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Abstract

Background: Functional impairments associated with mental health conditions are on the rise. Predicting functional outcomes
may improve the targeting of preventive interventions. While prognostic models have primarily focused on psychosis, early
recognition services require a transdiagnostic approach.

Objective: Predict global functioning within 2-year follow-up using baseline clinical and structural MRI data in a population-
based sample of young, help-seeking individuals presenting with affective and anxiety symptoms as well as ADHD.

M ethods: We classified 357 help-seeking individuals aged 18-35 years recruited from 9 sites as “impaired” (Global Assessment
of Functioning (GAF)?60; N=228) or “non-impaired” (GAF>60; N=129) at year one and/or year two follow-up. GAF
classification group status at follow up was predicted using linear support vector machine (SVM), decision tree and large
language model (LLM) Llama-3 using clinical assessments and/or structural MRI. Leave-one-site-out (SVM) or external sample
(LLM) were used for validation.

Results: SVM achieved balanced accuracy 69.2% using clinical features only. Items related to baseline occupational
functioning, interpersonal relationships, cognitive functioning, psychotic and affective symptoms as well as presence of anxiety
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disorder were most predictive. The decision tree further reduced the feature set to 5 predictive items achieving balanced accuracy
76.6%. Although amygdala and hippocampal subregions achieved balanced accuracy 57.1%, structural MRI did not improve the
overall prediction. Llama-3 performed comparably well to SVM, (balanced accuracy 72.6%).

Conclusions. Machine learning demonstrated good performance in predicting global functioning. Interestingly, the out-of-the-
box LLM performed comparably well without being trained or fine-tuned, highlighting the potential of leveraging free-text data
for mental health prognosis.

(IMIR Preprints 26/09/2025:84424)
DOI: https://doi.org/10.2196/preprints.84424
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Natural Language Processing, Prognosis, Young Adult, Mental Disorders

Abstract

Background

Functional impairments associated with mental health conditions are on the rise. Predicting
functional outcomes may improve the targeting of preventive interventions. While prognostic models
have primarily focused on psychosis, early recognition services require a transdiagnostic approach.
Objectives

Predict global functioning within 2-year follow-up using baseline clinical and structural MRI data in
a population-based sample of young, help-seeking individuals presenting with affective and anxiety
symptoms as well as ADHD.

Methods

We classified 357 help-seeking individuals aged 18-35 years recruited from 9 sites as “impaired”
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(Global Assessment of Functioning (GAF)<60; N=228) or “non-impaired” (GAF>60; N=129) at year
one and/or year two follow-up. GAF classification group status at follow up was predicted using
linear support vector machine (SVM), decision tree and large language model (LLM) Llama-3 using
clinical assessments and/or structural MRI. Leave-one-site-out (SVM) or external sample (LLM)
were used for validation.

Results

SVM achieved balanced accuracy 69.2% using clinical features only. Items related to baseline
occupational functioning, interpersonal relationships, cognitive functioning, psychotic and affective
symptoms as well as presence of anxiety disorder were most predictive. The decision tree further
reduced the feature set to 5 predictive items achieving balanced accuracy 76.6%. Although amygdala
and hippocampal subregions achieved balanced accuracy 57.1%, structural MRI did not improve the
overall prediction. Llama-3 performed comparably well to SVM, (balanced accuracy 72.6%).
Conclusions

Machine learning demonstrated good performance in predicting global functioning. Interestingly, the
out-of-the-box LLM performed comparably well without being trained or fine-tuned, highlighting

the potential of leveraging free-text data for mental health prognosis.
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Introduction

Functional impairments due to mental health conditions have been on the rise. For example, in
Germany, the proportion of early retirements due to mental disorders increased from 24% to 42%
between 2000 and 2022 [1]. According to the WHO, mental disorders accounted for 16% of
disability-adjusted life years (totaling 418 million DALYs) worldwide in 2019 [2]. Improving early
risk stratification and predicting functional outcomes may enhance the targeting of preventive
measures, ultimately mitigating the long-term negative impact. Machine learning methods and large
multi-center datasets have facilitated the development and validation of predictive models that
incorporate not only clinical variables but also biological data, such as MRI. Recently, large language
models (LLMs), probabilistic transformer-based models originally developed to predict text
sequences [3], have been increasingly explored for their potential in clinical applications. LLMs
outperformed human experts on a range of medical diagnostic and academic tasks [4,5]. In our
previous work, we compared the LLM performance to expert ratings while assessing medical text for
suicidality, achieving accuracy of 87.5% [6]. The next logical step - the ability to predict clinical
outcomes has rarely been tested. LLMs have been effective in predicting hospital readmission due to
a general medical condition [7], admission to an intensive care unit [8] or intentional self-harm [9].
Given the fact that mental health care relies heavily on unstructured textual data, the potential of
LLMs remains underutilized.

Global assessment tools, such as the Global Assessment of Functioning (GAF) [10] are among the

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]
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most commonly utilized instruments for functional outcome [11]. Prognostic studies have mainly
focused on psychosis. In individuals at clinical high-risk for psychosis, the inclusion of structural
MRI data significantly enhanced the prediction of 1-year functional outcomes, achieving clinically
meaningful balanced accuracy exceeding 80% [12]. In first-episode psychosis, demographic and
baseline clinical data predicted GAF at 12-month follow-up with a balanced accuracy of 72% [13].
In a sample of individuals with psychosis of varying illness duration, baseline clinical data predicted
GAF at 3-year and 6-year follow-ups with accuracies ranging from 63.5% to 67.6% [14].
Additionally, clustering analysis of baseline cognitive profiles identified distinct patient subgroups
within first-episode psychosis, who exhibited low clinical functioning at 6- and 12-month follow-
ups [15]. While psychosis prediction remains a prominent objective, the non-specificity of prodromal
symptoms and relatively low transition rates underscore the necessity for early recognition services
to employ a transdiagnostic approach [16]. We aimed to predict functional outcomes within a 2-year
follow-up in young, help-seeking individuals with predominantly affective and anxiety symptoms, as
well as ADHD, who were recruited within the Early-BipoLife study — a population-based study on
bipolar risk. Along with broad baseline clinical characteristics, we explored the potential of baseline
structural MRI data to improve prediction accuracy. We employed data-driven feature selection and
leave-one-site-out crossvalidation to ensure generalizability over multiple sites. Finally, we used a
locally hosted, general purpose LLM to estimate the outcome based on engineered clinical notes
derived from the baseline data. To the best of our knowledge, this is the first study to employ large
language models (LLMs) to predict global functioning at follow-up in individuals presenting with

mental health symptoms.
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Methods

Participants

Early-BipoLife [17] is a multicenter, prospective, naturalistic study of participants aged 15-35 years
recruited between 2015 — 2019 and assessed over a period of at least 2 years. Help-seeking youth and
young adults consulting early detection centers or individuals presenting with at least one of the
proposed risk factors for bipolar disorder r[17,18] (see Note S1 in Multimedia Appendix 1 for
inclusion and exclusion criteria) as well as in- and outpatients with depressive syndrome or ADHD
were recruited at nine sites. For detailed data collection procedures see Pfennig et al. (2020) [17],
Martini et al. (2024) [19] and Note S1. Comprehensive assessments were performed after 12 and 24
months. All participants received state-of-the-art counselling and treatment. Of the N = 918
participants who completed the 2-year follow-up, N = 31 (3.17%) participants transitioned to bipolar
disorder [19]. N = 313 opted to receive a baseline MRI. Given the relatively low transition rates and
the absence of a focus on predicting bipolar disorder, this sample is well-suited for predict functional
outcome using a transdiagnostic approach.

The authors assert that all procedures contributing to this work comply with the ethical standards of
the relevant national and institutional committees on human experimentation and with the Helsinki
Declaration of 1975, as revised in 2013. All procedures involving human subjects/patients were
approved by the Ethics Committee of the Medical Faculty at the Technical University Dresden (No.
EK290082014) and all local ethics committees. We obtained a written informed consent after

comprehensive information about study aims and procedures.

Baseline and follow-up assessments

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]
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Following clinical assessments were included in the analysis of functional outcome: age, sex,
medication (none or any current psychotropic medication), migration status (positive when person
itself, father or mother were not born in Germany and as negative if all three were born in Germany),
first-degree relatives for bipolar disorder, DSM-IV diagnoses and substance use (SKID-I) [20],
depressive symptoms (Inventory for Depressive Symptomatology-Clinician - IDSC) [21], early life
stress (Childhood Trauma Questionnaire - CTQ) [22], Global Assessment of Functioning (GAF) [10]
at baseline and in the past year, Functioning Assessment Short Test (FAST) [23,24], prodromal
psychotic symptoms (Prodromal Questionnaire - PQ16) [25], bipolar risk factors EPIbipolar [18],
extended Bipolar-at-Risk criteria (BARS) [26] and Bipolar Prodome Symptom Scale (BPSS-P) [27].
In total 127 items were included as features (for details see Table S1 in Multimedia Appendix 1).
Although more differentiate measures of functional outcome do exist, we used GAF, as it is highly
established and largely present in longitudinal datasets (including Early-BipoLife), which enables
larger training and validation samples. Rather than predicting GAF as a continuous variable, we
dichotomized GAF into impaired and non-impaired for following reasons: (a) to include trajectories,
that remained stable on a low functioning level, as well as those that impaired during the follow-ups,
(b) include both follow-ups in one outcome variable, (c) reflect a hypothetical clinical scenario,
where typically a binary decision should be made between assigning and not assigning to an
intervention. We defined the negative outcome as GAF equal or below 60 (i.e. moderate symptoms
such as flat affect and circumstantial speech, occasional panic attacks or moderate difficulty in
social, occupational, or school functioning, such as few friends, conflicts with peers or co-workers)
at least one follow-up. Clinically, functional impairment at this level may be considered as an
indication for clinical (out- or inpatient) intervention, as compared to GAF 70 — 61, which denotes
good functioning with only mild symptoms and difficulties.

In post-hoc analyses, we aimed to predict following additional outcomes: 1) higher and lower GAF

cut-off values (i.e. GAF < 55, < 65), 2) we used Time Series K-Means clustering implemented in
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Scikit-learn v. 1.5.2 to cluster the GAF trajectories in two clusters using 6 time points (GAF values at
past year to baseline, baseline, past year to 1-year follow-up, 1-year follow-up, past year to 2-years
follow-up, 2-years follow-up) and differentiate between participants belonging to these clusters. 3)
maximum GAF values over the past year at follow-up one or two, aiming to capture long-term

impairments that may have been overlooked by the GAF value at follow-up assessments.

MRI acquisition, preprocessing and quality assessment

We acquired 1 mm isotropic resolution structural T1-weighted images using Siemens Magnetom MR
scanners at 6 sites (Trio, Skyra, Prisma) and a Philips Achieva scanner at 1 site. We standardized the
pulse sequence parameters across all sites to the extent permitted by each platform. For a detailed
description of the scanning protocol including the detail of MRI scanners, specific hardware
configurations and pulse sequence parameters see Vogelbacher et al. (2021) [28].

Prior to preprocessing, we performed the data acquisition and quality assessment using the MRIQC
tool [29]. Two authors visually inspected the obtained reports of several metrics including a
movement plot and a plot of the background noise. In this way, 23 subjects were excluded from
further analysis due to strong movement (N = 18), ghosting (N = 1) or fold-over artifacts (N = 4).

We preprocessed the T1-weighted structural MRI using Freesurfer 6.0 (cortical and subcortical
parcellations) and 7.1.1 / 7.2.0 (hippocampal subfields and amygdala nuclei), partially running on the
Centre for Information Services and High-Performance Computing (ZIH) by TU Dresden (https://tu-
dresden.de/zih/hochleistungsrechnen). We obtained regional cortical thicknesses and surface area
values for 68 cortical brain areas defined by the Desikan-Killiany atlas [30], 14 volumes of
subcortical structures [31], 18 amygdala nuclei, 24 volumes of hippocampal subfields [32,33], i.e.
124 MRI features in total. We performed a standardized quality control of the cortical and subcortical
segmentations according to the established protocols of the ENIGMA working group

(http://enigma.ini.usc.edu/protocols/imaging-protocols). This included a visual inspection of the
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segmented regions using the internal and external surface methods, as well as statistical outlier
detection. The outliers were subjected for further visual inspection. For details on preprocessing and
exclusion of subjects who did not pass the quality control or displayed major segmentation errors

(N=8) please see our previous publications [34,35].

Machine learning pipelines

First, we predicted the impaired status at follow up using a linear support vector machine (LIBSVM
3.1.2, C-SVC, L1-loss) with instance weighting, implemented in the Neurominer Toolbox v. 1.2
(retrieved from neurominer-git/NeuroMiner_1.2.) using clinical features in N = 357 subjects after
excluding those with missing GAF values at any follow-up and further removing subjects with
missing values for 25% or more of the features.

Second, we trained separate SVM classifiers using clinical and MRI features in N = 124 subjects
with available baseline MRI. We then applied stacked generalization, where the decision scores from
both base models were combined using another linear SVM that utilized the decision scores from the
completed analyses as input features to predict the outcome group [12].

All pipelines included feature-wise scaling (range 0 to 1) and imputation of missing values using the
median of the seven nearest neighbors (Hamming distance for nominal features with two or fewer
unique values, Euclidean distance for ordinal features). Covariates sex, age, and intracranial volume
were regressed out using partial correlations exclusively in the MRI feature set, as sex and age were
considered informative in the clinical domain. Both the removal of nuisance covariates and the
imputation of missing data were carried out separately for test and training sets. The imputed values
were derived from the training test and applied to the test set.

We employed a nested cross-validation scheme, with an outer loop (CV2) using six folds (leave-one-
site-out, where each site represented a study site) and an inner loop (CV1) using five folds for model

selection and C parameter tuning. In each inner fold, we applied a wrapper-based greedy feature

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]
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selection approach to retain the ratio of selected features to total participants at 1:5. As a result, k =
71 features were selected for the clinical models and k = 25 for the MRI and stacking models. The
regularization parameter (C) was optimized across nine values ranging from 0.00390625 to 256.

We assessed the contribution of features towards the classification using the sign-based consistency,
which was defined as the consistency of the weights assigned by the model to a given feature
reduced by the fraction of models that removed that feature during the wrapper-based feature
selection. Sign-based consistency of 1 means, that the weights of the feature all share the same
sign and the feature has been selected by all classifiers in the inner crossvalidation loop, whereas a
value of 0 means, that positive and negative weights occurred equally or the given feature was
omitted in all crossvalidation folds [36].

In order to improve clinical interpretability, we analyzed the most predictive set of features retrieved
by the SVM analysis (sign-based consistency score p < 0.05) using a decision tree classifier
implemented in Scikit-learn (v. 1.5.2). Briefly, the decision tree minimizes the entropy by splitting
the data so that each subset contains as few mixed class labels as possible (i.e., each leaf ideally
contains a single class). For a binary classification, entropy = 1 for a leaf composed of 50 % of class
1 and 50 % of class 2, whereas entropy = 0 for a leaf containing only a single class. Using a 5-fold
crossvalidation, we trained and evaluate the model using following parameters: decision criterion =
entropy, maximal depth = 3 layers (for interpretability reasons we decided against more layers),

minimal sample splits 2-10, class weighting to account for imbalanced classes.

LLM analysis

We used a locally hosted Llama-3 (llama-3.3-70b-instruct-qg4km) via the llama.cpp framework on a
local hospital computer [6]. For each participant, we converted the clinical assessments into reverse-
engineered text notes by substituting item’s scores by their descriptions (see Note S2A in Multimedia

Appendix 1 for an example). Following items were included: Age, gender, diagnoses, substance use,
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IDSC, CTQ, GAF baseline and past year, FAST, information on past and present psychiatric
treatment and first-degree relatives for bipolar disorder. Llama-3 was instructed using a prompt to
classify the functional outcome group (Note S2B in Multimedia Appendix 1). To further investigate
the generalizability of the prompting approach, we repeated the analysis in an external sample of N =
590 participants aged 15-35 from the FOR2107 longitudinal sample of persons with affective
disorder [37] (see Table S2 in Multimedia Appendix 1 for the details of the validation sample). The
reverse-engineered notes included age, gender, main diagnosis, HAMD, CTQ items and GAF

baseline.

Results
Demographics
Overall, the global functioning improved within the 2-years follow up (meansaseine = 61.6, SD = 15.7,

meanye,1 = 69.2, SD = 14.3, meanye., = 70.6, SD = 14.4). See Figure 1 for the trajectories.

===Figure 1 here===

The subjects impaired at follow-up fulfilled significantly more frequently criteria for psychiatric
diagnoses, particularly affective, anxiety and substance use disorders (Table 1). They also more
frequently contacted mental health services. The non-impaired group contained more first-degree

relatives of persons with bipolar disorder.

Table 1: Sample demographics. * p < 0.05, ** p <0.001. SD — standard deviation.

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]
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Non-impaired Impaired Test
N = 357 228 129 n/a
Sex female (%) 128 (56.1) 81 (62.8) Chi = 1.501, p = 0.22
Age (SD) 25.8 (4.4) 25.32 (4.6) T=-1.125,p =0.35
Positive migration status (%) 59 (26.9) 32 (27.4) Chi = 0.006, p = 0.936
Diagnoses (%)
Any disorder (SKID) 140 (61.4) 112 (86.8) Chi = 25.638, p=0.001*
Affective disorder 87 (38.2) 75 (58.1) Chi = 13.299 p <0.001**
Psychotic disorder 1 (0.004) 1(0.8) Chi 0 0.167, p = 0.683
Substance use disorder 14 (6.1) 18 (14.0) Chi = 5.893, p = 0.015*
Anxiety disorder 56 (24.6) 61 (47.3) Chi = 18.609, p < 0.001**
ADHD 57 (25.0) 31 (24.0) Chi = 0.042, p = 0.838
Somatoform disorder 10 (4.4) 10 (7.8) Chi = 1.765,p =0.184
Global functioning (SD)
GAF baseline 66.68 (14.8) 52.6 (13.1) T =28.918, p <0.001**
GAF maximum past 1 year 76.31 (14.1) 64.09 (15.4) T =7.548,p =0.147
GAF 1-year follow-up 76.6 (9.7) 55.67 (11.3) T =17.682, p <0.001**
GAF maximum past 1 year to 1- 78.22 (10.5) 63.54 (12.3) T =11.441, p < 0.001**
year follow-up
GAF 2-years follow-up 77.93 (10.4) 57.7 (10.8) T =17.310, p < 0.001**
GAF maximum past 1 year to 2- 79.43 (10.1) 63.8 (11.3) T =13.024, p < 0.001%**
years follow-up
Contact to mental health services 140 (61.4) 98 (76.0) Chi = 7.924, p = 0.005*
present (%)
Contact to mental health services past 171 (75.0) 115 (89.1) Chi =9.988, p = 0.002*
(%)
First-degree relatives with bipolar 32 (14.0) 8 (6.2) 5.081, p = 0.024*
disorder (%)
Transition to bipolar disorder (%) 4(1.8) 1(0.8) Chi =0.572, p = 0.449
PQ16 (SD) 3.16 (2.9) 4.6 (3.2) T=4.311,p=0.27

The impairments in global functioning at baseline were more pronounced in the impaired group in all
domains and items of the FAST inventory (Table S3 in Multimedia Appendix 1). For distributions of

GAF scores at follow-ups see Figure S1 in Multimedia Appendix 1.

Subjects not included in the analysis due to missing data or failed quality assessment with available
GAF at baseline (N = 855) displayed better clinical functioning at baseline (mean GAF giscarded 64.77,
SD 18.87 versus GAFincuded 61.58, SD 15.73, p = 0.005).

For breakdown of demographic characteristics to single sites see Table S4 in Multimedia Appendix

1.

SVM classification

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Mikolaset a
The linear SVM classifier trained on clinical measures alone (sample size N = 357) to predict the
impaired status within the 2-years follow-up achieved balanced accuracy 69.2%, sensitivity 64.3%
and specificity 71.9%. Training the classifier using exclusively MRI features (sample size N = 124)
achieved balanced accuracy 54.0%, sensitivity 43.5% and specificity 60.3%. In the same subsample,
using only clinical features achieved a balanced accuracy of 73.0% (sensitivity 65.2%, specificity
80.8%). Combining the clinical and the MRI classifiers via stacking did not improve the performance
(balanced accuracy 65.6%, sensitivity 54.3%, specificity 76.9%).

The most consistently predictive features were items related to occupational functioning,
interpersonal relationships, cognitive functioning, psychotic and affective symptoms as well as
presence of anxiety disorder (Table 2, Figure 2, Figure S2 in Multimedia Appendix 1). As GAF
baseline was retrieved as the most predictive item, we trained an SVM classifier exclusively using
GAF baseline as a single feature, achieving a comparable performance (balanced accuracy 70.2%,
sensitivity 74.8%, specificity 65.6%). However, for clinical decision-making, reliable probability
estimates are essential, and single-feature classifiers typically yield poor calibration. To evaluate both
accuracy and reliability of probability estimates, we constructed calibration curves for single-feature
and multi-feature models. The multi-feature model achieved a lower Brier score (0.214 vs. 0.311),

indicating more accurate and reliable probability estimates (Note S3 in Multimedia Appendix 1).

===Figure 2 here===

Table 2. The list of significant predictive clinical features as defined by the sign-based consistency

(see also Figure S2 in Multimedia Appendix 1).

Ranking Item Note

1. GAF present Baseline clinical functioning.

2. PQ16 > 6 positive screening for psychosis

3. FAST 17 Interpersonal relationships: Maintaining a friendship or friendships

4. FAST 7 Occupational functioning: Working in the field in which you were educated.
5. GAF maximum Maximum GAF value over the past year prior to baseline.
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6. Anxiety disorder DSM-IV diagnosis (SKID-I)

7. FAST 5 Occupational functioning: Holding down a paid job

8. FAST 6 Occupational functioning: Accomplishing tasks as quickly as necessary

9. IDSC 5 Mood (sad)

10. FAST 12 Cognitive functioning: Ability to solve a problem adequately

11. FAST 19 Interpersonal relationships: Having good relationships with people close you
12. FAST 22 Interpersonal relationships: Being able to defend your interests

Decision tree

Training the decision tree using the set of most consistently predictive features (Table 2) retrieved a
significant decision tree with following parameters: balanced accuracy 76.6%, sensitivity 78.3% and
specificity 74.9%. The stratification using baseline GAF was further refined by combining the
sequence with best GAF in past year and items related to social functioning, early life adversity and
psychosis screening. For the visualization of the decision tree see Figure 3. Training the decision tree
using GAF baseline only achieved balanced accuracy 72.7%, sensitivity 67.4% and specificity

78.0%.

===Figure 3 here===

Classification using LLM

Classification using full text notes yielded balanced accuracy 72.6%, sensitivity 78.3%, specificity
66.9%. After excluding GAF baseline value Llama-3 achieved balanced accuracy 69.7%, sensitivity
88.4%, specificity 51.0%. In the external sample of persons with affective disorders (Table S2 in
Multimedia Appendix 1), LLM achieved balanced accuracy 61.2%, sensitivity 55.4%, specificity
70.0%. After excluding GAF Llama-3 achieved balanced accuracy 60.8%, sensitivity 46.9%,

specificity 74.7%.

Post-hoc analyses

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Mikolaset a
Decreasing GAF thresholds for impaired outcome (i.e. increasing the impairment) revealed improved
balanced accuracies for MRI data after reducing the feature set to hippocampus and amygdala
subregions (Table S4 in Multimedia Appendix 1). However, stacking amygdala and hippocampus
features with clinical data revealed no improvement (73.0% versus 72.3% respectively). Data-driven
clustering of GAF trajectories using 6 GAF timepoints into two clusters revealed a low- and high
functioning cluster (Figure S3 in Multimedia Appendix 1). However, MRI data were not able to

differentiate between the two clusters (Table 3)

Table 3. Balanced accuracies of the SVM classifiers for different GAF cut-off values as outcomes.
The different balanced accuracy value for clinical features and GAF 60 to the main analysis are due

to reduced sample size (N = 124, i.e. subjects with MRI). sMRI — structural MRI.

Clinical sMRI Cortical Hippocampus and Stacked
thickness Amygdala subregions Clinical +
sMRI
GAF 55 78.0%  56.5% 52.7% 58.6% 69.4%
GAF 60 73.0%  51.9% 45.4% 57.1% 65.6%
GAF 65 58.2%  46.5% 47.2% 52.2% 51.3%
GAF 66.6%  50.1% 52.4% 50.1% 64.8%

clustered

SVM regression to predict the maximum GAF values over the past year to follow-up using clinical
features achieved a significant positive relationship between predicted and actual values (R2=0.12, p

< 0.00001) with a mean absolute error (MAE) = 10.0 GAF points for clinical data. MRI features

revealed a weak relationship (R? = 0.03, p < 0.04, MAE = 11.3) and there was no relevant

improvement using stacking (R? = 0.14, p < 0.00001, MAE = 9.8). Repeating the primary SVM
analysis to predict impaired outcome using different machine learning methods did not improve the

balanced accuracies for clinical and sSMRI features (Table S5 in Multimedia Appendix 1).

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Mikolaset a

https://preprints.jmir.org/preprint/84424 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Mikolaset a

Discussion

Machine learning predicted global functioning within the 2 years follow-up with good
performance. A detailed analysis of most predictive features revealed baseline occupational
functioning, interpersonal relationships, cognitive functioning, psychotic, affective as well as
anxiety symptoms as most predictive. The feature set was further refined using a decision
tree, providing an interpretable solution for possible clinical translation. Native, ‘out-of-the-
box’ LLM achieved comparable performance using clinical data. Although MRI did not
improve the prediction achieved by features based on clinical assessments only, amygdala and
hippocampal subregions were more predictive than other MRI features, especially in
individuals with lower functioning at follow-up.

SVM predicted the functional outcome with good accuracy using baseline clinical data. This
is in alignment with Koutsouleris et al. 2018 [12], where machine learning predicted the 1-
year functioning in individuals with clinical high risk for psychosis, although the accuracy in
our sample was lower (69.2% versus 76.9%). This was most likely due to different
populations between the cohorts, the latter containing mostly subjects with affective and
anxiety symptoms and only a minority with psychotic symptoms (average PQ-16 was below
6, which denotes negative psychosis prodrome screening; less than 1% fulfilled the DSM-IV
criteria for psychotic disorder). Individuals with predominantly affective and anxiety
symptoms might display more heterogenous baseline symptoms as well as trajectories than
persons with clinical high risk for psychosis. This might lead to less accurate predictive
models.

In contrast to the clinical high risk for psychosis sample [12], structural MRI in our sample
did not improve the prediction beyond what was already achieved using clinical data. In
models using structural neuroimaging only, Koutsouleris et al. [12] achieved balanced
accuracy up to 76.2%. Whereas patients with schizophrenia display most prominent structural
alterations among major psychiatric disorders (excluding dementia), persons with affective
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anxiety disorders and ADHD tend to display less pronounced structural alterations than
persons with psychosis [38]. The concept of clinical high risk for psychosis encloses persons
with global structural deficits [39]. Interestingly, reducing the set of features to hippocampus
and amygdala subregions improved the prediction accuracy of MRI data in our sample,
especially by lower thresholds of GAF, i.e. while detecting individuals with poorer functional
outcome. Indeed, hippocampus and amygdala tend to display structural alterations in affective
disorders [40,41]. Focusing on these regions, even using multimodal or high-resolution MRI
data [42], might further improve predictions.

A data driven selection of most predictive variables revealed a limited set of features related
to occupational functioning, interpersonal relationships, cognitive functioning, psychotic,
affective as well as anxiety symptoms as most predictive. For the SVM classifier, baseline
GAF emerged as the most predictive feature, while the inclusion of additional items did not
improve overall classification accuracy. Of note, in a clinical setting, prediction probability
estimations, rather than categorical decisions are crucial. Multiple feature classifiers are
necessary to produce smooth individualized probability ranges which are more suitable for
clinical decision making (see Note S3 in Multimedia Appendix 1 for the comparison between
single- and multiple-feature models). In this regard, the multi-feature SVM outperformed the
single feature SVM. In contrast, the inclusion of additional features led to a modest
improvement in performance for the decision tree classifier.

Interestingly, Llama-3 predicted functional outcome with a balanced accuracy comparable to
trained SVM or decision-tree classifiers. While it did not outperform these traditional models,
it is important to emphasize that we used a native, 'out-of-the-box' general-purpose LLM, not
primarily trained for predicting clinical outcomes. Prompt-engineering [43] or fine-tuning
might further improve predictive performance [7]. A significant disadvantage of LLMs is the
lack of interpretability, bias risk due to non-disclosed training data [44] as well as of reliable

probability estimates [45]. These issues need to be addressed in order to bring LLMs to
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bedside. In order to explore the potential of LLMs for clinical predictions, unstructured text
such as clinical notes or interview transcripts should become an integral part of longitudinal
studies.

In this study, we mapped the trajectories of global functioning using GAF at follow-up as well
as maximum GAF over the past year (assessed retrospectively). While this approach is
common in predicting functional outcomes, it may overlook a more nuanced assessment of
functioning over time. Although more suitable measures for tracking long-term global
functioning have been developed, they have been rarely used. Examples include "days out of
role" (i.e., the number of days an individual is unable to work or perform daily activities due
to physical or mental health issues) [46] and "time use" (i.e., weekly engagement in structured
activities) [47]. Future longitudinal studies should incorporate more differentiated long-term
assessments.

Interestingly, the number of first-degree relatives of bipolar patients as well as transitions to
bipolar disorder was higher in the non-impaired group. This might suggest, that persons with
manic episodes might have better functioning in the long run, at least in the early stages.
However, the number of transitions was too low to be statistically significant. Moreover, some
individuals in the sample with depressive symptoms might have unrecognized bipolar
disorder that would be revealed with a longer follow-up period.

We used a conservative leave-one-site-out validation without data harmonization. Although
harmonization might improve the performance of structural MRI based models, it introduces a
problem of data leakage between train and test sets. An external validation might provide
better insights in generalizability of predictive models, however, as none of the models
achieved >80% accuracy and therefore relevance for clinical use [48,49], the prediction
models require further refinement prior to external validation. Multimodal data such as
genetics, immunological markers [50], clinician prognostic estimates or natural language

processing features [6,51] could improve classification. In addition, functional outcome
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measures should map functional trajectories with sufficient temporal resolution.

In a transdiagnostic cohort of young individuals, machine learning and LLM can predict 2-
year global functioning with good performance. Key predictors included occupational
functioning, interpersonal relationships, cognitive functioning, psychotic and affective as well
as anxiety symptoms. Although hippocampal and amygdala subregions showed potential as
more predictive MRI features, particularly in those with poorer outcome, MRI data did not
enhance overall performance. Further refinements of predictors as well as functional outcome

measures are needed to better reflect clinical trajectories and enhance predictive accuracy.

Data availability
The analytic code of this study will be openly available in GitHub repository at

https://github.com/pmiko/BL. GAF.

The data will be provided upon reasonable request.
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Figure 1: Graphical representation of functional outcome trajectories. The nodes of the
Sankey plot represent the GAF values (lower value represents higher impairment). Defining
the impaired outcome as GAF < 60 at year 1 and/or year 2 selected trajectories, that remained
stable at a moderately impaired level of functioning, as well as trajectories that deteriorated to

a moderate level during the follow-up.

Figure 2: The ranking of clinical features as defined by the sign-based consistency. The red

line indicates the significance level p < 0.05.

Figure 3. Decision tree predicting the impaired functional outcome within 2-year follow-up.
The arrows pointing to the left indicate that the condition is fulfilled (true), the arrows to the
right indicate not fulfilled (false). Colors indicate the decision being made by the tree when
condition was fulfilled. The decision tree assigns the leaf label according to the corresponding
majority class in that leaf. Number of samples and percentage of individuals with impaired

outcome within each node / leaf is being displayed.
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Graphical representation of functional outcome trajectories. The nodes of the Sankey plot represent the GAF values (lower
value represents higher impairment). Defining the impaired outcome as GAF ? 60 at year 1 and/or year 2 selected trajectories,
that remained stable at a moderately impaired level of functioning, as well astrajectories that deteriorated to a moderate level
during the follow-up.
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The ranking of clinical features as defined by the sign-based consistency. The red line indicates the significance level p < 0.05.
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Decision tree predicting the impaired functional outcome within 2-year follow-up. The arrows pointing to the left indicate that
the condition isfulfilled (true), the arrows to the right indicate not fulfilled (false). Colors indicate the decision being made by
the tree when condition was fulfilled. The decision tree assigns the leaf label according to the corresponding majority classin
that leaf. Number of samples and percentage of individuals with impaired outcome within each node / leaf is being displayed.
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