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Abstract: Background/Objectives: Peritoneal dialysis (PD) is a renal replacement therapy
for patients with kidney failure. Managing PD patients often involves addressing a complex
interplay of comorbidities and complications, necessitating the use of multiple medications.
This study aimed to systematically characterize commonly co-prescribed drugs in PD and
to identify novel drug combinations that may target dysregulated molecular mechanisms
associated with PD’s pathophysiology. Methods: We analyzed clinical records from 702 PD
patients spanning 30 years, encompassing over 5500 prescription points. Using network-
based modeling techniques, we assessed drug co-prescription patterns, clinical outcomes,
and longitudinal treatment trends. To explore potential drug repurposing opportunities,
we constructed a molecular network model of PD based on a consolidated transcriptomics
dataset and integrated this with drug—target interaction information. Results: We found
commonly prescribed drugs such as furosemide, sucroferric oxyhydroxide, calcitriol, darbe-
poetin alfa, and aluminum hydroxide to be integral components of PD patient management,
prescribed in over 30% of PD patients. The molecular-network-based approach found com-
binations of drugs like theophylline, fluoxetine, celecoxib, and amitriptyline to possibly
have synergistic effects and to target dysregulated molecules of PD-related pathomech-
anisms. Two further distinct categories of drugs emerged as particularly interesting in
our study: selective serotonin reuptake inhibitors (SSRls), which were found to modulate
molecules implicated in peritoneal fibrosis, and vascular endothelial growth factor (VEGF)
inhibitors, which exhibit anti-fibrotic properties that are potentially useful for PD. Conclu-
sions: This comprehensive exploration of drug co-prescriptions in the context of PD-related
pathomechanisms provides valuable insights for opening future therapeutic strategies and
identifying new targets for drug repurposing.

Keywords: peritoneal dialysis; drug combination; network analysis; biological networks;
drug repurposing
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1. Introduction

In silico medicine (computational medicine) has emerged as a powerful tool in mod-
ern medicine, transforming the ways in which diseases are diagnosed, monitored, and
treated [1,2]. By using advanced modeling approaches, machine learning, and big data,
in silico approaches in nephrology enable personalized treatment strategies, improve the
early detection of disease and drug-induced toxicity, help predict disease progression in
chronic kidney disease (CKD), and enhance the understanding of complex renal patho-
physiology [3-7].

Peritoneal dialysis (PD) is a well-established renal replacement therapy for patients
with kidney failure, offering an alternative to hemodialysis. By utilizing the peritoneal
membrane, PD allows for the removal of waste products and excess fluid from the body.
Its advantages include improved quality of life and cost-effectiveness [8]. However, the
long-term success of PD is often compromised by complications such as chronic peritoneal
inflammation, fibrosis, infections, and angiogenesis. Peritonitis, a common complication
caused by various factors, further exacerbates peritoneal damage [9]. Beyond these com-
plications, PD patients face a significantly higher risk of mortality due to comorbidities
such as cardiovascular disease and metabolic disorders, including hypovitaminosis, hy-
pokalemia, and dyslipidemia [10,11]. The need to manage these comorbidities often results
in polypharmacy, where multiple drugs are prescribed to address various conditions. While
polypharmacy is essential for managing complex disease states, it also increases the risk of
adverse drug reactions and poses challenges for effective clinical management [12].

Despite advancements in PD research, major limitations remain. While in vitro, ex
vivo, and in vivo studies provide valuable mechanistic insights and identify therapeutic
targets, clinical translation is challenging. Large-scale randomized trials are difficult due to
PD’s multifactorial nature, the limited patient population, and high costs [13].

Computational methodologies such as co-prescription analysis, drug combination
studies, network-based approaches, and systems biology offer significant potential to
enhance disease understanding, explore polypharmacology, and advance personalized
medicine by aligning treatments with patients’ molecular and clinical profiles [14-23]. Anal-
ysis of drug combinations represents a promising strategy for various diseases by utilizing
complementary mechanisms of action. This approach enables synergistic effects, enhances
efficacy, and facilitates the simultaneous targeting of multiple disease pathways [24,25].

We hypothesize that patterns of drug co-prescription in PD patients reflect underlying
pathophysiological processes, and that systematic analysis of these combinations—when
linked to molecular network models—may uncover novel therapeutic strategies and re-
purposing opportunities for PD. Here, we therefore aimed to analyze drug combinations
prescribed to patients undergoing chronic PD treatment using one of the largest single-
center PD patient databases, containing data on three decades of patients receiving PD
therapy. To complement this clinical dataset, we employed computational approaches to
investigate the mechanisms of action of these drug combinations and assess their potential
to mitigate PD-associated pathomechanisms by integrating clinical data in a PD-associated
molecular pathomechanism network analysis.

2. Materials and Methods
2.1. PD Patient Database

PD-BASE, a biobank managed by the Medical University of Vienna, encompasses
comprehensive information on the drug prescriptions of 702 PD patients over the course of
the past three decades. The drug entries are presented in relation to a baseline, denoting
the period before the initiation of PD and the subsequent period thereafter. The dataset
comprises 5835 distinct prescription data points over the course of PD treatment in these
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patients. Drugs that were prescribed during a particular appointment were consistently
recorded in subsequent appointments until their discontinuation. In order to unify the
dataset, only drug prescriptions during the first PD phase of each patient were analyzed
(depending on the endpoint of a PD phase, patients may have subsequent PD phases,
e.g., a new PD phase following failure of a kidney transplant). Patients were stratified by
decade (1990-2022), based on their full treatment period recorded in the database, defined
as the range from their first to their last drug prescription. For individuals whose treatment
spanned multiple decades, we assigned them to the decade in which the majority of their
prescription events occurred, reflecting the predominant period of clinical management.
The study and retrospective analysis were approved by the local ethics committee of
the Medical University of Vienna (EK 2035/2015) and conducted in accordance with the
Declaration of Helsinki.

2.2. Drug Data Harmonization and Co-Prescription Analysis in PD Patients

Drugs were recorded in the database with their German brand or generic names,
as originally documented during clinical routine. Each database entry represented a
prescription point for a patient, for one or multiple different drugs. To avoid transfer errors
in the database, we used a semi-automated 2-stage pipeline. We first filtered for correct
entries by identifying individual drugs based on matches with their ATC codes. In the
second step, for entries with typographical errors, we calculated the Jaro-Winkler score [26]
for the string similarity between the drug names from the ATC system and the prescribed
drugs, and we used it as a distance measure for subsequent hierarchical clustering (Ward’s
method, tree cut at 0.2) of all drugs contained in the database [27]. Eventually, these clusters
were manually checked to correct inaccuracies resulting from the original manual data
entry process.

2.3. Co-Prescription Rate and Similarity of Co-Prescribed Drugs

Co-prescription rates were analyzed by recording the prescription points at which each
patient was prescribed drug A and/or drug B. Next, the Jaccard coefficient (also known as
the Tanimoto coefficient) [28] was calculated on the sets of individual patients and times
where drug A and/or drug B were prescribed. This was carried out for all possible drug
pairs, allowing for the quantification of the frequency with which a drug pair (A and B)
was co-prescribed at the population level. The Jaccard coefficient provides a value ranging
from 0 to 1, indicating the degree of similarity between the sets of drug A and drug B,
with 1 indicating perfect similarity and 0 indicating no similarity. In order to describe the
molecular similarity between drug A and B in all potential drug co-prescription pairs in
this clinical PD cohort, we calculated the Jaccard coefficient for the drugs’ mechanism of
action, their direct targets, their targeted molecular pathways, and their chemical structure.

Four different Jaccard coefficients were calculated to evaluate the similarity between
drugs: Mechanism similarity: Based on literature-derived gene associations for each drug,
as stored in Delta4’s Hyper-C platform as described in previous publications [29]. Each
set A and B contained the genes associated with drug A’s and drug B’s mechanisms of
action, respectively. Direct drug target similarity: Drugs with direct drug target information
derived from the ChEMBL database [30], with similarity measured between drugs based
on shared known direct target genes. Each set A and B contained the known direct
target genes of drug A and drug B, respectively. Molecular pathway similarity: Using the
Reactome database [31], a pathway enrichment analysis was performed on drug target
genes. Pathways were considered to be relevant if they contained at least three target
genes per drug and had an adjusted p-value < 0.05. Drug similarity was determined
by the number of shared molecular pathways; therefore, each set A and B contained
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the pathways associated with drug A’s and drug B’s mechanisms of action, respectively.
Structure similarity: Calculated using ECFP4 molecular fingerprints [32]. Two-dimensional
structures in the SMILES format were downloaded from PubChem [33]. Each set A and B
contained the ECFP4 molecular fingerprint for drug A and B, respectively. Finally, similarity
was assessed based on ATC code hierarchy at the fourth ATC code level, reflecting a drug’s
chemical/therapeutic/pharmacological subgroup. Each set A and B contained the ATC
code up to the fourth level of each drug A and B, respectively.

2.4. Peritoneal Dialysis Molecular Model (“PD Disease Network”)

In a recently conducted meta-analysis of human transcriptomics data in the context of
PD, we identified key dysregulated molecular processes and mechanisms [34]. The core set
of differentially expressed genes (DEGs) of this dataset was used to build a network-based
molecular model following established bioinformatics workflows [29,35]. In brief, DEGs
were mapped onto a protein—protein dependency network of experimentally determined
protein—protein interaction data from IntAct, BioGRID, and Reactome, complemented by
computationally inferred protein—protein dependencies based on a set of predefined data
sources [36]. From the resulting network, we extracted the connected subgraph of proteins
sharing at least one edge with another protein from the list of PD DEGs. A workflow
diagram of the integration of the clinical database, the “PD disease network”, and the
co-prescription analysis are shown in Supplementary Figure S1.

2.5. Drug-Target Interactions from the Public Domain and Network Clustering

Drug-target interactions were obtained from ChEMBL (version 32, released August
2023), encompassing a total of 4068 drug entries [30]. For the network proximity analysis,
we used only the drug targets associated with each drug. However, the database includes
drug entries that share identical drug target information, which would lead to repetition of
the same analysis. To reduce this redundancy, we applied a clustering algorithm based on
shared drug-target interactions. An adjacency matrix using the drug target similarity score
described above was constructed. In this matrix, we set all values not equal to one to zero,
ensuring that drugs with identical drug targets would be grouped together. As a result, we
obtained multiple disconnected networks of one or more drugs belonging to the previously
established clusters. We continued our analysis using these clusters and maintained the
information regarding which drugs belonged to which cluster in a separate dictionary.

2.6. Identification and Prioritization of Novel Drug Combinations Interfering with PD-Associated
Molecular Processes

To explore potential novel drug compounds associated with PD complications, the
distances between the drug target clusters (as described above) and the proteins associated
with the PD molecular network were computationally determined. The SAveRUNer
package in R (v4.2.1) was utilized to assess the network distances and significance of
the drug clusters in relation to the PD molecular model [37], using a one-tailed z-test
(random network distributions were generated using 1000 iterations), followed by p-value-
based filtering (p < 0.05, no multiplicity correction). The resulting clusters were mapped
back to drug molecules and compared with drug targets and proteins involved in the
identified biological processes, as described in our previous study [34]. To qualify for
further consideration, a drug combination had to meet the following criteria: a significant
(p < 0.05) proximity score for the potential target, both drugs targeting distinct biological
processes within the GO terms previously identified within the “PD disease network”
(angiogenesis, sprout angiogenesis, positive regulation of angiogenesis, inflammatory
response), an ATC similarity score of 0, and a low structural similarity score. We further
focused on drug pairs in which each drug targets a different dysregulated molecule, with
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both molecules involved in the same biological process. Additionally, drugs already
prescribed within the PD cohort were annotated, with a focus on combinations where either
both drugs or at least one had been used in our patient cohort. A comprehensive literature
review was then conducted to determine whether these drug combinations had been
previously studied in the context of PD. The objective was to find documented evidence
on their mechanisms of action, particularly in relation to PD-associated complications.
This refined approach enabled a systematic analysis and prioritization of potential drug
candidates by integrating statistical analysis with real-world clinical data.

2.7. Statistics

All statistical and bioinformatics analyses were conducted in R [38]. To compare time
and drug usage in PD across different PD endpoints, we applied a two-tailed Kruskal-
Wallis test, followed by a two-tailed Wilcoxon test as a post hoc analysis for pairwise group
comparisons. Correlations between prescription points and numbers of prescribed drugs
were analyzed using Spearman’s rank correlation. A p-value of <0.05 was considered
statistically significant.

3. Results

Of the 702 patients treated with PD and with medication records in the database,
570 had baseline and follow-up medication records and were therefore included in the
analysis cohort (Figure 1).

In database
702 PD patients

I PD phase data missing

J, (n=11)

Baseline medication data
691 PD patients

v

I . | Follow-up medication
J, “| data missing (n=121)

Analysis cohort
570 PD patients

Figure 1. Patient flowchart of inclusion for analysis.

These patients started PD therapy between March 1990 and July 2021. The de-
mographic and therapy-related characteristics of the included patients are presented in
Table 1. The dataset consisted of 5835 prescription points, with 547 unique drugs being
prescribed. Each drug could be associated with multiple Anatomical Therapeutic Chemical
(ATC) codes, resulting in 764 distinct ATC codes, corresponding to 323 different 4th level
ATC codes.
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Table 1. Demographics and PD therapy characteristics of the study cohort (n = 570).

Mean £+ SD/n(%)

Age (years) @ 54 £ 14
Sex (1, male/female) 330 (58%) /240 (42%)
Diabetes mellitus (1 (%)) P 132 (23%)
Etiology of ESKD (1 (%))
Chronic glomerulonephritis 108 (19%)
Diabetic nephropathy 72 (13%)
Polycystic kidney disease 64 (11%)
Vascular nephropathy 26 (5%)
Other or unknown 300 (53%)
Time on PD (months) @ 29 + 22

PD modality (n, APD/CAPD/IPD) ¢
Endpoint at time of study end (1 (%)) 4

224 (39%) /292 (51%) /54 (10%)

Kidney transplantation 219 (38%)
Transfer to HD 141 (25%)
Death 182 (32%)
Recovery of kidney function 8 (1%)
Transfer to another PD center 19 (3%)
Drug prescription timepoints 5835
Individual drugs € 547
ATC code 4th level (drug category) 323
ATC code 5th level 764

Patients in decade 1/2/3 (1 (%))

137 (24%) /262 (46%)/171 (30%)

@ At PD start or first treatment at study center; b missing information of 4 patients; ¢ initial PD modality; d Jost to
follow-up: 1 patient; © after curation (see methods); f1: 1990-1999, 2: 2000-2009, 3: 2010-2022; ESKD: end-stage
kidney disease, APD: automated PD, CAPD: continuous ambulatory PD, IPD: in-center intermittent PD, HD:
hemodialysis, ATC: Anatomical Therapeutic Chemical.

During a mean duration of PD therapy (until an endpoint) of 25 [range 0.4-117.3]
months, patients had a mean of nine [1-42] prescription points, where a mean of 12 [2-23]
drugs were prescribed on each individual occasion, and they received a mean of 19 [2-56]
different drugs over the complete course of the therapy. The mean time between prescrip-
tion points was 2.8 [0-6.7] months.

The dataset encompassed 32 years of drug prescriptions, which were grouped into
three decades (1990-1999, 2000-2009, and 2010-2022). An upward trend was observed in the
number of prescribed drugs per prescription point during the first decade, but independent
of the later endpoint, namely, kidney transplantation, transfer to hemodialysis, or death
(Figure 2A,B). Although the effect sizes were small (below 0.2), the results showed that the
duration of PD treatment and the number of different drugs prescribed differed between
patients later receiving kidney transplantation, transferred to HD, or who died on PD
(Kruskal-Wallis p-value = 0.000002, p-value = 0.0008, respectively). Post hoc comparisons
demonstrated that patients who eventually received a kidney transplantation were treated
with PD for longer compared to those who died (p = 0.005) and those who were transferred
to HD (p = 0.002). Similarly, those who received a kidney transplantation were prescribed
fewer different drugs compared to those who died (p = 0.00003) and those who were
transferred to HD (p = 0.00004) (Figure 2C). The duration of PD therapy was positively
correlated with the number of prescribed drugs (rho = 0.67, p < 0.0001) (Figure 2D).
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(A) Drugs prescribed per prescription point

# prescribed drugs

BBE s

Individual Patients

1990 2000 2010 2020

Decade

_
w
-

Drugs grouped per end point type

End point
20 4| == Kidney Transplantation
= Transfer to HD

mm Death

1990 2000 2010 2020

Prescr. points per drug

# Drugs

=

# Prescr. Points

rho: 0.67

o

KTx toHD Death KTx toHD

Rt s
Figure 2. Drugs prescribed to individual PD patients over three decades: (A) Length of the lines:
time range for which individual patients were treated with PD; color: mean unique drugs prescribed
during the treatment period. (B) Over the decades of the investigated timeframe, the overall number
of prescribed drugs per patient increased (black dashed line), and also when analyzed per endpoint
type: solid violet: kidney transplantation; solid red: transfer to hemodialysis (HD); solid turquoise:
death of the patient. (C) Black dots: individual patients; left: patients with the endpoint kidney
transplantation (KTx) were treated with PD for longer compared to the other two endpoints, while
they were prescribed a lower number of drugs (** p < 0.001, Wilcoxon signed-rank test, adjusted).
(D) Number of prescribed drugs is correlated with the prescription points per patient; each dot
represents an individual patient.

3.1. Co-Prescribed Drugs During PD Therapy Show Three Distinct Patterns

To identify the most commonly prescribed drug combinations in PD treatment, we
analyzed the number of patients receiving each combination and the co-prescription rate be-
tween drug pairs, comparing their frequencies. A total of 21,553 unique drug combinations
were identified, which were clustered into three distinct groups (Figure 3A). The largest
group (n = 16,105) consisted of combinations where neither of the two drugs was prescribed
to more than 30% of the patients. These drug combinations also showed higher Jaccard
scores (up to 1, indicating that they were co-prescribed in 100% of patients and times).
Many of these combinations are typical drug combinations specific to certain diseases (e.g.,
human immunodeficiency virus (HIV) infection, Parkinson’s disease, hepatitis C infection,
or combinations of vitamins), highlighting already-established drug combinations.
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Figure 3. Three groups of different drug co-prescription patterns, based on the frequency of co-
prescription and individual prescription to patients: (A) Color indicates prescription to >30% of
patients: red: both drugs; green: one of the two drugs; blue: neither of the drugs. (B) Further detail
on the group with both drugs > 30% (red dots in (A)). The fractions of the circles depict the ratio of
the percentages of the two drugs. (C) Heatmap of the most prescribed drug combinations. Left side:
individual drug prescriptions; triangles: percentage of prescriptions for each individual drug. Right
side: percentage of patients co-prescribed a specific drug combination.

In the second-largest group (n = 5357), only one of the two drugs was prescribed
to more than 30% of the patients. This reflects drug pairs with low-to-moderate rates of
prescription or rare occurrences of co-prescription, likely tailored to the specific conditions
of individual patients rather than being broadly applicable to the majority of PD patients.

The third group (n = 91) comprised drug combinations in which both drugs were
highly prescribed individually (to more than 30% of all patients). This group included drugs
such as furosemide, sucroferric oxyhydroxide, calcitriol, darbepoetin alfa, and aluminum
hydroxide (Figure 3B). Notably, some combinations, like furosemide and calcitriol, were
prescribed in more than 30% of PD patients, with a co-prescription rate of 0.51. This means
that both drugs were individually prescribed to over 30% of patients, and in 50% of those
patients they were prescribed together (Figure 3C).

Similarity metrics were calculated for all drugs co-prescribed in the same patient
at least once (Table S1). A correlation analysis was performed to identify relationships
between drug combinations, with a specific focus on drug pairs sharing similarity at
the 4th ATC level (chemical level). A significant but weak positive correlation (r = 0.24,
p < 0.0001) between structural similarity and ATC similarity was found. Pathway and gene
similarity scores showed a stronger correlation (r = 0.70, p < 0.0001). Despite the high overall
correlation, some drug combinations exhibited low gene similarity while maintaining high
pathway similarity. This occurs when drugs act on shared molecular pathways but target
different genes. Prominent examples are metoclopramide-tropisetron (to manage nausea),
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levofloxacin-rabeprazole (for example for treatment of H. pylori infections), and estradiol-
progesterone (for managing symptoms of menopause).

3.2. Network Analysis for Drugs Targeting Biological Processes in the “PD Disease Network”

A network analysis was conducted to calculate the proximity between subnetworks
formed by the direct drug targets from drugs collected from the ChEMBL database and
a previously established molecular process-based “PD disease network” [34]. Human
protein—protein interaction data [36] served as the background network.

Among the analyzed drugs, 666 exhibited a proximity score ranging from 0 to 0.88
and p < 0.05 (Table S2). Of these, 41 drugs were already prescribed within our PD cohort
(Table 2).

Table 2. Drugs prescribed in PD patients with close proximity to the “PD disease network”.

Drug Class Proximity
(ATC 2nd Level) Drug Drug Target (s) Score * p-Value  z-Score
Dihydrocodeine OPRM1 0 0.0305 —1.916
Analeesics Hydromorphone OPRM1 0 0.0305 —1.916
& Morphine OPRM1 0 0.0305 —1.916
Tramadol OPRM1 0 0.0305 —1.916

Antibacterials for systemic MMP7, MMPS,
use y Doxycycline # MMP13, MMP1, rpsB, 0.500 0.0174 —0.673
[...]
Antidiarrheals Loperamide OPRM1 0 0.0305 —1.916
Antiemetics Ondansetron HTR3A 0.600 0.0249 —0.425
Cetirizine # HRH1 0 0.0041 —1.916
Antihistamines for Desloratadine HRH1 0 0.0041 —1.916
svstematic use Levocetirizine HRH1 0 0.0041 —1.916
y Loratadine HRH1 0 0.0041 —1.916
Diphenhydramine * HRH1 0 0.0219 —1.916
. . . ADRA2A, ADRA2C,

Antihypertensives Clonidine ADRA?B 0.556 0.0077 —0.535
Anti-inflammatory and Celecoxib * PTGS2 0 0.0383 —1.916
antirheumatic ro}(,:luc ts Meloxicam PTGS2 0 0.0383 —1.916

P Rofecoxib PTGS2 0 0.0383 —1.916
CSFIR, KIT, LCK,
. FGFR3, FGFR1,
Antineoplastic agents Pazopanib PDGFRB, PDGFRA, 0.273 00002 —1238
FLT1, FLT4, KDR, ITK
Capecitabine TYMS 0 0.0050 —1.916
Cardiac therapy Flecainide SCN5A 0 0.0343 —1.916
Drugs for acid-related Sucralfate PGA5 0 0.0021  —1916
disorders
Drugs for constipation Naloxegol OPRM1 0 0.0305 —1.916
PDE4A, PDE4D,
Drugs for obstructive airwa PDEAB, PDEAC,
& i y Theophylline PDE3A, PDE3B, 0.600 00148  —0.425
1seases ADORA1, ADORA2B,

ADORA3, ADORA2A
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Table 2. Cont.

( A"l]? (1;1;%1 c?]f:xsrel) Drug Drug Target (s) Pgoc)sgity p-Value  z-Score

Drugs for treatment of bone Denosumab TNFSF11 0 00113  —1916
diseases

Immunostimulants Filgrastim CSF3R 0 0.0298 —1.916

Immunosuppressants Mycophenolic acid IMPDH1, IMPDH2 0.600 0.0303 —0.425

Other nervous system drugs Methadone OPRM1 0 0.0305 —1.916

Citalopram SLC6A4 0 0.0068 —1.916

Escitalopram SLC6A4 0 0.0068 —1.916

Fluoxetine SLC6A4 0 0.0068 —1.916

Sertraline SLC6A4 0 0.0068 —1.916

Psychoanaleptics Hydroxyzine HRH1 0 0.0219 —1.916

Paroxetine SLC6A4 0 0.0343 —1.916

Amitriptyline SLC6A4, SLC6A2 0.500 0.0466 —0.673

Duloxetine SLC6A4, SLC6A2 0.500 0.0466 —0.673

Milnacipran SLC6A4, SLC6A2 0.500 0.0466 —0.673

Venlafaxine SLC6A4, SLC6A2 0.500 0.0466 —0.673

Psycholeptics Melatonin MTNR1A, MTNR1B 0 0.0080 —1.916

Finasteride SRD5A2 0 0.0124 —1.916

Urologicals Sildenafil PDE5A 0 0.0168 —1.916

Tadalafil PDESA 0 0.0168 —1.916

Vardenafil PDE5SA 0 0.0168 —1.916

* Proximity score: 0 = closest possible proximity (zero distance); # 2nd ATC code with different category available.

3.3. Drug Shortlisting in PD: Targeting Angiogenesis and Inflammation

Next, we focused on drugs with demonstrated relevance in key biological processes
already described in PD’s pathophysiology (i.e., the GO terms angiogenesis and inflamma-
tion) [10,34,39,40] (Figure 4A).

This investigation identified 43 drugs that interact with proteins known to be dysregu-
lated within the PD disease subnetwork of angiogenesis and inflammation (Figure 4B). Five
of the identified drugs (pazopanib, theophylline, rofecoxib, meloxicam, and celecoxib) are
already used in our PD patient cohort; the remaining 38 drugs have not yet been prescribed
(Table S3, Figure 4C). From the proximity analysis, we found that certain drugs targeting
SLC6A4 and SLC6A2 (which have been associated with selective serotonin reuptake in-
hibitors (SSRIs) [41-44]) were closely related to the “PD disease network”. Twenty-one
individual drugs had a proximity score below 0.5 (Table S2), indicating a significant con-
nection. Although these drugs did not directly link SSRIs to inflammation or fibrosis, their
proximity to the PD network, along with the fact that nine of these drugs have already
been prescribed to PD patients (paroxetine, escitalopram, citalopram, sertraline, fluoxetine,
venlafaxine, amitriptyline, duloxetine, and milnacipran (Table 2)), led to further exploration
of the potential connections.

We also found that VEGF inhibitors (such as abicipar pegol, bevacizumab, brolu-
cizumab, pegaptanib sodium, ranibizumab, and aflibercept) were strongly represented in
our results (Table S2), with proximity scores between 0 and 0.5 and a p-value of 0.03.
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Figure 4. Construction of the PD model: (A) In a previous study, we developed a comprehensive PD
model using a curated set of dysregulated molecules associated with the most pertinent complications
(blue). From these molecules, we elucidated the key dysregulated biological processes (orange), with
a particular focus on those relevant to inflammation and angiogenesis. (B) To enhance the model’s
precision, we incorporated genes associated with the clinically most important pathophysiological
processes, inflammation and angiogenesis, sourced from the Gene Ontology (GO) database (green).
Drug targets based on information from the ChEMBL database are shown as pink triangles. (C) Ad-
ditionally, we pinpointed specific drug targets that simultaneously influence both inflammation and
angiogenesis biological processes. GO-derived information is in green, ChEMBL-derived information

is in pink, and biological processes are in brown.



J. Clin. Med. 2025, 14, 3733

12 of 20

Drug Targets

ALOX5, PPARG, PTGS2, PTGS1

KIT, PDGFRA+B FLT1+4, KDR

3.4. Synergistic Potential of Drug Combinations in PD: Structural and Pharmacological
Similarity Analysis

Structurally similar drugs are more likely to exhibit comparable or identical func-
tions [45]. Building on recent findings [23], we hypothesized that drugs with significant
proximity in targeting biological processes within the PD model may possess synergistic
potential. We identified 21 drugs with the potential to form drug combinations with an
ATC similarity score of 0 that exhibited significant proximity to the PD disease network
(Figure 5). Of these, 5 have already been prescribed to PD patients, while 16 represent novel
candidate drugs to target angiogenesis and inflammation in PD.

—_— = H
—— " X\|
— N <]

X

I:I already used

PD patients cohort
Structural similarity

0.25

0

PDE4A+B+C+D, PDE3B, ADORA1+3, ADORA2A+B —
RAF1, PDGFRB, KIT, FLT1+3+4, BRAF, KOR, RET

Figure 5. Drugs closely aligned with the PD disease network: All drugs concurrently targeting
biological processes related to angiogenesis and inflammation through shared or direct targets. Each
color corresponds to drugs sharing identical direct drug targets (table bottom left with targeted
genes); color-coded lines indicate the structural similarities between paired drugs; frames: already
prescribed in our PD patient cohort.

4. Discussion

Despite advancements in PD research, major treatment limitations remain. While
in vitro, ex vivo, and in vivo studies provide valuable mechanistic insights and identify
therapeutic targets, clinical translation is challenging. Clinical (cohort) studies are often
small, lacking statistical power for definitive conclusions. Large-scale randomized trials are
difficult due to PD’s multifactorial nature, limited patient population, and high costs [13].

Despite clinically and economically relevant advantages, PD is associated with com-
plications such as chronic inflammation, peritonitis, and ultrafiltration failure. Rare but
insufficiently understood events of encapsulating peritoneal sclerosis (EPS) impact not only
patients” outcomes but also the choice of PD as renal replacement therapy [46]. Kidney
failure patients treated with PD most often present with comorbidities requiring the use
of complex medication regimens, potentially leading to polypharmacy. PD patients rep-
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resent a specific subgroup of CKD patients with common phenotypic patterns, including
PD-specific complications and comorbidities, which may—due to their complex nature—be
an attractive case for the analysis of drug combinations. Analyses of drug co-prescriptions
have shown promise in tackling complex diseases characterized by intricate molecular
interactions, including different types of cancer, infectious diseases, and cardiovascular
diseases [47,48]. In particular, analyzing co-prescription patterns enhances the understand-
ing of polypharmaceutical trends and aids in suggesting innovative drug combinations
to study in clinical trials to facilitate repurposing [49,50]. Therefore, we first characterized
co-prescribed drugs in a large longitudinal cohort of 570 PD patients. The mean number
of drugs prescribed to PD patients increased over the 1990s but reached a plateau in the
early 2000s, potentially indicating advancements and refinements in PD and CKD therapy.
This observed increase in the number of prescribed drugs per patient may have different
causes. On the one hand, documentation, and especially the availability of information
of drugs intermittently prescribed by primary care physicians, may have improved dur-
ing the 1990s, thus creating an artefact. On the other hand, the availability of drugs for
and studies investigating drugs in kidney failure patients has increased over the last few
decades, potentially also changing prescription patterns. However, with the data available
from our records, this cannot be narrowed down to its specific cause. Multiple health
conditions or the need to address various symptoms simultaneously can result in a plethora
of co-prescribed drugs, which may elevate the risk of drug interactions, adverse effects,
and non-adherence to the prescribed medication. Drug prescription in PD is generally
under-discussed when compared with hemodialysis. However, a few studies have ana-
lyzed the burden of polypharmacy and tried to describe drug regimens in both dialysis
treatments [51-53].

In our cohort, on average, patients with more prescription data points had more
drugs prescribed per prescription point, and patients with a favorable endpoint (KTx)
were prescribed fewer drugs than patients with less favorable endpoints (transfer to HD or
death). Whether these observations mean that patients with a lower number of prescribed
drugs and/or KTx during their course of PD therapy had fewer comorbidities or had an
overall better health status, or that reduced polypharmacy favors good outcomes, remains
to be elucidated in future studies.

Drug co-prescription offers a prospect of synergistic interactions between medications,
potentially yielding additive therapeutic effects that surpass individual drug efficacy. De-
tecting such interactions may uncover new indications for existing drug combinations,
broadening their therapeutic scope.

Moreover, drug combinations may aid in overcoming drug resistance, reducing side
effects, and thereby improving adherence. By targeting multiple disease pathways si-
multaneously, drugs with complementary mechanisms of action offer novel therapeutic
opportunities. Identifying such complementary mechanisms can be approached through
molecular structure comparisons or direct target analysis, although the latter is often less
informative. To systematically assess co-prescribed drugs, several similarity metrics were
introduced in our analysis. Network analysis identified 666 drugs with proximity to
PD-associated pathophysiological processes, of which 41 were prescribed in our cohort.
Among drugs targeting the GO terms angiogenesis and inflammation, 43 were linked to
dysregulated proteins, with 21 specifically affecting both angiogenesis and inflammatory re-
sponses. Of these, five were prescribed in our cohort. A key tool for drug classification and
comparison is the ATC system, which categorizes medications based on their therapeutic
properties and organ/system of action.

Drugs commonly prescribed in our cohort, such as furosemide, also have a potential
for adverse reactions when combined with other medications. Here, we provide an entry



J. Clin. Med. 2025, 14, 3733

14 of 20

point to further investigate the landscape of potential drug interactions based not only
on drug co-prescription rates but extending to other pharmacological similarity measures.
Pairing that information with existing information regarding drug—drug interactions may
be useful to evaluate the safety of drugs prescribed in combination [54].

We recently developed a method to generate a molecular fingerprint for the mode of
action of drugs by identifying dysregulated genes relevant to PD and mapping them onto a
protein—protein interaction network constructed from both in vitro and in silico data from
various sources. This model helps narrow the focus on drug properties that might otherwise
remain hidden, providing a more targeted understanding of their effects, and aiding in the
mitigation of their properties for drug repurposing [55]. We employed a network-based
molecular model of PD to identify dysregulated molecular processes and pathways in PD.
By analyzing differentially expressed genes and constructing a molecular network, we
gained insights into the underlying pathophysiology of PD and its associated complications.
This molecular network served as a basis for proposing novel drug combinations that have
the potential to positively influence disease progression in PD patients.

By assessing the distances between drug targets and proteins in this PD molecular
network, we identified drug clusters that showed significant associations with PD-related
biological processes. We compared prescribed and non-prescribed drugs targeting the
same biological processes, based on their proximity scores. Selective serotonin reuptake
inhibitors (SSRIs) and vascular endothelial growth factor (VEGF) inhibitors were strongly
represented in our final network, aligning gene targets of the pathophysiological processes
angiogenesis and inflammation, both of which are highly relevant for complications of PD
treatment.

VEGEF inhibitors have been investigated for their potential to address peritoneal fibro-
sis [56,57]. Among these, bevacizumab has been studied for its anti-fibrotic potential in
experimental PD, both as monotherapy and in combination with everolimus [58,59]. The
VEGF inhibitors ranibizumab and aflibercept have been widely used in macular degenera-
tion [60], an age-related pathology encompassing angiogenesis and vascular destabilization
in the eye, which may be pathomechanistically similar to PD-related fibrosis indicated by
the activation of pathways including TGF-3 or IL-6 [61]. Except for bevacizumab, which has
already been investigated for PD fibrosis, our analysis also identified the VEGF inhibitors
ranibizumab, aflibercept, brolucizumab, and abicipar pegol as potential investigational
molecules to address peritoneal fibrosis.

SSRIs have been investigated in vitro and in animal experiments for their potential
anti-inflammatory properties [41-44]. Drugs like fluoxetine, dapoxetine, citalopram, and
fluvoxamine, all categorized as SSRIs, directly target the SLC6A gene. In our analysis, these
drugs exhibited significant proximity to the PD network. While traditionally prescribed
as antidepressants (with dapoxetine being repurposed for the treatment of premature
ejaculation [62-64]), patients treated with PD also often suffer from depression [65-67].
Nevertheless, traditional antidepressants were shown to exhibit anti-inflammatory proper-
ties, and anti-inflammatory drugs were shown to exhibit antidepressant effects [68]. Our
molecular network analysis revealed SSRIs as potential anti-inflammatory agents, capable
of modulating molecules involved in peritoneal inflammation, such as TLRs, NF«kB, and
IL-6 [69,70].

SSRIs have been investigated as potential targets for inflammation in various other con-
texts as well, including inflammatory bowel disease and inflammatory lung disease [71,72].
Notably, fluoxetine and citalopram specifically have demonstrated inhibitory effects on
the TLR signaling pathway [73]. Furthermore, fluoxetine has been observed to inhibit
NLRP3, a protein implicated in peritoneal fibrosis-related inflammation [74]. Thus, drug
co-prescription offers a prospect of synergistic interactions between medications, poten-
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tially yielding additive therapeutic effects that surpass individual drug efficacy. Detecting
such interactions may uncover new indications for existing drug combinations, broadening
their therapeutic scope. The detailed study of co-prescription data, combined with pharma-
cological insights, holds potential for investigations of innovative treatment strategies in
clinical trials. Furthermore, repurposing drugs that are already approved for other indi-
cations in kidney disease or failure—and for which clinical experience regarding dosing
and elimination kinetics in dialysis patients exists—is more straightforward and may be
facilitated more rapidly.

Our systematic approach involved identifying drug combinations that potentially
modulate the same biological process through at least two distinct dysregulated molecules.
We specifically focused on angiogenesis and inflammation, due to their significance in
PD, closely associated with peritoneal fibrosis [75]. Moreover, we cross-referenced these
combinations with drugs prescribed in our cohort of PD patients to prioritize clinically
relevant options. Our research pinpointed several drugs. Those already prescribed in
our cohort (e.g., pazopanib, celecoxib, meloxicam, rofecoxib, theophylline), as well as
the currently not prescribed sunitinib, may exhibit potential to modulate proteins that
are dysregulated in PD treatment. Mouse models of PD have demonstrated reduced
angiogenesis and inflammation following celecoxib treatment [76]. Experimental evidence
also suggests that theophylline can mitigate fibrosis in lung tissues by inhibiting the TGF-f3
signaling pathway, a pertinent topic in PD-related fibrosis [77]. We postulate a potential
synergistic effect of combining celecoxib and theophylline, particularly given the TGF-3
pathway’s involvement in PD-related fibrosis. While the evidence is limited, with only one
experimental animal study and a single case report supporting it, there are indications that
sunitinib may have positive effects on peritoneal membrane viability and could decrease
VEGEF expression in the dialysate [78,79].

Our analysis indicates that pairwise combinations of drugs, such as theophylline,
fluoxetine, celecoxib, and amitriptyline, may target molecular pathways contributing to
peritoneal fibrosis. Interestingly, fluoxetine and theophylline, as well as celecoxib and
amitriptyline, have already been administered together in selected PD patients within
our cohort. A detailed investigation of such subgroups may shed light on the potential
synergistic effects of these drug combinations. However, preclinical experiments and
clinical trials to carefully investigate the potential beneficial PD-related effects as well as the
safety profile and adverse effects of these drugs, either alone or in combination, are needed
before considering clinical application for new indications. Furthermore, the feasibility of
these candidate therapeutic agents for clinical trials must be considered carefully in advance,
especially as the elimination kinetics differs in kidney failure patients treated with PD.
This is especially true for drugs with a narrow therapeutic window, such as theophylline,
and for drugs that have been either withdrawn from many markets (e.g., rofecoxib) or
that potentially increase the risk of cardiovascular events, especially on long-term use,
such as -coxibes.

A limitation of this study is that the analysis relied on retrospective data from a single
center. This database is well curated and continuously updated, but it still may be subject
to inherent biases and constraints related to data collection and reporting. Additionally,
while the proposed drug combinations offer promising insights, they require rigorous
validation through preclinical and clinical studies to evaluate their safety, efficacy, and
potential for adverse effects before clinical implementation. Therefore, this study is further
limited by the lack of relation to clinical outcomes, external validation of our findings,
and therefore, generalizability to other cohorts (especially with ethnic, demographic, or
healthcare system differences), as well as the lack of prospective experimental or clinical
testing of the identified candidate agents. The analyzed prescription points and data
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represent the documentation by medical personnel and are thus less prone to data entry
errors; however, they do not correspond to treatment adherence.

5. Conclusions

In conclusion, this study highlights the potential of analyzing drug co-prescriptions as
a strategy to address the complex comorbidities and complications associated with PD. By
integrating long-term clinical data with molecular insights from a network-based model
constructed using consolidated omics datasets, we identified commonly co-prescribed
medications and proposed novel therapeutic combinations targeting dysregulated molecu-
lar processes in PD. Our findings also suggest that combinations including theophylline,
fluoxetine, celecoxib, and amitriptyline may offer therapeutic benefit by modulating PD-
related pathomechanisms. Additionally, specific drug classes (SSRIs, VEGF inhibitors) were
found to pose anti-fibrotic potential. While further validation in experimental systems
is required, our work provides a foundation for advancing personalized medicine in PD,
offering promising directions for therapeutic innovation and drug repurposing to improve
patient outcomes.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/jcm14113733/s1. Supplementary Figure S1: Workflow diagram.

Author Contributions: Conceptualization, P.P., R H. and K.K,; Data Curation, M.E., FE. and M.U,;
Formal Analysis, M.E.; Funding Acquisition, PP, R.H. and K.K.; Investigation, FE. and M.U.;
Methodology, M.E. and P.P; Resources, A.V.; Supervision, K K.; Visualization, M.E. and R.H.; Writing—
Original Draft, M.E. and R.H.; Writing—Review and Editing, PP, EE., A.V,, R H. and K.K. All authors

have read and agreed to the published version of the manuscript.

Funding: This study has received funding from the European Union’s Horizon 2020 research and
innovation program under the Marie Sklodowska-Curie grant agreement No 812699 (IM-PROVE-PD).
R.H. was supported by the Austrian Science Fund (FWF) Elise Richter V907-B. This study has received
funding from the Austrian Research Promotion Agency (FFG) under the grant agreement number
911422 (Delta4Tech).

Institutional Review Board Statement: This study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Ethics Committee of the Medical University of Vienna,
Austria (EK 2035/2015; 13 January 2016).

Informed Consent Statement: Patient consent was waived due to the retrospective nature of the
study. The data included in the analyses are pseudonymized, retrospective data; the collection and
analysis are included in the ethics statement.

Data Availability Statement: All generated data are included in the manuscript and Supplementary
Materials.

Acknowledgments: We thank all partners and colleagues of the IMPROVE-PD project for fruitful
discussions and advice that supported the preparation of the current work. We thank all patients
and nurses involved. The financial support by the Austrian Federal Ministry of Science, Research,
and Economy and the National Foundation for Research, Technology, and Development is gratefully
acknowledged.

Conflicts of Interest: P.P. is an employee at Delta 4 GmbH. A.V. has consultancy agreements with
Baxter and has received honoraria and travel grants unrelated to the current work from Baxter and
Fresenius Medical Care (manufacturers of dialysis solutions), Fresenius Kabi, and Zytoprotec GmbH.
K XK. is a co-founder of Delta 4 and part of Delta 4’s management team. R.H. and K.K. are former
employees and consultants of Zytoprotec GmbH, a spin-off of the Medical University of Vienna
that holds the patent “Carbohydrate-based peritoneal dialysis fluid comprising glutamine residue”
(International Publication Number: WO 2008/106,702 A1) and the use patent “Peritoneal dialysis
fluid comprising a GSK-3 inhibitor”.


https://www.mdpi.com/article/10.3390/jcm14113733/s1
https://www.mdpi.com/article/10.3390/jcm14113733/s1

J. Clin. Med. 2025, 14, 3733 17 of 20

References

1.

10.
11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

24.

25.

26.

Marques, L.; Costa, B.; Pereira, M.; Silva, A.; Santos, J.; Saldanha, L.; Silva, I.; Magalhaes, P.; Schmidt, S.; Vale, N. Advancing
Precision Medicine: A Review of Innovative In Silico Approaches for Drug Development, Clinical Pharmacology and Personalized
Healthcare. Pharmaceutics 2024, 16, 332. [CrossRef] [PubMed]

Lopes, M.B.; Coletti, R.; Duranton, F.; Glorieux, G.; Jaimes Campos, M.A.; Klein, J.; Ley, M.; Perco, P.; Sampri, A.; Tur-Sinai, A.
The Omics-Driven Machine Learning Path to Cost-Effective Precision Medicine in Chronic Kidney Disease. Proteomics 2025,
€202400108. [CrossRef] [PubMed]

Yang, S.; Kar, S. Application of artificial intelligence and machine learning in early detection of adverse drug reactions (ADRs)
and drug-induced toxicity. Artif. Intell. Chem. 2023, 1, 100011. [CrossRef]

Checa-Ros, A.; Locascio, A.; Steib, N.; Okojie, O.].; Malte-Weier, T.; Bermudez, V.; D’Marco, L. In silico medicine and -omics
strategies in nephrology: Contributions and relevance to the diagnosis and prevention of chronic kidney disease. Kidney Res. Clin.
Pract. 2025, 44, 49-57. [CrossRef]

Loftus, T.J.; Shickel, B.; Ozrazgat-Baslanti, T.; Ren, Y.; Glicksberg, B.S.; Cao, J.; Singh, K.; Chan, L.; Nadkarni, G.N.; Bihorac, A.
Artificial intelligence-enabled decision support in nephrology. Nat. Rev. Nephrol. 2022, 18, 452-465. [CrossRef] [PubMed]
Karalis, V.D. The Integration of Artificial Intelligence into Clinical Practice. Appl. Biosci. 2024, 3, 14-44. [CrossRef]

Perco, P,; Ley, M.; Keska-Izworska, K.; Wojenska, D.; Bono, E.; Walter, S.M.; Fillinger, L.; Kratochwill, K. Computational Drug
Repositioning in Cardiorenal Disease: Opportunities, Challenges, and Approaches. Proteomics 2025, €202400109. [CrossRef]
Mehrotra, R.; Devuyst, O.; Davies, S.J.; Johnson, D.W. The Current State of Peritoneal Dialysis. J. Am. Soc. Nephrol. 2016, 27,
3238-3252. [CrossRef]

Witowski, ].; Lopez-Cabrera, M. Peritoneal Dialysis and Its Local and Systemic Complications: From the Bench to the Clinic.
Front. Physiol. 2020, 11, 188. [CrossRef]

Teitelbaum, I. Peritoneal Dialysis. N. Engl. J. Med. 2021, 385, 1786-1795. [CrossRef]

McCormick, B.B.; Bargman, ].M. Noninfectious complications of peritoneal dialysis: Implications for patient and technique
survival. J. Am. Soc. Nephrol. 2007, 18, 3023-3025. [CrossRef] [PubMed]

Chang, J.; Ronco, C.; Rosner, M.H. Computerized decision support systems: Improving patient safety in nephrology. Nat. Rev.
Nephrol. 2011, 7, 348-355. [CrossRef] [PubMed]

Damgov, I.; Bartosova, M.; Marinovic, I.; Istanbuly, O.; Kieser, M.; Lambie, M.; Davies, S.J.; Schmitt, C.P.; Consortium, I.-P.
IMPROVE-PD Finder: A Web-Based Platform to Search and Share Peritoneal Dialysis Biobank, Registry, and Clinical Trial
Metadata. Kidney Int. Rep. 2023, 8, 912-915. [CrossRef] [PubMed]

Li, Y;; Zhang, P; Sun, Z.; Hu, ]. Data-Driven Prediction of Beneficial Drug Combinations in Spontaneous Reporting Systems.
AMIA Annu. Symp. Proc. 2016, 2016, 808-817.

Macalino, S.J.; Gosu, V.; Hong, S.; Choi, S. Role of computer-aided drug design in modern drug discovery. Arch. Pharm. Res. 2015,
38,1686-1701. [CrossRef]

Seidel, T.; Schuetz, D.A.; Garon, A.; Langer, T. The Pharmacophore Concept and Its Applications in Computer-Aided Drug
Design. In Progress in the Chemistry of Organic Natural Products 110; Springer: Cham, Switzerland, 2019; Volume 110, pp. 99-141.
[CrossRef]

Gini, G. QSAR Methods. In In Silico Methods for Predicting Drug Toxicity; Methods in Molecular Biology; Humana: New York, NY,
USA, 2022; Volume 2425, pp. 1-26. [CrossRef]

Barabasi, A.L.; Gulbahce, N.; Loscalzo, ]. Network medicine: A network-based approach to human disease. Nat. Rev. Genet. 2011,
12, 56-68. [CrossRef]

Boezio, B.; Audouze, K.; Ducrot, P.; Taboureau, O. Network-based Approaches in Pharmacology. Mol. Inform. 2017, 36, 1700048.
[CrossRef]

Guney, E.; Menche, J.; Vidal, M.; Barabasi, A.L. Network-based in silico drug efficacy screening. Nat. Commun. 2016, 7, 10331.
[CrossRef]

Hopkins, A.L. Network pharmacology: The next paradigm in drug discovery. Nat. Chem. Biol. 2008, 4, 682—-690. [CrossRef]
Nogales, C.; Mamdouh, Z.M.; List, M.; Kiel, C.; Casas, A.I.; Schmidt, H. Network pharmacology: Curing causal mechanisms
instead of treating symptoms. Trends Pharmacol. Sci. 2022, 43, 136-150. [CrossRef]

Cheng, F; Kovacs, L.A.; Barabasi, A.L. Network-based prediction of drug combinations. Nat. Commun. 2019, 10, 1197. [CrossRef]
[PubMed]

Sun, X,; Vilar, S.; Tatonetti, N.P. High-throughput methods for combinatorial drug discovery. Sci. Transl. Med. 2013, 5, 205rv201.
[CrossRef] [PubMed]

Fillinger, L.; Walter, S.; Ley, M.; Keska-Izworska, K.; Dehkordi, L.G.; Kratochwill, K.; Perco, P. Computational modeling approaches
and regulatory pathways for drug combinations. Drug Discov. Today 2025, 30, 104345. [CrossRef] [PubMed]

Jaro, M.A. Advances in Record-Linkage Methodology as Applied to Matching the 1985 Census of Tampa, Florida. ]. Am. Stat.
Assoc. 1989, 84, 414-420. [CrossRef]


https://doi.org/10.3390/pharmaceutics16030332
https://www.ncbi.nlm.nih.gov/pubmed/38543226
https://doi.org/10.1002/pmic.202400108
https://www.ncbi.nlm.nih.gov/pubmed/39790049
https://doi.org/10.1016/j.aichem.2023.100011
https://doi.org/10.23876/j.krcp.23.334
https://doi.org/10.1038/s41581-022-00562-3
https://www.ncbi.nlm.nih.gov/pubmed/35459850
https://doi.org/10.3390/applbiosci3010002
https://doi.org/10.1002/pmic.202400109
https://doi.org/10.1681/ASN.2016010112
https://doi.org/10.3389/fphys.2020.00188
https://doi.org/10.1056/NEJMra2100152
https://doi.org/10.1681/ASN.2007070796
https://www.ncbi.nlm.nih.gov/pubmed/18003770
https://doi.org/10.1038/nrneph.2011.50
https://www.ncbi.nlm.nih.gov/pubmed/21502973
https://doi.org/10.1016/j.ekir.2023.01.003
https://www.ncbi.nlm.nih.gov/pubmed/37069973
https://doi.org/10.1007/s12272-015-0640-5
https://doi.org/10.1007/978-3-030-14632-0_4
https://doi.org/10.1007/978-1-0716-1960-5_1
https://doi.org/10.1038/nrg2918
https://doi.org/10.1002/minf.201700048
https://doi.org/10.1038/ncomms10331
https://doi.org/10.1038/nchembio.118
https://doi.org/10.1016/j.tips.2021.11.004
https://doi.org/10.1038/s41467-019-09186-x
https://www.ncbi.nlm.nih.gov/pubmed/30867426
https://doi.org/10.1126/scitranslmed.3006667
https://www.ncbi.nlm.nih.gov/pubmed/24089409
https://doi.org/10.1016/j.drudis.2025.104345
https://www.ncbi.nlm.nih.gov/pubmed/40158836
https://doi.org/10.1080/01621459.1989.10478785

J. Clin. Med. 2025, 14, 3733 18 of 20

27.

28.

29.

30.

31.

32.
33.

34.

35.

36.

37.
38.

39.
40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Widoyo, R.; Djafri, D.; Putri, A.S.E.; Yani, EF,; Kusumawati, R.L.; Wongsirichot, T.; Chongsuvivatwong, V. Missing Cases of
Bacteriologically Confirmed TB/DR-TB from the National Treatment Registers in West and North Sumatra Provinces, Indonesia.
Trop. Med. Infect. Dis. 2023, 8, 31. [CrossRef]

Jaccard, P. The distribution of the flora in the alpine zone. New Phytol. 1912, 11, 37-50. [CrossRef]

Gebeshuber, C.A.; Daniel-Fischer, L.; Regele, H.; Schachner, H.; Aufricht, C.; Kornauth, C.; Ley, M.; Alper, S.L.; Herzog, R,;
Kratochwill, K.; et al. Computational drug repositioning of clopidogrel as a novel therapeutic option for focal segmental
glomerulosclerosis. Transl. Res. 2023, 259, 28-34. [CrossRef]

Gaulton, A.; Bellis, L.J.; Bento, A.P.; Chambers, J.; Davies, M.; Hersey, A.; Light, Y.; McGlinchey, S.; Michalovich, D.; Al-Lazikani,
B.; et al. ChEMBL: A large-scale bioactivity database for drug discovery. Nucleic Acids Res. 2012, 40, D1100-D1107. [CrossRef]
Gillespie, M; Jassal, B.; Stephan, R.; Milacic, M.; Rothfels, K.; Senff-Ribeiro, A.; Griss, J.; Sevilla, C.; Matthews, L.; Gong, C.; et al.
The reactome pathway knowledgebase 2022. Nucleic Acids Res. 2022, 50, D687-D692. [CrossRef]

Rogers, D.; Hahn, M. Extended-connectivity fingerprints. J. Chem. Inf. Model. 2010, 50, 742-754. [CrossRef]

Kim, S.; Chen, J.; Cheng, T.; Gindulyte, A.; He, J.; He, S; Li, Q.; Shoemaker, B.A.; Thiessen, P.A.; Yu, B.; et al. PubChem 2023
update. Nucleic Acids Res. 2023, 51, D1373-D1380. [CrossRef] [PubMed]

Evgeniou, M.; Sacnun, ].M.; Kratochwill, K.; Perco, P. A Meta-Analysis of Human Transcriptomics Data in the Context of
Peritoneal Dialysis Identifies Novel Receptor-Ligand Interactions as Potential Therapeutic Targets. Int. J. Mol. Sci. 2021, 22, 3277.
[CrossRef] [PubMed]

Boehm, M.; Bukosza, E.N.; Huttary, N.; Herzog, R.; Aufricht, C.; Kratochwill, K.; Gebeshuber, C.A. A systems pharmacology
workflow with experimental validation to assess the potential of anakinra for treatment of focal and segmental glomerulosclerosis.
PLoS ONE 2019, 14, €0214332. [CrossRef] [PubMed]

Fechete, R.; Heinzel, A.; S6llner, J.; Perco, P.; Lukas, A.; Mayer, B. Using Information Content for Expanding Human Protein
Coding Gene Interaction Networks. J. Comput. Sci. Syst. Biol. 2013, 6, 73-82. [CrossRef]

Fiscon, G.; Paci, P. SAveRUNNER: An R-based tool for drug repurposing. BMC Bioinform. 2021, 22, 150. [CrossRef]

R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2021. Available online: http:/ /www.R-project.org (accessed on 15 May 2025).

Balzer, M.S. Molecular pathways in peritoneal fibrosis. Cell Signal 2020, 75, 109778. [CrossRef]

Li, J.; Liu, Y.; Liu, J. A review of research progress on mechanisms of peritoneal fibrosis related to peritoneal dialysis. Front.
Physiol. 2023, 14, 1220450. [CrossRef]

Wang, L.; Wang, R.; Liu, L.; Qiao, D.; Baldwin, D.S.; Hou, R. Effects of SSRIs on peripheral inflammatory markers in patients with
major depressive disorder: A systematic review and meta-analysis. Brain Behav. Immun. 2019, 79, 24-38. [CrossRef]

Roumestan, C.; Michel, A.; Bichon, F; Portet, K.; Detoc, M.; Henriquet, C.; Jaffuel, D.; Mathieu, M. Anti-inflammatory properties
of desipramine and fluoxetine. Respir. Res. 2007, 8, 35. [CrossRef]

Waiskopf, N.; Ofek, K.; Gilboa-Geffen, A.; Bekenstein, U.; Bahat, A.; Bennett, E.R.; Podoly, E.; Livnah, O.; Hartmann, G.; Soreq, H.
AChE and RACK1 promote the anti-inflammatory properties of fluoxetine. J. Mol. Neurosci. 2014, 53, 306-315. [CrossRef]
Walker, ER. A critical review of the mechanism of action for the selective serotonin reuptake inhibitors: Do these drugs possess
anti-inflammatory properties and how relevant is this in the treatment of depression? Neuropharmacology 2013, 67, 304-317.
[CrossRef]

Kumar, A.; Zhang, K.Y.J. Advances in the Development of Shape Similarity Methods and Their Application in Drug Discovery.
Front. Chem. 2018, 6, 315. [CrossRef] [PubMed]

Jagirdar, R.M.; Bozikas, A.; Zarogiannis, S.G.; Bartosova, M.; Schmitt, C.P.; Liakopoulos, V. Encapsulating Peritoneal Sclerosis:
Pathophysiology and Current Treatment Options. Int. J. Mol. Sci. 2019, 20, 5765. [CrossRef] [PubMed]

Chou, T.C. Theoretical basis, experimental design, and computerized simulation of synergism and antagonism in drug combina-
tion studies. Pharmacol. Rev. 2006, 58, 621-681. [CrossRef] [PubMed]

van Hasselt, ].G.C.; Iyengar, R. Systems Pharmacology: Defining the Interactions of Drug Combinations. Annu. Rev. Pharmacol.
Toxicol. 2019, 59, 21-40. [CrossRef]

Lampe, D.; Grosser, J.; Gensorowsky, D.; Witte, J.; Muth, C.; van den Akker, M.; Dinh, T.S.; Greiner, W. The Relationship of
Continuity of Care, Polypharmacy and Medication Appropriateness: A Systematic Review of Observational Studies. Drugs Aging
2023, 40, 473-497. [CrossRef]

Hanlon, P.; Nicholl, B.I; Jani, B.D.; McQueenie, R.; Lee, D.; Gallacher, K.I.; Mair, ES. Examining patterns of multimorbidity,
polypharmacy and risk of adverse drug reactions in chronic obstructive pulmonary disease: A cross-sectional UK Biobank study.
BM]J Open 2018, 8, e018404. [CrossRef]

Colombijn, ].M.T.; Bonenkamp, A.A.; van Eck van der Sluijs, A ; Bijlsma, J.A.; Boonstra, A.H.; Ozyilmaz, A.; Abrahams, A.C.; van
Jaarsveld, B.C.; Domestico Study Group. Impact of Polypharmacy on Health-Related Quality of Life in Dialysis Patients. Am. J.
Nephrol. 2021, 52, 735-744. [CrossRef]


https://doi.org/10.3390/tropicalmed8010031
https://doi.org/10.1111/j.1469-8137.1912.tb05611.x
https://doi.org/10.1016/j.trsl.2023.04.001
https://doi.org/10.1093/nar/gkr777
https://doi.org/10.1093/nar/gkab1028
https://doi.org/10.1021/ci100050t
https://doi.org/10.1093/nar/gkac956
https://www.ncbi.nlm.nih.gov/pubmed/36305812
https://doi.org/10.3390/ijms222413277
https://www.ncbi.nlm.nih.gov/pubmed/34948074
https://doi.org/10.1371/journal.pone.0214332
https://www.ncbi.nlm.nih.gov/pubmed/30921378
https://doi.org/10.4172/jcsb.1000102
https://doi.org/10.1186/s12859-021-04076-w
http://www.R-project.org
https://doi.org/10.1016/j.cellsig.2020.109778
https://doi.org/10.3389/fphys.2023.1220450
https://doi.org/10.1016/j.bbi.2019.02.021
https://doi.org/10.1186/1465-9921-8-35
https://doi.org/10.1007/s12031-013-0174-6
https://doi.org/10.1016/j.neuropharm.2012.10.002
https://doi.org/10.3389/fchem.2018.00315
https://www.ncbi.nlm.nih.gov/pubmed/30090808
https://doi.org/10.3390/ijms20225765
https://www.ncbi.nlm.nih.gov/pubmed/31744097
https://doi.org/10.1124/pr.58.3.10
https://www.ncbi.nlm.nih.gov/pubmed/16968952
https://doi.org/10.1146/annurev-pharmtox-010818-021511
https://doi.org/10.1007/s40266-023-01022-8
https://doi.org/10.1136/bmjopen-2017-018404
https://doi.org/10.1159/000518454

J. Clin. Med. 2025, 14, 3733 19 of 20

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Marin, J.G.; Beresford, L.; Lo, C.; Pai, A.; Espino-Hernandez, G.; Beaulieu, M. Prescription Patterns in Dialysis Patients: Differences
Between Hemodialysis and Peritoneal Dialysis Patients and Opportunities for Deprescription. Can. J. Kidney Health Dis. 2020, 7,
2054358120912652. [CrossRef]

Paik, ].M.; Zhuo, M.; York, C.; Tsacogianis, T.; Kim, S.C.; Desai, R.J. Medication Burden and Prescribing Patterns in Patients on
Hemodialysis in the USA, 2013-2017. Am. ]. Nephrol. 2021, 52, 919-928. [CrossRef]

Tatonetti, N.P; Ye, P.P.; Daneshjou, R.; Altman, R.B. Data-driven prediction of drug effects and interactions. Sci. Transl. Med. 2012,
4,125ral31. [CrossRef] [PubMed]

Heinzel, A.; Perco, P.; Mayer, G.; Oberbauer, R.; Lukas, A.; Mayer, B. From molecular signatures to predictive biomarkers:
Modeling disease pathophysiology and drug mechanism of action. Front. Cell Dev. Biol. 2014, 2, 37. [CrossRef]

Masola, V.; Bonomini, M.; Borrelli, S.; Di Liberato, L.; Vecchi, L.; Onisto, M.; Gambaro, G.; Palumbo, R.; Arduini, A. Fibrosis of
Peritoneal Membrane as Target of New Therapies in Peritoneal Dialysis. Int. J. Mol. Sci. 2022, 23, 4831. [CrossRef]

Tomino, Y. Mechanisms and interventions in peritoneal fibrosis. Clin. Exp. Nephrol. 2012, 16, 109-114. [CrossRef]

Ada, S.; Ersan, S,; Sifil, A.; Unlu, M.; Kolatan, E.; Sert, M.; Sarioglu, S.; Yilmaz, O.; Camsari, T. Effect of bevacizumab, a vascular
endothelial growth factor inhibitor, on a rat model of peritoneal sclerosis. Int. Urol. Nephrol. 2015, 47, 2047-2051. [CrossRef]
[PubMed]

Acikgoz Mert, G.S.; Ceri, M.; Calli Demirkan, N.; Sahin, B.; Mert, M.; Dursun, B. Effect of bevacizumab and everolimus
combination treatment on peritoneal sclerosis in an experimental rat model. Ther. Apher. Dial. 2021, 25, 323-330. [CrossRef]
[PubMed]

ElSheikh, R.H.; Chauhan, M.Z,; Sallam, A.B. Current and Novel Therapeutic Approaches for Treatment of Neovascular Age-
Related Macular Degeneration. Biomolecules 2022, 12, 1629. [CrossRef]

Ding, X.; Patel, M.; Chan, C.C. Molecular pathology of age-related macular degeneration. Prog. Retin. Eye Res. 2009, 28, 1-18.
[CrossRef]

McMahon, C.G. Efficacy of dapoxetine in the treatment of premature ejaculation. Clin. Med. Insights Reprod. Health 2011, 5, 25-39.
[CrossRef]

Sangkum, P,; Badr, R.; Serefoglu, E.C.; Hellstrom, W.]. Dapoxetine and the treatment of premature ejaculation. Transl. Androl.
Urol. 2013, 2, 301-311. [CrossRef]

Gul, M,; Bocu, K.; Serefoglu, E.C. Current and emerging treatment options for premature ejaculation. Nat. Rev. Urol. 2022, 19,
659-680. [CrossRef] [PubMed]

Cilan, H.; Sipahioglu, M.H.; Oguzhan, N.; Unal, A ; Turan, T.; Koc, A.N.; Tokgoz, B.; Utas, C.; Oymak, O. Association between
depression, nutritional status, and inflammatory markers in peritoneal dialysis patients. Ren. Fail. 2013, 35, 17-22. [CrossRef]
[PubMed]

King-Wing Ma, T.; Kam-Tao Li, P. Depression in dialysis patients. Nephrology 2016, 21, 639-646. [CrossRef] [PubMed]

Chen, Y,; Li, P; Zhang, L.; Zhang, Y.; Xie, L.; Niu, J. Prevalence and predisposing factors of depressive symptoms in continuous
ambulatory peritoneal dialysis patients: A cross-sectional single center study. BMC Nephrol. 2023, 24, 104. [CrossRef]

Yirmiya, R. The inflammatory underpinning of depression: An historical perspective. Brain Behav. Immun. 2024, 122, 433-443.
[CrossRef]

Fattahian, E.; Hajhashemi, V.; Rabbani, M.; Minaiyan, M.; Mahzouni, P. Anti-inflammatory Effect of Amitriptyline on Ulcerative
Colitis in Normal and Reserpine-Induced Depressed Rats. Iran. |. Pharm. Res. 2016, 15, 125-137.

Takenaka, Y.; Tanaka, R.; Kitabatake, K.; Kuramochi, K.; Aoki, S.; Tsukimoto, M. Profiling Differential Effects of 5 Selective
Serotonin Reuptake Inhibitors on TLRs-Dependent and -Independent IL-6 Production in Immune Cells Identifies Fluoxetine as
Preferred Anti-Inflammatory Drug Candidate. Front. Pharmacol. 2022, 13, 874375. [CrossRef]

Hatamnejad, M.R.; Baradaran Ghavami, S.; Shirvani, M.; Asghari Ahmadabad, M.; Shahrokh, S.; Farmani, M.; Sherkat, G.;
Asadzadeh Aghdaei, H.; Zali, M.R. Selective serotonin reuptake inhibitors and inflammatory bowel disease; Beneficial or
malpractice. Front. Immunol. 2022, 13, 980189. [CrossRef]

Meikle, C.K.S.; Creeden, ].E; McCullumsmith, C.; Worth, R.G. SSRIs: Applications in inflammatory lung disease and implications
for COVID-19. Neuropsychopharmacol. Rep. 2021, 41, 325-335. [CrossRef]

Sacre, S.; Medghalchi, M.; Gregory, B.; Brennan, F.; Williams, R. Fluoxetine and citalopram exhibit potent antiinflammatory
activity in human and murine models of rheumatoid arthritis and inhibit toll-like receptors. Arthritis Rheum. 2010, 62, 683-693.
[CrossRef]

Hishida, E.; Ito, H.; Komada, T.; Karasawa, T.; Kimura, H.; Watanabe, S.; Kamata, R.; Aizawa, E.; Kasahara, T.; Morishita, Y.; et al.
Crucial Role of NLRP3 Inflammasome in the Development of Peritoneal Dialysis-related Peritoneal Fibrosis. Sci. Rep. 2019, 9,
10363. [CrossRef] [PubMed]

Stavenuiter, A.W.; Schilte, M.N.; Ter Wee, PM.; Beelen, R.H. Angiogenesis in peritoneal dialysis. Kidney Blood Press. Res. 2011, 34,
245-252. [CrossRef] [PubMed]


https://doi.org/10.1177/2054358120912652
https://doi.org/10.1159/000520028
https://doi.org/10.1126/scitranslmed.3003377
https://www.ncbi.nlm.nih.gov/pubmed/22422992
https://doi.org/10.3389/fcell.2014.00037
https://doi.org/10.3390/ijms23094831
https://doi.org/10.1007/s10157-011-0533-y
https://doi.org/10.1007/s11255-015-1116-8
https://www.ncbi.nlm.nih.gov/pubmed/26433885
https://doi.org/10.1111/1744-9987.13565
https://www.ncbi.nlm.nih.gov/pubmed/33439548
https://doi.org/10.3390/biom12111629
https://doi.org/10.1016/j.preteyeres.2008.10.001
https://doi.org/10.4137/CMRH.S7337
https://doi.org/10.3978/j.issn.2223-4683.2013.12.01
https://doi.org/10.1038/s41585-022-00639-5
https://www.ncbi.nlm.nih.gov/pubmed/36008555
https://doi.org/10.3109/0886022X.2012.741643
https://www.ncbi.nlm.nih.gov/pubmed/23150953
https://doi.org/10.1111/nep.12742
https://www.ncbi.nlm.nih.gov/pubmed/26860073
https://doi.org/10.1186/s12882-023-03166-6
https://doi.org/10.1016/j.bbi.2024.08.048
https://doi.org/10.3389/fphar.2022.874375
https://doi.org/10.3389/fimmu.2022.980189
https://doi.org/10.1002/npr2.12194
https://doi.org/10.1002/art.27304
https://doi.org/10.1038/s41598-019-46504-1
https://www.ncbi.nlm.nih.gov/pubmed/31316105
https://doi.org/10.1159/000326953
https://www.ncbi.nlm.nih.gov/pubmed/21691127

J. Clin. Med. 2025, 14, 3733 20 of 20

76. Fabbrini, P,; Schilte, M.N.; Zareie, M.; ter Wee, PM.; Keuning, E.D.; Beelen, R.H.; van den Born, J. Celecoxib treatment reduces
peritoneal fibrosis and angiogenesis and prevents ultrafiltration failure in experimental peritoneal dialysis. Nephrol. Dial.
Transplant. 2009, 24, 3669-3676. [CrossRef] [PubMed]

77. Park, S]J.; Hahn, HJ.; Oh, S.R.; Lee, H]. Theophylline Attenuates BLM-Induced Pulmonary Fibrosis by Inhibiting Th17 Differenti-
ation. Int. J. Mol. Sci. 2023, 24, 1019. [CrossRef]

78. Bozkurt, D.; Sarsik, B.; Hur, E.; Ertilav, M.; Karaca, B.; Timur, O.; Bicak, S.; Akcicek, F.; Duman, S. A novel angiogenesis inhibitor,
sunitinib malate, in encapsulating peritoneal sclerosis. ]. Nephrol. 2011, 24, 359-365. [CrossRef]

79. Tapiawala, S.N.; Bargman, ].M.; Oreopoulos, D.G.; Simons, M. Prolonged use of the tyrosine kinase inhibitor in a peritoneal
dialysis patient with metastatic renal cell carcinoma: Possible beneficial effects on peritoneal membrane and peritonitis rates. Int.
Urol. Nephrol. 2009, 41, 431-434. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1093/ndt/gfp384
https://www.ncbi.nlm.nih.gov/pubmed/19666665
https://doi.org/10.3390/ijms24021019
https://doi.org/10.5301/JN.2011.6257
https://doi.org/10.1007/s11255-009-9545-x

	Introduction 
	Materials and Methods 
	PD Patient Database 
	Drug Data Harmonization and Co-Prescription Analysis in PD Patients 
	Co-Prescription Rate and Similarity of Co-Prescribed Drugs 
	Peritoneal Dialysis Molecular Model (“PD Disease Network”) 
	Drug–Target Interactions from the Public Domain and Network Clustering 
	Identification and Prioritization of Novel Drug Combinations Interfering with PD-Associated Molecular Processes 
	Statistics 

	Results 
	Co-Prescribed Drugs During PD Therapy Show Three Distinct Patterns 
	Network Analysis for Drugs Targeting Biological Processes in the “PD Disease Network” 
	Drug Shortlisting in PD: Targeting Angiogenesis and Inflammation 
	Synergistic Potential of Drug Combinations in PD: Structural and Pharmacological Similarity Analysis 

	Discussion 
	Conclusions 
	References

