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Abstract—Patients with chronic kidney disease (CKD) under-
going peritoneal dialysis (PD) commonly experience multimor-
bidity and polypharmacy, making adverse drug reaction (ADR)
risk highly patient-specific. Conventional trials and drug-centric
computational models often lack sufficient patient context and
longitudinal validity to capture context-specific safety signals
in real-world PD follow-ups. We propose PS-PDNet, a patient-
state—conditioned deep learning framework that integrates clini-
cal indicators and longitudinal prescriptions to predict ADR risk
in PD. By conditioning pharmacodynamics modeling on clinical
state and exposure history, PS-PDNet supports individualized
safety assessment. Coupled with counterfactual inference, it
highlights high-risk drugs and combinations and summarizes
them into category-level exposure patterns for ADR surveillance
and medication optimization in real-world PD care.

Index Terms—ADR Prediction, Pharmacodynamics Modeling,
Counterfactual Inference, Peritoneal Dialysis

I. INTRODUCTION

Patients with chronic kidney disease (CKD) often live with
multimorbidity and long-term medication exposure, making
polypharmacy commonplace [1]-[3]. In this setting, adverse
drug reactions (ADRs) and drug—drug interactions (DDIs)
are not isolated events but safety signals that may evolve
with changing patient physiology, comorbidity profiles, and
concomitant medications [4]-[6]. However, conventional drug
trials are often underpowered for rare or context-specific
ADRs, and their restricted follow-up and homogeneous en-
rollment limit generalizability to real-world PD care [7], [8].

Existing ADR/DDI prediction studies largely rely on drug-
centric learning from curated knowledge bases or pharma-
covigilance resources, providing mechanistic priors but limited
patient context [9]-[13]. In contrast, electronic health records
(EHRs) provide a rich, patient-grounded source for detecting
adverse drug events and medication-related relations in real-
world care, enabling pharmacovigilance to move beyond drug-
only signals toward context-aware safety assessment [14],
[15]. EHR-based medication modeling has been explored for
recommendation and outcome prediction, yet many methods
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treat longitudinal history as aggregated covariates rather than
explicitly modeling state-conditioned, time-evolving pharma-
codynamics [16]-[19]. For PD surveillance, this gap is clin-
ically consequential: the same drug or combination may be
tolerable in one patient but precipitate electrolyte or hepatic
abnormalities in another, depending on baseline reserve, lon-
gitudinal laboratory trends, and prior ADR trajectories [20],
[21].

To address these challenges, we frame ADR trajectory pre-
diction in PD follow-ups as patient-state—conditioned pharma-
codynamics modeling. We propose PS-PDNet, which couples
prescription records with a previous-visit patient state, so that
the same polypharmacy regimen is mapped to different risk
representations under different clinical states, enabling individ-
ualized medication-effect estimation aligned with PD decision-
making. Importantly, PS-PDNet is counterfactual-ready by de-
sign: its tokenized medication representations allow systematic
removal-based perturbations to quantify PD-sensitive drugs
and co-medication patterns. With an interpretation workflow,
it translates model-derived signals into clinically readable
category-level findings and exposure patterns for actionable
ADR surveillance under real-world polypharmacy. The pri-
mary contributions of this research are summarized as follows:

o We propose PS-PDNet, a deep learning network for ADR
prediction in PD under multimorbidity and polypharmacy,
and couple it with counterfactual inference to prioritize
high-risk drugs and drug combinations. An interpretation
workflow is then applied to contextualize these findings
and assess their plausibility.

o PS-PDNet introduces a two-stage attention architecture
with IPIT for intra-prescription interaction modeling
and IPTT for inter-prescription temporal modeling. Both
modules are conditioned on the previous-visit patient
state, enabling patient-specific pharmacodynamic repre-
sentations.

« We incorporate switchable pairwise and triplet feature ex-
traction modules to construct explicit interaction tokens.
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Fig. 1. Overview of PS-PDNet and the interpretation pipeline.

Using counterfactual perturbations, we quantify each drug
and combination’s marginal contribution to a target ADR
endpoint, supporting post-hoc interpretation.

II. DATA PREPARATION

The dataset was obtained from the Peritoneal Dialy-
sis Telemedicine-based Management Platform (PDTAP), an
internet-enabled clinical management system for PD follow-
up. This retrospective analysis was conducted on a single-
center prospective cohort approved by the Biomedical Re-
search Ethics Committee of Peking University First Hospital
(Approval No. 2018 Scientific Research-100) and registered
on ClinicalTrials.gov (NCT03571451; 2018-06-20). Written
informed consent was obtained from all participants.

We collected longitudinal follow-up records spanning
2016-2025, including repeated laboratory measurements (e.g.,
serum biochemistry and complete blood counts) and time-
stamped prescription records. The cohort comprised 29,038
visits from 1,098 patients; after excluding visits without a
prior follow-up within 3 months, 26,348 visits were retained
as eligible samples. On average, each patient contributed 25
samples, each sample contained 2.5 prescriptions, and each
prescription included 8.5 distinct medications across approxi-
mately 500 medications.

For each follow-up instance, laboratory results were aligned
to the visit time, and medication exposure was reconstructed
from the prescription sequence preceding that visit. After
eligibility screening and variable harmonization, we retained
66 baseline and physiological indicators as inputs. The predic-
tion targets comprised six clinically relevant ADR endpoints:
alanine aminotransferase increased, aspartate aminotransferase
increased, blood bilirubin increased, y-glutamyltransferase in-
creased, hyperkalemia, and hypokalemia. Each endpoint was
formulated as a three-class outcome to reflect clinically mean-

ingful trajectories across consecutive visits, where class (2)
indicates exacerbation, class (1) indicates no change, and class
(0) indicates remission. Exacerbation—our primary endpoint
of interest—accounted for 4.73% of eligible samples. To
improve clinical interpretability and mechanistic coherence
under polypharmacy, each medication was mapped to a three-
level category system based on clinical use, pharmacological
mechanism, and therapeutic specialty (excluding traditional
Chinese medicines). Baseline and physiological variables were
grouped by type (continuous, binary, ordinal, and nominal) and
processed with type-specific normalization and encoding.

III. PROPOSED METHODOLOGY
A. Model Overview

We propose PS-PDNet, a patient-state—conditioned deep
learning framework for ADR risk prediction in PD follow-
ups (Fig. 2). Each visit is modeled as a joint input of current
physiological indicators, a previous-visit patient state, and a
longitudinal prescription record.

Prescription records are mapped to drug features via hierar-
chical drug semantic embeddings initialized from multi-level
drug category text using a Sentence Transformer. To represent
higher-order polypharmacy, PS-PDNet constructs single-drug,
pairwise, and triplet tokens. IPIT encodes within-prescription
interactions under previous-visit state conditioning, and IPTT
models temporal dynamics across prescriptions with a causal
mask. The resulting medication representation is fused with
physiological features to predict the multi-class ADR outcome.

B. Feature Vectorization Encoder

A PD follow-up sample is indexed by i € {1,...,M},
where M is the cohort size. We represent each sample as
the tuple Dz = (Xg)lr)&xgl)r, {Pt(z) }?;1), where X<(:Zu)r c Rdbase
denotes current-visit baseline and physiological indicators, and
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Fig. 2. Architecture of PS-PDNet

x\9, € RatLC denotes the previous-visit patient-state

features augmented with prior ADR status. The prior ADR
state is encoded over L ADR endpoints, each with C' classes.

Prescription records are represented as a time-ordered se-
quence {Pt )}t 1» where each Pt(l) is a multiset of medica-
tions. Let 1V be the drug vocabulary and v € V denote a drug
with hierarchical category text 7 (v). A Sentence Transformer
encoder fsr(-) maps 7 (v) to a dense embedding e, € R
These text-derived vectors initialize trainable drug embed-
dings and improve transferability by encoding mechanism-
and class-level semantics. For prescription t of sample ¢,

N with s(z) e R4,

we denote single-drug tokens as {s nel
where Nl(z is the number of unique medlcatlon instances. To
construct higher-order medication tokens, we use learnable
extractors ¢o R2¢ — R4 and ¢4 R3¢ — R9. For
selected pairs (n m) and triplets (n, m, k) within prescription
) = 2 (concat(sﬁlzl,sg ,)n)) € RY, and
Elgn iy = 3 (concat(s,gle, sgf,)n,sil,)c)) € R9. Pairwise
and triplet tokens were retained only after informatics-based
screening of clinically plausible and sufficiently supported co-
medication patterns. Denote the counts of pairwise and triplet
tokens as NZ(Zt and Nézt) , respectively, and define Nt(”
N +N2(,5)+N§ ") Stacking all tokens yields H{" € RN:"x,
which serves as the input token matrix for intra-prescription
modeling.

t, we form pt(

C. IPIT and IPTT Module
Given the token matrix Hgi), IPIT performs within-
prescription pharmacodynamic aggregation conditioned on the

PD patient’s recent clinical state. Specifically, the previous-
visit patient state xgr)e is used as a conditioning signal in at-
tention allocation, so an identical drug set can induce different
risk-relevant summaries under different physiological reserves
and prior ADR trajectories. We project xl()r)e into the token
space via Qt 1 quxl(or)e + by, € R4, compute patient-

conditioned attention scores ai” = softmax(%) €
RN and obtain the prescription representation by a weighted
pooling, u{” = (a!")TH!" € R?. This design couples
prior patient tolerance, including previous ADR status, to
the contribution of single-, pair-, and triplet-level medication
tokens, which matches PD practice where exacerbation risk is
often driven by state-dependent susceptibility rather than drug
identity alone.

IPTT further models across- prescription temporal dynamics
on the time-ordered sequence {ut }t ;. To encode causal
exposure evolution, IPTT uses a unidirectional attention mask
so that the representation at time ¢ only attends to {1,...,¢}.
Let U® = stack(ul”,..., (i)) € RTxd and MO ¢
{—00, 0}Ti*Ti be the causal mask with M( ) = —oo for 7 >
t. IPTT forms a state-and-time condltloned query so that
prescription salience de%)ends on both patient history and
exposure timing. Let gt € R denote a learned embedding
of temporal distances that summarizes the gap from prescrip-
tion ¢ to the current visit and to the next prescription, and
define S; — W, concat(x\ie, g\"”)) + by, € R™ Using
standard scaled dot-product attention with masked future po-
sitions, one layer can be written as Attn (Qg), K®, V(i)) =

(1) (g (3) . ) .
softmax(W_FM(Z)) V@, where QS) c RT:xd

stacks QEI% over time and K, V(O ¢ RT:*4 are linear
projections of U Stacking such causal layers yields UM ¢
RTixd which captures how earlier prescriptions propagate
forward under state-dependent pharmacodynamics. This is
important because ADR exacerbation depends on accumulated
exposure history, while future prescriptions must not leak into
earlier risk estimation.

D. ADR Prediction and Masked Multi-Task Optimization

Given the IPTT-derived visit-level medication representation
hf&) € R and the physiology representation h;g% € R
(hphys is produced by the Patient-State Transformer (PST)
from xf)r)c and x%,), where d is the latent feature dimension,
we fuse them by concatenation h() = concat(h\¥, hégys) €
R?4, A prediction head gy(-) maps h(® to multi-endpoint
logits o) = g (h(i)) € RLXC where L and C denote the
numbers of endpoints and classes, respectively. For each end-
point /, the class probability is pi”) = softmax(ogf?) €[0,1]¢
where y, € {0,1,. — 1} denotes the observed ADR-
change class between two consecutive follow-ups.

To handle missing endpoint annotations, we introduce an
endpoint-wise validity mask m() € {0, 1}~ and optimize only



TABLE I
COMPARISON OF PREDICTIVE PERFORMANCE ACROSS BASELINE MODELS
AND PS-PDNET

Methods Accuracy Fl-macro AUROC-macro AUPRC-macro
LSTM 0.881 0.654 0.898 0.649
DeepSets 0.897 0.653 0.899 0.649
RETAIN 0.895 0.648 0.889 0.638
ChronoFormer 0.906 0.654 0.901 0.649
SHGT 0.892 0.647 0.894 0.640
ICP-Transformer 0.894 0.648 0.895 0.634
PS-PDNet 0.897 0.656 0.905 0.643

evaluable endpoints. Let p}”’ = p{” [y"”] € (0,1] be the prob-
ability assigned to the observed class. The masked multi-class

focal objective for sample i is £1) = m sk mi
Qp (1- pgi))V ( — logpéi)>, where v > 0 is the focusing
exponent and ap , > 0 is a class weight. The cohort-level ob-
jective is £ = 7 Zi\il L‘(Figcal. This mask-aware formulation
preserves supervision under intermittently missing laboratory
endpoints, while the focal factor emphasizes rare but clinically
critical trajectory changes.

IV. EXPERIMENTS
A. Experimental Protocol and Baseline Comparison

We evaluated ADR risk prediction for PD follow-up visits
under a unified protocol designed to reflect real-world lon-
gitudinal care and polypharmacy. The dataset was split into
training and validation sets at a 9:1 ratio. Importantly, the split
was performed at the patient level to prevent information leak-
age across repeated visits from the same individual. We com-
pared PS-PDNet against six representative baselines spanning
temporal sequence learning (LSTM), permutation-invariant set
modeling (DeepSets [22]), clinically motivated visit-level at-
tention (RETAIN [17]), time-aware Transformer architectures
for irregular clinical timelines (ChronoFormer [23]), structure-
aware hypergraph Transformers for higher-order medication
relations (SHGT [24]), and an interaction-conditioned pre-
scription Transformer (ICP-Transformer [25]). Collectively,
these baselines cover common modeling assumptions in med-
ication—outcome studies, ranging from order-invariant pooling
to sequential dependence, explicit time modeling, and high-
order interaction reasoning. For a fair comparison, all baselines
were trained under the same data preprocessing pipeline, using
comparable model depth/capacity, and a consistent training
protocol; all models converged on the validation set.

Performance was summarized using Accuracy, Fl-macro,
AUROC-macro, and AUPRC-macro (Table I). All baselines
were adapted to our dataset and task formulation, so the results
may not reflect their original upper bounds. Notably, macro-
level F1 remains modest across methods, largely due to severe
class imbalance (the dominant “No change” class accounts for
~ 90.5% of samples) and stochastic, non-medication factors
that shape ADR trajectories. Nevertheless, PS-PDNet achieves
the best overall performance under the same protocol (Accu-
racy = 0.897, Fl-macro = 0.656, AUROC-macro = 0.905, and

TABLE II
ABLATION EXPERIMENTS OF PS-PDNET WITH DIFFERENT COMPONENTS

Component Choice
Hierarchical Embedding v v v v
Combo Drug Tokens v v v v
Causal IPTT v v v v
Patient-State Conditioning v v v v
F1-macro 0.645 0.646 0.655 0.643  0.656
mEE Exposure = 0
Exposure > 0
0000 ACEls ARBs ARB FDCs

Fig. 3. Proportion of hyperkalemia exacerbation stratified by exposure status
(exposure = 0 vs exposure > 0) for three representative highest-A drug
categories.

AUPRC-macro = 0.643), and its state-conditioned, temporally
causal design better aligns with the medication—effect pathway,
providing a principled basis for the counterfactual analyses that
follow.

B. Ablation Study

In ablation studies, we report Fl-macro for class-balanced
evaluation. Table II shows that all components contribute to
PS-PDNet (Fl1-macro = 0.656). Replacing hierarchical text-
initialized embeddings with a single ID embedding reduces
Fl-macro to 0.645, indicating that category-level semantics
improves generalization beyond drug identifiers. Removing
pair/triple combination tokens reduces Fl-macro to 0.646,
suggesting that higher-order co-medication tokens capture risk
signatures beyond single-drug tokens. Replacing causal IPTT
with a non-causal variant yields a small decrease (0.655),
but the causal mask remains clinically necessary to enforce
temporal validity and prevent future-prescription leakage when
modeling exposure accumulation over follow-ups. Finally,
removing patient-state conditioning causes the largest drop to
0.643, corroborating that ADR exacerbation in PD is strongly
state-dependent: the same medication set may be tolerated or
become hazardous depending on baseline reserve and prior
ADR trajectory; conditioning attention on the previous-visit
state therefore constitutes the primary driver of patient-specific
pharmacodynamic aggregation.

C. Counterfactual Inference

1) Counterfactual Discovery and Category-level Summa-
rization: We performed counterfactual inference on the trained
PS-PDNet using hyperkalemia exacerbation as an exemplar
endpoint. Attribution was confined to a clinically coherent
high-risk subset S = {i | y® = 2, ) = 2}. For



g
g “ 0222
2 £
= ]
) 20 N=4424 N=13 N=150 §
s 2 0.113 0.154* 0.147 0205
2 s
S o 5
SE 15 =
=z 0.18%
2§ ]
B3 . S
55,1 nNeson N-147 =
sg 1 0.101 0.143 =
53 0.162
- 2 . »s
<& .
) 2
i—u_ 0.5 §
2 2
2 0143
8 N=15494 N-164 N=153 %
2 0.0 0.109 0.098 0.105 =
bl 0.12°5
S s _ &
-0.5 0.0 0.5 1.0 L5 2.0 25 ~

ACEI Exposure Intensity L_fo.10

Fig. 4. Two-dimensional exposure—response heatmap for the ACEI and car-
dioselective [3-adrenergic receptor blocker combination, where color intensity
reflects the proportion of hyperkalemia exacerbation.

Serum bicarbonate . ®  Continuows/Ordinal

Healthcare="1" . = Nominal
Sleep quality .
Dialysis KUV

_ Serum ferritin .
Number of standard-calcium

. PD solution bags
History of hemodialysis="0"

Primary dialysis modality="1" .
Quality of life
Ultrafiltration volume .
Life satisfaction .
Serum creatinine .
Total protein .
Residual renal Kv'V/ .
Dialysis procedure="0" .
Dialysis procedure="1" .
Healthcare="2" L]
Cer L4
Age .

00 ol 02 03 04 05
|SMD|
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posed groups across the top 20 baseline and physiological covariates.

each ¢« € S, we cached the baseline class-2 score sg),
then generated token-level counterfactuals by removing one
medication token 7 (single/pair/triplet) from the prescription
token set prior to IPIT pooling (equivalently, masking 7 and
excluding it from attention normalization), while keeping all
timestamps and remaining tokens unchanged. A forward pass
yields the perturbed score sg’_T), and the counterfactual shift
is AO(r) = s — s{"7 We aggregate token effects by
summing A (1) over i € S only when A®(r) > 0, and
normalize by the number of such positive occurrences to obtain
A(7). Finally, token-level attributions are mapped to level-3
therapeutic categories (and category tuples for combination
tokens) and aggregated to yield category-level impact scores.

We next examined the counterfactual findings from the
perspective of the empirical sample distribution in the original
cohort. A per-sample category exposure vector X,ech based
on level-3 categories was constructed, with each element
encoding the presence (and strength) of exposure along the
prescription sequence. We dichotomized exposure for three
representative high-A categories into “exposure = 0 versus
“exposure > 0 and plotted bar charts of the observed propor-
tion of hyperkalemia exacerbation in the two groups.

2) Interpretation of Counterfactual Findings: Angiotensin-
converting enzyme inhibitors (ACEIs) and angiotensin II

receptor blockers (ARBs) can aggravate hyperkalemia by
suppressing renin—angiotensin—aldosterone activity, reducing
distal tubular potassium excretion and predisposing suscep-
tible CKD patients to potassium accumulation [26], [27].
In Fig. 3, the ARB-FDC-exposed group does not show a
clearly higher proportion of exacerbation because our dom-
inant angiotensin II receptor blocker-based fixed-dose com-
binations (ARB FDCs) are predominantly thiazide-containing
regimens, whose kaliuretic effect may counterbalance RAAS-
related potassium retention [28], [29]. In Fig. 3, the first
two categories show only small differences in the outcome
proportion between exposed and unexposed groups. Moreover,
when projecting samples to a two-dimensional manifold via
UMAP based on Xy,cch, nO clear exposure-dependent gradient
in hyperkalemia exacerbation is visually discernible. Together,
these observations suggest that medication signals are diluted
by confounding and heterogeneity. Fig. 4 presents a two-
dimensional exposure-response heatmap for the ACEI plus
cardioselective [-adrenergic receptor blocker combination, a
representative high-A pairwise co-medication category, where
color intensity denotes the proportion of hyperkalemia ex-
acerbation. Given the plausible mechanisms by which this
combination can amplify potassium risk [30], [31], higher
joint exposure aligns with a higher hyperkalemia exacerbation
proportion.

Using ACEI as an example, exposed and unexposed groups
exhibited substantial baseline imbalance (many covariates with
[SMD| > 0.3; Fig. 5), indicating that exposure status cor-
responds to distinct patient profiles. We therefore applied
propensity-score adjustment (IPTW and matching) to test
whether the observed hyperkalemia difference is attributable to
ACEI itself rather than confounding. After adjustment, effect
estimates attenuated and became unstable, with confidence
intervals crossing the null, precluding a reliable causal conclu-
sion from observational data alone. In this context, PS-PDNet’s
counterfactual perturbation provides an orthogonal, model-
based line of evidence by directly quantifying the predicted
risk shift under token removal, serving as an objective cor-
roboration signal for prioritizing candidate drug effects under
real-world confounding.

V. CONCLUSION

In this paper, we present PS-PDNet for ADR trajectory
prediction in PD follow-ups under real-world polypharmacy.
PS-PDNet operationalizes patient-specific pharmacodynamics
by conditioning both intra-prescription interaction aggregation
(IPIT) and inter-prescription temporal modeling (IPTT) on
the prior-visit patient state, while enforcing temporal validity
through causal modeling of longitudinal prescriptions. Empir-
ically, PS-PDNet achieves the strongest overall performance
among representative baselines, and ablation results show that
patient-state conditioning is a primary driver of the gain, with
additional benefits from hierarchical semantics and explicit
combination tokens.

Beyond prediction, we couple PS-PDNet with counter-
factual inference to prioritize high-impact drugs and drug



combinations for a target ADR endpoint (illustrated with
hyperkalemia exacerbation), and we summarize token-level
attributions into clinically readable category-level signals and
exposure patterns. This end-to-end design supports actionable
PD medication safety surveillance by linking trajectory-aware
risk estimation to interpretable candidates for review and mon-
itoring. Currently, our pharmacodynamic modeling focuses on
safety via ADR prediction; in future work, we will extend the
framework to jointly model medication benefits and safety to
better support individualized treatment optimization.
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