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Abstract

Psychotropic medications are among the most widely prescribed drug classes
in the world, and cognitive impairment is among their most consequential and
least systematically monitored side effects. A patient stabilized on an antipsy-
chotic who begins to lose processing speed, verbal memory, or executive con-
trol does not typically have that change attributed to the medication it gets
folded into the illness, missed at brief outpatient reviews, or noticed only when
functional decline becomes unmistakable. The cost, measured in lost employ-
ment, reduced quality of life, and treatment discontinuation, is substantial. We
introduce CogniMed-Net, an end-to-end multimodal machine learning frame-
work that integrates neuropsychological test performance, structured medica-
tion profiles, clinical electronic health record (EHR) data, serum biomarkers,
and patient demographics to detect, classify, and causally attribute medication-
induced cognitive impairment in psychiatric inpatients and outpatients. The
framework combines a domain-specific Neuropsychological Encoder, a fine-
tuned MedBERT module for medication representation, a Clinical Transformer
for EHR feature extraction, a Biomarker MLP, a Longitudinal TCN for trajec-
tory modelling, and a cross-domain attention fusion layer with a Bayesian deep
ensemble output providing calibrated uncertainty and causal drug attribution
scores. Trained and validated on a retrospective-prospective cohort of 2140
psychiatric patients across five diagnostic categories and twelve psychotropic
medication classes, CogniMed-Net achieves 4-class cognitive impairment clas-
sification accuracy of 93.4%, AUC-ROC of 0.971, and macro-F1 of 0.907. The
Bayesian ensemble achieves Expected Calibration Error (ECE) of 0.024. The
model generates model-based drug attribution scores per medication class, re-
flecting learned associations between pharmacological profiles and impair-
ment patterns, identifying first-generation antipsychotics, benzodiazepines,
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and tricyclic antidepressants as the highest-attribution drug classes and a contin-
uous cognitive severity score that tracks impairment magnitude independently
of diagnostic category. CogniMed-Net establishes a new methodological bench-
mark for computational pharmacopsychiatry, providing a validated, interpret-
able architecture for systematic monitoring of psychotropic cognitive side ef-
fects in clinical practice.
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1. Introduction

There is a problem in psychiatry that is hiding in plain sight. When a patient with
schizophrenia on long-term haloperidol shows declining performance on a pro-
cessing speed task, the clinician typically attributes it to the illness. When a bipolar
disorder patient on valproate plus quetiapine reports that her memory has wors-
ened, the notation reads “subjective cognitive complaints” and the medication re-
view is deferred. This attribution failure is not a reflection of clinical negligence
it is a consequence of the absence of any systematic, data-driven infrastructure
for detecting and attributing cognitive change to psychotropic medications. The
result is that medication-induced cognitive impairment, a clinically significant,
largely preventable, and often reversible side effect affects an estimated 30% - 50%
of psychiatric inpatients without ever being formally identified as medication-re-
lated [1] [2].

The cognitive effects of psychotropic medications are neither uniform nor triv-
ial. First-generation antipsychotics produce dose-dependent impairments in pro-
cessing speed and sustained attention through dopaminergic and muscarinic
blockade [3]. Second-generation antipsychotics carry a more differentiated cog-
nitive profile, with clozapine producing notable impairments in episodic memory
and working memory while some agent’s risperidone and amisulpride show rela-
tive sparing or even modest enhancement of certain cognitive domains [4]. Mood
stabilisers such as lithium and valproate impair verbal fluency and psychomotor
speed in a minority of patients, with effects that appear dose-dependent and re-
versible upon dose reduction.

The anticholinergic burden of a medication regimen, the cumulative musca-

rinic blockade produced by all drugs in the patient’s prescription is one of the
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strongest pharmacological predictors of cognitive decline in psychiatric patients,
yet it is rarely computed systematically in clinical practice [5]. Antidepressants,
particularly tricyclics and paroxetine, contribute substantially to anticholinergic
burden even when prescribed for non-psychiatric indications in medically com-
plex patients [6]. Polypharmacy amplifies these effects in ways that are nonlinear
and clinically difficult to predict without computational support.

The clinical consequences of unrecognized medication-induced cognitive im-
pairment are serious. Patients lose occupational capacity, discontinue medications
they attribute to cognitive dulling without clinical guidance, and accumulate cog-
nitive deficits that become functionally indistinguishable from illness-related de-
cline [7]. In bipolar disorder, cognitive impairment has been documented even in
euthymic patients, raising the critical question of how much of the observed neu-
ropsychological profile reflects illness biology versus pharmacological burden [8].
CogniMed-Net is designed to answer this question computationally, for individ-
ual patients, with calibrated confidence.

The opportunity is real and the tools are available. Neuropsychological test bat-
teries produce quantitative, reproducible performance data. Medication prescrib-
ing records are documented in electronic health records. Serum drug levels and
routine laboratory markers are collected as standard of care. What has been miss-
ing is a machine learning framework capable of integrating these heterogeneous
data streams into a coherent, interpretable prediction of cognitive impairment
type, severity, and pharmaceutical cause. CogniMed-Net fills this gap, the first
end-to-end multimodal deep learning system designed specifically for medica-
tion-induced cognitive impairment detection and drug attribution in psychiatric

populations [9].

Summary of Contributions

1) CogniMed-Net architecture: The first jointly trained multimodal deep
learning system for medication-induced cognitive impairment detection, inte-
grating neuropsychological test data, structured medication profiles, clinical EHR
features, serum biomarkers, and patient demographics through a cross-domain
attention fusion layer with Bayesian ensemble output.

2) MedBERT encoder: A domain-adaptive BERT variant fine-tuned on 1.4
million structured medication records and pharmacological texts, generating rich
contextual embeddings for polypharmacy regimens that capture drug class, dose
equivalents, duration, and pharmacokinetic interaction scores.

3) Longitudinal TCN for trajectory modelling: A temporal convolutional net-
work encoding the history of neuropsychological test scores across serial assess-
ments, capturing within-patient cognitive trajectories rather than single-point snap-
shots, contributing an independent +4.2% accuracy improvement in ablation.

4) Causal drug attribution module: An attention-based mechanism generat-
ing per-medication-class attribution scores indicating the estimated causal con-

tribution of each drug class to the observed cognitive impairment pattern, provid-

DOI: 10.4236/0alib.1115347

3 Open Access Library Journal


https://doi.org/10.4236/oalib.1115347

R. de Filippis, A. A. Foysal

ing clinically actionable pharmacological guidance.

5) State-of-the-art performance: 93.4% 4-class classification accuracy,
AUC-ROC 0.971, macro-F1 0.907, ECE 0.024; first-generation antipsychotics,
benzodiazepines, and tricyclics identified as the highest causal attribution drug
classes.

6) Prospective-retrospective cohort: 2140 psychiatric patients across five di-
agnostic categories and twelve psychotropic medication classes from three clinical

sites, with serial neuropsychological assessments at 0, 6, and 12 months.

2. Background and Related Work
2.1. Cognitive Impairment as a Side Effect: Clinical Epidemiology

Cognitive impairment in psychiatric populations is an overdetermined illness bi-
ology, medication effects, chronicity, and comorbid medical conditions all con-
tribute, making attribution to any single cause difficult in clinical practice. Major
depressive disorder is associated with independent neuropsychological impair-
ments in memory, attention, and processing speed [10]. Antipsychotic medica-
tions further compound this picture: lifetime antipsychotic exposure in schizo-
phrenia has been associated with a dose-dependent reduction in cognitive test
performance above and beyond the illness contribution itself [11].

The cognitive effects of antipsychotics are not uniform across drug classes or
patients. First-generation agents produce consistent impairments in processing
speed and sustained attention through dopaminergic D2 and muscarinic M1
blockade [12]. The literature on second-generation antipsychotics is more heter-
ogeneous: meta-analyses suggest modest cognitive advantages over haloperidol
for some drugs, but these findings are confounded by differential dosing and se-
lection bias in comparative trials [13]. What the literature lacks is a patient-level
computational tool capable of estimating cognitive impairment type and severity
given a specific, individualized polypharmacy regimen.

In bipolar disorder, neuropsychological impairment is present even during eu-
thymia, and the extent to which it reflects illness biology versus pharmacological
burden remains unresolved [14]. Valproate produces verbal memory and psycho-
motor slowing effects that are dose-dependent and partially reversible, while lith-

ium’s cognitive profile is comparatively benign at therapeutic serum levels.

2.2. Neuropsychological Assessment Batteries in Psychiatric
Research

The most influential research battery in psychiatric cognitive assessment is the
MATRICS Consensus Cognitive Battery (MCCB), which was specifically designed
to be sensitive to antipsychotic treatment effects and spans seven cognitive do-
mains: processing speed, attention/vigilance, working memory, verbal learning,
visual learning, reasoning/problem solving, and social cognition. Valproate-spe-
cific neuropsychological effects have been documented across multiple assess-

ment instruments, with the pattern of verbal memory and fluency impairment
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replicated across independent cohorts [15]. Longitudinal tracking of neuropsy-
chological test performance in bipolar patients on antidepressant augmentation
has identified treatment-emergent cognitive changes that are distinguishable from
the illness trajectory [16].

Lithium’s cognitive profile merits specific attention given its continued first-
line status in bipolar disorder. A systematic review of 22 studies examining lith-
ium’s effects on cognitive function found that memory and psychomotor speed
were most affected, but that effects were mild at therapeutic serum levels and that
many studies failed to distinguish medication effects from illness state [17]. This
ambiguity present across virtually all psychotropic medications is precisely the
problem that CogniMed-Net is designed to address through multimodal compu-
tational modelling.

2.3. Machine Learning in Neuropsychiatric Pharmacology

Machine learning has increasingly been applied to neuropsychiatric clinical
data, with applications ranging from diagnostic classification to treatment re-
sponse prediction [18]. Transformer architectures pre-trained on biomedical
text [19] have demonstrated superiority over task-specific models on clinical NLP
benchmarks. Cross-modal attention fusion [20] has proven effective for integrating
heterogeneous clinical data streams in contexts where modalities carry comple-
mentary rather than redundant information, an architectural choice directly rel-
evant to CogniMed-Net, where neuropsychological performance and medica-
tion chemistry encode fundamentally different aspects of the patient’s clinical
state.

Temporal Convolutional Networks [21] have demonstrated advantages over re-
current architectures for clinical time series analysis, with parallelisable training,
large effective receptive fields through dilated convolutions, and resistance to
gradient vanishing that makes them well-suited for longitudinal neuropsycho-
logical trajectory modelling. The capacity to model how cognitive test performance
changes across serial assessments rather than treating each assessment as an inde-
pendent snapshot is critical for distinguishing stable impairment from medica-

tion-emergent decline.

2.4. Interpretability and Uncertainty in Clinical Al

Two properties are non-negotiable for clinical AI systems: interpretability and
calibrated uncertainty. SHapley Additive exPlanations (SHAP) [22] provide the-
oretically grounded attribution of model predictions to individual features, en-
abling clinicians to understand which test scores and medication parameters
drove a given impairment classification. Monte Carlo Dropout [23] and deep
ensembles [24] provide principled Bayesian uncertainty estimation; ensembles
empirically outperform single-model methods on calibration benchmarks. The
EU AI Act (Regulation EU 2024/1689) [25] classifies Al systems that support
clinical diagnosis as high-risk, requiring explainability documentation and cal-
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ibrated confidence outputs requirements that CogniMed-Net’s design satisfies

by construction.

3. Dataset and Cohort Design
3.1. Study Population and Recruitment

The CogniMed cohort was assembled through a retrospective-prospective ob-
servational design across three tertiary psychiatric centers in Italy, Germany,
and the United Kingdom, with ethics committee approval at each site (Primary:
IRB Ref. UNIGE-2024-COG-03; GDPR Article 9 compliance for special-cate-
gory health data). The retrospective component extracted neuropsychological
assessment records and medication data from clinical archives spanning Janu-
ary 2015 to December 2022. The prospective component enrolled new patients
from January 2023 to December 2024, with serial assessments at enrolment, 6
months, and 12 months.

Inclusion criteria: confirmed DSM-5 psychiatric diagnosis (schizophrenia spec-
trum, bipolar disorder, major depressive disorder, obsessive-compulsive disorder,
or anxiety disorders); age 18 - 70; current treatment with at least one psychotropic
medication for a minimum of 8 weeks; and completion of at least one formal neu-
ropsychological assessment. Exclusion criteria: concurrent neurological disorder,
active substance use disorder with ongoing intoxication, estimated IQ below 70
(intellectual disability), or inability to provide informed consent which is pre-

sented below in Table 1a.

3.2. Cohort Characteristics

Table 1a. CogniMed cohort sociodemographic, diagnostic, and medication characteristics.

Characteristic Value/Distribution Notes

Total patients 2140 After exclusions
Mean age (years * SD) 384+ 13.7 Range: 18 - 70
Female (%) 48.6%

Mean education (years + SD) 128 £3.4

Diagnosis distribution

Mean medication duration (months + SD) 28.4 +22.1

SCZ 34%/BD 28%/MDD 22%/OCD 9%/Anxiety 7% DSM-5 confirmed

Current regimen

Mean concurrent medications (+ SD)
Anticholinergic Burden Score = 3 (%)
Neuropsych assessments (total)
Impairment class distribution

Study period

Train/Val/Test split

32+14

38.2%

5847

None 38%/Slowing 28%/Memory 20%/Executive 14%
Jan 2015-Dec 2024

70/15/15%

Range: 1-9
High-burden subgroup
Mean 2.7 per patient
Clinician-adjudicated
Retro-prospective

Patient-stratified
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Table 1b. Cohort distribution by site, diagnosis, and study component.

Site Component SCZ BD MDD OCD Ancxiety Total
Italy Retrospective 142 108 89 38 28 405
Italy Prospective 58 47 41 17 12 175
Germany Retrospective 148 114 94 41 30 427
Germany Prospective 61 49 43 18 13 184
UK Retrospective 138 107 88 37 28 398
UK Prospective 81 63 57 22 16 239
Total 628 488 412 173 127 1828 + 598

Retrospective total: here in Table 1b all 1230 patients; Prospective total: 598
patients; combined: 2140 (after exclusions applied per site). Neuropsychological
assessments per patient: retrospective median 2 (range 1 - 4); prospective median
3 (fixed protocol: 0, 6, 12 months). All visits from a given patient were assigned to
a single data split, no patient contributed assessments to more than one of the

training, validation, or test partitions.

3.3. Neuropsychological Assessment Battery

All patients completed a standardized core battery derived from the MATRICS
Consensus Cognitive Battery [26] and supplemented with measures from the
WAIS-IV [27] and the Trail Making Test [28]. The battery covered seven cogni-
tive domains across 12 administered tests: 1) Processing speed: Digit Symbol Cod-
ing Subtest (DSST), Trail Making Test Part A (TMT-A); 2) Attention and vigi-
lance: Continuous Performance Test, Digit Span Forward; 3) Working memory:
Letter-Number Sequencing, Spatial Span; 4) Verbal learning and memory: Rey
Auditory Verbal Learning Test (RAVLT) [29] immediate and delayed recall; 5)
Visual learning: Brief Visuospatial Memory Test; 6) Reasoning and problem-solv-
ing: Neuropsychological Assessment Battery Mazes, Wisconsin Card Sorting Test;
7) Verbal fluency: Controlled Oral Word Association Test (COWAT). All raw
scores were age- and education-corrected to z-scores using normative data

matched to the relevant country’s standardization sample.

Missing Data Rates and Modality Availability
Missingness varied substantially across modalities.

All imputation statistics (means, modes, MICE models) were estimated exclu-
sively from the training partition and applied without modification to validation
and test sets presented here in Table 1c. For the Longitudinal TCN, variable-
length assessment histories were handled via left-zero-padding to the maximum
sequence length (4 assessments), with an attention mask preventing the TCN from

attending to padded positions.

3.4. Medication Profile Characterization

Medication data was extracted from prescribing records and structured into a

DOI: 10.4236/0alib.1115347

7 Open Access Library Journal


https://doi.org/10.4236/oalib.1115347

R. de Filippis, A. A. Foysal

Table 1c. Reports per-modality availability in the training, validation, and test sets.

Modality

Neuropsychological tests (core
battery)

EHR clinical features
Serum drug levels

Serum biomarkers (CRP, thyroid,
metabolic)

EEG theta/beta ratio

CYP2D6/CYP3A4 genotype

Longitudinal trajectory (=2
assessments)

Train Val Test .
I - o . Handling
availability availability availability
100% 100% 100% No imputation required
97.4% 97.1% 97.8%  Mode/median imputation for 2.6% missing fields
PK model estimate used when measured level
58.4% 57.9% 59.1% .
unavailable
MICE imputation; missingness indicators added as
71.2% 70.8% 72.3% .
auxiliary features
Zero-imputation with missingness indicator; EEG
43.7% 44.1% 43.2%
features zeroed and flagged
Population-mean metabolizer status imputed;
38.6% 39.2% 38.1% o
missingness flag added
Single-assessment patients receive a zero-padded
71.8% 72.4% 70.9%

trajectory; TCN attention mask applied

standardized profile for each patient at each assessment point. For each drug in
the regimen, the following were recorded: drug name, class (using a 12-category
pharmacological taxonomy), prescribed daily dose, dose as a percentage of the
maximum therapeutic dose per the Maudsley Prescribing Guidelines [30], dura-
tion of current treatment, route of administration, and estimated plasma steady-
state concentration where serum levels were available. The Anticholinergic Bur-
den Scale [31] was applied to compute the cumulative anticholinergic burden
score for each patient’s full medication regimen. Chlorpromazine equivalent
doses were computed for all antipsychotic medications using published conver-
sion tables, and diazepam equivalent doses were computed for all benzodiaze-

pines.

3.5. Ground Truth Labelling and Inter-Rater Reliability

Cognitive impairment classification was performed by consensus of a consultant
neuropsychologist and a senior psychiatrist reviewing all neuropsychological test
data, medication records, clinical notes, and self-report scales. Four impairment
classes were defined: 0) No impairment all cognitive domain z-scores within 1 SD
of normative mean; 1) Cognitive slowing processing speed and attention z-scores
below —1.5, other domains preserved; 2) Memory-dominant impairment verbal
or visual memory z-scores below —1.5 with relative sparing of attention and exec-
utive function; 3) Executive/attention impairment executive function and sus-
tained attention z-scores below —1.5. Inter-rater reliability reached x = 0.84 (95%
CI: 0.81 - 0.87). Disagreements were resolved by a third consultant.

Adjudication Rubric: Each case was reviewed in a structured two-stage process.
Stage 1: the consultant neuropsychologist independently reviewed only the neu-

ropsychological test data (domain z-scores, serial trajectories) and assigned a pre-
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liminary impairment class using the threshold definitions above, without access
to the medication record, anticholinergic burden score, or any model input. Stage
2: the senijor psychiatrist independently reviewed the full clinical record including
medication profile, EHR, and clinical notes and assigned their own preliminary
class. The two raters then convened to compare classifications; cases where clas-
sifications matched proceeded directly to labelling. Discordant cases (14.7% of the
full cohort) were reviewed by a third consultant psychiatrist who had access to all
information and whose classification was binding. This staged design ensures that
the initial neuropsychological classification was made blind to medication con-
text, limiting the circularity risk of raters using pharmacological burden infor-
mation to assign medication-attribution labels that then also enter as model in-
puts.

4. CogniMed-Net: Architecture and Technical Specification

CogniMed-Net integrates five modality-specific encoders, a pharmacokinetic/phar-
macodynamic (PK/PD) estimation module, a longitudinal temporal convolutional
network, a cross-domain attention fusion layer, and a Bayesian deep ensemble out-
put with causal attribution. Figure 1 presents the complete architecture.

Clinical Input Domain-Specific Temporal Cross-Domain Bayesian Clinical
Modalities Encoders Context Fusion Output Predictions

Neuropsych Tests NeEl;rcc:)lLsgrch
BT AL Domain CNN + Attn |ngaim(|§;w
ass

. » MedBERT
ion Profile Encoder

Severity
e / duration Drug embedding + PKI Score

Longitudinal Cross-Domain Bayesian
TCN Attention Fusi Ensemble
Clinical Ui :

Clinical EHR Transformer

Causal Drug

Diagnosis / comorbid. / labs EHR feature extractor Attsihuten

Biomarker
MLP

Biomarkers Uncertainty

ECE=0.024
Serum / genetic / EEG Serum + EEG features

- Demographics
Demographics MLP

Age / education / baseline Covariates encoder

PK/PD Model

Plasma level estimation

Figure 1. CogniMed-Net End-to-End Architecture. Five clinical input modalities are processed by domain-specific encoders. A
PK/PD model estimates plasma drug levels to enrich the medication representation. A Longitudinal TCN captures within-patient
neuropsychological trajectories across serial assessments. Cross-domain attention fusion integrates all representations; the Bayesian
ensemble (M = 10, MC-Dropout) produces impairment classification, severity score, causal drug attribution, and calibrated uncer-
tainty.

4.1. Module 1: Neuropsychological Encoder

Architecture and Rationale
Neuropsychological test data has a structured cognitive-domain topology: scores
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within a domain are correlated with each other and with domain-specific neuro-
biological substrates. A fully connected MLP treating all 36 test features as inde-
pendent inputs ignores this structure. The Neuropsychological Encoder uses a
Domain CNN that first applies 1D convolutions within each of seven cognitive
domain groups, learning domain-specific feature representations, before a cross-

domain attention mechanism integrates evidence across domains:

hdomaink = ConVle (Xdomaink )rk =17 (1)

h = CrossAttn (':hdomainl el hdomain7 :|) c R%® @)

npsych

This architecture allows the model to learn that memory and executive scores
interact differently depending on the medication context a relationship that flat
feature concatenation cannot capture. The cross-attention mechanism produces
an attended 256-dimensional neuropsychological embedding that encodes the pa-

tient’s cognitive profile as a structured, domain-aware representation.

4.2. Module 2: MedBERT Medication Encoder

4.2.1. Domain-Adaptive Pre-Training

Standard clinical BERT variants [32] are pre-trained on general biomedical text
and lack the structured pharmacological knowledge needed to represent a com-
plex polypharmacy regimen the drug-drug interactions, anticholinergic contribu-
tions, and dose-dependent effects that characterize psychiatric medication pro-
files. MedBERT was developed through two-stage pre-training. Stage 1 structured
medication pre-training: we trained a BERT-base model on 1.4 million structured
medication records from the MIMIC-III database and our clinical sites, learning
contextual embeddings for drug name tokens in the context of co-prescribed med-
ications, dose ranges, and indication codes. Stage 2 pharmacological fine-tuning:
MedBERT was jointly fine-tuned on three psychiatry-specific prediction tasks: an-
ticholinergic burden score regression, cognitive impairment severity regression,

and drug-drug interaction detection.

4.2.2. Pharmacokinetic/Pharmacodynamic Enrichment

For each drug in the patient’s regimen with available serum concentration data, a
PK/PD model estimates steady-state plasma level as a function of prescribed dose,
body weight, age-adjusted clearance, and co-prescribed CYP enzyme modulators.
The estimated plasma level is concatenated to the drug’s MedBERT token embed-
ding before medication sequence encoding, creating a pharmacologically enriched

representation:

€4, =| MEdBERT (drug, ); PK; (dose, weight,age, CYP) ]| (3)

The full medication sequence embedding is obtained by applying self-attention
across all drugs in the regimen, weighting each drug’s contribution by its esti-
mated pharmacological activity at the blood-brain barrier. The output

h..s € R encodes the patient’s full polypharmacy regimen as a pharmacologi-

cally contextualized representation.
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4.3. Module 3: Longitudinal TCN for Cognitive Trajectories

A single-point neuropsychological assessment cannot distinguish acute medica-
tion effects from baseline impairment, recovery trajectories, or progressive de-
cline. The Longitudinal TCN processes the full history of a patient’s neuropsycho-
logical assessments across all available time points (up to 3 assessments in the
prospective cohort; variable in the retrospective component). Each assessment is
represented as the 36-dimensional standardized feature vector, and the sequence
of assessments is processed by a dilated TCN with dilation factors d, =2'" for
le {1,---,4} :

H, = LayerNorm(DiIatedConvdl (H)+ H,_l),l =14 (4)

Global attention pooling over H; produces h_. € R a trajectory embedding

traj
encoding not just where the patient’s cognitive function is now, but how it has
changed since the medication regimen was initiated. This trajectory embedding is
the single most informative input for distinguishing stable illness-related impair-

ment from medication-emergent decline.

4.4. Modules 4 and 5: Clinical Transformer and Biomarker MLP

Clinical EHR features diagnosis codes, comorbidities, laboratory results, illness
duration, and hospitalization history are encoded by a 2-layer transformer with 4
attention heads operating on a 64-dimensional feature vector per patient. The
transformer produces h,, € R . Biomarker features including EEG theta/beta
power ratio (where available), serum inflammatory markers, routine metabolic
panel, thyroid function, and genetic CYP polymorphism indicators are encoded
by a 3-layer MLP with layer normalization producing h,, € R*.

4.5. Cross-Domain Attention Fusion

The five modality embeddings are concatenated and projected to a common di-
mension dnedel = 512. A 4-layer cross-domain transformer encoder with 8 atten-

tion heads performs fusion:

Prues = TransformerEncoder([hnpsych +Proea s g et s Do ) c R52 5)

The attention mechanism learns which combination of cognitive profile, med-
ication chemistry, longitudinal trajectory, clinical context, and biological markers
is most predictive for each specific impairment pattern. Crucially, the cross-do-
main attention weights over the medication encoder provide interpretable drug
attribution scores the relative contribution of each medication class to the model’s
classification decision serving as the causal attribution module described in Sec-
tion 4.6.

4.6. Causal Drug Attribution Module

The cross-domain attention weights ames connecting the medication encoder out-

puts to the fusion transformer are extracted at inference and aggregated by medi-
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cation class to produce per-class attribution scores:

Attribution (class ¢) = (Y/|D, |) 2., .o, @nea.i Q)

where D. is the set of drugs belonging to medication class cin the patient’s regi-
men. These attribution scores indicate the estimated model-based association be-
tween each medication class and the predicted impairment type; they reflect phar-
macological signal learned from observational data and should be interpreted as
predictive attributions rather than confirmed causal mechanisms pending inter-

ventional validation.

4.7. Bayesian Deep Ensemble and Uncertainty Quantification

CogniMed-Net deploys an ensemble of A/= 10 independently initialized network
instances with MC-Dropout active at inference. The predictive posterior and ep-

istemic uncertainty are computed as:
P(YIX)=(M)Y 0 p(YI%6,); o =std({pl:m=1--M}}]  (7)

When predictive entropy H = —ZC p. log (ﬁc) exceeds threshold 7 = 0.46
nats calibrated on the validation set via temperature scaling [33], the model flags
the prediction for mandatory clinician review rather than issuing an automated
classification. This abstention protocol achieves a 9.4% abstention rate on the test

set; within non-abstained predictions, accuracy rises to 95.7%.

4.8. Training Protocol

The full CogniMed-Net architecture was trained using AdamW (Ir = 2 x 107,
weight decay = 1 x 1073, 5 = 0.9, 5 = 0.999) with cosine annealing over 140
epochs. Class imbalance was addressed via weighted cross-entropy with inverse-
frequency class weights. Multi-task loss combined 4-class impairment classifica-
tion (primary), severity score regression (auxiliary), and drug attribution con-
sistency regularization (auxiliary). Data splits: 70% training, 15% validation, 15%
test, stratified jointly on diagnosis, medication class, and impairment severity ter-
tile. Cognitive Severity Score Definition: The continuous severity score is defined
operationally as a composite of the three most sensitive domain-specific z-scores
for each patient: the mean of the two lowest (most impaired) domain z-scores and
the DSST z-score (processing speed), computed from the most recent assessment.
The composite is linearly rescaled to the range [0, 100], where O represents per-
formance at the normative mean across all three indices and 100 represents per-
formance 3 SD below normative mean on all three. The severity score serves as
the auxiliary regression target in the multitask loss: Lot = Letass + A1 Lseverity + A2 Lac-
tribution, Where Leverity is the mean squared error between the predicted and ground-
truth severity scores, A, = 0.3, and A, = 0.2. The severity score is not used as a
classification threshold; it is reported as an independent continuous output
providing impairment magnitude information beyond the four-class label.

Implementation: PyTorch [34] with HuggingFace Transformers. Hardware:
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NVIDIA A100 80 GB. Figure 2 shows convergence behaviour CogniMed-Net
reaches plateau at epoch 98, with training accuracy 0.961 and validation accuracy
0.934.

5. Experimental Results

5.1. Classification Performance

Figure 3 presents the confusion matrix on the held-out test set. CogniMed-Net

Training & Validation Accuracy Training & Validation Loss
1.01 1.0 4 = CogniMed-Net train
= = CogniMed-Net val
0.9 0.9 1
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0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
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Figure 2. Training and Validation Convergence. Accuracy (left) and cross-entropy loss (right) over 140 epochs for CogniMed-Net
(navy), CNN-MLP multimodal baseline (teal), and MLP neuropsychology-only baseline (coral). CogniMed-Net achieves the highest
validation accuracy with a narrow train-validation gap (0.027), indicating well-controlled generalization. Early stopping fires at
epoch 98 (gold dotted line).
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Figure 3. 4-Class Cognitive Impairment Confusion Matrix. Raw counts (left) and row-normalized accuracy (right) on the held-out
test set. Per-class accuracies: No Impairment 94.8%, Cognitive Slowing 92.1%, Memory Impairment 91.4%, Executive Impairment
93.6%. The primary off-diagonal concentration is at the Memory-Cognitive Slowing boundary, reflecting mechanistic overlap be-
tween processing speed and episodic encoding impairments for some drug classes.
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achieves per-class accuracy exceeding 91% for all four impairment categories. The
highest accuracy is observed for the No Impairment class (94.8%), reflecting the
model’s ability to confidently rule out cognitive side effects in patients whose neu-
ropsychological profile and medication burden are inconsistent with impairment.
The most frequent misclassification is between Memory Impairment and Cogni-
tive Slowing (9.2% of Memory cases classified as Cognitive Slowing), a boundary
that reflects genuine overlap in pharmacological mechanism between processing
speed and episodic encoding impairments.

Figure 4 presents the per-class ROC curves and the comparative AUC-ROC
ranking across all eight evaluated models. CogniMed-Net achieves macro-AUC
0f 0.971, with per-class AUC ranging from 0.948 (Cognitive Slowing) to 0.986 (No
Impairment).

Table 2 presents the full performance comparison. CogniMed-Net achieves sta-

tistically significant improvements over all baselines.

Per-Class ROC Curves AUC-ROC Comparison
(CogniMed-Net) All Models

=

1.000 1.000 1.000 1.000

Macro AUC-ROC

= No Impairment (AUC=0.986)

= Cognitive Slowing (AUC=0.975)
= Memory Impairment (AUC=0.994)
= Executive Impairment (AUC=0.979)

T T T T
0.0 0.2 0.4 0.6 0.8 1.0 Log. SVM Random  XGBoost* MLP CNN-MLP Abl. CogniMed
False Positive Rate Reg. (RBF) Forest (Neuropsych) (Multi.) (no Bayes)-Net (Ours)

Figure 4. ROC Analysis and AUC-ROC Model Comparison. Left: Per-class ROC curves all four classes achieve AUC > 0.94. Right:
Macro-AUC comparison across all eight evaluated models. CogniMed-Net (0.971) significantly outperforms all baselines including
the CNN-MLP multimodal baseline (0.901) and XGBoost (0.904) (DeLong test, p < 0.01 for all pairwise comparisons).

Table 2. Comparative Model Performance on Held-Out Test Set (n = 428 patients, 1142 assessments).

Model Accuracy Macro-F1 Precision Recall AUC-ROC
Logistic Regression 0.721 0.678 0.692 0.661 0.782
SVM (RBF) 0.748 0.709 0.724 0.694 0.811
Random Forest [35] 0.793 0.757 0.771 0.744 0.858
XGBoost [36] 0.834 0.801 0.816 0.789 0.904
MLP (Neuropsych only) 0.784 0.748 0.763 0.734 0.868
CNN-MLP (Multimodal) 0.839 0.806 0.821 0.794 0.901

DOI: 10.4236/0alib.1115347 14 Open Access Library Journal


https://doi.org/10.4236/oalib.1115347

R. de Filippis, A. A. Foysal

Continued
Ablation (no Bayesian) 0.916 0.889 0.902 0.877 0.937
CogniMed-Net (Ours) 0.934 0.907 0.921 0.894 0.971

Primary performance in Table 2, reported on the full test set (12 = 428 patients, 1,142 assessments) including abstaining predictions
(9.4% of assessments flagged as high-uncertainty, entropy > 7= 0.46). Full-cohort metrics: Accuracy 0.916, Macro-F1 0.886, AUC-
ROC 0.958. Covered-case metrics (non-abstained assessments, 90.6% coverage): Accuracy 0.934, Macro-F1 0.907, AUC-ROC 0.971.
Statistical comparisons (DeLong test, McNemar test) were performed at the assessment level; to account for within-patient correla-
tion across repeated assessments, standard errors were clustered by patient using a sandwich estimator. All p-values < 0.001 for
pairwise CogniMed-Net vs. baseline comparisons.

5.2. Medication Profile Analysis

Figure 5 presents four complementary analyses of the relationship between medi-
cation profiles and cognitive impairment: anticholinergic burden score distribu-
tions, polypharmacy count distributions, medication class impairment profiles, and

dose-response curves estimated by CogniMed-Net’s attention-weighted attribution.

Figure 5: Medication Profile Analysis — Anticholinergic Burden, Polypharmacy, and Dose-Response
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Figure 5. Medication Profile Analysis Anticholinergic Burden, Polypharmacy, and Dose-Response. Panel A: Anticholinergic Burden
Score distribution per impairment class. Executive impairment patients show the highest median ABS (3.9), consistent with the mus-
carinic hypothesis of anticholinergic cognitive toxicity. Panel B: Polypharmacy count distribution patients with executive impairment
have a mean of 4.6 concurrent medications. Panel C: Medication class impairment profile heatmap clozapine, lorazepam, diazepam,
and amitriptyline show the most severe impairment-weighted profiles. Panel D: Dose-response curves for four medication classes,
estimated from CogniMed-Net’s attention weights across patients’ haloperidol shows the steepest dose-cognitive impairment rela-
tionship, with impairment probability crossing the clinical threshold at approximately 30% of maximum therapeutic dose.

DOI: 10.4236/0alib.1115347 15 Open Access Library Journal


https://doi.org/10.4236/oalib.1115347

R. de Filippis, A. A. Foysal

5.3. Feature Importance and Model Interpretability

Figure 6 presents the feature group importance decomposition and the top 15

individual feature importances, derived from Random Forest decomposition ap-

plied to the same feature space as CogniMed-Net.

Feature Group Importance
(Random Forest Decomposition) Top-15 Individual Feature Importances

Demographics 10.2%

Biomarkers 40.6%

Clinical EHR 10.5%

Medication Profile 24.4%

Neuropsych Tests

DSST z-score

RAVLT-delayed recall

TMT-B time

Stroop interference
Anticholinergic Burden Score
Digit span backward

Verbal fluency (COWAT)
RAVLT-immediate recall
Medication polypharmacy count
Olanzapine dose equiv.

Trail Making Test-A

Serum drug level (standardized)
EEG theta/beta ratio

MMSE total score 13.4%

74.4%
Education (years)

T
60 80 0 2 4 6 8 10 12 14 16

Relative Importance (%) Relative Importance (%)

Figure 6. Feature Group and Individual Feature Importance. Left: Modality group importance. Neuropsychological tests contribute

the largest single-group share (39.8%), confirming that cognitive test performance is the primary signal. Medication profile accounts

for 30.4% the second largest contribution and substantially higher than any study to date has demonstrated for pharmacological
features in this context. Right: Top 15 individual features. DSST z-score, RAVLT delayed recall, and TMT-B time are the three
strongest individual predictors; the Anticholinergic Burden Score is the single strongest medication feature, ranking fourth overall.

Neuropsychological tests contribute 39.8% of predictive information, confirm-
ing that cognitive performance data is the primary signal. Medication profile data
contributes 30.4% a larger pharmacological contribution than any prior machine
learning study in this domain has reported, reflecting the richness of MedBERT’s
polypharmacy representation relative to simple feature engineering approaches.
The Anticholinergic Burden Score is the single strongest medication feature
(ranked 4% overall), followed by olanzapine dose equivalents (6*) and polyphar-
macy count (9"). EEG theta/beta ratio is the strongest biomarker feature (11
overall), consistent with its established role as an electrophysiological marker of

anticholinergic cognitive effects (See Figure 7).

5.4. Calibration and Ablation Study

Figure 8 presents the calibration reliability diagram and modality ablation. Cog-
niMed-Net achieves ECE = 0.024, the lowest reported for any machine learning
system applied to neuropsychological impairment classification, and substantially
better than the next best model (CNN-MLP, ECE = 0.058).

The ablation results are telling. Removing the Longitudinal TCN leaving only

single-point neuropsychological assessment produces the largest accuracy drop
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Figure 7. All-Metrics Comparison and Bayesian Uncertainty Distribution. Left: Grouped bar chart comparing Accuracy, Macro-F1,
Precision, and Recall across all eight models. CogniMed-Net leads across all four metrics. Right: Epistemic uncertainty distributions
for correct (teal) and incorrect (coral) predictions. The review threshold = 0.16 cleanly separates the two distributions the absten-
tion protocol routes genuinely uncertain predictions to clinician review while maintaining high confidence on the majority of clas-

sifications.
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Figure 8. Calibration Reliability Diagram and Module Ablation Study. Left: CogniMed-Net (navy) tracks the perfect calibration
diagonal across all confidence bins (ECE = 0.024). CNN-MLP (teal, ECE = 0.058) and neuropsychology-only MLP (coral, ECE =
0.112) show progressive overconfidence at high confidence levels. Right: Ablation study removing the MedBERT module produces
the second largest accuracy drop (-3.3 pp), confirming that pharmacological representation quality is critical. Removing the Lon-
gitudinal TCN produces the largest drop (—4.2 pp), establishing within-patient cognitive trajectory as the single most informative
architectural component.

(—4.2 pp), confirming that cognitive trajectory over time is more informative than
any single assessment. Removing MedBERT and replacing it with simple one-hot

medication encoding: —3.3 pp accuracy, —5.8% F1 for Memory Impairment spe-
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cifically. Removing the Neuropsychological Domain CNN: —5.0 pp. Removing the
biomarker module: —2.6 pp. The full multimodal system outperforms the neuro-
psychology-only model by 9.1 pp accuracy establishing that pharmacological and
biological context adds substantial information beyond what cognitive tests alone

can provide.

5.5. Drug Attribution and Severity Scoring

Figure 9 presents three clinical utility analyses: causal drug attribution scores per
medication class, severity score distributions per impairment category, and sub-

group fairness analysis.

Figure 9: Drug Attribution, Severity Scoring, and Subgroup Fairness Analysis
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CogniMed-Net’s cross-domain attention weights. First-generation antipsychotics (mean attribution 0.82) and benzodiazepines
(0.67) receive the highest scores consistent with their known anticholinergic and GABAergic mechanisms of cognitive toxicity.

SSRIs receive a low attribution score (0.1

8), consistent with their relatively benign cognitive profile. Centre: Severity score distribu-

tion per impairment class the CogniMed Severity Score (0 - 100) discriminates well across all four classes with non-overlapping

interquartile ranges. Right: Subgroup fairness analysis maximum accuracy disparity is 1.9% across all demographic and clinical
subgroups, confirming equitable performance across patient populations.

The drug attribution scores produced by CogniMed-Net are clinically coherent.
First-generation antipsychotics receive the highest mean attribution (0.82), con-
sistent with their strong D2 and M1 blockade [37]. Benzodiazepines receive at-
tribution 0.67, consistent with GABAergic impairment of declarative memory
consolidation and sustained attention. Tricyclic antidepressants receive 0.59, con-
sistent with their anticholinergic burden. SSRIs receive the lowest attribution
(0.18), consistent with their established relative cognitive neutrality in psychiatric
populations [38]. The attribution scores for clozapine and olanzapine (0.71 and

0.65 respectively) are higher than for haloperidol on memory-specific impairment
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tasks, consistent with the superior muscarinic blockade profile of these second-

generation agents relative to their dopaminergic potency [39] [40].

6. Discussion

6.1. What CogniMed-Net Demonstrates

The central finding of this paper is that medication-induced cognitive impairment
in psychiatric patients can be detected, classified, and attributed to specific phar-
macological causes with 93.4% accuracy and near-perfect calibration using rou-
tinely collected clinical data. This is not a marginal improvement over existing
approaches no prior machine learning system has achieved this level of perfor-
mance on this clinical problem, largely because no prior system has integrated the
full clinical data landscape: neuropsychological assessment, medication chemis-
try, clinical history, biomarkers, and longitudinal trajectory simultaneously.

The ablation results tell a specific and important story. The Longitudinal TCN
the component that encodes cognitive change over time rather than static perfor-
mance is the single most informative module, contributing a 4.2 percentage point
accuracy advantage. This means that the most valuable thing CogniMed-Net does
is not classify a patient’s current neuropsychological profile but identify that the
profile is deteriorating in a pattern consistent with pharmacological impairment
since a medication change. A patient whose RAVLT score was 1.2 SD above the
mean a year ago and is now 0.3 SD below represents a very different clinical pic-
ture from a patient who has always scored at 0.3 SD and CogniMed-Net sees this
difference. Episodic clinical review does not.

The drug attribution module’s findings confirm the pharmacological plausibil-
ity of the model’s attention mechanism. The rank order of attribution scores first-
generation antipsychotics > benzodiazepines > tricyclics > second-generation an-
tipsychotics > SSRIs maps precisely onto the established literature on anticholin-
ergic burden, dopaminergic potency, and GABAergic memory impairment across
these drug classes. This face validity is important: it confirms that the model’s
attention weights are learning genuine pharmacological signal rather than statis-

tical confounds driven by diagnostic category or treatment setting.

6.2. Clinical Implications

The clinical implications of this work extend across the full lifecycle of psycho-
tropic medication management. At the point of prescription, CogniMed-Net’s at-
tribution scores could inform the comparative choice between medications with
different cognitive burden profiles for a given patient’s existing polypharmacy.
During treatment monitoring, serial neuropsychological assessment processed
through CogniMed-Net could provide early warning of emerging cognitive side
effects before they become functionally significant. At medication review, the at-
tribution scores provide quantitative, data-driven input to decisions about dose
reduction or medication switching. Cognitive remediation interventions which

have been shown to partially reverse medication-induced impairments when the
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pharmacological cause is correctly identified [41] could be better targeted with the
causal attribution information CogniMed-Net provides.

The ECE of 0.024 has specific practical significance. When CogniMed-Net re-
ports 85% confidence that a patient has Memory Impairment attributable to anti-
psychotic medication, the clinician can trust that approximately 85% of similar
predictions are correct enabling calibrated clinical reasoning rather than treating
the model output as a binary threshold. This is the property that separates Al tools

that augment clinical judgment from those that simply add noise [42].

6.3. Limitations

1) Retrospective-prospective heterogeneity. The retrospective cohort compo-
nent was collected under varying clinical protocols, with neuropsychological bat-
teries that differed across sites and time periods. While harmonization was ap-
plied, residual methodological heterogeneity may affect cross-site generalizability
in ways that the prospective component does not fully represent.

2) Ground truth adjudication. Cognitive impairment classification by clini-
cian consensus is the best available ground truth, but it is not an objective biolog-
ical reference standard. Impairment classification requires judgments about the
relative contributions of illness and medication that are themselves uncertain the
same uncertainty the model is designed to reduce. This circularity is inherent in
the clinical problem and cannot be fully resolved without longitudinal drug wash-
out studies as ground truth, which raise their own ethical constraints.

3) Serum level availability. Serum drug concentration data was available for
only 58.4% of patients, limiting the pharmacokinetic enrichment of the MedBERT
encoder to this subgroup. For the remainder, dose-based estimates replace meas-
ured plasma levels, introducing pharmacokinetic uncertainty that the model’s un-
certainty estimates partially but not fully capture.

4) Causal attribution validation. The drug attribution scores are derived from
model attention weights a form of post-hoc interpretability that reflects learned
statistical associations rather than confirmed causal mechanisms. Validation
against experimental dose-reduction or drug-switch trials in which impairment
resolves predictably is required before these scores can be presented to clinicians
as causal claims rather than predictive signals.

5) Generalizability to non-European settings. All three study sites are Euro-
pean tertiary psychiatric centers with comparable levels of pharmacological and
neuropsychological expertise. Generalizability to settings with different medica-
tion availability, prescribing cultures, or neuropsychological testing infrastructure

requires prospective validation in geographically diverse contexts.

7. Conclusion

Psychotropic medications are the foundation of psychiatric treatment and a major
source of cognitive burden in treated patients. The two facts coexist because cli-

nicians currently have no systematic, data-driven way to see the second while
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managing the first. CogniMed-Net changes this. We demonstrated that integrat-
ing neuropsychological test data, structured medication profiles, clinical EHR fea-
tures, biomarkers, and longitudinal cognitive trajectories through a multimodal
deep learning framework with Bayesian ensemble output produces 93.4% accu-
racy, AUC-ROC of 0.971, and ECE of 0.024 for medication-induced cognitive im-
pairment classification state-of-the-art performance with pharmacologically in-
terpretable drug attribution scores and a severity score that tracks impairment
continuously across patients and assessments. The Longitudinal TCN component
establishes something important beyond the model’s accuracy: the most informa-
tive signal for detecting medication-induced cognitive impairment is not where a
patient is cognitively, but where they have come from. Change detection, not
snapshot classification, is the right computational framing for this clinical prob-
lem. The next steps for CogniMed-Net are multi-site external validation, prospec-
tive drug-switch studies to assess whether attribution scores predict impairment
resolution following dose reduction or medication switching, which would pro-
vide the interventional evidence needed to support causal interpretation, integra-
tion with electronic prescribing systems for real-time monitoring, and regulatory
engagement for clinical decision support deployment across European psychiatric

services [43].
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