approach to guarantee the harmonization of a large enough
dataset for subsequent analysis. It is a particularly useful approach for diagnostic and screening purposes in
its practical application, but precludes a more in-detail analysis of an heterogeneous condition with a wide
spectrum of severity.

Methods

Data harmonization is a process of conciliating various types, levels, and sources of data into compatible and
comparable formats to ensure that the data can be effectively utilized for better decision-making?®’. It is a complex
process involving several steps to resolve heterogeneity at the level of syntax, structure, and semantics and bring
the conceptually similar information into a common taxonomy or ontology*®. A common approach of unifying
conceptual information is merging*® where a single global taxonomy of the concepts is developed.

The methodological approach for the data harmonization applied in this study is that of retrospective data
harmonization, as already existing conceptually similar data is analyzed. The approach comprises several steps:
The selection of data sources, the identification of variables of interest (definition of the taxonomy), the mapping
of variables, data transformation by transformation rules, and a postprocessing step for data cleaning (Fig. 5).
The steps of variable mapping and transformation rules mainly comprise merging techniques as the conceptually
related information is mapped to a unique global taxonomy.

Data harmonization requires not only technical skills to handle data but also knowledge of the significance
and taxonomy of the information to select relevant datasets and specify the necessary transformation rules
to bring the data to a common format. In this research, the harmonized database was reached through the
collaborative effort of all PERMEPSY stakeholders, both technical and clinical, in an 8-month-long collaboration.

Fig. 5. Harmonization process, which is composed of these steps: Selection of potential data sources or
datasets, thorough revision of the datasets identifying the variables of interest, mapping the variables of

each dataset with the aggregated harmonized variable, applying transformations to each of the variables to
homogenize them or also implementing new variables, and finally cleaning the data. Note that the last three
steps have been automated using a Python program on Jupyter Notebooks. Therefore, all phases are reviewable,
and errors can be quickly rectified.
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DB Name | Origin Country Ref | Rows | Cols | MCT
Acuna uv Chile - 47 136 | 47
Balzan Outside Consortium | Australia 50|55 607 |27
Favrod Outside Consortium | Switzerland St 52 126 |52
Fuji Outside Consortium | Japan 52 17 77 8
Gaweda PAoS Poland - 48 343 |25
Ishikawa Outside Consortium | Japan 5|50 256 |24
Kuokkanen | Outside Consortium | Finland o110 150 |10
Leanza Outside Consortium | Germany 5193 1548 |46
Lopez Outside Consortium | Spain/France/Chile/UK %177 147 |39
Moritz 1 UKE Germany 7145 447 |18
Moritz 2 UKE Germany 1202|3054 |79
Moritz 3 UKE Germany 57|48 595 |24
Ochoa 1 PSSJD Spain %1122 1897 | 65
Ochoa 2 PSSJD Spain 0 170 1560 | 36
Ochoa 3 PSSJD Spain - 54 824 |54
Pinho Outside Consortium | Portugal/Spain/Turkey/USA | ¢ | 52 509 |27
Simon Outside Consortium | Spain 2 122 110 |11
So Outside Consortium | China G 44 520 |44
Swanson Outside Consortium | UK/Sweden/Germany o4 15 884 |15
Tanoue Outside Consortium | Japan - 23 445 |23
Ussorio Outside Consortium | Italy/Germany 44 82 |44
Yildiz Outside Consortium | Turkey 66 120 47 10

Table 2. Summary of initially collected datasets: from left to right, the partnership with the project, associated
journal publication, dataset size (rows and columns), and an estimate number of MCT patients (MCT).

PAoS Polish Academy of Sciences, UKE University Medical Center Hamburg-Eppendorf, UV Universidad de
Valparaiso, PSSJD Parc Sanitari Sant Joan de Déu.

Technically, computational tools such as Python (http://www.python.org) and Jupyter Notebooks (jupyter.or
g) have been used for automated data processing. Python programming language is a well-suited data analytical
environment for processing and transforming datasets due to their versatility, interactivity, and extensive
ecosystem of tools and libraries, such as Pandas. On the one hand, Jupyter Notebooks provide an interactive
computing environment where users can seamlessly integrate code execution, visualization, and documentation,
facilitating an iterative and exploratory approach to data processing. On the other hand, the combination of
Python and Jupyter Notebooks promotes reproducibility, transparency, and efficiency in data processing and
harmonization. The Python code used for data harmonization is freely available in a public repository at https:/
/gitlab-rdlab.cs.upc.edu/soco-permepsy/harmonization.

Data sources

The first phase of the data harmonization approach focuses on the selection of MCT-related patient datasets.
The entities providing the MCT-related patient datasets as specified in Table 2 confirm that data collection
and data sharing methods were carried out in accordance with relevant guidelines and regulations, as well as
informed consent was obtained from all subjects and/or their legal guardian(s). The data has been appropriately
anonymized before sharing. The study of the MCT-related retrospective data has been approved by the
respective ethical committees, namely the Research Ethics Comitee of Fundacié San Joan de Déu on 27/04/2023
by approval PIC-68-23, the 'Lokale Psychologische Ethikkomission am Zentrum fiir Pyschosoziale Medizin’
of UKE on 29/03/2023 by approval LPEK-0603, the ‘Comité Etico Cientifico del Servicio de Salud Valparaiso
San Antonio’ by approval N°54/2023 on 27/09/2023, and the *Ethics Comitee of the UPC’ on 11/12/2023 by
approval 2023.13.

A set of 24 datasets from different studies were collected for potential integration in the harmonized
database. All selected datasets underwent a thorough review, compiling an initial inventory of all potential
variables appearing in each dataset. After this review, datasets with no relevant information were excluded from
further consideration. Thus, initially, there were 24 datasets, and eventually, two were discarded, with 22 datasets
remaining. Table 2 shows a summary of the MCT studies used for this research in the harmonized database and
preliminary counts of patient numbers and the relevant variables associated with each dataset.

In this phase, the data sources have undergone different types of preprocessing, such as a conversion to a
standard data file format (csv) and transformation to a uniform encoding. Preprocessing comprised the filtering
and removal of non-relevant records. As the aim of this work is the investigation about response to MCT
treatment, only records of patients having received MCT were selected for integration into the harmonized
dataset.
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Target variables

The second step of the data harmonization approach is the identification of the variables of interest or target
variables to become part of the harmonized database and its location in the different individual datasets.
Research about the most commonly used information in MCT assessment was done using a similar approach as
proposed in® for the identification of constructs of interest. This analysis revealed two types of target variables,
sociodemographic information of patients and clinical questionnaires. Sociodemographic variables refer to a set
of characteristics that describe individuals in terms of their identity and situation in society. On the other hand,
some clinical questionnaires such as the PANSS have the purpose of assessing and measuring symptoms related
to psychotic disorders.

A systematical analysis for each target variable revealed information about the availability and type of
representation of the variable under study in each individual dataset. For sociodemographic variables, the goal
was to identify the present attributes and the corresponding categories. For the case of the questionnaires, the
inquiry was about the number of questions, responses, number of categories in responses, number of scores, how
scores are calculated, and the number of evaluations. Regarding the evaluations, the initial evaluation (baseline
or pre-evaluation) and the final evaluation (post-treatment or post-evaluation) were found as most commonly
used in most studies and therefore selected as relevant for harmonization discarding intermediate and follow-
up evaluations. Another important aspect of harmonization was the discrimination between MCT patients and
non-MCT patients (controls), as only the former ones were of interest for the harmonized database as variability
in control interventions did not allow for valid harmonization of non-MCT patient data.

Although the variable identification approach was automated as most as possible, based on text search
assuming a common nomenclature of variables, the final identification of attributes was conducted manually
using a suitable tool to visualize and inspect the dataset and with the assistance of clinical partners, determine
which data was relevant for harmonization. The sociodemographic variables of interest comprise 13 variables
describing age, gender, and other information about patients’ education, living status, and use of substances.
For the assessment of psychological status, a range of 12 diverse psychological questionnaires of interest were
identified as described in the section of Results. These 12 psychological indicators comprise 274 variables. In
consequence, the dataset comprises this number of variables each at pre-evaluation and at post-evaluation, thus
yielding a total of 563 attributes.

Variable mapping
In this phase, a pre-harmonized or intermediate dataset is generated. This task involves extracting relevant
information related to variables of interest from each dataset and aggregating it into a single dataset.

The variable mapping is a crucial phase, as it defines the reference model®® by establishing, for each
dataset and each variable, the correspondence’ of names between the attributes of the dataset and those of the
harmonized dataset. Additionally, it indicates the name of the attribute (or column) from where to extract the
columns for adding them to the pre-harmonized dataset. Before making this correspondence, the harmonized
variable names were agreed on. In general, the applied rules for variable naming were to use the prefix *pre’ or
’post’ defining whether the variables were collected in pre or post-evaluation, followed by the primary name of
the questionnaire (PANSS, PSYRATS, etc.) and followed by a suffix describing whether the variable was a total
score or a subscore. Once the taxonomy of harmonized variables was defined, the mapping from source variables
was then defined for each variable of interest. Please refer to Figure B2 in the supplementary materials for a
description of the taxonomy of psychological indicators of interest in this work.

For variable mapping, a Python program was developed to automate this task. This program takes all the
datasets and the mapping of each attribute-dataset pair to its corresponding harmonized attribute as input, and
outputs a single pre-harmonized or intermediate dataset. Therefore, it is necessary to specify this mapping so
that this program considers it. This mapping process has the advantage of being reviewable, so any detected
errors can be quickly corrected. The aggregated dataset (pre-harmonized dataset) comprised 828 patients and
1350 aggregated variables. The number of variables in the aggregated dataset is higher than the number of
target variables due to the differences in registering information. In many instances, it was necessary to map
and aggregate various variables of a source dataset to the harmonized variable in the pre-harmonized dataset,
so that the relevant information in the pre-harmonized dataset was aggregated for its further transformation in
a subsequent step. For example, in the case of the IPSAQ questionnaires, some studies used only one attribute
to register the choice the patient made with the most confidence, while other studies used three attributes to
register the patient’s confidence in the three answers related to one IPSAQ question.

Variable transformation

From the previous phase, an intermediate or pre-harmonized dataset in raw data format is available. In this
phase, the aggregated variables are analyzed by different transformation rules, which aim to bring the variable
into a common format. The transformation rules focus on the analysis of the range of values validating whether
variables are inside the theoretical range or applying the necessary transformations to bring data to the correct
range. For example for the PANSS questionnaire, it was quite frequent to see studies use a 7-point Likert-type
scale from 0 to 6 to describe the severity of symptoms from absent to extreme, while other studies used the
official 7-point Likert scale ranging from 1 to 7. There were specifically implemented transformation rules to
ensure the accuracy of attributes, such as total scores summing individual scores correctly, for example, PANSS
positive scores summing the seven positive subscores. Another type of transformation rules are those related
to the creation of new indicators from the source data. For example, a harmonized depression or harmonized
quality of life indicator was created to integrate the information in a unified format.
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Sociodemographic variables

This section summarizes the transformations for the sociodemographic variables. For Age the original values
were retained representing the age in years. For Gender, the categories 1 for Males and 2 for Females were
applied. For Civil Status categorical variables ranked from 1 to 5 were agreed with categories Single (1), Married
(2), Separated (3), Widow (4), and Other (5). The Living Status is a categorical variable ranked from 1 to 4 with
the following definitions: Alone (1), Resident with family/parents, other relatives (2), residence/assisted living
facility (3), and Other situations (4). Employment is a categorical variable ranked from 1 to 7 with the following
definitions: Inactive (1), Active (2), Temporal illness (3), Pensionist (4), Disabled (5), Others (6), and Students
(7). The variable Years of studies appears to have different meanings depending on the dataset. Therefore, it
was necessary to divide it into two numerical harmonised variables. These variables: Basic education (Edu_
basic) describes the number of years for education at school, ranked by 0-18. Further education (Edu_ampl)
describes the number of years for education at school plus years of professional education if this information
is available in the original dataset, ranked by 0-28. The information about the illness is a categorical variable
for the Diagnosed Illness comprising the categories: Schizophrenia (1), Schizophreniform (2), Schizoaffective
(3), Delusional disorder (4), First Episode of Psychosis (FEP) (5), Brief Psychotic Disorder (6), Other Psychosis
(7) and Others (8). The criteria applied for deciding on the diagnosis during data harmonization was to use
Schizophrenia, Schizoaffective Disorder, Delusional Disorder, and Schizophreniform Disorder according to the
DSM-5 categories®. The category ’Other-Psychosis’ (other psychotic disorders) was assigned as a response to
the variety of other diagnoses that either did not match the DSM-5 categories or were not found more than once
in the full sample during data harmonization, as was the case for example for Psychosis not otherwise specified
or schizotypal disorder. The category 'Brief Psychotic Disorder’ refers to cases where the episode was less than
1 month long and the category ’First Episode of Psychosis’ (FEP) refers to cases where the episode was more
than one month but still without a definitive diagnosis and there was not available other information about the
diagnosis. Length-of-illness is a numerical value describing the number of years that have passed since the patient
was first diagnosed with the illness they were being treated for. Furthermore, there was information regarding
the consumption of substances, namely, Caffeine, Tobacco. Alcohol, Cannabis and Illicit substances, coded as a
binary variable with values NO (1) and YES (2).

Psychological indicators

This section explains the transformation rules that have been applied to the psychological indicators presented
in the previous section in the harmonization process. In general, in the transformation process, the following
three operations were applied to each questionnaire whenever possible: checking the ranges of the attributes,
recalculating the scores, and the replacement of missing values and erroneous entries with 'NA’ (Not Available).
In summary, these operations were performed to ensure the accuracy and reliability of the data. By checking the
ranges of the attributes, it was possible to identify and correct any invalid data. By recalculating the scores, it was
possible to ensure that the scores were based on the correct values of the attributes. Table A2 summarises the
ranges of values for the subscores (items) as well as the total scores (Aggregates).

Positive and negative syndrome scale ' The PANSS®? questionnaire stands out in our study for being the one that
appears most frequently. It is composed of 30 questions and 4 scores (see Eq. 1). The 30 questions are divided
into 3 sections, each one intended to evaluate different spectra of symptoms. The severity of the symptoms meas-
ured by each item is rated with a 7-point scale, where 1 means absent and 7 means extreme.

o Positive symptoms, named PANSS Positive (PAN SSp), includes items 1 to 7.
 Negative symptoms are also referred to as PANSS Negative (PAN SSy) items 8 to 14.
« Finally, the General symptoms or PANSS General (P AN SS¢), which involves summation items 15 to 30.

Three of the sub-total scores correspond to the sum of each of the sections of the PANSSp, PANSSn and
PANSSg, except the last one, which adds up the total score for the PANSS Total PAN SSt. Therefore, the
ranges for each of the scores are 7 — 49 for PAN SSp and PAN SSn,16to 112 for PAN S S, and 30 to 210 for
PANSSr. In the harmonization process of the PANSS variable, some datasets were found where all items were
present, while others contained only the aggregated values (PANSSp, PANSSNn, PANSSq, PANSST
). In the former scenario, only items 1 — 30 are extracted, from which aggregated values are recalculated. This
recalculation is conducted after verifying the correctness of the ranges (1-7) and missing values. Conversely, in
the latter case, where only aggregated PANSS scores are present, only the aggregated values are extracted and the
correctness of their ranges is checked (see Table A2). For PANSSp and PAN S S, the valid range of values is
7 to 49; for PAN S S the valid range is 16 to 112; and for PAN S'St the valid range are 30 to 210.

7
PANSSp = Z item;
i=1
15
PANSSNy = Z item; (1)
i=8
30

PANSSq = S item;
1=15
PANSSy = PANSSp + PANSSy + PANSSG

The PANSS indicators extracted from the datasets have been presented in two forms: (1) including all items,
including the subscales; (2) only the subscales. All datasets have maintained the range and number of items; only
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some datasets have retained just the subscales. In both cases, to process the data, the ranges of each item have
been checked (see Table A2), and the Eq. (1) has been applied to calculate the subscales.

Beck cognitive insight scale

The BCIS questionnaire®® consists of 15-items, 2 sub-scales (BC'ISg, BCIS¢) and a total score (BCIST).
Subscale BC'ISk measures the self-reflectiveness, which is calculated as the sum of 9-items given in this set
S =1{1,3,4,5,6,8,12,14, 15}, whereas subscale BCIS¢, called self-certainty, is calculated as the sum of
the remaining 6-items. The total score BC'I St is calculated as the difference between BC'ISg and BCISc as
shown in Eq. (2).

BCISc =Y item; where S ={1,3,4,5,6,8,12,14,15}
i€s
BCISgr = Z item; (2)

i¢S
BCISt = BCISg — BCISc

The BCIS questionnaire employs a 4-point scale, with responses ranging from 0 (“do not agree at all”) to 3
(“agree completely”). This scale determines the possible score ranges for each subscale and the total score. The
BC1SR, scores range from 0 to 24, BCIS¢, scores range from 0 to 36, and BC'I St scores range from —24
to 36. The indicator was implemented identically in almost all datasets, including both the response ranges and
the scale calculation. Therefore, the value ranges and scales have been checked and recalculated to harmonize
the indicator. Only the value ranges have been checked in the datasets where only the sub-scales were available.
Finally, erroneous values are replaced with "NA” The BCIS questionnaires extracted from the datasets, similarly
to PANSS, have been presented in two formats: encompassing all items, including the subscales, and featuring
only the subscales. Therefore, in each dataset, verifying the range of each item (see Table A2) and employing the
corresponding Eq. (2) for subscale calculation.

Beck depression inventory
The BDI indicator?? consists of 21 questions, each with only three responses. Responses are scored from 0 to 3,
with only one total score. Therefore, this total score varies between 0 and 63, as shown in Eq. (3).

21
BD[total = Z Zteml (3)

i=1

In the case of the BDI, all datasets containing it presented all the items. Therefore, as with previous indicators,
the range of values for the items, which is 0-3, has been checked, replacing values outside this range with "NA!
Additionally, the total score is calculated using Eq. 3. In the following section, BDI is used to construct the
depression indicator.

Cognitive biased questionnaire for psychosis

The CBQp questionnaire®® comprises 30 questions, with responses ranging from 1 to 3, and encompasses
the calculation of 6 scales. Among these scales, 5 scales are categorized into the 5 measured biases, labeled I
(Intentionalising), C (Catastrophising), DT (Dichotomous Thinking), JTC (Jumping to Conclusions), and ER
(Emotional Reasoning), while the final scale represents the total sum C BQp;.

CQRBr =) item; where I = {1,3,20,22, 23,28}

CQBc =l€ZI item; where C = {2,4,7,10,12,25}

CQBpr f:%T where DT = {5, 11, 14,15, 27, 30} @
CQBjrc= Y, where JTC = {6,13,16,19, 24,26}
CQBgr = ifjm where ER = {8,13,16,19, 24, 26}

i€ER
CQBiotal = CQBr + CQBc + CQBpr + CQByrc + CQBER

For the case of CBQp, similar to the previous questionnaires, no major transformation was required. Simply, the
range of items was checked in those datasets where all items were stored. However, there were also datasets that
only stored the subscales; for this scenario, the ranges were also checked. Likewise, as in previous sections, the
subscales were recalculated using Eq. (4).

Global assessment of functioning

The GAF questionnaire, measures how much a person’s symptoms affect their day-to-day life on a scale of 0
to 100. It was devised to help psychiatrists and psychologists understand how “well” a patient can carry out
everyday activities. The score can determine what intensity of treatments might work. In the case of the GAE,
which consists of only a single item, only the range of values between 0 and 100 has been verified.

Psychotic symptom rating scale

The PSYRATS questionnaire’” comprises 17 questions with responses categorized on a scale from 0 to 4. This
metric computes two scores, PSY RATS H and PSY RATS D, as indicated in Equation 5. As with the
previous indicators, ranges were checked, and scores were recalculated.
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11
PSYRATS_H = item;

T ®)
PSYRATS_D =Y item;

=12

Trail making test

The Trail Making Test (TMT)* assesses the subject’s neurofunctioning through two tests, the numerical one
called TMT_A, and the alphanumeric one called TMT_B. Usually, the scores achieved in the tests are recorded,
but the time taken is also available. Therefore, the variable may contain either 2 or 4 items depending on the
dataset. However, we only retain the obtained score.

Jumping to conclusion bias

The JTC indicator® is binary, with values between 0 and 1. Thus, 0 represents 'No, and 1 represents ’Yes. In the
datasets, it is not directly available in binary form but rather as a measure how many turns of the JTC task it took
for the patient to reach a decision, where JTC bias is present when the patient made a decision in less than three
turns. Therefore, it was necessary to establish a threshold L , beyond which JTC was set to 1.

Peters et al. delusion inventory

The Peters et al. Delusion Indicador?! indicator consists of 21 questions. Each question has four sub-questions:
one with a binary response (0 or 1) and three with responses ranging from 1 to 5. Note that if the response of the
first sub-question is 0, then responses to the other three sub-questions are invalidated, taking 0 as their value (see
Eq. 6). Four scores are calculated corresponding to each sub-question. The procedure followed for this indicator
is the same as that for previous indicators.

21
PDlit = 3 b

i=1
21

PDIyns = Z itemy - b;
i (6)
PDIpreo = Y item? - b;

i=1
21

PDIcony = Y items - b;

i=1

Rosenberg self-esteem scale
The RSES is composed of 10 questions with 1-4 values as a response. In order to compute the total score, it is

required to apply transformation to each items that belong to set I (see Eq. 7). After this transformation, the total
score is a simple sum.

RSES:iotar = Z item; + 2(5 —item;) where I ={2,5,6,8,9} C {1...10} )
i€l i¢l

Internal, personal, situational attributions questionnaire

The IPSAQ indicator®® consists of 32 questions with responses categorized as 1, 2, and 3. Eight scores are
calculated, four computed by dividing the 32 questions into two sets, P (Positive events) and N (Negative
events), and counting the number of responses in each category depending on whether the response referred
to an internal personal attribution I, an external personal attribution P or an external situational attribution S,
and considering whether the question belongs to P or N (IPSAQrp, IPSAQrn, IPSAQpp, IPSAQpN,
IPSAQsp, IPSAQsn). The remaining two scores are calculated based on the previous as indicated in Eq. (8).

IPSAQip= Y 1
i€P, item;=1
IPSAQin= Y 1
i€EN, item;=1
IPSAQpp= 5> 1
1€P, item;=2
IPSAQpn = 5. 1
1EN, item;=2
IPSAQsp= >, 1 (®)
1€EP, item;=3
IPSAQsy = Y, 1

i€EN, item;=3
IPSAQsesc_exT = IPSAQrp — IPSAQIN

IPSAQpp+IPSA
IPSAQsEsc_PER = 1P5A8P§+I QPN

P = {1457811 14151610222526293132}
N={1...32}\P
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Quality of life

The QoL (Quality of Life) variable is a derived indicator reflecting the patients quality of life. According to
the World Health Organization (WHO), the term quality of life is defined as “an individual’s perception of
their position in life in the context of the culture and value systems in which they live and about their goals,
expectations, standards, and concerns.” The assessment of quality of life is found in several datasets that utilize
different psychological indicators: (I) Quality of Life Enjoyment and Satisfaction Questionnaire-18-item
(Q-LES-Q-18)7%: Found in the dataset of Swanson. (II) WHO Quality of Life Scale-Brief (WHOQOL-BREF):
Found in UKE 2, UKE 3, and Leanza. (III) Satisfaction with Life Domains Scale (SLDS)”?: Found in SJD 2, SJD
3, UV, Lopez. (IV) Quality of Life Scale (QoLS)”*: Found in Yildiz.

To align with a common criterion for quality of life, all these indicators have been consolidated into a single
metric named QoL. This derived QoL metric consists of three categories: 0, 1, and 2, which correspond to low,
medium, and high levels of quality of life, respectively. To accomplish this transformation, each indicator was
reviewed, and thresholds were determined based on the literature’>”* to convert them into the categories 0, 1,
and 2. For example, for the SLDS indicator presented in the datasets Ochoa 1-3, UV, and Lopez, all patients were
aggregated to obtain a distribution of the SLDS indicator. Based on this criteria it was inferred that the patients
with critical levels below the 33% and 66% percentiles were classified accordingly. Therefore: (I) Below the 33%
percentile corresponds to 0. (IT) Between the 33% and 66% percentiles corresponds to 1. (III) Above the 66%
percentile corresponds to 2.

For SLDS scores, the 33% percentile threshold was 72, and the 66% percentile threshold was 84. Concerning
to WHOQOL-BREF indicator, we applied similar reasoning based on the following source!*. The 33% and 66%
percentiles were calculated to classify the values of WHOQOL-BREF. The corresponding thresholds are 81 and
94 for the 33rd and 66th percentiles, respectively. Regarding the Q-LES-Q-18 indicator, thresholds of 54 and
60.74 were determined according to”°. Finally, for the QoLS indicator, which is ranked from 21 to 126, it is
assumed that values greater than 105 equal 2, values between 22 and 104 equal 1, and values less than 21 equal
0 according to’°.

Depression

According to the World Health Organization (WHO), Depression or Depressive disorder, is a common mental
health condition that can happen to anyone. It is characterized by a low mood or loss of pleasure or interest
in activities for long periods. This variable is considered relevant but has not been implemented directly in
any dataset. Therefore, an indicator called ’Depression’ was intended to be created from some of the indicators
available in the source datasets, namely from the following indicator: (I) the Beck Depression Inventory (BDI)
indicator*? in Ochoa 2, Ochoa 3, Ishikawa, Tanou. (II) the Depression Anxiety Stress Scale -21 item (DASS-21)
indicator”” in Balzan. (III) the Calgary Depression Scale for Schizophrenia (CDSS) indicator’® in Lopez and
Swanson.

In order to harmonize information from different scales with varying thresholds and ranges, the Depression
binary indicator is represented by the categories 0 and 1, which are interpreted as YES if the patient presents with
Depressive symptomatology or NO if the patient does not present with Depressive symptomatology according to
the established thresholds of each scale used in the different databases harmonised. To transform these previous
indicators into a single binary indicator, each of these indicators has undergone a rigorous review process, and a
threshold § has been inferred to serve as the separation point between the categories 0 and 1.The BDI indicator
is present in the datasets Ochoa 1-3, Ishikawa, and Tanoue. The BDI, as mentioned before, has a total score
within the range of 0-63. According to the National Institutes of Health, a score between 20-63 on the BDI can
suggest moderate to severe levels of depressive symptomatology, so if the total score is strictly less than 20, the
Depression indicator takes the value of 0. Otherwise, Depression takes the value of 1. Similarly, for the DASS-21
and CDSS indicators, their ranges are 0-42 and 0-27, respectively. A score above 14 on the DASS-21 depression
subscale suggests moderate to extremely severe (28+) levels of depressive symptomatology*, while a score above
6 in the CDSS suggests moderate to severe levels of symptoms of depression?®. Thus, the proposed classification
thresholds are 14 (14 > YES, and NO < 14) and 6, respectively.

Completion of MCT

The Completion indicator determines whether a patient has completed MCT treatment. It is a relevant datum
that allows for characterizing the patient who will abandon the treatment and determining possible causes
of treatment abandonment. Despite the relevance of the datum, it was not included directly in any dataset.
Therefore, an indicator called “Completion” has been derived, composed of two categories 0 and 1, interpreted
as 0 “not completed” treatment and 1 as “completed” treatment. To develop this indicator, we start from the
harmonized dataset, which is divided into three sections: sociodemographic, baseline, and post-treatment.
Given a patient with a post-treatment section with all indicators with unknown values (NA value), it is assumed
that Completion takes the value 0, while if there is at least one non-NA value, Completion takes the value of 1.

Data cleaning

After data transformation, a harmonized dataset is created; however, it may contain instances where all columns
have NA values, requiring careful examination and appropriate handling to ensure data integrity and consistency.
After applying data cleaning, a dataset with 698 patients is obtained.

Data availability
The source code for the data harmonization steps outlined in this study is available from a public github reposi-
tory at github.com/pjcopadoCS/permepsy_harmonization.
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