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Abstract

Background: Electronic health records are essentia for advancing research aimed at improving clinical outcomes. However,
stringent data protection and privacy concerns severely limit the accessibility and use of real clinical data, particularly within
Child and Adolescent Mental Health Services (CAMHS) involving vulnerable young individuals. This challenge can be effectively
addressed through synthetic data generation, which safeguards individual privacy while facilitating comprehensive analyses of
clinical information.

Objective: This study aims to investigate whether hierarchical synthetic data generators (SDGs) can effectively replicate the
statistical properties, preserve the utility, and maintain the privacy of real CAMHS clinical data, thereby enabling data sharing
and broader access to research-ready datasets.

Methods: This retrospective cohort study used electronic medical record data from 6924 distinct patients from CAMHS in
Stavanger, Norway, comprising 7730 referral periods and 58,524 episodes of care. An 80%-20% split was used for training and
testing. A hierarchical synthetic data generation model was trained to generate synthetic referral periods and associated episodes
of care. Data quality was evaluated using SDMetrics for distribution (Kolmogorov-Smirnov Complement [KSC]/Tota Variation
Complement [TV C]), correlation (CorrelationSimilarity [CS]), and cardinality (CardinalityShapeSimilarity [CSS]) similarity.
Privacy was evaluated using the Anonymeter library to simulate singling out, linkability, and inference reidentification attacks.
Utility was assessed using the train synthetic test real (TSTR) pattern, comparing the predictive performance using precision-recall
area under the curve [PRAUC] of models trained on synthetic vsreal datafor classifying the intensity of care.

Results: The hierarchical SDG created highly reproducible synthetic CAMHS data. The average statistical similarity scores
were high across all metrics: KSC/TVC at 0.92, CS at 0.77 (intertable CS at 0.75), and CSS at 0.92. The synthetic data al'so
demonstrated a low risk under simulated privacy attacks on a control dataset (n=1546): the average success rate was 6/1546
(0.39%) for singling out and 77/1546 (5%) for multivariate attacks. The average linkability risk was 54/1546 (0.5%), and the
highest inference risk for a sensitive variable was 2/1546 (0.12%). The classification model trained on synthetic data (TSTR)
produced comparable predictive performance (PRAUC=0.40) to the model trained on real data (PRAUC=0.43) for classifying
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the intensity of care (low vs medium or higher). Shapley additive explanations analysis confirmed that the synthetic model’s
explanations aligned with real-world insights, validating its ability to capture fundamental predictive patterns.

Conclusions: Synthetic data can be used to build trust and promote collaboration among CAMHS researchers by offering access
to extensive, representative sampleswith alow risk of patient identification. This approach expands the breadth of research while
safeguarding patient privacy. Effective implementation of synthetic data generation depends on the model’s ability to accurately

identify and replicate the complex, sequential patterns present in real data.

(JMIR Med I nform 2026;14:€71819) doi: 10.2196/71819

KEYWORDS

CAMHS, classification; length of referral; mental health; synthetic data generation

Introduction

The preservation of patient confidentiaity is frequently
identified as a significant barrier to conducting research with
mental health care datasets[1]. Researchers appropriately face
strict regulations and ethical considerations that limit accessto
real patient data. Thisis further complicated by selection bias
[2], digital barriers[3], and high levels of sensitivity of mental
health information, which, if disclosed, could |ead to additional
stigma, discrimination, and other negative consequences for
individuals [4].

While these challenges are present across al menta health
research, the use of large-scale data from patient records
becomes significantly more complex with Child and Adolescent
Mental Health Services (CAMHS) data. Thisis dueto a set of
problems associated with this vulnerable population. First, the
variability in developmental stages among children and
adolescents means that symptoms and diagnoses manifest
differently across age groups (eg, anxiety in a 5-year-old
compared to a 16-year-old), making data standardization and
longitudinal analysisinherently difficult. Second, the necessity
for age-appropriate interventions and evolving care pathways
creates complex, nonlinear data structures that are challenging
to model consistently [5]. Perhaps most critically, the ethical
considerations surrounding privacy and consent for minors are
far more stringent than for adult populations. Researchers must
navigate nuanced consent processes involving both parents or
guardians and the child’'s assent, often with varying lega
requirements based on age and local jurisdiction [6,7]. This
multilayered consent, coupled with heightened safeguarding
responsibilities, severely restricts data sharing. Furthermore,
due to their inherent nature, which includes stringent privacy
regulations and the fragmented structure of care pathways,
CAMHS datasets aretypically smaller, exhibit greater structural
fragmentation, and are consequently more challenging to access
large-scale, generalizable research than adult health datasets.

These challenges can be effectively addressed by the generation
of synthetic data. Synthetic data not only safeguard individual
privacy but also permit comprehensive analyses of large-scale
clinical data obtained directly from electronic medical records
(EMRs) and other clinical data sources, even in sensitive areas
such as CAMHS.

Previous studies have applied synthetic mental health data in
data augmentation, privacy preservation, and fairness [8]. The
SynthNotes framework, developed by Begoli et a [9], isnotable
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for its ability to produce realistic and high-fidelity synthetic
mental health documentation on alarge scale. The framework
facilitates benchmarking, optimization, and training for
biomedical NLP, information extraction, and machine learning
systems, all while ensuring strict privacy preservation. To ensure
accurate and generalizabl e research results, synthetic datamust
accurately represent diverse minority subgroups. This is
particularly important in addressing child and adol escent mental
health inequities exacerbated by events like the COVID-19
pandemic [10]. Addressing these biases requires expertise in
the underlying model and an understanding of fairness concepts
like unawareness, demographic parity, and conditional fairness
[8]. One approach involvesdirectly de-biasing existing datasets
to create “fair data” a process similar to synthetic data
generation [11,12]. Alternatively, some researchers view data
de-biasing as a “ground-up” generation problem, focusing on
developing generative models that inherently incorporate
fairness[13].

Predictive models trained on synthetic data for mental health
have yielded encouraging findings in numerous studies,
highlighting the critical importance of data quality, ethical
considerations, and the necessity for ongoing research. A study
by Rankin et al [14] used a deep learning approach to predict
mental health quality using synthetic data derived from
functional network connectivity data from resting-state
functional magnetic resonanceimaging, achieving high accuracy
in classifying mental health quality. Using models trained on
synthetic data, Ajith et a [15] combined data from multiple
longitudinal mobile sensing studies to predict mental health
symptoms, showing improved generalization across different
datasets. While these models frequently failed to capture
intricate patterns and subtleties, especialy within diverse
populations[16], their results highlight the potential of synthetic
data to enhance predictive modeling in mental health, while
addressing privacy and fairness concerns.

While prior synthetic health data studies focused on adult mental
health, our research specifically examines how synthetic data
generators (SDGs) effectively capture complex patterns and
relationshipsin CAMHS data. We assessthe essential trade-offs
involving data quality, patient privacy, analytical utility, and
optimal synthetic sample size to ensure generated dataremains
representative and valuable for research.
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Methods

Data Source

This study was conducted using a retrospectively collected
cohort from the Child and Adolescent Mental Health Department
(CAMHD) at Stavanger University Hospital (SUS). The hospital
functionsasareferral center for about half amillion inhabitants
in the Rogaland metropolitan areaand had an annual admission
ranging from 17,000 to 19,000 during the study period. CAMHD
at SUS provides assessment, diagnosis, and treatment for young
people aged 18 years or younger, experiencing mental health
issues such as depression, anxiety, trauma, developmental
disorderslike autism or attention-deficit/hyperactivity disorder
(ADHD), and psychosis.

https://medinform.jmir.org/2026/1/€71819
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As detailed in Table 1, the dataset included 6924 distinct
patients, 7730 referral periods, and a total of 58,524 episodes
of care. Data extraction was performed using the electronic
health record system (Distrubuert Informasjons og
Pasientdatasystem i Sykehuset [DIPS]; Helse Vest IKT). The
system provided access to administrative details like time of
admission, department, and clinical personnel, aswell asclinical
information such as age, sex, and diagnosisfor each episode of
care.

Each episode is directly linked to a specific referral through a
unique identifier. Allowing for comprehensive and continuous
tracking of apatient’sjourney fromtheir initial referral through
all subsequent clinical interactions.
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Table 1. Overview of the Child and Adolescent Mental Health Services dataset.

Variable Entity Description Descriptive statistics
referral D Consultation/stay Unique identifier for each referral o N/A?
Patientage Referral Age of the patient at referral « Mean1l(SD 4)

e Median 12 (IQR 15)

Patientsex Referral Patient’s sex (O=female; 1=male) « Uniquevalues=2
« Most frequent=male

referral StartDate Referral Date the referral was initiated . Minimum=2014
¢  Maximum=2018

referralLength Referral Theduration of thereferral periodindays «  Mean 58 (SD 41)
e Median 30 (IQR 60)

staylD Consultation/stay Unique identifier for each consultationor «  N/A
stay
staySartDate Consultation/stay Date when the consultation or stay began «  Minimum=2014

. Maximum=2018

StayLength Consultation/stay Duration of each stay in minutes « Mean58(SD 41)
e Median 30 (IQR 60)

personnel Grp Consultation/stay Category of medical personnel involved «  Unique values=4
«  Most frequent="psychologist”

stay TypeGrp Consultation/stay Grouped type of consultation or stay « Uniquevalues=5
«  Most frequent="treatment”

specialist Consultation/stay Indicatesif the medical personnel isa o Unique values=2
specidist (yes/no) «  Most frequent="no"

roleGrp Consultation/stay Role of the clinical personnel duringthe «  Unique values=2
consultation or stay «  Most frequent="contact”

condlaxislGrp Consultation/stay ICD-10P Axis| (clinical syndromes) «  Unique values=8

«  Most frequent="R40-R46"

condlaxislIGrp Consultation/stay ICD-10 Axis | (disabilities) o Unique values=4
«  Most frequent=N/A

condlaxisllIGrp Consultation/stay ICD-10 AxisllI (intellectual developmen- «  Unique values=4
tal disorder) «  Most frequent=N/A
condlaxislVGrp Consultation/stay ICD-10 Axis |V (somatic diseases) o Unique values=4

«  Most frequent=N/A

condlaxisVGrp Consultation/stay ICD-10 AxisV (psychiatricdisordersand «  Unique values=6
somatic diseases) « Most frequent=N/A

condlaxisVIGrp Consultation/stay ICD-10 Axis VI, globa functioning o Unique values=7
(CGASY) «  Most frequent=6999

3N/A: not applicable.
bICD-10: International Statistical Classification of Diseases, Tenth Revision.
SCGAS: Children Global Assessment Score.

Missing Data uses a multiaxial system for mental and behavioral disorders,
including Axis| (clinical syndromes), AxislI (disabilities), and

The dataset contains ICD-10 (International Satistical Axis|ll (environmental/lifestyle factors).

Classification of Diseases, Tenth Revision) diagnostic codes

categorized across different axes or levels of detail. The | CD-10
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A key characteristic of the Axis columns is the high rate of
missing data, which indicates “not applicable’ rather than an
error, as is common in clinical coding. For instance, the first
condition in Axis | is nearly complete (0.7% missing), but
subsequent codes within the same axis show drastically
increased missingness (eg, 6th condition, 99.8% missing). This
trend continues across other axes, like Axis|| (eg, 3rd condition
99.6% missing). This consistent pattern of missing values
signifies that a code was not relevant to a clinical episode,
making data imputation inappropriate.

Ethical Consider ations

The study is a quality assurance initiative directly building on
theresults of the“PILOT SYNDATA” project. The project was
conducted as a collaboration between CAMHD SUS, the
analytical department at SUS, and Helse Vest IKT (theregional
IT service delivery company). The project’s main purpose was
to explore the safe use of synthetic datain mental health care.

The data for the “PILOT SYNDATA” project were collected
from DIPS, and Helse Vest IKT performed the deidentification
and aggregation procedures, with the resulting anonymized data
then being used for synthetic data generation in the next phase.
This entire process was conducted under a formal agreement
that permits the secondary use of health data for research and
quality assurance while ensuring patient privacy and
confidentiality. Due to the complete deidentification and
aggregation of the data, a waiver was not required to use the
datain this study.

The study used a synthetic data generation process that creates
entirely new, statistically representative data points. The process
is fully compliant with HIPAA (Health Insurance Portability
and Accountability Act) and GDPR (General Data Protection
Regulation) regulations, significantly reducing the risk of an
attacker reidentifying individuals or uncovering sensitive patient
details from the original dataset.

Asthiswasaretrospective analysis of existing data, no financial
compensation was provided to participants. Additionally, it is
not possibleto identify any individual participantsin thefigures
or supplementary materials. Theimagesareillustrative and use
a “real-like path” to represent an anonymized, generalized
patient journey.

Synthetic Data Gener ation

We use HMASynthetiser, a multitable algorithm within the
Synthetic Data Vault framework [17]. HMASynthetiser is a
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classmodel that implementsa*hierarchical modeling algorithm”
to analyze data structured in multiple levels, often called nested
data. These models are particularly useful when dealing with
complex datasetsin which observations are grouped at different
levels, such asreferral periods and episodes of care (Multimedia
Appendix 1).

The SDG systematically processes the real CAMHS dataset,
examining how information is structured across the referrals
and episodes of care tables. It uses a Gaussian copula to map
the compl ex rel ationships between every datafield. A Gaussian
Copula [18] is a statistical model used to identify the
dependency  structure  between the nested dataset
(referralg/episodes). The approach ensuresthat the SDG process
accurately mirrors the statistical patterns and distributions
present in the original patient records, even for variables with
nonstandard or highly dependent relationships. In addition, the
parameters of the SDG are customized for each individual table
in the hierarchy, allowing fine-tuning of the synthetic data
generation process. Hierarchical modeling, combined with the
statistical method, is essential for accurately capturing the
complex dependency structures within CAMHS variables.

Data Modeling

To optimize data utility and patient privacy, the rel CAMHS
dataset underwent comprehensive preprocessing prior to
synthetic data generation. This involved the systematic
categorization of variables, such as age and admission type,
into broader, anaytically meaningful groupings. Specificaly,
age was discretized into decennia intervals, while variables,
such as “performing personnel” and “admission type,” were
recorded by mapping their original granular values to more
generalized, descriptive categories. Additionally, diagnostic
Axes I-1V were grouped based on the ICD-10 hierarchy, and
Axis VI (Children's Global Assessment Score) underwent
specific binning and categorization to abstract sensitive medical
codes.

These comprehensive preprocessing steps ensured the datawere
optimally structured for generating high-fidelity synthetic data
and accurately reflected real-world patterns while rigorously
upholding patient data protection.

Experimental Setup

Figure 1 displays the experimental setup. The experiments
performed in this study followed 3 structures: sample size,
privacy risk assessment, and utility assessment.

JMIR Med Inform 2026 | vol. 14 | €71819 | p. 5
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Haizoune et al

Figurel. General study design. AUC: area under the curve; TRTR: train real test real; TSTR: train synthetic test real.
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Sample Size

To evaluate the impact of sample size on predictive model
performance (Multimedia Appendix 2), 4 distinct training sets
(619, 1546, 3092, and 6184 referrals) were created from the
real-world CAMHS data. For each of these sizes, a
corresponding synthetic dataset was generated to enable a
comparison of predictive model performance using both real
and synthetic data across various data availability scenarios.

Privacy Risk Assessment

To measure the privacy risk in the generated synthetic data, we
used the experimental approach via the Python library
Anonymeter [19] (Multimedia Appendix 3). Initialy, the attack
uses synthetic datato create a series of guesses. Themodel then
evaluates these guesses by comparing them to the val ues present
in the original dataset, thereby assessing the effectiveness of
the attack. The privacy model requiresthe adversary to conduct
the same attack on a control dataset (records that were not used
in the SDG). By contrasting the success rates of the attack on
both training records and control records, a sensitive and
significant measure of risk isestablished. Threetypesof privacy
risk attacks were simulated and analyzed to evaluate the
potential for reidentification: singling out, linkability, and
inference risks.

https://medinform.jmir.org/2026/1/€71819
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Utility Assessment

Prediction tasks represent a robust and frequently used
methodology for evaluating synthetic data utility, offering
distinct advantages beyond conventional statistical comparisons.
The method directly confirmsthe data s real-world applicability
by assessing its capacity to replicate complex, nonlinear
relationships for applications such as individualized mental
health care planning or treatment pathway optimization.
Furthermore, the approach validates the functional equivalence
of synthetic dataand provides auser-centric, interpretable metric
of itsinherent value, thereby facilitating the detection of subtle
discrepancies overlooked by simpler analytical techniques[20].
To assess synthetic data utility, we formulated a downstream
prediction task (Multimedia Appendix 4): classifying patient
referral periods by intensity of care. Following Beckers et al
[21], “intensity of care” was initially defined as low (<15
sessionglyear), medium (15-51 sessions/year), or high (=52
sessionglyear). We extracted primary diagnosis of the first
episode, sex, age, and total past referrals as predictor variables.
Dueto significant skewness (386/7730 high, 2087/7730 medium,
and 5874/7730 low), the “medium intensity” and “high
intensity” categories were merged into a “medium- or
higher-intensity care” group. The combined group was selected
to create a sufficiently sized positive class for stable model
training, given the constraints of the severely skewed origina
distribution.
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The dataset was then stratified by intensity and split into an
80% training set (6184 referral periods and 58,527 episodes)
and a20% independent test set (1546 referral periodsand 14,610
episodes; Multimedia Appendix 5). The stratification ensured
balanced distribution and kept all related patient data within
either the training or test set; the test set was used solely for
evaluation. A random forest model [22] was then trained using
synthetic data generated at various scale factors (1, 2, 5, 10).
The trained models were evaluated using the Train Synthetic,
Test Real evaluation method [23], which involves training a
model on synthetic data and testing it on real data.

Model performanceswere measured using precision-recall area
under the curve (PRAUC), a robust metric particularly suited
for imbalanced datasets [ 24,25]. We specifically chose PRAUC
over the traditional area under the receiver operating
characteristic curve because PRAUC is less susceptible to
inflation from the majority (low intensity) class, providing a
more accurate and rigorous measure of performance on the
positive (medium- or higher-intensity care) class [24]. Results
are presented as the median of a dtratified 4-fold
cross-validation.

Finally, SHAP (Shapley additive explanations) values[26] were
computed for both models to assess variable interactions.

Statistical Analysis

To quantify the similarity between real and synthetic data, we
used 4 key metricsfrom the SDMetrics Python library [23]. For
numerical  column  distributions, we used the
Kolmogorov-Smirnov Complement (KSC), while the Total
Variation Complement (TVC) measured discrete column
distributions. The preservation of intercolumn correlation
patterns was evaluated using CorrelationSimilarity (CS), and
CardinalityShapeSimilarity (CSS) was applied to assess the
similarity in cardinality distributions within multitable datasets.

For privacy risk evaluation, we conducted 3 attack-based
assessments focused on factual anonymization indicators:
singling out determined the potential for identifying individual
records; linkability assessed the risk of linking synthetic data
back to the real dataset; and an inference attack was used to
attempt to deduce sensitive individual information from
seemingly nonsensitive data. A low inference risk meansit is
highly unlikely that an attacker could uncover specific, private
details about individual patients from the original dataset.

Qualitative Visualization of Care Pathways

For the qualitative assessment, the specific “real patient path”
was selected randomly from the overall real dataset after the
synthetic data generation process was completed to ensure the
visualization was not conditioned on the selected patient’s
attributes prior to generation. This patient, a 12-year-old male
diagnosed with “ behaviora and emotional disorders’ (F90-F98),
represents a highly frequent and common clinical profilein our
cohort. The corresponding “synthetic path” was then extracted
from the synthetic data by identifying a synthetic patient with
identical starting attributes (age, sex, and primary diagnosis) to
provide avalid, anonymized, and attribute-matched comparison
for event sequencing and density.
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Results

Similarity and Quality Assessment of Synthetic
CAMHS Data

As detailed in Table 2, the SDG produced CAMHS data that
demonstrated high statistical similarity to the “real-world”
CAMHS dataset. The result was evident across al reported
metrics (KSC/TV C score=0.92; CS=0.75; CS (intertable)=0.73;
CSS=0.9), with good fidelity remaining consistent regardless
of the amount of “real-world” training samples provided to the
algorithm.

Figure 2 presents 2 kernel density estimate plots, offering a
visual comparison of feature distributions between real-world
CAMHS data and synthetic data generated at various sample
sizes. The left plot, illustrating “referral length,” reveals that
the synthetic data distributions, particularly those derived from
larger sample sizes (n=6184 and n=3092), closely align with
thereal test data' s distribution in the high-density range. While
the synthetic data effectively captures the predominant patterns
of referral lengths, there are minor deviations observed in the
extreme tails, suggesting a dlight challenge in perfectly
replicating infrequent, very long referrals.

Similarly, the right plot, depicting “age’ demonstrates
exceptionaly high fidelity. All synthetic age distributions,
regardless of the sample size, exhibit remarkable overlap with
the real test data's distribution. The peaks and overall shapes
arenearly identical, indicating that the synthetic data generation
process is highly successful in preserving the univariate
statistical characteristics of patient age.

The observed high scores acrossthe various quality metricsand
kernel density estimates provide robust evidence that the
synthetic data accurately replicates the origina patient
information’s characteristics and inherent relationships.
Specifically, the significant KSC/TVC scores confirm that
individual statistical distributions of each variable within the
synthetic dataset demonstrate strong consistency with those
observed intherea data, which impliesthat featureslike patient
age ranges or referral lengths exhibit statistical properties
consistent with their real-world counterparts. Furthermore, the
high CS scores, including both intratable and intertable
relationships, confirm the accurate preservation of complex
dependencies and interactions between distinct variables. For
example, critical correlational structures, such as the frequent
association of specific diagnoses with treatment pathways or
demographic profilesinthereal data, are accurately maintained
within the synthetic dataset. Finally, the high CSS scores
confirm that the structural properties of the data, including the
diversity of unique values within categorical fields and the
overall shape of numerical distributions, are accurately
replicated.

The consistent high scores underscore that the synthetic data
not only replicates individual variable characteristics but also
capturestheintervariable rel ationships and the overall statistical
integrity of the original, sensitive CAMHS patient information.
The observed fidelity iscritical for establishing synthetic data's
suitability for subsegquent analytical and research applications.
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Table 2. Average Kolmogorov-Smirnov Complement (KSC)/Total Variation Complement (TVC), CorrelationSimilarity (CS; single and intertable),
and CardinalityShapeSimilarity (CSS) metrics from synthetic data eval uation experiments using different synthetic scale factor sizes.

656 referrals 1546 referrals 3092 referrals 6184 referrals
KSCI/TVC 0.91 0.92 0.92 0.92
CS 0.73 0.77 0.75 0.77
CS (intertable) 0.69 0.73 0.73 0.75
CSS 0.87 0.90 0.91 0.92

Figure 2. Visual comparison of the density distribution of the real and the derived synthetic Child and Adolescent Mental Health Services features.
Density distributions for 2 selected features, “referral length” and “age,” and their synthetic derivatives are compared.
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Synthetic Data Privacy Evaluation

To assess the potential for patient reidentification and
information revelation, we performed 3 attack-based privacy
evaluations: singling out, linkability, and attribute inference.
Table 3 provides an overview of the success rate associated
with the 3 simulated privacy attacks using synthetic data on a
control real dataset (n=1546), highlighting the success rate
achieved with various sample sizes. Specifically, the analysis
revealsthat both univariate and multivariate singling out attacks
yield minimal average success rates, recorded at just 6/1546
(0.4%) and 77/1546 (5%), respectively. This indicates that the
likelihood of successfully executing these types of attacks is
low, regardless of the volume of data being anayzed.
Furthermore, the table presents insights into the risk of
linkability when using clinical and demographic variables as
auxiliary data. The average risk of linkability is calculated to
be 0.5% (8/1546), suggesting that while there is some potential
for linking data to individuals, the overall risk remains quite
low.

Similarly, inference risk of sensitive variables from patient age
and sex was minimal for most attributes (Figure 3), with

https://medinform.jmir.org/2026/1/€71819
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“admission week number” presenting the highest, yet still low,
risk (2/1546, 0.12%).

A low percentage, for instance, a range of 0%-5%, indicates
that an attacker’s capacity to deduce private details from the
synthetic data is only marginally superior to random chance.
To contextualize this, if Figure 3 reveals an inference risk of,
for example, 2%, it signifiesthat an attacker possessing auxiliary
nonsensitive information (eg, a patient’s age and gender from
an external source) would still have only a 2% likelihood of
accurately determining a specific sensitive attribute, such as a
rare mental health diagnosis, from the synthetic dataset. The
low probability demonstrates the robust privacy preservation
achieved, reinforcing the suitability of thisapproach for sensitive
health care data.

The results clearly demonstrate the robust capability of the
synthetic data to effectively protect individual privacy. The
protection is provided by the synthetic data generation process,
which creates entirely new, statistically representative data
pointsrather than simply masking or perturbing original records,
thereby breaking any direct link to individual patients. As a
result, it becomes highly unlikely for an attacker to reidentify
specific individuals or uncover private, sensitive details about
patients from the original dataset, even if they possess some
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auxiliary information. This significantly mitigates risks enabling a secure environment for data sharing.

associated with reidentification or attribute inference attacks,

Table 3. Success rate of singling out, linkability, and inference attacks on control data using various synthetic Child and Adolescent Mental Health

Services data sampl es.

3092 referrals, n/N (%)

1546 referrals, n/N (%) 619 referrals, /N (%)

Risk type 6184 referrals, n/N (%)

Singling out (univariate)®  6/1546 (0.38) 6/1546 (0.38)
success rate

Singling out (multivari-  46/1546 (3) 93/1546 (6)
ate)b success rate

Linkability® successrate ~ 2/1546 (0.13) 5/1546 (0.34)

6/1546 (0.39) 7/1546 (0.43)
62/1546 (4) 108/1546 (7)
11/1546 (0.69) 13/1546 (0.84)

8Singling out (univariate) represents the percentage of successful attempts to uniquely identify an individual in the synthetic dataset using a single

characteristic (based on 500 attacks). Lower valuesindicate better privacy.

bsj ngling out (multivariate) represents the percentage of successful attempts to uniquely identify an individual in the synthetic dataset using multiple
combined characteristics (based on 100 attacks). Lower values indicate better privacy.

CLinkability represents the percentage of successful attempts to link synthetic records back to their original real records (based on 2000 attacks and 10

neighbors). Lower values indicate better privacy.

Figure 3. Inferencerisk.
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Synthetic Data Utility Evaluation

The target variable to be classified (intensity of care) in the
utility evaluation was highly unbalanced in thereal dataset, with
4111/6136 (67%) categorized as low intensity (<15 sessions
annually), 2024/6136 (33%) as medium or higher intensity of
care (>15 per year). We use the PRAUC metric to compare the

https://medinform.jmir.org/2026/1/€71819
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predictive performance of machine learning models trained on
real CAMHS data versus those trained on synthetic CAMHS
data across different input sizes. Given the positive class
prevalence of 33%, the random chance baseline (PRAUC
baseline) is 0.33. As Table 4 illustrates, increasing sample size
consistently improved predictive performancefor both real and
synthetic data models. In the most data-scarce setting (619
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records), the random forest model’s ahility to classify medium-
or higher-intensity care patientswas limited (real data: average
PRAUC=0.39; synthetic data: PRAUC=0.32), However, when
we increase the training set size to 6184 records, the model
performance improved, with the average PRAUC for real data
rising to 0.43 (a 30% increase over baseling) and for synthetic
datato 0.40 (a 21% increase over baseline) demonstrating that

Haizoune et al

the synthetic data preserves the analytical utility necessary to
exceed the random threshold and capture real-world signals.

Our findings suggest that while privacy safeguards around
children’s data are paramount and often lead to smaller datasets,
the value of more dataiin building accurate and robust predictive
tools cannot be overstated. Simply put, the more comprehensive
the data, the better equipped the models are to provide
meaningful insights that can ultimately support patient care.

Table 4. Comparison of random forest—based prediction models trained on real, tested on real (TRTR) Child and Adolescent Mental Health Services
(CAMHY) data alone versus those trained on synthetic, tested on real (TSTR) CAMHS data.

Sample size TRTR, PRAUCA (range) TSTR, PRAUC (range)
619 referrals 0.39 (0.34-0.44) 0.32(0.28-0.38)
1546 referrals 0.40 (0.36-0.47) 0.33(0.29-0.38)
3092 referrals 0.41 (0.37-0.47) 0.34 (0.30-0.39)
6184 referrals 0.43 (0.38-0.49) 0.40 (0.35-0.45)

8PRAUC: precision-recall area under the curve.

Reproducibility of Feature I nterpretability (SHAP)

SHAP analysis, presented in Figure 4, provides an insight into
how different patient characteristics impact the predicted
intensity of care, both when the model istrained on real patient
data and when it is trained on synthetic patient data.

The model consistently showed that a lower prevalence of
“behavioral and emotional disorders’ (F90-F98) led to ahigher
predicted intensity of care. This finding is a clinicaly
meaningful observation rooted in the structure of CAMHS
resource alocation; because FO0-F98 diagnoses (eg, ADHD,
externalizing difficulties) are highly prevalent and typically
managed via lower-intensity, first-line support, their presence
isnot astrong predictor of high-intensity serviceuse. Therefore,
the absence of thiscommon, low-intensity diagnosisin a patient
referred for complex care suggests the presence of a less
common, more severe, or highly comorbid condition that
immediately necessitates the alocation of higher-intensity
resources [27].

Conversely, a greater presence of “symptoms and signs
(general)” (R40-R46) or “developmental disorders’ (F80-F89)
contributed to a lower predicted intensity of care. Patient age
also presented a clear and consistent trend; younger patients
were generally predicted to require higher intensity care, while
older patients were associated with lower predicted intensity.
On the plots, lower values for afeature are typically shown in
gray, higher values in black; features increasing predicted
intensity extend to the right, while those decreasing it extend
to the left.

https://medinform.jmir.org/2026/1/€71819

While the models showed consistent variable impact on the
target prediction (intensity of care), we noted a significant
difference in the strength of this impact between the synthetic
and the real prediction models. The model trained on actual
patient data showed a much wider range of impacts from
individual features (SHAP values ranging from approximately
—0.15t0 0.15), suggesting that real patient characteristics could
lead to more pronounced shiftsin the predicted intensity of care.
In contrast, the model trained on synthetic data displayed a
significantly narrower range of influence (approximately —0.03
to 0.03). The “flattening” of the variables impact on the
predicted intensity of care implies that while synthetic data
helps the model learn the general direction of how patient
characteristics relate to care intensity, it reduces the overall
sensitivity of the model to the nuanced, individual variations
foundinreal patient data. Thiseffect, however, can be mitigated
by using more advanced synthetic data generation techniques.

Despite the observed reduced variable impact in the synthetic
model, the consistency in the direction of SHAP-based
explanationsremainsclinically valuable. It effectively validates
synthetic data’s ability to capture fundamental predictive
patterns in sensitive health care records, making synthetic
datasets particularly useful for privacy-preserving exploratory
research and facilitating hypothesis generation and validation.
While acknowledging the continued need for further efforts to
precisely replicate nuanced quantitative impactsfor high-stakes
clinical predictions, the qualitative fidelity of the result offers
an effective tool for initial understanding and safe
experimentation in CAMHS health research.
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Figure4. Shapley additive explanations (SHAP) valuesfor intensity of carein (A) train real test real and (B) train synthetic test real models (n=6184).
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Synthetic and Real Individual Care Paths

Figure 5 compares 2 distinct care pathways for a 12-year-old
male patient diagnosed with “behavioral and emotional
disorders’ (F90-F98). Both paths are presented on a shared
timeline (x-axis) that has been aligned to start at a common
point, allowing for direct comparison of event sequencing and
density.

The figure serves as a comparative visualization, highlighting
potential differences in the flow, types of interventions, and
personnel involvement between a synthetic and amorereal care
path.

https://medinform.jmir.org/2026/1/€71819
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While synthetic CAMHS data successfully captures the
overarching statistical patterns of the real CAMHS dataset,
divergencesat theindividual patient level offer valuableinsights.
Thedifferencesresult from synthetic datarepresenting the most
common trajectories, an average derived from the entire dataset
that naturally filters out the unique noise and unobserved
idiosyncratic factorsinfluencing real-world care. Real CAMHS
care is inherently nonlinear and dynamic, shaped by patient
responses, unforeseen crises, resource constraints, and
patient/family agency. These complexities, including feedback
loops and real-world bottlenecks such as waiting lists, are
challenging for synthetic data to perfectly replicate at an
individual level, leading to the observed divergence.
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Figure 5. Comparison of real-like and synthetic care paths for an attention-deficit/hyperactivity disorder (ADHD) patient. The x-axis (Date of stay
[Aligned]) showsthe progression of time. They-axis separatesthe " Synthetic path” (top, solid line) from the"Real path" (bottom, dashed line). Individual
markers represent stay events, annotated with stay types and personnel categories. The grey box (top left) indicates shared patient demographics for

both trgjectories.
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Discussion

Principal Findings

This study demonstrates the significant potential of synthetic
data to enhance the utility of electronic health care records
within CAMHS. Our methodology, using a hierarchical SDG,
generated synthetic datasetsthat exhibited high statistical fidelity
to real-world CAMHS data, as confirmed by various quality
metrics (KSC/TVC, CS, CSS) and visual density comparisons.
While minor quality variations were observed with decreasing
samplesizes[28], theresults confirm that our approach broadly
preserves variable behaviors and dependencies between
variables in the generated synthetic datasets [29]. However,
identifying the precise minimum real data sample size for
generating truly useful and high-fidelity synthetic CAMHS data
iscomplex and highly dependent on the specific research scope
and applications.

Models trained on synthetic data demonstrated predictive
performance in classifying patient “intensity of care” (low vs
medium or higher) that was comparable to models trained on
real data. Whilethe absolute predictive power of the model was
modest (PRAUC=0.40-0.43 over a 0.33 random baseline), the
key finding is the preservation of this utility in the synthetic
data, as evidenced by the comparable scores.

The SHAP anadysis confirmed that the synthetic model’s
explainability aligned with real-world insights, underscoring
the consistent importance of age and CAMHS diagnosis (eg,
anxiety disorders, depression, ADHD, and autism spectrum
disorder) in assessing care needs [30,31]. Furthermore, our
findings provide strong evidence that synthetic data effectively
protectsindividual privacy. The data generation process makes
it highly unlikely for attackersto reidentify patients or uncover
sensitive details from the original dataset, acritical requirement
given the highly personal nature of CAMHS data.

https://medinform.jmir.org/2026/1/€71819

The implications of high-fidelity, privacy-preserving synthetic
CAMHS datasets are profound for children and adolescent
mental health research and practice. Their availability removes
critical barriers to data sharing and collaborative research,
enabling morethorough investigationsinto mental health aspects
across diverse populations [32], especialy for vulnerable ones
like those served by CAMHS. This capability facilitates adeeper
understanding of mental disorder patterns and contributes to
the development of more effective, personalized treatment
methodologies [33]. Moreover, given that young adolescents
often withhold important information from health care providers
due to privacy concerns, which hinders effective diagnosis and
treatment [34], synthetic data allows researchers to explore
critical questionsthat would beimpossiblewith real, incomplete
data. These include understanding the impact of stigma on
treatment adherence, evaluating novel  personalized
interventions, investigating the influence of “hidden” family
dynamics, and simulating the effects of systemic barriers on
access to care for vulnerable groups.

Furthermore, maintaining highly accurate long-term temporal
and sequentia relationships across numerous event types
remains challenging in synthetic data generation. Most synthetic
data quality metrics prioritize aggregate statistical properties
over the exact fidelity of unique individual sequences. This
means a synthetic dataset can be excellent at the population
level but still show microlevel divergence in individua
trgjectories. Despite these differences, the divergence is
valuable. It highlights that synthetic data, while not predicting
exact individual pathways, excelsat understanding general care
models, developing system-level interventions via cohort
simulations, and creating privacy-preserving case studies for
training. It effectively complementsthe detailed study of highly
personalized real-world clinical journeys.
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Future Work

To improve upon the findings of this investigation, future
research can focus on enhancing the synthetic data generation
process. Conditional generative models, such as variational
autoencoders [35] and generative adversarial networks [36],
could be trained to produce synthetic data that reflects specific
referral reasons or treatment modalities, conditioned on existing
basic patient information. These advanced models are adept at
learning complex data distributions, leading to higher-quality
and more diverse synthetic outputs, which are crucia for
capturing the varied presentations within CAMHS.

Beyond static data generation, further research can also explore
integrating synthetic data with process mining techniques to
enhance the modeling of complex care sequences. Specifically,
synthetic process mining offers apowerful avenuefor generating
and analyzing event logs that mimic real patient journeys, but
with full privacy control [37]. This would enable the creation
of highly detailed, longitudinal synthetic care pathways,
allowing researchersto simulate and analyze “what if” scenarios
for process optimization without touching real patient data (eg,
assessing the impact of adding a new therapy step or reducing
wait times on patient flow). Furthermore, synthetic process
mining could also generate diverse and comprehensive training
data for predictive models focused on patient trajectories and
outcomes, especially for rare events or complex multistage
interventionswherereal CAMHS data are scarce or incomplete.
This capability would significantly advance our understanding
of care delivery dynamics and improve operational efficiency
in CAMHS, ultimately benefiting young people awaiting and
receiving support.

Limitations

It isimportant to recognize that our dataset had limitations in
terms of clinical parameters. Our analysis revealed modest
predictive power in the classification model (PRAUC
approximately 0.43 on real data and 0.40 on synthetic data),
necessitating caution in interpreting the absolute predictive
accuracy. While the primary goal of thiswork was to establish
the comparable utility between the synthetic and red
datasets—which the similar PRAUC scores confirm—the
absolute performance remains constrained. This constraint is
likely attributable to 2 factors: severe class imbalance in the
target variable (necessitating the aggregation of the rare
high-intensity category into the 33% positive class) and the
inherently limited, aggregated feature set available from
administrative EMR. Theselimitations emphasi ze that the model
should not be used inisolation for clinical prediction but rather
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that the synthetic data successfully preservesthe utility inherent
in the original feature space.

Furthermore, our dataset had limitations in terms of clinical
parameters. Although we had access to basic data such as sex,
age, and clinical primary diagnosis, our dataset lacked detailed
information on the specific reason for the referra and the
amount of additional care (eg, medication, group sessions, art
therapy, physical therapy, and sheltered workshop). These
clinica details are crucial for accurately assessing and
classifying service intensity. The absence of these detailed
clinical parameters may have impacted the accuracy of our
analyses and the general applicability of our findings to a
broader clinical context. Future research will benefit from a
more comprehensive dataset that includes these key clinical
parameters.

Regarding fairness evaluation, Norway’s highly inclusive public
health care system inherently minimizes selection bias.
However, we acknowledge the potential for underrepresentation
of underserved minorities and rare diagnoses. These issues can
be effectively addressed by augmenting the data with synthetic
samples of these specific groups and applying fairness measures
tailored to the analytical goals of research aimed at serving these
minority populations. While the methodology for creating
synthetic CAMHS datais highly generalizable across different
data environments and health care systems, it is crucial to
recognize that the interpretation and applicability of findings
derived from such synthetic data would always need to be
contextualized within the specific health care system from which
the original data was sourced. This underscores the need for
localized validation and careful consideration of systemic
differenceswhen applying research findings acrossinternational
borders.

Conclusions

This study provides evidence that synthetic data can be
generated from CAMHS EMR that achieves afavorable balance
between utility and privacy. The main findings confirm that the
hierarchical synthetic data model produces datasets with high
statistical fidelity and comparable predictive utility to real data,
while simultaneously demonstrating a reduced risk of patient
reidentification. This pilot study suggests that synthetic data,
developed from standard EMR clinic records, offers a method
compliant with HIPAA and GDPR regulations, facilitating
clinica and administrative research that was previously
unattainable. This advancement creates critical new
opportunities for CAMHS research to progress despite
confidentiality restrictions.
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Multimedia Appendix 1

Entity-relationship diagram of the patient data schema. This diagram illustrates the relationship between the "referral” and " stay"
entities, detailing the attributes and their data types (1D, datetime, numerical, categorical) for each, along with their respective
primary and foreign keys.

[PNG File, 41 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Synthetic generation process. We used a constant input for the synthetic data generator HM Synthetiser (ie, a fixed subsample
from the real dataset) to output 4 different synthetic CAMHS data. The similarity between each of the datasets was compared to
thereal training data by performing KSC/TVC, CS, and CSS metrics via the SDMetrics Python package.

[PNG File, 60 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Privacy evaluation. The Main attack (1) uses synthetic datato create a series of guesses. Anonymeter evaluates (2) these guesses
by comparing them to the values present in the original dataset, to assess the effectiveness of the attack. Anonymeter requires
the adversary to conduct the same attack on a control dataset (control attack), which consists of records that were not utilized in
the generation of the synthetic data. Any insightsthe attacker gainsregarding the control recordsfrom the synthetic dataset cannot
belinked to privacy violations, asthe design ensuresthat no information from the control dataset isincorporated into the synthetic
dataset. By contrasting the success rates of the attack on both training records and control records, a sensitive measure of risk (3)
is calculated.

[PNG File, 35 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Train synthetic test real. To evaluate model efficacy, thetrain synthetic test real (TSTR) approach was used. Two machinelearning
models were developed: one trained on real data and the other on synthetic data, both targeting patients with referral duration
under 18 monthsto predict Child and Adolescent Mental Health Services (CAMHS) care intensity across three categories: fewer
than 15 sessions, 15 or more sessions annually. The latter two categories were combined due to low occurrence of high intensity.
Model performance was assessed using a 20% test subset from the real dataset, allowing comparison of synthetic and real data
effectiveness. SHAP values were computed to analyze feature significance.

[PNG File, 63 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Characteristics of the training (n=6132) and test (n=1531) datasets. This table presents the distribution of demographic, clinical,
and diagnostic variables across the training and test cohorts.
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