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Abstract

An increasing number of studies in the field of pharmacovigilance have been testing different Ar-
tificial intelligence (AI) approaches on Real-World Data (RWD). These studies use conventional
Al to predict adverse drug reactions by detecting the correlation of patient characteristics with ad-
verse effects (AE). Typically, these studies do not aim to establish any causal relationship between
the suspect drugs and the AE. Causal inference enables machine learning methods to estimate the
treatment effect of medical interventions using RWD. However, applying causal inference to RWD
presents its own set of challenges. Therefore, a comprehensive framework is essential. In this
study, the integration of PRINCIPLED, a process guide for causal inference using healthcare data,
electronic health records from the MIMIC-IV database, and Causal Machine Learning (CML) to
detect drug-induced acute kidney injury, demonstrates a framework that can provide interpretable,
reproducible, and clinically relevant information. The results position CML as a promising ap-
proach for improving the accuracy, transparency, and regulatory acceptance of pharmacovigilance
systems.
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1. Introduction

Pharmacovigilance (PV) studies the causal relationship between a drug and an adverse effect (AE).
Traditional PV approaches focus on statistical methods that detect correlations between drugs and
AE in PV databases and more recently in real-world data (RWD) (Crisafulli et al., 2023). The term
RWD refers to data collected outside the controlled environment of clinical trials, such as electronic
health records (EHRs). Machine learning (ML) can identify associations in RWD that traditional
statistical methods, due to data complexity, cannot detect, making it a more expressive analytical
approach. However, observational studies can be subject to bias as evidence and reproducibility
concerns often arise from incomplete documentation of cohort definitions, confounder handling, or
code (Wang et al., 2022). Conventional ML makes predictions using historical data, but decision-
making in PV requires comparing potential outcomes with and without the suspect drug. Thus,
causal machine learning (CML) could offer mechanistic insights to observational studies in PV by
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addressing confounding and prove an initial causal association between the drug and the AE. So
far, few studies have explored various CML approaches in EHRs for PV. Wang et al. (2023) used
targeted maximum likelihood estimation to estimate drug-induced liver injury, and Zhang et al.
(2023) applied causal discovery algorithms to EHRs to study remdesivir-related kidney injury.
This study' examines whether CML can support PV by applying an existing causal analysis
workflow to a drug-induced acute kidney injury (DAKI) case study using EHR data”. As responsible
use of CML requires protocols, standardized reporting and alignment with regulatory expectations
(Feuerriegel et al., 2024), we follow PRINCIPLED (Desai et al., 2024), a process guide for causal
inference using healthcare data, and adapt it to our study. Our goal is to evaluate whether this
framework can produce clinically plausible and robust results under real-world constraints.

2. Methods

This section maps the steps in the PRINCIPLED (Desai et al., 2024). Figure 1 presents an overview
of the framework in the context of our study.
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Figure 1: Methodology pipeline according to PRINCIPLED steps

2.1. Step 1: Protocol Specification
2.1.1. CASE STUDY: DRUG-INDUCED ACUTE KIDNEY INJURY (DAKI)

Acute kidney injury (AKI) is defined as a decline in kidney function with increased serum creatinine
or reduced urine output within 7 days (Kellum et al., 2012). Mehta et al. (2015) supports that DAKI
incident typically occurs within 7 days of drug initiation. AKI affects up to 20% of hospitalized
patients (Waikar et al., 2008; Zeng et al., 2014; Susantitaphong et al., 2013), and DAKI accounts
for 19-26% of cases (Karimzadeh et al., 2023).

Ryan et al. (2013) provides a reference set of drugs classified as positive (potentially causing
DAKI) or negative controls (verified not to cause DAKI). Their study is based on a systematic liter-
ature review. They extracted product labels using natural language processing tools and calculated a
minimum detectable relative risk (MDRR) to ensure sufficient sample size and power (Armstrong,
1987), resulting in 13 positive (suspect to AKI) and 24 negative controls (not related to AKI).

1. The main section concentrates primarily on accessibility, while the technical details are elaborated in the appendices.
2. Code is available here: https://github.com/Dimstella/PRINCIPLED-CLM-DAKI


https://github.com/Dimstella/PRINCIPLED-CLM-DAKI/tree/main

CML FRAMEWORK FOR PHARMACOVIGILANCE

More recently, Fernandez-Llaneza et al. (2024) compiled 200 positive drugs from multiple
sources, including spontaneous reporting systems, drug databases, NephroTox 3, and peer-reviewed
literature. Drugs were categorized to very strong, strong, moderate, or limited effect on AKI based
on disproportionality analysis, event frequency, and published evidence.

Using these studies, we compiled a list of positive and negative drugs, but not all appear in every
EHR system or have enough patients for reliable analysis. Therefore, in our study, we consider the
subset of drugs, including all drug synonyms, for which we retrieved enough data in the MIMIC-IV
database (Johnson et al., 2020).

2.1.2. FROM TARGET TRIAL PROTOCOL TO CAUSAL QUESTION

The study is framed as an emulation of a target trial”, specifying eligibility, assignment, follow-up,
and causal contrast. We applied the PICO (Population, Intervention, Control, Outcome) framework,
Guyatt and Rennie (1993), an extension of it that adds Time as a critical component, particularly
important for time-series data such as EHRs, as highlighted in Doutreligne et al. (2025). Table 1
describes the PICOT framework for PV signal detection of DAKI.

Table 1: PICOT framework for drug-induced acute kidney injury (DAKI)
H PICOT Application in DAKI prediction H

Population Hospitalized patients with AKI stage > 1 based to KDIGO guidelines

Intervention  Ibuprofen and Ketorolac (NSAID, very strong effect), Vancomycin (Antibacte-
ria, strong effect), Lisinopril (RAAS-acting agent, strong effect), Furosemide
(Diuretic, moderate effect), Pantoprazole and Omeprazole (PPI, moderate ef-
fect), and Allopurinol (Xanthine oxidase inhibitor, limited effect)

Control Simethicone, Prochlorperazine, and Lactulose
Outcome Increase of AKI stage based on KDIGO guidelines
Time Patients with and without pre-existing AKI stage whose condition worsened

after 24 hours of drug administration or within 7 days after the last dose.

Based on the PICOT framework, the causal question is: among hospitalized patients, what
is the causal effect of receiving a suspected nephrotoxic drug (ibuprofen, ketorolac, vancomycin,
lisinopril, furosemide, pantoprazole, omeprazole or allopurinol) versus a negative control drug
(simethicone, prochlorperazine or lactulose) on the incidence of acute kidney injury occurring after
the first day of drug administration?

2.2. Step 2: Emulation Design
2.2.1. STEP 2A: EMULATION OF TARGET TRIAL PROTOCOL

The cohort includes hospitalized adult patients (age> 18 years) with and without pre-existing acute
kidney injury, KDIGO stage > 1 and KDIGO stage = 0, respectively, before drug administration.
The outcome is assessed by the incidence of acute kidney injury, indicated by an increase in KDIGO
stage, following the first day of drug administration. Time zero was defined as the time of first in-
hospital administration of the suspect or control drug; our cohort includes only patients whose first

3. http://www.nephrotox.com/
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exposure was recorded during hospitalization, prior exposure could not be assessed and is noted
as a limitation. Included patient characteristics encompass demographics, lab results, concomitant
medications (drugs co-administered with the suspect drugs), and comorbidities. Table 2 describes
the features included in the final 24 datasets (8 suspect x 3 negative control drugs), where the
concomitant drugs are mapped with ATC (Anatomical Therapeutic Chemical) codes.

Table 2: The feature categories in the final datasets

H Feature Category Number of variables Details H
Demographics 2 Age, gender
Vitals 3 Diastolic BP, systolic BP, weight
Laboratory Tests 8 Glucose, sodium, creatinine, potassium,

Blood Urea Nitrogen (BUN), bicarbonate,
chloride, anion gap
Concomitant drugs 71 to 472 ATC codes (number of drugs differ)
Comorbidities 17 Charlson comorbidity (Charlson et al., 1987)

For the list of positive and negative control drugs, the included characteristics of the patients are
collected only for the period of the drug administered to patients without AKI and until the event
for patients with AKI. Data quality processes include removal of EHRs with missing entries in the
included features and mapping drug names to ATC codes (Appendix section A.3).

2.2.2. STEP 2B: IDENTIFYING FIT-FOR-PURPOSE DATA SOURCES

Appendix table 5 outlines how the selected data are aligned with the objectives of the study. Summa-
rizing its contents, we conclude that MIMIC-IV database offers comprehensive patient data, includ-
ing lab tests, medications, comorbidities, KDIGO-defined AKI outcomes, precise drug-administration
timing, and other relevant features, which have been evaluated from scientific literature and identi-
fied as potentially useful (e.g., as potential confounders). These features allow us to define eligibility
windows, specify treatment initiation and duration, identify outcomes using established clinical cri-
teria, and adjust for a pre-specified set of measured confounders.

2.2.3. STRUCTURAL CAUSAL MODEL

To identify potential confounders, colliders, and mediators, we constructed structural causal models
(Wang et al., 2025), represented as directed acyclic graphs (DAGs). This procedure follows four
distinct steps (Appendix figures 7 and 8): (1) Literature review, (2) Statistical analysis, (3) Literature
analysis, (4) Domain expertise. The first step, based on a statistical analysis (Appendix table 4), an
initial directed graph is constructed, where all connections are drawn according to the significance
of the continuous and categorical variables to the exposure (suspect drug) and the response (AKI).
The concomitant drugs that are used as potential confounders are retrieved from Ferndndez-Llaneza
et al. (2024) study identified as potential risk factors for AKI and sources of drug—drug interactions.
Next, a supplementary review of the existing scientific literature was conducted to verify the edges
of the graph. Finally, in collaboration with a nephrologist, we constructed the final DAGs for each
suspect drug.
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2.3. Step 3: Assess expected precision and conduct diagnostic evaluations

Eliminating patients with missing entries from our final datasets led to smaller cohorts than initially
retrieved from MIMIC-1V, but possible biases from imputation methods were avoided. Appendix
table 7 presents the cohort sizes after data preprocessing. Moreover, valid causal inference on
observational data requires assumptions. The causal assumptions made for this study are described
in the Appendix section E.

We determined the minimal detectable relative risk (MDRR) (Armstrong, 1987), defined as the
lowest relative risk identifiable with a significance level («) of 0.05 and a statistical power of 0.80.
The smaller the MDRR is, the more representative the cohort is for detecting small effects. Thus, we
adopted the same strict threshold of MDRR < 1.25 as utilized in the Ryan et al. (2013) study. All
different cohorts (24) used in our study did not cross this threshold (MDRR < 1.12), as presented
in Appendix table 8.

2.4. Step 4: Robustness evaluations

In this step we applied three types of deterministic sensitivity analysis. First, we estimated treat-
ment effects using alternative representations of laboratory measurements, including mean values,
the first measurements closest to or on the day of initial drug exposure, and the last measurements
prior to AKI occurrence or the final drug dose (Appendix figure 6). Second, we re-estimated effects
using two different confounder adjustment sets: one derived from statistical analyses and litera-
ture review, and another proposed by a nephrologist for drugs where disagreement existed between
the literature-based and clinician-defined confounders. In these analyses, concomitant medications
were accounted for using dosing duration (in days) and encoded as binary indicators. Third, we
repeated all analyses using normalized laboratory and vital sign measurements and compared them
with analyses based on the original (unnormalized) values.

2.5. Step S: Inferential Analysis

Using machine learning algorithms, CML models estimate treatment effects conditional on patient
characteristics (Oprescu et al., 2019). We applied multiple CML approaches (Appendix section
D), including meta-learners (S-,T- and X-learners) and double machine learning (DML). Propensity
score matching was applied in all datasets to adjust for confounders. For each conditional average
treatment effect (CATE) estimate, confidence intervals were computed via bootstrap sampling (n =
100). The CATE was estimated with meta-learners for matched and unmatched samples. The best-
performing CML architectures, selected based on confidence intervals’ (CI) width and robustness
to confounding, were then used to compute heterogeneous treatment effects (HTEs). All CATE
estimators (CML models) were implemented using the Econml library (Oprescu et al., 2019).

2.5.1. MATCHING

Propensity Score Matching (PSM) is used to match covariates (Algorithm 3). PSM estimates the
probability of receiving treatment using various classifiers, a caliper (coefficient=0.2), and a fixed
ratio 4:1. The ML algorithms that are tested: Logistic Regression, Random Forest, Gradient Boost-
ing, Support Vector Classifier (SVC), Extreme Gradient Boosting (XGBoost), Adaptive Boosting
(AdaBoost), and Multilayer Perceptron (MLP). The propensity score is a balancing score: con-
ditional on it, the distribution of covariates should be similar across treatment groups. Matching
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treated and control units with similar propensity scores mimics randomization. Standardized differ-
ence in means (SMD) is used for the evaluation of the quality of matching (Equation 2). A moderate
SMD cutoff of 0.2 has been selected to indicate the balance of covariates (Austin, 2009).

2.5.2. SELECTION OF ML MODELS FOR CML ARCHITECTURES

A prerequisite to the application of CML methods is to select ML algorithms that best fit the data
and the methodologies. So, we tested several ML algorithms (Appendix figure 9), from simple (e.g,
Logistic regression) to more complex (e.g., Multilayer Perceptron). Algorithms are selected based
on accuracy, recall, precision, and f1 score for classification models and mean squared error (MSE),
root mean squared error (RMSE) and R? for regression models.

For the S-learner, which uses a single classifier, model selection was based on the average of four
classification metrics. The T-learner requires two classifiers (for 7' = 0 and 7' = 1), so performance
was computed as the average of both models. The DML-learner requires three regression models;
because regression metrics cannot be directly averaged, we defined a combined score S (Equation 1)
and used the mean of the three .S values. The X-learner uses two classifiers and two regressors;
thus, classification performance was assessed as in the T-learner and regression performance as in
the DML-learner, with the final score obtained by summing both components.

2.5.3. EVALUATION OF THE RESULTS

The results are evaluated in 2 different directions, the technical evaluation of CML methodologies
and the domain evaluation. The CML methodologies are examined based on CI. CATE estimators’
CIs’ width that exceeded 0.85 are considered non-robust and are unstable estimators (we select this
width because it is the largest CI width among significant CATEs whose intervals exclude zero). For
clinical validation, HTEs are used in characterizing the heterogeneous treatment effect in different
groups of patients based on age, gender, weight, vital signs, and laboratory tests’ values. Treatment
effects in various patient categories are evaluated. The calculated HTEs are investigated on the
groups of patient characteristics (age category, glucose categories etc.) and on HTE categories. The
HTE:s are separated in 3 main categories: Protective effect where mean HTE < -0.1, no effect where
-0.1 > mean HTE < 0.1 and adverse effect where mean HTE > 0.1. For each patient characteristic
the statistical significance is calculated between the different HTE categories with the Kruskal-
Wallis test (McKight and Najab, 2010).

3. Results
3.1. Causal graphs

Nephrologist and literature agree on the structure of DAGs for omeprazole, pantoprazole, and van-
comycin drugs. However, the structure of DAGs for furosemide, allopurinol, ibuprofen, lisinopril,
and ketorolac differs between nephrologist and the existing literature. An interesting disagreement
was in allopurinol, where, based on several studies, there is a potential direct connection between
the drug and AKI (Appendix figure 20), but the nephrologist disagrees (Appendix figure 21).

In the case of ibuprofen, the literature mentions (Appendix figure 10) that abnormal glucose
metabolism occurs at the onset, progression, and prognosis of several kidney diseases like AKI (Wen
et al., 2021), but the nephrologist (Appendix figure 11) questions this connection. The same dis-
agreement is met in ketorolac’s DAG (Appendix figures 12, 13). In lisinopril, except for the glucose
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disagreement, the causal relationship between anti-gout preparations and AKI is also questioned by
the nephrologist. In literature (Appendix figure 15), there is evidence that anti-gout medication is di-
rectly related to AKI (Rey et al., 2019). In contrast, the nephrologist (Appendix figure 15) supports
that this connection can be achieved through the administration of these drugs to comorbidities.
Another difference is in the causal association of psycholeptics and AKI, where literature supports
that atypical antipsychotic drug use versus non-use was associated with a higher risk of hospitaliza-
tion with AKI (Hwang et al., 2014). However, the nephrologist did not support this association as
psycholeptics are a major class of drugs and there is no strong evidence. In the furosemide DAG
except for the anti-gout medication difference, we met a different approach in the causal association
of antiepileptics and AKI (Appendix figure 17) where according to the study of Hamed (2017) some
patients with epilepsy develop clinical or subclinical kidney dysfunction or injury with long-term
use of antiepileptics. This argument is not supported by the nephrologist (Appendix figure 18).
Although graphs may differ between literature and nephrologist, confounders in some cases re-
main exactly the same (furosemide). Appendix table 9 describes the confounders that are controlled
for each drug based on DAGs, both from the literature review and the knowledge of the physician.

3.2. Matching

Across all drug—control comparisons, propensity score matching (PSM) substantially reduced co-
variate imbalance, with performance varying by preprocessing strategy, propensity score model,
and laboratory-test representation. Logistic Regression and Support Vector Classifiers provided the
most stable matching across settings, whereas Gradient Boosting and AdaBoost performed better
in settings with limited covariate overlap between treatment and control groups. Preprocessing also
influenced match quality: original covariates preserved larger matched cohorts, binary transfor-
mations improved balance for scale-sensitive models, and normalized features yielded the lowest
residual SMD in high-dimensional settings.

When laboratory tests were represented as mean values (Appendix table 10), most drugs achieved
strong post-matching balance: Ibuprofen (initial SMD 0.18-0.42; matched mean SMD 0.01-0.09;
0-8 covariates with SMD> 0.2), Ketorolac (0.08-0.28; 0.02—0.09; 2-12), Lisinopril (0.14-0.23;
0.01-0.06; 1-6), Allopurinol (0.14-0.22; 0-0.04; 0-8), and Vancomycin (0.14-0.36; 0-0.08; 0-3).
In contrast, drugs such as Furosemide (0.20-0.34; 0-0.17; 4-15), Pantoprazole (0.11-0.41; 0-
0.22; 1-18), and Omeprazole (0.09-0.35; 0-0.21; 1-21) showed higher residual imbalance. Using
first/last laboratory values (Appendix table 11) instead of means consistently worsened match qual-
ity, increasing mean post-matching SMD and the number of covariates with SMD> 0.2, indicating
that mean-value aggregation provides a more stable confounder representation.

3.3. Machine-learning model selection to support CML

Across all learning architectures evaluated, S-learner (Appendix table 12), T-learner (Appendix ta-
ble 13), X-learner (Appendix table 14), and DML (Appendix table 15), the Random Forest model
consistently emerged as the top performer, particularly in the S-learner where it delivered near-
perfect predictive accuracy. Although model performance varied more in T-learner and X-learner,
Random Forest and XGBoost remained among the most reliable algorithms, with additional contri-
butions from Decision Trees, SGD, and Support Vector methods depending on the control drug and
drug-specific dataset. Notably, X-learners and DML approaches introduced greater model diver-
sity and flexibility through combined classification-regression strategies and multi-stage estimation
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pipelines. In classification models, the X-learner’s performance was generally lower than in the
S-learner and T-learner settings. The regression model performs better in DML than the X-learner.

3.4. Conditional Average Treatment Effect

The results are classified as follows: Original (O) refers to the initial datasets where concomitant
drugs include the number of days administered; Binary (B) refers to datasets where concomitant
drugs are represented as binary variables (0/1); and Normalized (N) refers to datasets where con-
comitant drugs are binary and continuous variables (laboratory tests, vital signs) are normalized.
Clinicians indicates confounders selected using the nephrologist-designed DAG, while Literature
indicates confounders selected using the literature-based DAG. Laboratory tests are represented ei-
ther as mean values (Mean) or as first and last measurements (tO—t1). Only CATE results from
unmatched samples were analyzed, as matched analyses did not yield valid results for all suspected
drugs (Appendix section I).

Following the initial CATE evaluation, results with CI < 0.85 were considered valid. Figure 2
shows the distribution of valid CATE pipelines. Ibuprofen (86/144 CATEs) had the most valid re-
sults, particularly with simethicone. Nephrologist DAGs outperformed literature DAGs. Laboratory
result representation had minimal impact, though mean values produced slightly more valid CATEs
than first/last values. The S-learner generated the most robust ATEs.
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Figure 2: Pipelines of work based on the number of valid CATE results (CI range < 85)

Valid CATEs are evaluated by their statistical significance. A CATE is considered statistically
significant when the CIs range does not include 0. Figure 3 illustrates only 4 out of 8 suspect drugs
(lisinopril, ibuprofen, furosemide, ketorolac), including significant CATEs. Lisinopril shows the
most significant results in combination with negative drugs prochlorperazine and simethicone but
lactulose is the negative drug that includes the most significant results in total. The most significant
results are shown in DAGs designed by literature in combination with normalized values in labo-
ratory tests and vital signs where laboratory tests are represented as first and last values. X-learner
produces the most significant CATEs where most of them demonstrate negative effect to AKI.

Ranking suspect drugs by the total average CATE of all CML methods reveals negative effects
for 3 out of 8 drugs (allopurinol, lisinopril, ketorolac) with CATE values ranging from -0.04 to -
0.17. Selecting the CML architecture for each drug that reflects the possibility of a positive effect
(DAKI), as described in the relevant literature, resulted in a drug ranking that aligned better with
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Figure 3: Significant CATEs (CI excludes 0) Estimates (with 95% CI)

the effect ranking in Ferndndez-Llaneza et al. (2024). Ibuprofen and furosemide CATEs have the
highest standard deviations. Figure 31 describes in detail the average value of CML methods for
each suspect drug.
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Figure 4: Ranking of drugs A. Mean =+ SD of total CATE estimates per suspect drug. B. Mean +
SD of positive CATEs across CML methods per suspect drug.

3.5. Heterogeneous Treatment Effect

CML methodologies were selected for HTE estimation based on ATE CI width (<0.85), signifi-
cance (CIs not containing 0), and consistency with the literature (Figure 5). For example, although
Ketorolac mostly yielded negative CATEs, the X-learner with mean lab values, lactose as the neg-
ative drug, and the literature DAG produced a positive CATE of 0.2 (-0.02, 0.4), compared to the
DML learner, which gave a smaller CATE of 0.07 with wider CI (-0.3, 0.5). Due to methodological
diversity, HTE results are discussed as separate case studies (Appendix Table 16).
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After applying Kruskal-Wallis statistical testing for the 3 categories of HTE values (protective
effect, no effect and adverse effect), the characteristics of patients with suspect DAKI are described
per drug (For allopurinol, no statistically significant patient characteristics were identified). Ap-
pendix section K describes the analysis of the characteristics of patients based on HTE value in
more detail.

Ibuprofen (150 AKI patients): Higher HTEs were observed in males (mean 0.4, SD 0.1) com-
pared to females (0.3, SD 0.1), and in adults aged 40-59 (0.4, SD 0.05). Overweight patients
showed slightly higher effects (0.34, SD 0.1) than obese patients (0.31, SD 0.1). Elevated HTEs
were associated with increased glucose (0.4, SD 0.1), creatinine > 2.0 mg/dL (0.4, SD 0.05), BUN
> 20 mg/dL (0.4, SD 0.05), bicarbonate (0.34, SD 0.1), potassium (0.32, SD 0.1), low chloride
(0.34, SD 0.1), and lower anion gap (0.3, SD 0.1). Both systolic and diastolic blood pressures were
slightly higher (0.3, SD 0.1).

Ketorolac (399 AKI patients): Males presented higher HTEs (0.3, SD 0.1) compared to females
(0.2, SD 0.2), and adults > 80 years had the highest HTE (0.3, SD 0.2). Increased glucose (0.3,
SD 0.2), creatinine > 2.0 mg/dL (0.3, SD 0.1), BUN > 20 mg/dL (0.35, SD 0.1), bicarbonate (0.3,
SD 0.2), and potassium (0.3, SD 0.2) corresponded to higher effects. Reduced chloride (0.3, SD
0.2), anion gap (0.2, SD 0.2), and sodium (0.3, SD 0.15) were also observed. Blood pressure was
elevated in the adverse group (0.2, SD 0.2).

Vancomycin (2453 AKI patients): Higher HTEs were found in young adults (18-39; 0.4, SD
0.5), females (0.3, SD 0.5), and overweight/obese patients (0.3, SD 0.5). Most laboratory markers
were lower in the adverse group, including creatinine (0.3, SD 0.5), glucose (0.3, SD 0.5), potassium
(0.4, SD 0.5), BUN (0.6, SD 0.5), bicarbonate (0.3, SD 0.5), and anion gap (0.3, SD 0.5). Chloride
was the only increased marker (0.3, SD 0.5). Diastolic blood pressure was elevated (0.3, SD 0.4).

Lisinopril (1420 AKI patients): Higher HTEs occurred in average-weight patients (60-79 kg;
0.5, SD 0.3), adults aged 40-59 (0.6, SD 0.2), and females (0.5, SD 0.4). Elevated creatinine > 2.0
mg/dL (0.5, SD 0.3), anion gap (0.5, SD 0.3), and glucose (0.5, SD 0.3) were associated with higher
HTEs. Decreased bicarbonate (0.5, SD 0.3), chloride (0.5, SD 0.3), BUN (0.6, SD 0.2), and sodium
(0.5, SD 0.35) were also noted. Diastolic blood pressure was high (0.5, SD 0.35).

Furosemide (2669 AKI patients): Adults aged 40-59 showed the highest HTEs (0.6, SD 0.2).
Significant differences were found in bicarbonate (0.5, SD 0.35), BUN (0.5, SD 0.3), and sodium
(0.5, SD 0.35), all of which increased in the adverse group. Systolic blood pressure was lower (0.5,
SD 0.35), while diastolic pressure was elevated (0.5, SD 0.35).

Pantoprazole (2328 AKI patients): Patients in the adverse group were young adults (18-59;
0.01, SD 0.2), female (0.001, SD 0.1), and exhibited lower bicarbonate levels (0.001, SD 0.1).

Omeprazole (1560 AKI patients): Similar to pantoprazole, adverse-effect patients were young
adults (18-59; 0.02, SD 0.15), mostly female (0.01, SD 0.1). Chloride was increased (0.005, SD
0.1). Lower bicarbonate (0.01, SD 0.1), BUN (0.1, SD 0.3), glucose (0.01, SD 0.1), and creatinine
(0.003, SD 0.1) levels were observed. Systolic blood pressure was lower (0.002, SD 0.1).

4. Discussion

Our framework provides a structured approach for extracting reliable pharmacovigilance signals
from EHRs, which offer richer clinical information than traditional sources that often yield biased,
non-causal associations. Using the PRINCIPLED workflow (Desai et al., 2024) with CML, we can
reduce bias. Although EHR data is not publicly accessible, the protocol-driven design and detailed
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Figure 5: Analysis of heterogeneous treatment effect (HTE) of suspect drugs with statistically sig-
nificant (Kruskal-Wallis test) patient characteristics where HTE > 0.1 (AKI adverse ef-
fect). Red indicates decreased and green increased values. A. Ibuprofen B. Ketorolac C.
Furosemide D. Lisinopril E. Vancomycin F. Omeprazole G. Pantoprazole

variable definitions support reproducibility. Additionally, our use of comprehensive evaluation met-
rics on both ML and CML models helps limit false-positive safety signals.

4.1. Addressing confounding and model robustness in CML estimation

Minimizing confounding bias is essential for reliable evidence, but real-world data contain unob-
served factors that cannot be fully addressed by structural causal models or existing de-confounding
methods (Kuzmanovic et al., 2021; Bica et al., 2020). To reduce residual bias, we used three
negative-control drugs. Matching results showed variability on SMDs and the number of matched
patients (less than 200) across controls and ML models (Appendix tables 11, 10), highlighting the
impact of the selection of controls.

We further addressed confounding by constructing two DAGs per suspect drug, based on litera-
ture and nephrologist knowledge. Agreement was reached for pantoprazole, omeprazole, furosemide,
and vancomycin, while ibuprofen, ketorolac, lisinopril, and allopurinol showed structural differ-
ences. Nonetheless, CATE estimates were generally consistent between the two DAGs, with diver-
gences appearing mainly in the width of confidence intervals when effects were statistically signif-
icant. This may indicate that differences between DAG specifications are minor, as the additional
confounders represent weak causal links.

As no gold-standard CML method exists for real-world data, we evaluated four learners across
all DAKI cases. After filtering invalid estimates (CI > 0.85), the S-learner retained the most valid
not significant CATEs (~ 0), indicating robustness. The T-learner performed worst, with wide CIs
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and few valid estimates likely due to bias from separate outcome models. The X-learner produced
the second-highest number of valid estimates and produced significant CATEs for furosemide (—0.4
to 0.5) and lisinopril (—0.2) with lactulose. DML also gave significant results, particularly for
ibuprofen (0.3-0.5) and lisinopril (0.3) with prochlorperazine. Overall, complex estimators, X-
learner and DML, captured the only significant effects, S-learner robust but uninformative, and
T-learner was the least reliable.

4.2. CML can support pharmacovigilance

We compared our CATE-based rankings with those reported in Ferndndez-Llaneza et al. (2024),
and evaluated HTE patterns across patient subgroups against existing findings in the literature. For
ketorolac, the CML models used in the HTE analysis were chosen based on the available domain
knowledge about DAKI.

Across suspect drugs, the closest agreement with the literature occurred when using literature-
based DAGs, first—last laboratory values, and the CML method with the most statistically significant
CATEs. Ibuprofen consistently showed a strong AKI effect in both studies, while vancomycin and
pantoprazole showed positive but non-significant effects. Lisinopril produced mixed but sometimes
significant positive CATEs. Furosemide exhibited opposite significant effects depending on labo-
ratory representation, differing from Fernandez-Llaneza et al. (2024), possibly due to higher AKI
incidence in our sample. Omeprazole and allopurinol showed small, non-significant effects consis-
tent with the uncertain evidence in prior work.

HTE patterns were partly supported by known risk factors. For gender, ibuprofen and ketorolac
exhibited higher risk for men, consistent with Faguer et al. (2024). Age effects aligned with the
literature for ketorolac (Klomjit and Ungprasert, 2022) and furosemide (Wu et al., 2014), although
ibuprofen and vancomycin showed inconsistencies likely due to small subgroup sizes or sample-
specific bias. Lisinopril diverged from expectations (Chen et al., 2021), while omeprazole and
pantoprazole displayed too few high-HTE cases for interpretation.

Weight-related HTEs patterns were inconsistent with the obesity-related AKI literature for van-
comycin (Rutter et al., 2019; Danziger et al., 2016; Shi et al., 2020), whereas ibuprofen, lisinopril,
and furosemide showed significant associations likely influenced by high comorbidity burden. Glu-
cose results were inconsistent with the mechanisms outlined in Wen et al. (2021), suggesting limited
relevance of glucose to DAKI in our cohort.

Electrolyte patterns largely reflected known drug mechanisms. Elevated creatinine for ibupro-
fen, ketorolac, and lisinopril aligned with Zhang et al. (2017); Thorp et al. (2005). Potassium abnor-
malities were consistent with Man et al. (2022) for ibuprofen, and partially for ketorolac. BUN find-
ings aligned with NSAID nephrotoxicity (Whelton, 1999) and loop-diuretic physiology Nunez et al.
(2012), though vancomycin and lisinopril diverged from expected elevations Wood et al. (1986);
Ahmed (2002). Bicarbonate results matched literature for ibuprofen (Man et al., 2022), furosemide
(Emmett, 2020), and vancomycin (Mori et al., 2018). Chloride and anion-gap differences have not
been previously reported. Blood-pressure effects were consistent with NSAID physiology (Warner
and Mitchell, 2008) and furosemide’s known hemodynamic influence (Osmanovic et al., 2017).

Finally, because causal effects reflect the full causal graph, including mediators, comorbidities,
and concomitant drugs, results may vary across datasets. Thus, while CML enables patient-specific
inference and subgroup insight, generalizing these effects requires datasets with similar distributions
and causal structures.
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4.3. Limitations and Future work

The main limitation is the reliance on a single database (MIMIC-IV), which restricts generalizabil-
ity. The dataset also lacks socioeconomic variables. In preprocessing, text-matching approaches for
ATC mapping (85% threshold) may have led to drug mapping errors, and drug dosage information
for suspect and control drugs was not available.

Future extensions could incorporate causal discovery methods (Vowels et al., 2022) and causal
checking approaches to identify missing relationships and to test whether conditional indepen-
dence relations implied by manually constructed DAGs are supported by the data. Advanced de-
confounding techniques (Louizos et al., 2017; Witty et al., 2020; Kuzmanovic et al., 2021; Bica
et al., 2020) to further reduce hidden bias, and more powerful CML estimators such as GANITE
(Yoon et al., 2018), Super Learning (Luedtke and van der Laan, 2016), or Generalized Random
Forests (Athey et al., 2019).
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Appendix A. PRINCIPLED

A.1. Specification of PICO(T) target trial protocol

Table 3: PICOT framework for drug-induced acute kidney injury (DAKI) in electronic health
records (MIMIC-IV) based on the format that is presented from Doutreligne et al. (2025)

study.
PICOT Description Notation Application in DAKI
prediction
Population What is the target X ~ P(X), the Hospitalized patients with
population of inter- covariate distribu- AKI stage > 1 based to
est? tion KDIGO guidelines
Intervention What is the treat- A ~ P(A = 1) = Treatment with Ibupro-
ment? pA, the probability fen, Ketorolac, Van-
to be ADR comycin, Lisinopril,
Furosemide,  Pantopra-
zole, Omeprazole, and
Allopurinol drugs
Control What is the clini- 1-A~1-pA Treatment with Sime-
cally relevant com- thicone, Prochlorper-
parator? azine, and Lactulose
which are known from
the literature for no cor-
relation or causation with
AKI outcome
Outcome What are the out- Y (1),Y(0) ~ AKlstage > 1
comes to compare? P (Y (1),Y(0)),
the potential out-
comes distribution
Time Is the start of N/A Patients with and without
follow-up aligned pre-existing AKI stage
with the interven- whose condition wors-
tion assignment? ened after 24 hours of
drug administration or
within 7 days after the
last dose.

A.2. Emulation Design

Table 4: List of tables with the statistical analysis of patient characteristics in correlation with treat-

ment (suspect drug) and outcome (acute kidney injury) - Link to github.
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Table 5: Determining fit-for-purpose data sources (step 2b of the process guide for inferential stud-
ies using healthcare data from routine clinical practice, Desai et al. (2024))

H Questions Study’s aswers H

QI. Can eligibility criteria be The MIMIC-IV database contains all es-

emulated with sufficient accu- sential patient medical record information

racy? needed to meet the eligibility criteria of this
study, such as KDIGO guidelines.

Q2. Is outcome of interest mea- Acute kidney injury is detected in each patient

sured with sufficient quality? through KDIGO guidelines that are included
in a separate table in the MIMIC-1V database.

Q3. Is treatment measured with  The suspect drugs (treatment) are sufficiently

sufficient quality? measured as administered at least 24h before
the outcome.

Q4. Are key confounders The respective Directed Acyclic Graphs

recorded? (DAGs) are designed for each drug event
combination, based on existing literature and
clinical insights provided by a medical doctor
with significant real-world experience.

Table 6: Included positive control drugs characteristics in MIMIC IV before preprocessing

H Drug name # of AKI patients in MIMIC-IV  Drug effect Drug class H
Ibuprofen 1361 Very strong NSAID
Ketorolac 1363 Very strong NSAID
Vancomycin 11149 Strong Antibacterial
Lisinopril 4521 Strong RAAS-acting agent
Furosemide 11065 Moderate Diuretic
Pantoprazole 8336 Moderate PPI
Omeprazole 5255 Moderate PPI
Allopurinol 1824 Limited Xanthine oxidase inhibitor

A.3. Data preprocessing pipeline

The data preprocessing procedure is outlined in detail in the steps below:

1. Identification of patient characteristics in the EHR with the least missing values, ensuring that
a sufficient number of patients can be included in the analysis. Table 2 presents the final input
features that are selected.

2. In laboratory tests, values are collected for the period after drug exposure till the time of AKI
incidence or till the end of drug exposure. In the final datasets, the value on the day of drug
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Table 7: The number of AKI patients after preprocessing in the final datasets
H Drug name Simethicone Prochlorperazine Lactulose H

Ibuprofen 152 150 151
Ketorolac 408 376 399
Vancomycin 2592 2617 2453
Lisinopril 1420 1420 1420
Furosemide 2753 2846 2669
Pantoprazole 2328 2321 2323
Omeprazole 1551 1559 1560
Allopurinol 734 734 734

exposure is included as well as the last value before AKI incidence for each patient, and the
mean value of drug administration till the time of AKI incidence.

3. Vital signs are collected only for the period of drug administration till the time of AKI inci-
dence, and the mean value is calculated for each patient.

4. Concomitant medications—drugs co-administered with each suspect or control drug—vary
across datasets. Because drug names in MIMIC-1V are free text, text-mining preprocessing is
required. Algorithm 1 outlines the procedure used to standardize and identify relevant drugs,
which was manually validated for each dataset.

Algorithm 1 Unify Drug Names

Require: List of drug names D
Ensure: Unified set of drug names U

1:

—
e

R A T

Remove drug names with length < 3 from D
Initialize an empty set U to store unified drug names
Sort D in ascending order of length
for each drug d in D do
Check if d is a substring of any existing drug in U
if d is not a substring of any element in U then
AdddtoU
end if
end for
return U

5. Free-text drug names are mapped to the Anatomical Therapeutic Chemical (ATC) classifica-
tion (WHO et al., 2021). Approximate matching to official ATC names is performed using
an 85% string-similarity threshold, selected after data-quality evaluation. The procedure is
implemented in Algorithm 2 and was manually validated for each drug dataset.

6. For each concomitant drug administered to a patient, the number of days of exposure is
recorded until the occurrence of an AKI event.
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7. Extraction of common patient IDs between the tables of patients’ characteristics and adding
all the information in one final dataset.

8. A similar procedure is followed in the datasets for patients who took the negative or positive
control drugs, and did not lead to an AKI outcome.

9. Align the datasets with common features (concomitant drugs) between the datasets of AKI
and non-AKI patients for each one of the negative and positive control drugs.

10. Concatenate datasets of AKI and non-AKI patients to one dataset for each drug.

Algorithm 2 Replace Drug Name with ATC Code
Require: Drug name d, Dictionary of ATC codes A
Ensure: Corresponding ATC code or original drug name
Find the most similar match m for d in the keys of A using Unify Drug Names function
Compute the similarity score s for the match
if s > 85 then
return Corresponding ATC code A[m]
else
return Original drug name d
end if

NN RN

After preparing one dataset for each positive and negative drug, we generated the final datasets
by combining every positive—negative drug pair (Appendix table 7). To avoid introducing bias
through imputation, patients with missing values were omitted. The process involved three steps: (1)
removing patients who received both the positive and negative drug simultaneously, (2) excluding
concomitant-drug variables that were not shared between the paired datasets, and (3) concatenating
the resulting datasets to form the final analysis sets.

Figure 6 illustrates the information included in the final datasets.

A 4. Precision Diagnostics - Minimal detectable relative risk

Table 8: Minimal detectable relative risk (MDRR) in different suspect and control drug combina-
tions

H Drug name Simethicone Prochlorperazine Lactulose H

Ibuprofen 1.12 1.10 1.10
Ketorolac 1.10 1.10 1.10
Vancomycin 1.07 1.07 1.06
Lisinopril 1.07 1.07 1.06
Furosemide 1.06 1.08 1.06
Pantoprazole 1.06 1.05 1.04
Omeprazole 1.07 1.04 1.03
Allopurinol 1.10 1.11 1.11
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Figure 6: The time representation of patients characteristics in the final datasets

Appendix B. Causal graphs design pipeline

Based on the described workflow in Appendix figure 7, a multi-stage process is employed to con-
struct causal graphs for drug-induced acute kidney injury (DAKI). The process began with a lit-
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erature review, in which existing research on DAKI was systematically examined to identify rel-
evant variables and previously reported associations between drug exposures and AKI outcomes.
Next, statistical analyses were conducted to empirically assess variable relationships between sus-
pect drugs and AKI outcome using significance tests (e.g., Welch’s t-test and Pearson’s x? test, p <
0.05) and effect size metrics (Cohen’s d > 0.5 for continuous variables; Cramer’s V > 0.3 for cate-
gorical variables). This analysis provided an initial data-driven graph linking exposures to outcomes
with undirected edges. The literature review stage was then revisited and enriched to decide the di-
rection of each edge between variable with exposure and outcomes and between variables (Figure
8). Finally, domain expertise from a nephrologist was integrated to refine the directed acyclic graphs
(DAGsS), ensuring biological plausibility and excluding inappropriate variables such as mediators,
colliders, and instrumental variables. This integrative approach—combining statistical inference,
literature validation, and expert consultation—enabled the construction of reliable causal models
for understanding the mechanisms underlying drug-induced AKI.

Scientific literature Statistical analysis Scientific literature Nephrologist

AN AN
D =5 Continuous values | 18] .
O ]
Review the ~ @
existing literature AN AN 0;
of drug-induced Review the
acute kidney literature for l
fnjary Listthe Welch's t-test (p<0.05 ) causal n
included N associations
variables in Cohen effect sizes (d 2 0.5) i

relevant O—®
studies for Categorial values Confounder, Mediator
each drug

—
—
—
=

o A
Gain 1010 o 5o 1
=i g
(seer™) 1010 = 4
O s P 2 test(ps0.05)
N4/ AN o o o<e e

Figure 7: Description of the pipeline for designing DAGs

To determine the causal directionality of relationships within the constructed graphs, a struc-
tured synthesis of Google search queries was employed to systematically explore the scientific lit-
erature. For each potential edge—whether between exposure (suspect or concomitant drugs) and
outcome (acute kidney injury, AKI), or between intermediate variables such as laboratory tests and
vital signs—targeted search queries were formulated using combinations of key terms representing
both variables and directional phrases. These included expressions such as “[variable A] affect
[variable B]”, “[variable A] effect on [variable B]”, “[variable A] induced [variable B]”, and
“[variable A] cause [variable B]”. The search terms were adapted to capture relationships be-
tween drug exposures, physiological measures, and AKI outcomes. Each query result was reviewed
to identify evidence supporting or refuting the presumed direction of association. This system-
atic literature interrogation ensured that every causal edge in the directed acyclic graph (DAG) was
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grounded in prior empirical or mechanistic evidence, thereby enhancing the biological and clinical
validity of the causal structure. Figure 8 illustrates this procedure in detail.

Suspect drug
Scientific literature or “affect”
Concomitant drug or Laboratory tests
or T “effect on” + and
Laboratory tests or Vital signs
Queries or “change”
Vital signs

causal
associations

DD
Review the
literature for

0——®
Confounder, Mediator
o) Laboratory tests “induced”

or or

(D ® O—® i i « »”
R Non causal Vital signs i cause <~— AKI
association or or
o © Concomitant drug “and”

Figure 8: Queries structure for google search to detect the direction of the edges between the vari-
ables

Appendix C. Matching

Algorithm 3 performs propensity score matching (PSM) using nearest-neighbor matching with a
caliper and a fixed k:1 matching ratio (here k& = 4). First, the estimated propensity scores are
transformed into logit space to stabilize differences between units. A caliper threshold is then
computed as a multiple of the standard deviation of the logit scores, restricting matches to treated—
control pairs with sufficiently similar propensity scores.

The algorithm identifies treated and control populations, fits a nearest-neighbor search on the
control group, and retrieves the k closest controls for each treated unit. A control unit is matched
only if it has not been previously used and if its logit distance from the treated unit falls within the
caliper. Matched pairs are stored, and the final matched dataset is constructed by combining the
selected treated and control units along with their outcomes.
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Algorithm 3 Propensity Score Matching with Caliper and k:1 Ratio where k& = 4
Require: Covariates X, Treatment 7', Outcome Y, Propensity scores p, Caliper coefficient c, Ratio
k
Ensure: Matched datasets (Xmatch, Tmatchs Ymatch)
1: Compute logit propensity scores:

¢; — log (1_53 —
Compute caliper threshold: 6 < ¢ - SD(¥)
Identify treated and control indices: I = {i: T; =1}, Ic={i:T; =0}
Extract corresponding propensity scores: pr < p[Ir], pc < p[l¢]
Fit nearest-neighbor model on controls with k neighbors
Compute neighbor indices: NN(7) <— k nearest controls for treated unit ¢
Initialize matched pair list: M < ()
Initialize used controls: U < )
for each treated unit ¢t € I do
for each of the k nearest control candidates ¢ € NN(¢) do
if c € U then
continue to next control
end if
if |0, — ¢;| < then
Add (t,c) to M
AddctoUd
end if
end for
: end for
: Extract matched treated and control indices from M: 17, I
: Construct matched datasets:

R A

[ NS I NS I S B e e e e e e e
AR R AN L o > i ol

1
0

X[i7]
X[zl

X match — [

) Tmatch = [

23: return (X match Tmatcha Ymatch)

Appendix D. Causal machine learning architectures

S-Learner, shortened from Single-Learner, has been proposed by Hill (2011); Foster et al. (2011).
S-Learner uses one model to estimate outcomes for both treated 7; = 1 and untreated 7; = 0
groups. It works by including the treatment as one of the input variables 7; and then training a
single predictive model f. To estimate the treatment effect for an individual ¢, it calculates the
difference between the predicted outcomes 7(x;) when the treatment is present (7; = 1) versus
when it is not (7; = 0). The CATE is calculated:

7(z;) = f(x;, 1) — f(x;,0), where x is the number of input variables

T-Learner, shortened from Two-Learner, has been discussed in different versions in literature,
such as Athey and Imbens (2016); Lu et al. (2018); Powers et al. (2018) who offer some examples
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applying decision trees, random forests and gradient boosted trees as base learners, respectively. It
builds two separate models, one for the treated group f; and one for the untreated group fy. This
setup helps capture any differences between the groups, such as those caused by selection bias or
when the relationship between variables behaves differently in each group. The CATE is calculated:

7(xi) = fi(w:) — fo(z:)

X-Learner is introduced from Kiinzel et al. (2019) as an extended form of T-Learner. The
calculation of CATE follows three phases, starting like the T-Learner with the estimation of response
functions f; and fy, of the treated and untreated groups, respectively (phase 1). In the second phase,
the “imported treatment effects”, Dil and [)? , are calculated for each group separately by:

DI =Y} -V ifz,=1

(2

D=y -y ifz,=0

1

Where the group-specific observed outcome, YiZ , and the conditional average potential out-

come, Yi(Z), are calculated in phase one. Determine the function for treatment effect, 7., by em-
ploying two distinct methods: utilize the imported treatment effects as the response variable within
the treatment group to derive 71 (z) and in the control group for 7o(z), respectively. At the last
phase (3), the CATE is defined by the weighted average of the two estimates in phase 2, 7 (z;) is the
propensity score (weighting metric). There are also other weighting metrics.

() = m(@i)mo(w) + (1 — 7(2i)) 71 (5)

DML, shortened from Double Machine Learning, was introduced by Chernozhukov et al. (2018).
CATE 6(x), where z is a vector of covariates, is estimated by combining the outcome prediction
model and propensity score model into a residual-on-residual regression. DML faces the estimation
biases of ML models by applying Neyman orthogonality (Neyman and Scott, 1965) for regulariza-
tion bias and sample splitting for overfitting bias. The assumed model is partially linear:

Y=0X)T+g(X,W)+e, E|X W]=0,

T=eX,W)+k, Er|X W =0.

where T is the treatment variable, X denotes the feature vector or covariates, W represents addi-
tional observed covariates, g(X, W) is an arbitrary function used to predict the outcome variable
Y, e(X, W) represents a propensity score model, and m (X, W) denotes a risk prediction model.
The terms ¢ and « are error coefficients. The dataset is divided into K subsamples, after which
m(X, W) = E[Y | X,W]and e(X,W) = E[T | X, W] are calculated within each subsample
using arbitrary machine learning models. These nuisance parameters are subsequently utilized to
construct a residuals-on-residuals regression model:

Y —m(X, W) = 0(X)(T — e(X,W)) +&.
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The score function v is defined as a product of the error term of the residuals-on-residuals regression
and the error term of the propensity score model e(X, W):

W(Z;0, (X, W) = (Y —m(X, W) — 0(X)(T — e(X,W))) - (T — e(X, W)).

where the observed parameters Z = Y, T, X, W and nuisance parameters h = m(X, W), e(X, W).

The estimator 6(X) is the solution to:

Il(iiw (Zi? 0, h(Xi, Wi)) =0

The estimated CATE  minimizes the average of the expected score functions across all K sub-
samples (Mizuguchi and Sawamura, 2023).

D.1. Evaluation metric for regression used in causal machine learning

This is because these metrics behave differently: MSE and RMSE are minimized in well-performing
models (ideally approaching zero), while R? is maximized (ideally approaching one). Moreover,
MSE and RMSE retain the units of the outcome variable (for example, if the outcome is measured
in kilograms, these metrics are also in kilograms), whereas R? is proportion of explained variance.
To address these differences and create a fair composite score, it is important to ensure that all
evaluation metrics have not units of measurement. This is accomplished by applying a logarithmic
transformation to the MSE and RMSE values. The final score, which combines all three metrics
into a unified performance measure (S), is calculated using the following formula:

1

S = R? 1
log(10 + MSE) + log(10 + RMSE) — 1 * M)

This formulation allows consistent comparison across models by normalizing the scales of the
individual metrics.

D.2. Machine learning algorithms used in causal machine learning and propensity score
matching

In each causal machine learning architecture as well as propensity score matching, several ML
algorithms are tested as classification or regression models. In S-learner and T-learner only clas-
sifications models are used (Logistic Regression, Linear Regression, Stochastic gradient descent,
Support Vector Machine, Decision Tree, Random Forest, eXtreme Gradient Boosting, Multilayer
Perceptron). For DML architecture only regression models are used (Ridge Regression, Stochastic
gradient descent, K-Nearest Neighbors, Support Vector Machine, Decision Tree, Random Forest,
Gradient Boosting, Adaptive Boosting, Extra Trees, Multilayer Perceptron). In X-learner 2 classi-
fiers and 2 regressors are selected based on their performance, as well as one classifier in propensity
score matching.
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S-Learner
T-Learner
Propensity Score
Matching
Logistic Regression
X-Learner
earne Support Vector Machine
Random Forest
Gradient Boosting
Multilayer Perceptron
DML

Classifiers

Logistic Regression
Linear Regression
Stochastic gradient descent
Support Vector Machine,
Decision Tree
Random Forest
eXtreme Gradient Boosting
Multilayer Perceptron

Regressors

Ridge Regression
Stochastic gradient descent
K-Nearest Neighbors
Support Vector Machine
Decision Tree
Random Forest
Gradient Boosting
Adaptive Boosting
Extra Trees

Multilayer Perceptron

Figure 9: Pipeline for the calculation of causal inference

D.3. Propensity score matching

As X-learner is using propensity score matching (PSM) in its architecture for balance the covariates
between the compared treatments (suspect and negative drugs) we tested different ML algorithms
(Logistic Regression, Support Vector Machine, Random Forest, Gradient Boosting, Multilayer Per-
ceptron) and their performance was evaluated with standardize means difference (SMD). It measures

covariate balance and it is calculated for each covariate as follows:

SMD =

Xr - Xc

3 (57 + 58)
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X7 = mean of the covariate in the treatment group
where Xc = mean of the covariate in the control group

32T = variance of the covariate in the treatment group

s% = variance of the covariate in the control group

Appendix E. Causal assumptions

No Unmeasured Confounding or Ignorability: Suppose that treatment status 7" is independent of
potential outcomes Y in a set of observed covariates X such that

Y() LT|X 3)

Positivity or Overlap: For all values of X, there is a positive probability of receiving each
treatment level:

0<PT=t|X=2)<1 “)

Consistency: The observed outcome for a unit under treatment ' = ¢ is equal to its potential
outcome under that treatment:

Y =Y@)ifT =t 5)

Appendix F. Causal graphs

Table 9 presents the confounders adjusted in each suspect drug base on its DAGs (nephrologist,
literature) architecture. In every suspect drug graph the existance of AKI stage (> 0) before the
drug administration is a common confounder and is mentioned as Pre AKI.
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Drug (DAG agreement) Literature Nephrologists

Ibuprofen (No) Age, Anti-inflammatory and An- | Age, Anti-inflammatory and An-
tirheumatic products, Antihyperten- | tirheumatic products, Antihyperten-
sives, Charlson comorbidities, Contrast | sives, Charlson comorbidities, Contrast
media, Corticosteroids, Diabetes drugs, | media, Corticosteroids, Diuretics,
Diuretics, Gender, Topical products for | Gender, Topical products for joint and
joint and Muscular pain, Weight, Pre | Muscular pain, Weight, Pre AKI
AKI

Ketorolac (No) Age, Antibacterials, Antihypertensives, | Age, Antibacterials, Antihypertensives,

Charlson comorbidities, Contrast me-
dia, Corticosteroids, Diuretics, Gender,
Weight, Glucose, Pre AKI

Charlson comorbidities, Contrast me-
dia, Corticosteroids, Diuretics, Gender,
Weight, Sodium, Pre AKI

Vancomycin (Yes)

Age, Antibacterials, Antihypertensives,
Charlson comorbidities, Contrast me-
dia, Corticosteroids, Diuretics, Gender,
Vaccines, Weight, Pre AKI

Age, Antibacterials, Antihypertensives,
Charlson comorbidities, Contrast me-
dia, Corticosteroids, Diuretics, Gender,
Vaccines, Weight, Pre AKI

Lisinopril (No)

Age, Antibacterials, Charlson comor-
bidities, Contrast media, Diuretics,
Gender, Weight, Pre AKI

Age, Agents Acting on the Renin-
Angiotensin System, Antibacterials,
Antiepileptics, Charlson comorbidities,
Contrast media, Diuretics, Gender,
Weight, Pre AKI

Furosemide (Yes)

Age, Antibacterials, Charlson comor-
bidities, Contrast media, Diuretics,
Gender, Weight, Pre AKI

Age, Antibacterials, Charlson comor-
bidities, Contrast media, Diuretics,
Gender, Weight, Pre AKI

Pantoprazole/ Omeprazole (Yes)

Age, Antibacterials, Charlson comor-
bidities, Contrast media, Diuretics,
Gender, Weight, Pre AKI

Age, Antibacterials, Charlson comor-
bidities, Contrast media, Diuretics,
Gender, Weight, Pre AKI

Allopurinol (No)

Age, Agents Acting on the Renin-
Angiotensin System, Antibacterials,
Charlson comorbidities, Contrast me-
dia, Diuretics, Gender, Weight, Pre AKI

Age, Agents Acting on the Renin-
Angiotensin System, Antibacterials,
BUN, Bicarbonate, Blood Pressure,
Charlson comorbidities, Chloride, Con-
trast media, Creatinine, Drugs for Acid-
related disorders, Gender, Immunosup-
pressants, Potassium, Psycholeptics,
Sodium, Pre AKI

Table 9: Confounders for each drug related to AKI according to the DAGs in literature and nephrol-

ogist review
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Figure 10: DAG architecture designed based on the literature review for Ibuprofen

Figure 11: DAG architecture designed based on the nephrologist review for Ibuprofen
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Figure 12: DAG architecture designed based on the literature review for Ketorolac

Figure 13: DAG architecture designed based on the nephrologist review for Ketorolac
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Figure 14: DAG architecture designed based on the literature and nephrologist review for Van-

comycin

Figure 15: DAG architecture designed based on the literature review for Lisinopril
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Figure 17: DAG architecture designed based on the literature and nephrologist review for
Furosemide
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Figure 19: DAG architecture designed based on literature and nephrologist for Pantopra-
zole/Omeprazole
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Figure 21: DAG architecture for allopurinol-induced AKI designed based on the neprhologist
knowledge

37



DIMITSAKI BAGNIS NATSIAVAS JAULENT

Appendix G. Matching

Table 10: Best machine learning models for propensity score matching separated into the two con-
founder sets of the literature review and nephrologist, where laboratory tests are repre-
sented as mean values - Link to github.

Table 11: Best machine learning models for propensity score matching separated into the two con-
founder sets of the literature review and nephrologist, where laboratory tests are repre-
sented as first and last value - Link to github.

Appendix H. Best machine learning models

The Random Forest classifier consistently outperformed all other ML models in the S-learner ar-
chitecture across all suspect drugs and control drug combinations. It achieved good performance
in terms of accuracy (> 0.99), precision, recall, and F1 in ibuprofen, ketorolac, vancomycin,
furosemide, pantoprazole, omeprazole, and allopurinol where F1 score range form 89% to 96%.
Notably, Random Forest reached the lowest F1 score of 77% for lisinopril when paired with Lactu-
lose. The ML models performance was calculated with cross validation method. Table 12 presents
a summation of the results.

Drug Best F1 Model Negative drug

Ibuprofen 0.96  Random Forest Lactulose

Ketorolac 0.94 Random Forest Lactulose

Vancomycin 0.96  Random Forest Lactulose / Prochlorperazine
Lisinopril 0.77 Random Forest Lactulose

Furosemide 0.89 Random Forest = Simethicone

Pantoprazole 0.92 Random Forest Simethicone

Omeprazole 0.93 XGBoost Lactulose / Prochlorperazine
Allopurinol 0.9 Random Forest Lactulose

Table 12: Best-performing models for each drug using S-learner methodology

Performance of models in the T-learner framework was more heterogeneous. While Random
Forest and XGBoost still emerged frequently as high performers, a broader set of classifiers in-
cluding MLP Classifier, Decision Tree, and Stochastic Gradient Descent (SGD) Classifier were
also used effectively. More specifically, ibuprofen had optimal performance using dual Random
Forests (F1 = 0.95) or XGBoost (F1 = 0.96) and poorer performance with SDG classifier (F1=0.82)
depending on the control group. Ketorolac succeeded the best perfrormance with Random forest
(F1=0.94) and slightly lower performance with XGBoost (F1=0.92) and MLP (F1=0.92). Van-
comycin achieved its best performance in combining SGD Classifier with XGBoost (F1=0.92) or
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Random Forest (0.92). Despite generally lower metrics compared to S-learners, T-learners demon-
strated moderate to high performance (F1 scores between 0.85-0.96) and may offer advantages
in modeling treatment heterogeneity where group-specific outcome modeling is beneficial, as this
separation allows each model to learn the patterns and covariate interactions that are specific to its
group. In lisinopril, the combination of XGBoost and Random Forest achieved the best performance
with F1 score equal 0.83 (simethicone, prochlorperazine). In furosemide, Decision Tree and MLP
Classifier in simethicone as control drug achieved the highest F1 score equals 0.87. Pantoprazole
achieved the highest F1 score with Decision tree and SDG classifier combination (0.87). The ML
models with the best F1 score in Pantoprazole achieved with the combination of Decision Tree and
SGD Classifier with prochlorperazine control drug. Decision tree was the best ML algorithm in
the first model of omeprazole and its combination with MLP in lactulose control drug performed
slightly better in recall (0.87) than the others (0.86). Accuracy, precision and F1- score are the same
in other control drugs, 88, 86, 86, respectively. In allopurinol, the combination of two XGBoost
models in simethicone control drug have the best results (F1=0.88). Table 13 presents the best
models.

Drug Best F1 Model Combination Negative drug

Ibuprofen 0.96 XGBoost, XGBoost Lactulose

Ketorolac 0.94 Random Forest, Random Forest  Lactulose

Vancomycin 0.92 Random Forest, SGD Classifier ~ Lactulose

Lisinopril 0.83 XGBoost, Random Forest Simethicone / Prochlorperazine
Furosemide 0.87 Decision Tree, MLP Classifier Simethicone

Pantoprazole 0.87 Decision Tree, SGD Classifier Simethicone / Prochlorperazine
Omeprazole 0.86 Decision Tree, Random Forest Simethicone / Prochlorperazine
Allopurinol 0.88 XGBoost, XGBoost Simethicone

Table 13: Best-performing model combinations per drug using T-learner methodology

X-learners, combining classification and regression stages, exhibited moderate model complex-
ity and competitive performance across suspect drugs. Furthermore a PSM model is required which
is selected based on the matching results presented above. Models involved as classifiers were Sup-
port Vector Classifiers, Random Forest, Decision Trees, SGD Classifier, MLP Classifier and XG-
Boost. In terms of regressors, MLP Regressor, Support Vector Regressor, Random Forest, Decision
Tree and Gradient Boosting developed the most accurate models. The datasets with simethicone
as control drug achieved the best overall score of ML models. In particular, ibuprofen had the best
performance with a combination of MLP and SVM classifiers and 2 MLP regressors in the dataset
with lactoluse control drug (overall score = 2.17). Same as ibuprofen, ketorolac dataset with lac-
toluse succeed the best results (overall score=2.33) with the combination of Support Vector and
SGD Classifiers and 2 Support Vector Regressors. Vancomycin with simethicone had score 2.63
in XGBoost and SGD Classifiers with 2 Random forest regressors. Furosemide (Random Forest
and Support Vector Classifiers with 2 Random forest regressors) and patnoprazole (Decision Tree
and Support Vector Classifiers with 2 Decision Tree regressors) had the highest overall scores with
simethicone control drug, 2.64 and 2.68, respectively. Lisinopril had the same overall score 2.63
and the same combination of models for each control drug (Random Forest and Support Vector
Classifiers, 2 Random Forest regressors). Omeprazole and allopurinol ad the highest overall scores
with prochlorperazine control drug, 2.65 and 2.20, respectively. Table 14 summarizes the results.
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Drug Performance Model Combination Negative drug

Ibuprofen 2.17 SGD Classifier, SGD Classifier Lactulose

Ketorolac 2.33 Support Vector Classifier, SGD Classi- Lactulose
fier, Support Vector Regressor, Support
Vector Regressor

Vancomycin 2.63 XGBoost, SGD Classifier, Random Simethicone
Forest, Random Forest

Lisinopril 242 Random Forest, Support Vector Classi- Any (All Equal)
fier, Random Forest, Random Forest

Furosemide 2.64 Random Forest, Support Vector Classi- Simethicone
fier, Random Forest, Random Forest

Pantoprazole 2.68 Decision Tree, Support Vector Classi- Simethicone
fier, Decision Tree, Decision Tree

Omeprazole 2.65 Decision Tree, Support Vector Classi- Prochlorperazine
fier, XGBoost, XGBoost

Allopurinol 2.20 Random Forest, Support Vector Classi- Prochlorperazine
fier, Decision Tree, Decision Tree

Table 14: Best-performing model combinations per drug using X-learner methodology

DML architecture inludes 3 regressors, one for the outcome model, one for the treatment model,
and one for final estimator. Gradient Boosting and Decision Trees dominated across the model-
ing stages (outcome, treatment, and final estimator). The datasets with lactulose as control drug
achieved the best overall score of ML models (Table 15). More precisely, in ibuprofen (XGBoost,
Random Forest, Decision Tree), ketorolac (Gradient Boosting, XGBoost, Decision Tree) and lisino-
pril (Gradient Boosting, Gradient Boosting, Decision Tree) models performed better in lactulose
than the other control drugs with 1.95, 1.92 and 1.63, respectively. Furthermore, pantoprazole (Gra-
dient Boosting, Decision Tree, Decision Tree) and furosemide (Gradient Boosting, Gradient Boost-
ing, Decision Tree) succeeded the best overall score performance with simethicone as the control
drug, 1.76 and 1.93, respectively. Omeprazole da the mest performance with prochlorperazine as
control drug and overall S score 1.92. Vancomycin achieved the highest S overall score equal to
1.96 in both prochlorperazine and lactulose datasets. Allopurinol had the highes S overall score of
1.76 in simethicone and lactulose.

Appendix I. Conditional Average Treatment Effect with matching

In the datasets after matching the number of patients significantly decreased. Thus, the calculation
of CATE produce wide confidence intervals (CI width ~ 1). Figure 22 illustrates the methodol-
ogy pipelines are mostly used for the production of valid CATEs (CI width leq 0.5, we select this
width because it is the largest CI width among significant CATEs whose intervals exclude zero.)
from matched samples. Vancomycin produced the most valid results. Prochlorperazine as negative
control drug with nephrologist DAGs, representation of laboratory values as mean and X-learner
succed the most valid CATEs in 7 out of 8 suspect drugs. In contrast, allopurinol’s CIs width ~ 1 so
the CATE results are not reliable. Ketorolac, lisinopril, vancomycin and furosemide with X-learner
method produced statistical significant results.
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Drug Model Combination Performance Negative drug
Ibuprofen XGBoost, Random Forest, Decision 1.95 Lactulose
Tree
Ketorolac Gradient Boosting, XGBoost, Decision 1.92 Lactulose
Tree
Vancomycin  Gradient Boosting, Gradient Boosting, 1.96 Prochlorperazine / Lactulose
Decision Tree
Lisinopril Gradient Boosting, Gradient Boosting, 1.63 Lactulose
Decision Tree
Furosemide  Gradient Boosting, Gradient Boosting, 1.76 Simethicone
Decision Tree
Pantoprazole Gradient Boosting, Decision Tree, De- 1.93 Simethicone
cision Tree
Omeprazole  Gradient Boosting, XGBoost, Decision 1.92 Prochlorperazine
Tree
Allopurinol ~ Gradient Boosting, Gradient Boosting, 1.76 Simethicone / Lactulose
Decision Tree

Table 15: Best-performing model combinations per drug using DML-learner methodology
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Figure 22: CATE Estimates with confidence inderval (CI) width < 0.5 of matched patients

For ibuprofen (CATE mean: -0.04, SD: 0.03), ketorolac (CATE mean: 0.33, SD: 0.09), lisinopril
(CATE mean: 0.61, SD: 0.1), furosemide (CATE mean: 0.49, 1 valid resutl) and vancomycin (CATE
mean: 0.68, SD: 0.12) predict the narrowest CIs with binary representation of the concomitant drugs
and pantoprazole (CATE mean: 0.07, 1 valid resutl) and omeprazole (CATE mean: 0.02, 1 valid
resutl) with original datasets.

Appendix J. Conditional Average Treatment Effect without matching

J.0.1. IBUPROFEN

After filtering the results, in the remained CML methods, where the laboratory tests represent as
mean values (Figure 23), S-learner has the most valid results (15/18), DML and X-learner have the
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same valid CATEs (12/18) and T-learner has the least accepted CATEs (10/18). Effect estimates
from multiple meta-learners and different review perspectives were generally close to zero with
narrow confidence intervals, indicating no strong evidence for a causal effect of ibuprofen on AKI
compared to the selected controls under the presented analysis conditions. Specifically, when using
simethicone as the control, the CATE estimates derived from literature-based meta-learners were
very close to zero (CATE range 0 to 0.0021) with confidence intervals overlapping zero. Similarly,
nephrologist-reviewed estimates were also near zero (CATE range 0 to 0.0003), reinforcing the
absence of a detectable causal effect in this comparison.

When lactulose was the control, only one valid result exists based on the DAG created from the
literature review. The few available estimates were uniformly zero with no significant deviations.
For prochlorperazine, some estimates indicated slight negative effects with wide confidence inter-
vals crossing zero (e.g., nephrologist DAG, DML-learner, CATE = -0.0152, CI: -0.064 to 0.034),
suggesting uncertainty in the direction and magnitude of any effect. Notably, the normalized input
data with prochlorperazine control showed moderate positive CATE values around 0.31-0.33 with
CI excluding zero (e.g., literature DML-learner CATE = 0.329 (0.236-0.422); nephrologist DML-
learner CATE = 0.310 (0.210-0.409)), which may indicate a potential increased risk signal in this
analytic scenario. However, other learner methods and DAG perspectives yielded CATEs near zero
or with CI including zero, emphasizing variability dependent on model and DAGs.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)

S-Learner (O) 0 (-0.003 to 0.003) S-Learner (B) 0 (-0.03 to 0.03)

T-Learner (0) 0 (0)
S-Learner (N) 0 (-0.05 to 0.05) -+

T-Learner (N) 0.05 (-0.4 to 0.5)

X-Learner (0) 0 (-0.02 to 0.02) + T-Leamer (0) 0 (0)

X-Learner (0) -0.035 (-0.5 to 0.4) X-Learner (0) -0.03 (-0.1 to 0.03) —r
¥Leamer (N) 0.1 (-0.1 0 0.05) ~ DML-Learner (B) -0.7 (-1 t0 -0.5){ ———e———

DML-Learner (0) 0.0003 (-0.002 to 0.002)
DML-Learner (N) -0.5 (-1 to 0.2)
DML-Learner (0) 0.015 (-0.1 to 0.03) —e—

DML-Learner (N) 0.3 (0.2 to 0.4) — DML-Learner (N) 0.5 (0.2 to 0.75)
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Figure 23: CATE Estimates (with 95% CI) for Ibuprofen

In the valid CML methods where the results are represented as first and last value (Figure 23),
S-learner has the most valid results (12/18), X-learner has 10 CATEs, X-learner has 8 CATEs, and T-
learner has the least accepted CATEs (6/18). In the ibuprofen drug, there are not valid results against
lactulose. A consistent signal was observed across several learners, suggesting a potential protective
association between Ibuprofen and AKI, especially in DML-based analyses. Both nephrologist- and
literature-based inputs yielded negative CATEs, indicating that Ibuprofen was associated with lower
rates of AKI compared to Simethicone, though the effect size varied. Furthermore, several analyses
using S-, T-, and X-learners across the datasets consistently yielded null effects (CATE = 0) with
narrow Cls centered around zero, indicating that there was no detectable difference in AKI incidence
between Ibuprofen and Simethicone.

Contrary to the results with Simethicone, the CATEs for Ibuprofen compared with Prochlor-
perazine leaned positive, indicating a potential increased risk of AKI associated with Ibuprofen in
this comparison. This result was particularly pronounced in the DML learners using normalized
inputs. The findings were consistent across literature- and nephrologist-informed models. This
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suggests a moderate to strong association of higher AKI rates with Ibuprofen when compared to
Prochlorperazine. In contrast to DML, S-learner predicted a zero CATE with narrow Cls.

The DML learners appeared to be more sensitive and discriminative, detecting both negative
CATEs (Ibuprofen vs. Simethicone) and positive CATEs (Ibuprofen vs. Prochlorperazine) with
narrow and informative confidence intervals (positive values have slightly narrower CI than nega-
tive). The null results reinforce the robustness of the effect patterns only observed with DML-based
learners. The divergence in directionality of the CATE across different control drugs underscores
the importance of control selection and potential underlying confounding. The data do not suggest
a uniform risk profile for Ibuprofen across comparators.

J.0.2. KETOROLAC

In the valid CML methods in mean values of laboratory tests (Figure 24), X-learner results are all
valid (18/18), S-learner has fewer than a half valid CATEs than X-learner (7/18), T-learner has a
small number of accepted CATEs (3/18) and DML has only one valid result. When lactulose serves
as the control, results show a wider spread of CATESs, ranging from modest positive to negative val-
ues. The literature-based X-learner on normalized inputs estimated a CATE of 0.19 (95% CI: -0.02
to 0.40), suggesting a possible increased risk, but again with confidence intervals including zero,
which defines CI as insignificant. Nephrologist estimates tended to be lower and more conservative,
e.g., 0.07 (-0.20 to 0.35) for the normalized X-learner. Some analyses even show slight protective
associations (negative CATEs), such as the literature’s binary X-learner estimate of -0.07 (-0.44 to
0.30). The wide confidence intervals reflect substantial uncertainty likely related to sample sizes
and inherent variability. Overall, no definitive conclusion on risk can be drawn between ketorolac
and lactulose.

The CATE estimates comparing ketorolac to simethicone suggest a slight positive association
with acute kidney injury (AKI), but with confidence intervals spanning zero and extending into
both negative and positive ranges, indicating statistical uncertainty. Both literature and nephrologist
assessments, across various meta-learner models (X-learner, S-learner) and data transformations
(original, binary, normalized), yield comparable results. The largest point estimates were observed
using the X-learner on the original input, with nephrologists estimating an CATE of 0.16 (95%
CI: -0.10 to 0.42) and literature reporting 0.14 (-0.12 to 0.39). These findings do not conclusively
demonstrate an increased risk of AKI attributable to ketorolac relative to simethicone.

Comparisons with prochlorperazine consistently show CATE estimates near zero with narrow
confidence intervals crossing zero, suggesting no significant difference in AKI risk between ketoro-
lac and prochlorperazine. Both nephrologist and literature evaluations agree closely, with estimates
such as 0.05 (-0.11 to 0.21) for literature and -0.02 (-0.17 to 0.14) for nephrologists using the orig-
inal input with X-learner. Binary and normalized inputs yield even smaller effects. These findings
imply that ketorolac’s AKI risk is comparable to that of prochlorperazine.
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A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (0) 0.01 (-0.3 to 0.4) S-Learner (0) 0 (-0.02 to 0.02)
T-Learner (0) 0.03 (-0.1 to 0.2) R S-Learner (B) 0 (0)
T-Learner (N) 0.1 (-0.2 to 0.35) — :-Il:earner :g; g :-g.g: Eo g.g:
-Learner -0.05 to 0.
T-Learner (B) -0.04 (-0.5 to 0.4) S-Leamer (B) -0.2 (0.6 t0 0.2)
X-Learner (0) 0.2 (-0.1 to 0.4) — S-Learner (N) -0.2 (-0.6 0 0.2)
X-Learner (B) 0.03 (-0.3 to 0.4) T-Learner (0) 0 (0)
X-Learner (N) 0.04 (-0.25 to 0.3) T-Learner (0) 0.01 (-0.4 to 0.4)
X-Learner (B) 0 (-0.05 to 0.05) —— X-Learner (0) -0.3 (-0.7 to 0.1)
X-Learner (0) -0.02 (-0.2 to 0.1) —_— X-Learner (N) -0.3 (-0.7 to 0.1)
X-Learner (0) -0.01 (-0.1 to 0.1)
xctearer (N) 0 (-0.03to 0.04) T X-Learner (B) -0.1 (-0.3 to 0.01)
X-Learner (B) -0.1 (-0.3 to 0.06) [ X-Learner (N) -0.04 (-0.1 to 0.03)
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Figure 24: CATE Estimates (with 95% CI) for Ketorolac

In ketorolac’s datasets with laboratory tests as first and last value (Figure 24), X-learner includes
the most CATEs (13/18), S-learner with 12 CATEs, T-learner with only 3 accepted CATEs, and
DML with one. The estimated CATEs for Ketorolac vs. Simethicone largely suggest either null
effects or a potentially protective association (i.e., lower AKI risk with Ketorolac), particularly in
literature-based reviews. Multiple T- and S-Learner models reported zero CATEs with narrow Cls,
indicating high stability but no detectable effect (e.g., T-Learner Original: CATE equals 0 with CI
upper and lower equals to 0). Literature-based X-Learner using original inputs yielded a CATE of
-0.365 with a lower bound reaching -0.72 and an upper bound close to zero (-0.01), suggesting a
modestly protective effect.

The CATEs from the Ketorolac comparison with Prochlorperazine mostly fall close to zero
with wide and overlapping confidence intervals, indicating no statistically significant association.
Both literature and nephrologist-based reviews using X-Learner and DML models produce CATEs
ranging from -0.124 to 0.079, all with CIs that include 0. These results suggest no conclusive
evidence of increased or decreased AKI risk from Ketorolac when compared to Prochlorperazine.

Results suggest a significant increase in AKI risk associated with Ketorolac compared to Lactu-
lose across both nephrologist- and literature-based reviews. These effects are consistently negative
with tight confidence intervals. The strongest signal is found using the X-Learner with normalized
inputs, with CATEs of -0.609 (CI: -0.94, -0.28) for literature-based and -0.682 (CI: -0.97, -0.39) for
nephrologist-based inputs. These results suggest robust evidence of not ketorolac-induced AKI.

J.0.3. VANCOMYCIN

Vancomycin has 7 valid CATE results (laboratory tests as mean values) out of 18 with S-learner
method. Three comparisons between Vancomycin and Lactulose were conducted, using original, bi-
nary, and normalized input formats, respectively. In all scenarios, the S-Learner model was applied.
The estimated CATEs consistently indicated a slight positive association between Vancomycin ex-
posure and AKI risk; however, all confidence intervals were wide and included zero, suggesting
that the observed effects were not statistically significant. The wide confidence intervals and over-
lap with the zero suggest the observed differences could be attributed to random variation rather
than a true treatment effect (Figure 25).

There were no results presented for Vancomycin in comparison with Simethicone or Prochlor-
perazine that met the inclusion criteria for reporting (i.e., confidence intervals did not fall within the
predefined thresholds).
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A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (B) 0.03 (=0.3 to 0.4)

S-Learner (N) 0.025 (-0.3 to 0.4)

S-Learner (0) 0.1 (-0.3 to 0.5)

S-Learner (0) 0.3 (-0.1 to 0.6)

S-Learner (B) 0.2 (—-0.155 to 0.6)

S-Learner (B) 0.1 (-0.3 to 0.4)

S-Learner (N) 0.2 (=0.2 to 0.6)

S-Learner (0) 0.1 (—0.3 to 0.4)

S-Learner (B) 0.03 (~0.3 to 0.3)

S-Learner (N) 0.1 (-0.3 to 0.4)

S-Learner (N) 0.03 (—0.4 to 0.35)
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Figure 25: CATE Estimates (with 95% CI) for Vancomycin

Only S-learner, in the vancomycin datasets with laboratory tests as first and last value, produced
9 valid CATE results out of 18. When Vancomycin was compared to Simethicone, the estimated
CATEs were consistently low, ranging from 0.025 to 0.028 across preprocessing types. All Cls
spanned zero, suggesting no statistically significant causal association between Vancomycin use
and increased risk of AKI in comparison to Simethicone. These findings imply that the background
rate of AKI is likely comparable between the Vancomycin and Simethicone-exposed populations
when adjusted for observed confounders.

Prochlorperazine produced moderately high CATE estimates when compared to Vancomycin.
The CATESs ranged from 0.2239 to 0.2711, indicating a potentially increased risk of AKI associ-
ated with Vancomycin use. However, all CIs still included zero (e.g., -0.095 to 0.637), and thus,
the association remains statistically inconclusive. The consistency of positive CATEs across pre-
processing methods, however, may suggest a trend worth investigating further in larger or more
targeted studies.

In the comparison with Lactulose, CATE values were similarly small, ranging from 0.0269 to
0.0598 across different feature processing strategies. Again, all CIs encompassed zero. While the
direction of the CATEs suggested a slightly increased risk of AKI with Vancomycin, the magnitude
was minimal and not statistically significant. This suggests that although there may be a slight
trend, the data do not provide strong evidence to support a meaningful causal relationship in this
comparison.

J.0.4. LISINOPRIL

In the case of lisinopril (laboratory tests as mean values), unlike X-learner and S-learner, which
do not produce any invalid results, DML yields only one valid result (Figure 26). Across all input
types, results consistently suggested a negative CATE, indicating a lower risk of AKI for patients ex-
posed to Lisinopril compared to Simethicone. The most substantial negative effects were estimated
using X-Learner across all input types. For instance, with binary input and nephrologist-based
confounding adjustment, the CATE was -0.23 (95% CI: -0.46, -0.00), which approached statistical
significance.

Similar to Simethicone, comparisons with Prochlorperazine showed predominantly negative
CATEs, again suggesting a possible protective effect of Lisinopril. X-Learner models yielded
the strongest negative effects, particularly for normalized input with literature-based confounding
(CATE: -0.24, 95% CI: -0.47, -0.01).
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In contrast to the other control drugs, CATE estimates from comparisons with Lactulose were
closer to zero and less consistent. Most S-Learner models indicated small, statistically insignificant
positive effects, while X-Learner models leaned toward slight negative effects. The closest to a po-
tentially meaningful result was observed with normalized inputs and nephrologist-based X-Learner
estimates (CATE: -0.17, 95% CI: -0.42, 0.08), though still not statistically significant.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (0) -0.01 (-0.3 to 0.3) S-Learner (O) —=0.01 (0.2 to 0.2) — Negative Drug
S-Learner (B) -0.02 (-0.4 to 0.35) S-Learner (B) —0.02 (-0.3t0 0.2) T o meeone
S-Learner (N) —0.015 (-0.3 to 0.2)
S-Learner (N) -0.02 (-0.4 to 0.35) S-Learner (0) 0.3 (=0.1 to 0.6) 1 e Lactulose
S-Learner (0) -0.01 (-0.3 to 0.3) S-Learner (B) 0.3 (—01 to 0.6) ]
S-Learner (B) -0.02 (-0.4 to 0.3) S-Learner (N) 0.3 (~0.1 t0 0.6) B
S-Learner (N) -0.02 (-0.4 to 0.3) S 'S-ef"‘e" (Oq)a) 8 gi 5*8 2 EC' g:; —
earner -0.4t0 0. A
S-Learner (0) 0.04 (-0.4 to 0.5) S-Learner (N) —0.01 (—0.4 to 0.4)
X-Learner (0) -0.2 (-0.4 to 0.1) e X-Learner (O) 0 3(-0.65t0 0.1) —
X-Learner (B) -0.2 (-0.5 to 0.) —_—————— X-Learner (B) -0.5 (-0.8 to -0.2) _—————
XL N)-0.2(05t001)] — o} X-Learner (N) -0.5 (-0.8 t0 -0.2){ ————&—————
XLear"er(o) gz(git‘)g 1’ X-Learner (0) 0.3 (-0.1 to 0.6) -
"Learner (0) 0.2 (0.4 t0 0.1) - X-Learner (N) 0.5 (0.1 to 0.9)
X-Learner (B) -0.2 (-0.5 to 0) — X-Learner (0) -0.05 (-0.4 to 0.3) e E—
X-Learner (N) 0.2 (-0.5 to 0){ —————————————— X-Learner (B) -0.25 (-0.5 to 0)
| - X N — X-Learner (N) -0.25 (-0.5 to -0.1)
X Learer (0) -0.15 (0.4 t0 0.1) DML-Learner (8) 0.04 (-0.2 to 0.3) e
X-Leamner (B) -0.2 (-0.4 to 0.1) I — DML-Learner (8) 0.3 (0.01 to 0.5) —_—
X-Learner (N) 0.2 (0.4 to 0.1) — DML-Learner (B) -0.1 (-0.3 to 0.2) —t—

-0.4 -0.2 0.0 0.2 0.4 -0.75  -0.5 -0.25 0.0 0.25 0.5 0.75
CATE Estimate CATE Estimate

Figure 26: CATE Estimates (with 95% CI) for Lisinopril

In lisinopril’s datasets where laboratory tests represent as first and last value (Figure 26) S-
learner has only valid CATEs (18/18). X-learner has 16 CATEs and T-learner and DML have 3 and
1 valid results, respectively. The estimated CATEs with Simethicone as a control show negative or
near-zero values, particularly significant when using the X-Learner and Normalized/Binary inputs,
indicating a reduced AKI risk with Lisinopril, though some CI intervals suggest high uncertainty.

The estimated CATEs comparing Lisinopril to Prochlorperazine consistently indicate a positive
effect, suggesting a higher risk of AKI associated with Lisinopril. This trend holds across all input
formats and meta-learners, with most confidence intervals not crossing zero or having upper bounds
well below 1.

CATEs with Lactulose as the control are generally small and negative, with some statistically
significant findings in the X-Learner configurations. These results suggest a minimal to modest
reduction in AKI risk with Lisinopril use.

Prochlorperazine consistently shows positive CATEs across models and data representations,
suggesting a higher risk of AKI associated with Lisinopril exposure. In contrast, Simethicone ex-
hibits negative or near-zero CATEs, with statistically significant negative values observed under
the X-Learner framework. This pattern may point to a potential protective effect of Simethicone
or highlight confounding factors influencing the result. Meanwhile, Lactulose demonstrates small,
consistently negative CATEs, with statistically significant results under the X-Learner. These find-
ings suggest a slight reduction in AKI risk with Lisinopril relative to Lactulose; however, the mag-
nitude of the effect is modest and likely of limited clinical relevance.

J.0.5. FUROSEMIDE

Only X-learner (2/18) and S-learner (3/18) have valid CATE values in the mean laboratory values’
dataset in furosemide (Figure 27). In the comparison between Furosemide and Simethicone, only
one model met the reporting criteria. Using binary input and the S-Learner, the estimated CATE
was 0.01 (95% CI: —0.18, 0.20), indicating no significant difference in AKI risk between the two
drugs. The confidence interval crosses zero, and the point estimate is small.
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Only one comparison between Furosemide and Prochlorperazine passed the criteria. With bi-
nary input and the S-Learner, the estimated CATE was 0.03 (95% CI: —0.22, 0.27), which is not
statistically significant and indicates no clear direction of effect.

Several models were evaluated for the Furosemide with Lactulose as the negative drug. The
most notable finding came from the Binary input with the X-Learner, which produced a CATE of
—0.38 (95% CI: -0.65, —-0.11), suggesting a statistically significant reduction in AKI risk associated
with Furosemide relative to Lactulose. This is the only comparison where the CI does not cross
Zero.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (0) 0 (-0.01 to 0.01)

S-Learner (B) 0.01 (-0.2 to 0.2) —

S-Learner (B) 0 (—0.1 to 0.1) — 1t

S-Learner (B) 0.03 (-0.2 t0 0.3) _— SLeamer (0) 0 (=001 to 0.01)

S-Learner (B) 0.001 (-0.2t0 0.2)] ———¢+————

S-Learner (B) 0.01 (-0.2 to 0.2) R L — S-Learner (0) 0 (~0.01 to 0.01)

X-Learner (B) -0.4 (-0.65 to -0.1) S-Learner (B) 0.001 (-0.1to 0.1) I c—

X-Learner (0) 0.4 (0.1 to 0.8)

X-Learner (0) -0.2 (-0.6 to 0.2)

X-Learner (B) 0.5 (0.2 to 0.8)
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Figure 27: CATE Estimates (with 95% CI) for Furosemide

In furosemide (laboratory as first and last value) S-learner and X-learner calculated the most
valid results with 6 and 2 CATEs out of 18, respectively. CATE estimates from comparisons with
Simethicone were negligible across all models and encodings. Both the S-Learner with original
input and the S-Learner with binary input yielded near-zero CATEs (e.g., 0.000 [95% CI: —0.007,
0.007]), indicating no meaningful difference in AKI risk between Furosemide and Simethicone.
These results suggest that Simethicone may be a suitable negative control in similar causal inference
frameworks.

As with Simethicone, Prochlorperazine produced CATEs that were nearly zero across all models
and input formats, with S-Learner estimates such as 0.001 (95% CI: —0.173, 0.175). This suggests
no significant differential effect on AKI risk when comparing Furosemide with Prochlorperazine.

Lactulose served as an informative comparator in this case study. The X-Learner yielded consis-
tently positive and statistically significant CATEs across both original and binary input encodings,
with values of 0.442 (95% CI: 0.067, 0.817) and 0.495 (95% CI: 0.199, 0.790), respectively. These
findings strongly suggest that Furosemide is associated with a higher risk of AKI compared to Lac-
tulose. In contrast, the S-Learner produced near-zero CATEs (close to 0 with very narrow CIs),
which may reflect model insensitivity or lack of robustness in the low signal-to-noise scenario.

These findings indicate that Furosemide is associated with a significantly higher risk of AKI
(Figure 27).

J.0.6. PANTOPRAZOLE

In pantoprazole (laboratory as mean values), there are 6 valid CATEs of S-learner and one of X-
learner out of 18 (Figure 28). High CATE estimates are revealed in the comparison of Pantoprazole
with Simethicone. The S-Learner suggests a modestly positive association, especially under binary
encoding. However, the wide confidence intervals that include zero and range close to the 0.85 CI
width threshold warrant caution in interpretation. The comparison with Simethicone shows slightly
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high CATE estimates for Pantoprazole. However, the estimates remain non-significant and uncertain
due to wide confidence intervals.

While the CATEs are slightly positive in the Pantoprazole with Prochlorperazine dataset, the
confidence intervals remain wide and include zero in both original and binary encodings. There is
no statistically significant indication of elevated AKI risk. Although the point estimates are slightly
elevated, they remain statistically insignificant. No causal evidence supports an increased AKI risk
with Pantoprazole relative to Prochlorperazine.

Pantoprazole with Lactulose, across both the original and binary data transformations using S-
Learner, no evidence of increased or decreased risk of AKI associated with Pantoprazole use was
observed. CATEs remained close to zero, and the confidence intervals were narrow and centered
around zero. The estimated effect of Pantoprazole versus Lactulose on AKI is negligible. The small
CATE values and tight confidence intervals that include zero suggest no significant association.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (0) 0.1 (-0.2 to 0.4) S-Learner (0) 0.001 (-0.1to 0.1) B e

S-Learner (B) 0.1 (-0.2 to 0.5) S-Learner (B) 0.003 (—0.2 to 0.2) B M—

S-Learner (0) 0.01 (-0.1 to 0.2) _— S-Learner (0) 0.01 (-0.15 to 0.2) —_—————

S-Learner (B) 0.04 (-0.3 to 0.4) S-Learner (B) 0.15 (-0.2 to 0.5)

S-Learner (0) 0 (-0.1 to 0.1) —_— S-Learner (0) -0.001 (-0.1 to 0.1) I —

S-Learner (B) 0.02 (-0.2 to 0.2) S-Learner (B) 0.1 (—0.3 to 0.3)

0.4 -03  -02 -01 0.1 0.2 0.3 0.4 0.5

0.0 0.2 0.0 . .
CATE Estimate CATE Estimate

Figure 28: CATE Estimates (with 95% CI) for Pantoprazole

In the datasets where laboratory tests are first and last value of pantoprazole, there are 6 valid
CATEs of S-learner and one of X-learner out of 18. Figure 28 summarizes the results of Pan-
toprazole versus Simethicone. Across all tested input representations (Original and Binary), the
estimated CATEs were very close to zero with narrow confidence intervals, indicating no evidence
of increased AKI risk from Pantoprazole when contrasted against Simethicone. These stable esti-
mates suggest that both agents may be used in non-overlapping or similarly low-risk populations in
terms of AKI, and that confounding was well controlled.

When comparing Pantoprazole to Prochlorperazine, the estimated CATEs were slightly higher
than in the previous contrasts, particularly under the binary input model, where the CATE reached
0.146, although still with a wide confidence interval that included zero. This may suggest a modest
trend toward increased AKI risk, though it did not reach statistical significance.

The comparison with Lactulose yielded similarly negligible effects. Across both original and
binary inputs, the CATEs remained close to zero, and the confidence intervals were narrow enough
to rule out any substantial increase in AKI risk. These findings suggest Pantoprazole does not
confer increased risk relative to Lactulose, and any observed differences are likely due to random
variability rather than a true causal relationship.

Overall, these findings do not provide evidence to support a causal relationship between Panto-
prazole and AKI within the examined population and methodological boundaries.
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J.0.7. OMEPRAZOLE

S-learner only produced valid CATEs (6/18). In Omeprazole (laboratory tests as mean values) with
Simethicone dataset, CATE estimates are low, with narrow confidence intervals that include zero
for both the original and binary input data types. This indicates no strong evidence of an association
between Omeprazole and AKI compared to Simethicone.

The results of the CATE for Omeprazole versus Prochlorperazine. Similar to the Simethicone
comparison, the CATE values remain close to zero across both the original and binary encodings.
Confidence intervals remain narrow and include zero, indicating no significant difference between
Omeprazole and Prochlorperazine in terms of AKI risk.

Omeprazole with Lactulose as the negative drug for both original and binary encodings, the
CATE is close to zero with narrow confidence intervals that include zero, suggesting no significant
association between Omeprazole and AKI when compared to Lactulose.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)
S-Learner (B) 0.02 (-0.25 to 0.3) S-Learner (0) 0.001 (0.1 to 0.1) —

S-Learner (B) 0.02 (-0.4 to 0.4) S-Learner (B) -0.02 (-0.4 to 0.4)

S-Learner (0) 0 (-0.1to 0.1) R S-Learner (0) 0.004 (-0.1 to 0.1) —_—

S-Learner (B) 0.01 (-0.3 to 0.3) S-Learner (B) 0.1 (=0.15 to 0.3) |

S-Learner (0) 0 (-0.1 to 0.1) — S-Learner (0) -0.001 (-0.1 to 0.1) —

S-Learner (B) 0.02 (-0.2 to 0.2) S-Learner (B) 0.01 (0.3 to 0.3)

-0.4 -0.2 0.2 0.4 -04 -03 -02 -0

.1 0.0 0.1 0.2 0.3
CATE Estimate

0.0
CATE Estimate

Figure 29: CATE Estimates (with 95% CI) for Omeprazole

S-learner and T-learner only produced valid CATEs in laboratory test representation as first and
last value, 6 and one out of 18, respectively. When Omeprazole was compared with Simethicone,
the CATEs were close to zero across both original and binary inputs. The original input yielded a
CATE of 0.0008 (95% CI: —0.092, 0.094), and the binary input yielded —0.0195 (95% CI: —0.396,
0.357). These results indicate no meaningful effect on AKI risk.

In the comparison with Prochlorperazine, the original input yielded a CATE of 0.0038 (95% CI:
—0.084, 0.092), while the binary input showed 0.0731 (95% CI: —0.151, 0.297). Though slightly
higher than in other comparisons, the confidence intervals still cross zero and remain within accept-
able bounds, indicating a non-significant association.

All CATEs were small and had confidence intervals that included zero. These consistent findings
suggest that Omeprazole does not confer additional AKI risk relative to the chosen control drugs,
even under varied meta-learning and input configurations (Figure 29).

J.0.8. ALLOPURINOL

The valid CATEs in allopurinol where laboratory tests are mean values (Figure 30), S-learner has
the most results (11/18) and DML and X-learner have both a small number of accepted CATEs
(3/18). CATEs from comparisons between Allopurinol and Simethicone. Across both nephrologist
and literature reviews, CATE values are negative but small, and the confidence intervals include
zero in all cases. The results indicate no statistically significant evidence of Allopurinol increasing
or decreasing AKI risk compared to Simethicone.
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CATE estimates for Allopurinol with Prochlorperazine are small and non-significant across both
nephrologist and literature reviews. All Cls are tight and include zero, indicating stability in the
estimates and no evidence of elevated AKI risk associated with Allopurinol.

All CML models and input combinations for Allopurinol compared to Lactulose show negative
but small CATEs, with confidence intervals that include zero and remain within acceptable width
limits. Across all modeling approaches, there is no statistically significant association observed
between Allopurinol and AKI in comparison with Lactulose. The narrow Cls and consistent null
findings support the absence of a strong effect. Finally, there is no valid CATE value based on the
literature review DAG.

A. CATE Estimates (Mean) B. CATE Estimates (t0-t1)

S-Learner (0) -0.01 (-0.3 to 0.3)

S-Learner (0) -0.01 (-0.3 to 0.3)

S-Learner (B) -0.01 (0.3 to 0.3)

S-Learner (B) -0.02 (-0.3 to 0.3)

S-Learner (N) -0.01 (-0.3 to 0.3)

S-Learner (B) -0.01 (-0.3 to 0.3) S-Learner (B) -0.001 (-0.4 to 0.3)

S-Learner (0) -0.01 (-0.4 to 0.4)

S-Learner (0) 0 (-0.25 to 0.2)

S-Learner (B) 0.01 (0.4 to 0.4)

X-Learner (B) -0.1 (-0.4 to 0.2)

X-Learner (0) -0.25 (-0.6 to 0.1)

.
-04 -03 -02 -01 0.0 0.1 0.2 0.3 -0.6 -0.4 -0.2 0.0 0.2 0.4
CATE Estimate CATE Estimate

Figure 30: CATE Estimates (with 95% CI) for Allopurinol

In Allopurinol (Figure 30) where laboratory tests are first and last value, S-learner has the most
results (7/18) and DML and X-learner have both a small number of accepted CATEs, 3 and one,
respectively. The comparison with Simethicone yielded one notably informative result: using the
X-Learner with original input, the CATE was —0.247 (95% CI: —0.586, 0.093). This suggests a
potential protective effect of Allopurinol against AKI, although the CI slightly overlaps zero. While
this estimate does not meet the threshold for definitive inference, the direction and magnitude sug-
gest a signal worth further exploration. Other estimates from the S-Learner under binary, original,
and normalized inputs remained close to zero, indicating no strong or consistent signal.

All comparisons between Allopurinol and Lactulose consistently yielded CATEs near zero, with
narrow confidence intervals. For example, the original input using S-Learner returned a CATE
of —0.0013 (95% CI: —0.356, 0.353). These results suggest no meaningful association between
Allopurinol and AKI risk when compared to Lactulose, a pharmacologically distinct agent.

No results met the inclusion criteria (CI width < 0.85) for comparisons with Prochlorperazine.
Therefore, this negative drug is excluded from formal reporting in this section. This likely reflects
either insufficient sample balance or variance inflation, making inference unreliable in this compar-
ison.

Taken together, the results suggest that Allopurinol does not exhibit a consistently increased risk
of AKI across control comparisons. The strongest (though non-significant) signal of potential bene-
fit emerged in comparison with Simethicone under the X-Learner, hinting at a possible reduction in
AKI risk. However, the lack of consistent and significant findings across learners and controls sup-
ports a neutral causal relationship between Allopurinol use and AKI, under the current observational
design.
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J.0.9. AVERAGE CONDITIONAL AVERAGE TREATMENT EFFECT VALUES

To evaluate the CML methodologies in each suspect drug, we averaged the valid CATE estimations
(CI < 0.85) for each CML model and the total CATE average of all the CML models. Figure 31
presents the mean and the standard deviation (SD) of every CML method for the data preprocessing
method that includes the most valid CATEs in each drug (O, B, N). In vancomycin, pantoprazole
and omeprazole, the total mean, which presents drug-induced AKI (positive effect) and SD were
the same with S-learner as it is the only CML method that produced valid CATEs.

Ibuprofen (N) Ketorolac (B) Vancomycin (O) Lisinopril (B)
DML{ DML- —e— S-learner- —_——————— DML —_—————

X-learner —— X-learner{ ——————&———! X-learner{ +————&——

T-learner S-learner L S-learner —t——

Total —_— Total —_— Total —_— Total | e—— —)
-0.2-0.1 0.0 0.1 0.2 0.3 0.4 0.5 -0.5 -0.4 -0.3 -0.2 -0.1 0.0 0.1 005 01 015 02 025 0.3 -0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2
Distribution of CATEs Distribution of CATEs Distribution of CATEs Distribution of CATEs
Furosemide (B) Pantoprazole (B) Omeprazole (B) Allopurinol (0)

——————————— S-learner S-learner DML| —m———&——

X-learner

X-learner{ ————®—F———

S-learner » T-learner-

S-learner —_——

Total | om— Total Total Total | — s m—)

-0.6 -04 -02 0.0 02 04 0.6 0.0 0.02 0.04 0.06 0.08 0.1 0.12 -0.01 0.0 0.01 0.02 0.03 0.04 0.05 -0.2 -0.1 0.0 0.1 0.2
Distribution of CATEs Distribution of CATEs Distribution of CATEs Distribution of CATEs

Figure 31: Average CATE Estimates (mean, standard deviation) per suspect drug and CML model

In Ibuprofen DML, T-learner and total average present positive CATEs with 0.12 (SD:0.4), 0.02
(SD: 0.03) and 0.08 (SD: 0.15), respectively. Only X-learner presents a slightly negative effect with
-0.005 CATE (SD: 0.06). In contrast to the total positive average effect of ibuprofen, ketorolac’s
total effect is negative with CATE value of -0.18 (SD: 0.31), affected mainly from the negative
average of X and S-learners with CATEs of -0.2 (SD: 0.34) AND -0.23 (SD: 0.01), respectively.
DML produced a positive effect which indicates the adverse effect of AKI of ketorolac with CATE
equals 0.04 (SD: 0.06). The negative total of Lisinopril drug, -0.08 (SD: 0.22), affected mainly
from the strong negative CATE of X-leaner, -0.26 (SD: 0.15). On the other hand, S-learner and
DML predict a the AKI adverse effect of the drug with CATE 0.04 (SD: 0.1) and 0.08 (SD: 0.16),
respectively. The total average of furosemide of 0.02 (SD: 0.2) reflects the positive CATEs of the
S-learner, 0.01 (SD: 0.01), and X-learner 0.06 (SD: 0.6). Finally, Allopurinol has total average -0.04
(SD: 0.2) which reflects the CATEs of the majority of CML architectures where T-learner is -0.06
(SD: 0.1), X-learner is -0.03 (SD: 0.2) and DML is -0.1 (SD: 0.1). The possibility of AKI adverse
effect of Allopurinol is mirroring in S-learner CATE of 0.04 (SD: 0.2).

Appendix K. Heterogeneous Treatment Effect

The CML methodologies are selected for the calculation of HTEs based on the robustness of the
width of CI (< 0.85) of CATE, their significance (preferred Cls that not contain 0) and their align-
ment with the literature such as Ketorolac which mainly produced negative CATE results but in this
section we selected the X-learner CML model, mean laboratory data, Lactoluse negative drug and
literature DAG architecture that produce positive CATE result of 0.2 (-0.02, 0.4). As the drugs are
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not compared because of the diverse of the approaches, the HTE results are discussed as separately
case studies (Table 16).

Suspect Drug (lab tests) Negative drug CML (input) DAG CATE (CI)
Furosemide (t0-t1) Lactulose X-Learner (B) Literature/ Nephrologist 0.5 (0.2, 0.8)
Ibuprofen (mean) Prochlorperazine DML-Learner (N) Nephrologist 0.3(0.2,0.4)
Vancomycin (t0-t1) Lactulose S-Learner (O) Literature/ Nephrologist  0.06 (—0.3, 0.4)
Pantoprazole (t0-t1) Simethicone S-Learner (O) Literature/ Nephrologist 0.001 (—0.07, 0.07)
Ketorolac (mean) Lactulose X-Learner (N) Literature 0.2 (—0.02,0.4)
Omeprazole (mean) Lactulose S-Learner (O) Literature/ Nephrologist 0.02 (—0.3, 0.3)
Allopurinol (mean) Simethicone S-Learner (O) Nephrologist —0.05 (—0.5,0.4)
Lisinopril (t0-t1) Prochlorperazine X-Learner (N) Literature 0.45 (0.06, 0.85)

Table 16: Heterogeneous treatment effect models and characteristics of datasets for each suspect
drug

K.0.1. IBUPROFEN

Demographics Analyzing the distribution of age and weight for patients with no effect and patients
with adverse effect, we conclude that patients with ibuprofen-induced AKI are significantly older
and heavier (Figure 32).

Age Weight (Lbs)
p =3.3e-89 p =5.4e-12
90

80 15

70

60

50 4

40

Adverse effect No effect Adverse effect No effect

Figure 32: Distribution of HTEs according to age and weight in Ibuprofen
Age The HTE mean for ibuprofen increases from 0.20 in young adults (18-39) to a peak of 0.42

in middle-aged adults (40-59), then slightly decreases in older groups (0.34 in 60-79, 0.33 in >80).
The standard deviation (SD) decreases with age, suggesting more consistent effects in older adults.
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Gender Males (HTE mean 0.368) show a higher average effect than females (0.291), with lower
variability (SD 0.064 vs 0.122).

Demographic Category N HTE p (o)

Gender Female 3435 0.3 (£0.1)
Male 1312 04 (£0.1)
Age 18-39 1818 0.2 (£0.1)

40-59 1515 0.42 (£ 0.05)
60-79 1254 0.34 (£ 0.01)
>80 160 0.33 (£ 0)
Weight <60 kg 1 0.355
60-79 kg 9 0.4 (£ 0.05)
80-9kg 59 0.3 (£0.1)
>100kg 4678 0.3 (+0.1)

Table 17: Heterogeneous Treatment Effect (HTE) by Demographic Category in Ibuprofen

Weight The majority of patients taking ibuprofen fall into the obese/very overweight category,
weighing > 100 kg, with an average HTE of 0.311 (SD=0.11; N=4678). A smaller group of patients
is categorized as overweight, weighing between 80-99 kg, and exhibits an average HTE of 0.34
(SD=0.08; N=59). The group of normal weight patients, weighing 60-79 kg, is notably small, with
an HTE average of 0.4 (SD=0.05; N=9). In the underweight category, weighing less than 60 kg,
there is only one patient with an HTE of 0.355. Due to the limited number of patients in the normal
weight and underweight categories, it is not possible to draw any definitive conclusions.

Table 17 describes the mean HTE in the different values of each demographic category. Overall,
the highest mean HTE values, concerning an adequate number of patients, are detected to middle-
aged (40-59), males and overweight patients. The standard deviations are small, reflecting robust
results in all demographic categories.

Laboratory tests Laboratory results indicate that patients with elevated levels of glucose, crea-
tinine, blood urea nitrogen (BUN), and bicarbonate, as well as reduced levels of chloride and anion
gap, are significantly more likely to develop ibuprofen-induced AKI (p j 0.01). Moreover, patients
with higher potassium levels exhibit a statistically significant difference (p ; 0.05) when comparing
those with positive HTEs to those with HTEs in the range of -0.1 to 0.1 (Figure 33).

Table 18 presents the detailed analysis based on the normal and abnormal values of in each
laboratory test.

Glucose In patients with normal fasting glucose (< 100 mg/dL), Ibuprofen yielded a mild pos-
itive HTE mean of 0.263 (SD = 0.13; N = 1663). In the pre-diabetic (100-125 mg/dL), the mean
HTE is slightly increased to 0.33 (SD = 0.1; N = 1952). In diabetic patients (> 126 mg/dL), HTE
mean is the highest with 0.356 (SD=0.07; N = 1132).

Sodium Among hyponatremic patients (< 135 mEq/L), Ibuprofen was associated with a MOD-
ERATE HTE increase of 0.342 (SD = 0.1; N = 346). More of the patients belong in the category
of normonatremic (135-145 mEq/L) with a mild HTE mean to 0.31 (SD = 0.11; N = 4388). An
insignificant number of patients in terms of evidence belong to the hypernatremic category, with
HTE mean 0.366 (SD =0.1; N = 13).

Creatinine Most of ibuprofen patients are categorized in the normal creatinine group (< 1.2
mg/dL), exhibited a mild HTE of 0.3 (SD =0.11; N =4414), whereas in the mildly elevated (1.2-1.9
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Figure 33: Distribution of HTEs according to different laboratory tests in Ibuprofen.

mg/dL) the number of patients is relatively small with moderate CATE 0.411 (SD=0.04; N = 26).
At severely elevated (> 2.0 mg/dL) strata, HTE mean was 0.371 (SD = 0.05; N=307).

Potassium Ibuprofen-treated patients with hypokalemia (< 3.5 mEq/L) had an HTE of 0.27
(SD = 0.121; N = 117), while those with normal potassium values (7-20 mEqg/L) which includes
the majority of the patients, showed a slightly higher HTE mean of 0.312 (SD =0.11, N =4232). In
patients with hyperkalaemia (> 5.0 mEq/L), the HTE mean reaches the highest values of 0.32 (SD
=0.1, N=398)

BUN Patients with BUN values below normal (< 7 mg/dL), the HTE mean was mild 0.235 (SD
=0.12; N = 219). The majority of patients belong to the normal category (7-20 mg/dL) with HTE
mean 0.3 (SD =0.12; N =3661 ) and in the elevated BUN levels (> 20 mg/dL) group, HTE mean
was highest with 0.361 (SD = 0.05; N = 867).

Bicarbonate Patients with metabolic acidosis (< 22 mEq/L) administered Ibuprofen demon-
strated an HTE of 0.27 (SD = 0.12; N = 375) while in patients with normal values (22-29 mEq/L)
the HTE mean is slightly increased to 0.312 (SD = 0.11; N = 3958). Finally, in patients with
metabolic alkalosis (> 29 mEq/L) the HTE mean has the highest value of 0.35 (SD =0.1; N =414).

Chloride In the hypochloremic cohort (<98 mEq/L), HTE was moderate to 0.362 (SD = 0.118;
N = 272) while in hyperchloremic patients (>106 mEq/L) HTE mean was lower, 0.313 (SD =0.11;
N =697 ). The normal chloride group of patients presents the lower HTE mean value compared to
the other two categories, with 0.31 (SD =0.11; N = 3778)

Anion Gap Patients with a low anion gap (; 8 mEqg/L) are not represented in our dataset. For
the patients with normal values (8—16 mEq/L), the mean HTE is 0.32 (SD = 0.11; N = 3855). For
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Laboratory Test Category N HTE p (o)
Glucose <100 mg/dL 1663  0.263 (£ 0.1)
100-125 mg/dL. 1952 0.33 (£ 0.11)
> 126 mg/dL 1132 0.4 (£0.1)
Sodium <135 mEq/L 346  0.342 (£ 0.1)
135-145 mEq/L 4388 0.31 (£0.115)
> 145 mEq/L 13 0.366 (£ 0.1)
Creatinine <1.2 mg/dL. 4414 0.31 (£ 0.1)
1.2-1.9 mg/dL. 26 0.4 (+£0.04)
>2.0 mg/dL 307 0.4(£ 0.05)
Potassium <3.5 mEq/L 117 0.3 (+0.1)
3.5-5.0mEq/L 4232 0.3(+0.1)
>5.0 mEq/L 398 0.3(£0.1)
BUN <7 mg/dL 219 0.2 (£0.1)
7-20 mg/dL 3661 0.3(£0.1)
(20 mg/dL 867 0.361 (£ 0.05)
Bicarbonate <22 mEqg/L 375 0.3(£0.1)
22-29 mEg/L. 3958 0.3 (£0.1)
(29 mEq/L 414 0.3 (£0.1)
Chloride <98 mEq/L 272 0.362 (£ 0.1)
98-106 mEq/L. 3778 0.362 (£ 0.1)
>106 mEq/L 697 0.3(+0.1)
Anion Gap 8-16 mEq/L 3855 0.3(£0.1)
>16 mEq/L 892 0.3(£0.1)

Table 18: Ibuprofen: Heterogeneous Treatment Effect (HTE) by Laboratory Category

the elevated (;, 16 mEq/L) group, the HTE mean is lower than the normal, with 0.28 (SD =0.12; N
= 892).

Overall, patients with high mean HTE according to laboratory values are characterized from
elevated levels of glucose (> 126 mg/dL), and BUN (>20 mg/dL), low values of sodium (< 135
mEq/L) and normal values of chloride (98—106 mEq/L) in patients (Table 18).

Blood pressure In figure 34, it is obvious that patients with AKI adverse effect have higher
blood pressure than those with no AKI effect, with statistical significance (p < 0.01).

In patients with normal systolic blood pressure (<120 mmHg), ibuprofen shows a moderate pos-
itive HTE mean of 0.312 (SD 0.114, N=4747). This suggests a measurable heterogeneous treatment
effect in normotensive individuals. No data are available for hypertensive categories, so conclusions
are limited to those with normal baseline systolic pressure. For diastolic blood pressure {80 mmHg,
the HTE mean is 0.375 (SD 0.04, N=2), suggesting a moderate influence among normotensive sub-
jects, though the limited sample size is insufficient for conclusive evidence. A small cohort falls
into the initial stage of hypertension (80-89 mmHg), where the mean HTE is similarly moderate at
0.35 (SD 0.1, N=8). The majority of patients taking ibuprofen belong to the second stage of hyper-
tension, with diastolic pressure > 90 mmHg, exhibiting a moderate HTE mean of 0.312 (SD 0.11,
N=4737).
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Figure 34: Distribution of HTEs according to diastolic and systolic blood pressure in Ibuprofen

K.0.2. KETOROLAC

Demographics Similar to the trend observed with ibuprofen, older patients are more likely to ex-
perience ketorolac-induced AKI, whereas younger patients tend to have HTEs between -0.1 and
0.1. This age difference is statistically significant (p j 0.01). In contrast, there is no statistically
significant difference in weight between patients who experienced an adverse effect and those who

did not (Figure 35).
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Figure 35: Distribution of HTEs according to age and weight in Ketorolac

Age HTE mean rises steadily with age: 0.06 (18-39), 0.2 (40-59), 0.39 (60-79),

(>80), with SD also increasing.
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Gender Males (0.287) show higher HTE mean than females (0.211), with slightly lower SD,
mirroring ibuprofen trends (Table 19).

Weight Underweight/low-weight individuals (< 60 kg) are not represented in our dataset, which
is a notable gap. The majority of patients fall into the obese/very overweight category, weighing
> 100 kg, with an average HTE of 0.243 (SD=0.163; N=4041). A smaller group of patients is
categorized as overweight, weighing between 80-99 kg, and exhibits an average HTE of 0.288
(SD=0.2; N=54). The group of normal weight patients, weighing 60-79 kg has only one patient,
with HTE 0.173. Due to the limited number of patients in the normal weight category, it is not
possible to draw any definitive conclusions.

Table 19 summarizes the mean HTE in the demographic categories. The highest mean HTE
values, concerning an adequate number of patients, are detected in the aged (60-79), males and
overweight patients. The standard deviations are small, reflecting robust results in all demographic
categories.

Demographic Category N HTE p (o)

Gender Female 2338 0.2 (£0.2)
Male 1758 0.3 (£0.2)
Age 18-39 971 0.06 (£ 0.04)

40-59 1585 0.2(x0.1)
60-79 1344 039 (£0.1)
>80 196  0.5(£0.1)
Weight 60-79 kg 1 0.2
80-99kg 54 0.3 (+£0.2)
>100kg 4041 0.2(+0.2)

Table 19: Heterogeneous Treatment Effect (HTE) by Demographic Category for Ketorolac

Laboratory tests In ketorolac patients with AKI as an adverse effect having significant higher
level of glucose, creatinine, bun, potassium and bicarbonate and lower sodium, chloride and anion
gap than those who do not have AKI adverse effect. The statistical significance of these differences
is p < 0.01 (Figure 36). In contrast with ibuprofen, in ketorolac sodium between the two categories
of patients has a statistical significance.

Glucose In patients with normal fasting glucose (< 100 mg/dL), ketorolac patients yielded a
low positive HTE mean of 0.164 (SD = 0.142; N = 1084). In the pre-diabetic (100-125 mg/dL), the
mean HTE is increased to 0.242 (SD = 0.156; N = 1808). In diabetic patients (> 126 mg/dL), HTE
mean is the highest with 0.317 (SD=0.16; N = 1204).

Sodium Among hyponatremic patients (< 135 mEq/L), ketorolac administration was associated
with a mild HTE increase of 0.3 (SD = 0.15; N = 535). More of the patients belong in the category
of normal values (135-145 mEq/L) with a low HTE mean to 0.236 (SD = 0.164; N = 3543). An
insignificant number of patients in terms of evidence belong to the hypernatremic category, with
HTE mean 0.4 (SD =0.134; N = 18).

Creatinine Most of the patients are classified in the normal creatinine group (< 1.2 mg/dL),
exhibited a low HTE of 0.223 (SD = 0.16; N = 3432), whereas in the mildly elevated (1.2-1.9
mg/dL) group the number of patients is relatively small with mild CATE 0.346 (SD=0.154; N =
102). At severely elevated (> 2.0 mg/dL) strata, HTE mean were the highest with 0.352 (SD =
0.142; N=562).
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Figure 36: Distribution of HTEs according to different laboratory tests in Ketorolac

Potassium Patients with hypokalemia (< 3.5 mEq/L) had an HTE of 0.15 (SD = 0.14; N =
46), while those with normal potassium values (7-20 mEq/L), which includes the majority of the
patients, showed a higher HTE mean of 0.24 (SD =0.163, N =3571). In patients with hyperkalaemia
(> 5.0 mEg/L) the HTE mean reaches the highest values of 0.286 (SD = 0.156, N = 479)

BUN BUN values below normal (< 7 mg/dL) include patients with low HTE mean of 0.088
(SD = 0.07; N = 120). The majority of patients belong to the normal category (7-20 mg/dL) with
mild HTE mean 0.2 (SD = 0.15; N = 2631) and in the elevated BUN levels (> 20 mg/dL) group,
HTE mean was was highest with 0.35 (SD = 0.14; N = 1345).

Bicarbonate Patients with metabolic acidosis (< 22 mEqg/L) demonstrated an HTE of 0.24
(SD = 0.15; N = 371) while in patients with metabolic alkalosis (> 29 mEq/L) the HTE mean has
increased to 0.311 (SD = 0.166; N = 404). In the normal values (22-29 mEq/L) group that includes
the majority of patients, the HTE mean is low, 0.236 (SD = 0.16; N = 3321). Finally, in patients
with.

Chloride In the hypochloremic cohort (<98 mEq/L), HTE was moderate to 0.32 (SD =0.155; N
=456) while in hyperchloremic (>106 mEqg/L) and normal chloride (98—106 mEq/L) value patients
present almost the same low HTE means with, 0.237 (SD = 0.16; N = 513) and 0.233 (SD =0.162;
N = 3127), respectively.

Anion Gap Patients with a low anion gap (; 8 mEq/L) are only 6 in our dataset with mean HTE
0.3 (SD = 0.2). For the normal value patients (8—16 mEq/L), the mean HTE is 0.244 (SD = 0.16;
N = 3326). For the elevated (; 16 mEq/L) group, the HTE mean is almost the same as normal with
0.243 (SD =0.174; N = 764).
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Laboratory Test Category N HTE p (o)
Glucose <100 mg/dL 1084 0.164 (£ 0.1)
100-125 mg/dL. 1808  0.242 (£ 0.15)
> 126 mg/dL. 1204  0.32(£0.2)
Sodium <135 mEq/L 535 0.3(£0.1)
135-145 mEq/L 3543  0.23(+0.2)
> 145 mEq/L 18 0.4 (£0.1)
Creatinine <1.2 mg/dL. 3432 0.223 (£ 0.2)
1.2-19mg/dLL. 102  0.346 (£ 0.15)
>2.0 mg/dL. 562 0.352(£0.14)
Potassium <3.5 mEq/L 46 0.15 (£ 0.14)
3.5-50mEg/L 3571 0.24 (£ 0.16)
>5.0 mEq/L 479 0.3 (£ 0.16)
BUN <7 mg/dL 120 0.1 (£0.07)
7-20 mg/dL 2631  0.2(£0.15)
(20 mg/dL 1345 035 (£0.14)
Bicarbonate <22 mEqg/L 371 0.24 (£ 0.1)
22-29 mEq/L. 3321 0.24 (£ 0.1)
(29 mEq/L 404 0.3 (£ 0.16)
Chloride <98 mEq/L 456  0.32 (£ 0.15)
98-106 mEq/L. 3127 0.23 (£ 0.16)
>106 mEq/L 513 0.24 (£0.16)
Anion Gap < 8§ mEq/L 6 0.3(£0.2)
8-16 mEq/L 3326 0.24 (£ 0.16)
>16 mEq/L 764  0.24 (£0.17)

Table 20: Ketorolac: Heterogeneous Treatment Effect (HTE) by Laboratory Category

According to laboratory values presented in table 20, patients with high mean HTE are char-
acterized from elevated levels of glucose (> 126 mg/dL), BUN (>20 mg/dL), creatinine (> 2.0
mg/dL), potassium (> 5.0 mEqg/L), and bicarbonate (> 29 mEq/L ), low values of sodium (< 135
mEq/L), chloride (< 98 mEq/L) in patients.

Blood pressure Diastolic blood pressure of patients with AKI adverse effect is significantly
lower than patients without AKI adverse effect (p < 0.01). On the other hand, systolic blood pres-
sure is significantly higher for patients with AKI adverse effects compared to those without (Figure
37).

In patients with normal blood pressure values, according to systolic blood pressure, the HTE
mean is 0.244 (SD = 0.163, N = 4094), suggesting a low effect. In the category of elevated levels
there are only 2 patients with a mean HTE of 0.08 (SD = 0.05). No data are available for hyperten-
sive categories. In normal diastolic blood pressure levels (;80 mmHg), there are only 2 patients with
HTE mean of 0.438 (SD =0.2), which cannot give us strong evidence about the ketorolac-induced
AKI effect in this category of patients. An also non non-informative small number of patients fall
into the initial stage of hypertension (80-89 mmHg), where the mean HTE is 0.26 (SD = 0.2, N=11).
The majority of patients belong to the second stage of hypertension, with diastolic pressure > 90
mmHg, exhibiting a low HTE mean of 0.243 (SD = 0.163, N=4083).
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Figure 37: Distribution of HTEs according to blood pressure (diastolic, systolic) in Ketorolac

K.0.3. VANCOMYCIN

Demographics For both age and weight, the distribution of HTEs follows a similar pattern. Patients
who experienced vancomycin-induced AKI tend to be younger and lighter than those with no effect,
but older and heavier than those with a protective effect (Figure 38).
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Figure 38: Distribution of HTEs according to age and weight in Vancomycin
Age The highest HTE mean is in young adults (0.39), decreasing with age to 0.15 in those >80.

SD is high across all groups, indicating substantial variability in individual response.
Gender Females have a higher HTE mean (0.32) than males (0.226), but both have high SDs.
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Demographic  Category N HTE p (o)

Gender Female 1791 0.3 (£0.5)
Male 2591 0.2(£04)
Age 18-39 252 0.4 (£0.5)

40-59 1318 0.3 (£0.5)

60-79 2115 0.3 (& 0.5)

>80 697 0.15 (£ 0.4)

Weight <60kg 2 05(£0.7)
80-99kg 62  0.3(£0.5)

>100kg 4314 0.3 (& 0.45)

Table 21: Heterogeneous Treatment Effect (HTE) by Demographic Category for Ketorolac

Weight Very limited data for low weight; more robust data are available only for overweight
and obese categories, where HTE means mild to moderate (0.29-0.264).

Table 21 summarizes the mean HTE in the demographic categories. The highest mean HTE
values, concerning an adequate number of patients, are detected to middle-aged and aged (40-79),
females and overweight patients. The standard deviations are high, so the evidence is not robust and
needs more investigation.

Laboratory tests In creatinine, potassium and anion gap, patients with vancomycin-induced
AKI have significantly (p < 0.01) lower levels than patients with an effect close to zero (no effect)
and higher than the patients with a negative or protective effect. The same pattern is followed
in glucose, where the statistical significance is slightly bigger (0.03). In chloride, the pattern is
completely the opposite (no effect has the lower level and a protective effect at the higher with
an adverse effect between them) with statistical significance p < 0.01. Both bun and bicarbonate
present similar results where patients with vancomycin-induced AKI have significant (p < 0.01)
lower levels compare with the other two categories of patients.

Glucose Vancomycin had a minimal impact on fasting glucose: HTEs in the normal (< 100
mg/dL), pre-diabetic (100-125 mg/dL) and diabetic (> 126 mg/dL) groups were 0.282 (SD = 0.459;
N =1055), 0.273 (SD = 0.461; N = 1492) and 0.247 (SD = 0.434; N = 1835), respectively.

Sodium In hyponatremic patients (< 135 mEq/L), HTE was 0.284 (SD =0.459; N = 814), while
in those with normal values (135-145 mEq/L) and hypernatremic (> 145 mEq/L), HTEs were 0.263
(SD =0.448; N =3439) and 0.171 (SD = 0.398; N = 129).

Creatinine Normal-creatinine patients (< 1.2 mg/dL) showed HTE of 0.312 (SD = 0.475; N
= 2196), while mildly (1.2-1.9 mg/dL) and severely (> 2.0 mg/dL) elevated groups had HTEs of
0.227 (SD = 0.423; N = 1248) and 0.203 (SD = 0.407; N = 938).

Potassium Hypokalemic (< 3.5; N = 178) and hyperkalemic (> 5.0; N =289) HTEs were 0.393
(SD =0.501) and 0.208 (SD = 0.415).

BUN Vancomycin-treated patients with low BUN (< 7 mg/dL) had HTE mean 0.632 (SD =
0.506; N = 95), those with normal BUN (7-20 mg/dL) HTE mean is 0.319 (SD = 0.478; N = 1681),
and elevated BUN (> 20 mg/dL) HTE mean is 0.216 (SD = 0.417; N = 2606).

Bicarbonate In metabolic acidosis (< 22 mEq/L) HTE was 0.299 (SD = 0.463; N = 934), with
normal (22-29 mEq/L) and alkalotic (> 29 mEq/L) groups at 0.263 (SD = 0.451; N = 2903) and
0.215 (SD =0.411; N = 545), respectively.
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Figure 39: Distribution of HTEs according to different laboratory tests in Vancomycin

Chloride Hypochloremic (< 98 mEq/L), normal chloride (98—-106 mEq/L), and hyperchloremic
(> 106 mEq/L) HTEs were 0.205 (SD = 0.409; N = 898), 0.268 (SD = 0.450; N = 2556), and 0.314
(SD =0.478; N = 928), respectively.

Anion Gap Normal anion gap (8-16 mEq/L), low anion gap (< 8 mEqg/L), and elevated anion
gap (> 16 mEq/L) showed HTEs of 0.281 (SD = 0.459; N = 3288), 0.235 (SD = 0.437; N = 17),
and 0.215 (SD = 0.416; N = 1077).

Table 22 summarizes the different laboratory values categorization. Patients with high mean
HTE are characterized from low levels of creatinine (< 1.2 mg/dL) and normal values of anion gap
(8-16 mEqg/L).

Blood pressure Only diastolic blood pressure presents a significant (p< 0.01) higher level for
patients with AKI adverse effect compared those with no effect and lower compared those with
protective effect.

The HTE mean in patients with normal values is 0.265 (SD 0.449, N=4381), with no data for
hypertensive categories. For diastolic blood pressure <80 mmHg, the HTE mean is 0.25 (SD 0.500,
N=4), but this is based on a very small sample and should be interpreted with caution. In stage
1 hypertension (80-89 mmHg), the HTE mean drops to 0.071 (SD 0.267, N=14), and in stage 2
hypertension (> 90 mmHg), it is 0.265 (SD 0.450, N=4364), closely mirroring the systolic findings.
The consistency of the HTE mean in stage 2 hypertension and normal groups.
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Laboratory Test Category N HTE p (o)

Glucose <100 mg/dL 1055 0.3 (0.5

100-125 mg/dL. 1492 0.3 (£ 0.5)

>126 mg/dL 1835 0.25(4£0.4)

Sodium <135 mEq/L 814 0.3(£0.5)
135-145 mEq/L 3439 0.3 (£ 0.45)

>145 mEq/L 129 0.2(+£04)

Creatinine <1.2 mg/dL. 2196 0.3 (£ 0.5

1.2-1.9 mg/dL. 1248  0.2(+0.4)

>2.0 mg/dL 161 0.2(£04)

Potassium <3.5 mEq/L 178 0.4 (£0.5)
3.5-5.0mEg/L 3915 0.26 (£ 0.45)

>5.0 mEq/L. 289 0.2(£04)

BUN <7 mg/dL 95 0.6 (£0.5)
7-20 mg/dL 1681 0.3 (£0.5)

>20 mg/dL. 2606 0.2 (£04)

Bicarbonate <22 mEq/L 934 0.3(£0.5)
22-29 mEgq/L 2903 0.3 (+ 0.45)

>29 mEq/L 545 0.2(£04)

Chloride <98 mEq/L 898 0.2(£04)
98-106 mEq/L 2556 0.3 (£ 0.45)

>106 mEq/L 928 0.3 (£0.5)

Anion Gap <8 mEq/L 17 0.2 (£0.5)
8-16 mEqg/L 3288 0.3(£04)

>16 mEq/L 1077  0.2(+=0.4)

Table 22: Vancomycin: Heterogeneous Treatment Effect (HTE) by Laboratory Category

K.0.4. LISINOPRIL

Demographics Patients with AKI adverse effect are significant (p < 0.01) younger and heavier
compare to patients with no or protective effect (Figure 41).

Age HTE means are high in all but the oldest group: 0.58 (18-39), 0.62 (40-59), 0.55 (60-79),
but -0.07 in >80, suggesting reduced or potentially adverse effect in the oldest adults. This may
reflect age-related changes in the renin-angiotensin system and higher prevalence of comorbidities
in the elderly.

Gender Similar HTE means for females (0.467) and males (0.454), with high SDs, indicating
consistent but variable responses across sexes.

Weight Underweight/low-weight individuals (< 60 kg) are not represented in our dataset, creat-
ing an important gap. The majority of patients fall into the obese/very overweight category, weigh-
ing > 100 kg, with a moderate HTE of 0.46 (SD = 0.352; N = 3717). A relative small group of
patients is categorized as overweight, weighing between 80-99 kg, and exhibits an average HTE of
0.287 (SD = 0.366; N=45). The group of normal weight patients, weighing 60-79 kg has only 5
patients, with HTE 0.5 (SD = 0.326). Due to the limited number of patients in the normal weight
category, it is not possible to draw any definitive conclusions.
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Figure 40: Distribution of HTEs according to blood pressure (diastolic, systolic in Vancomycin
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Figure 41: Distribution of HTEs according to age and weight in Lisinopril

Table 23 summarizes the mean HTE in the demographic categories. The highest mean HTE
values, concerning an adequate number of patients, are detected to middle-aged and aged (40-79),
females and overweight patients. The standard deviations are normal, so the evidence that was
produced can be trusted.

Laboratory tests In creatinine and glucose, the HTEs follow the same pattern, AKI adverse
effect presents significantly increased levels compared to no and protective effect. In bicarbonate,
bun, sodium, and chloride, AKI adverse effect patients have significantly lower levels than the other
two categories, p < 0.01, p = 0.03, p < 0.01 and p = 0.0005, respectively. Finally, in anion gap
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Demographic  Category N HTE p (o)

Gender Female 1615 0.5(£0.4)
Male 2152 0.45 (£ 0.35)
Age 18-39 192 0.6 (£0.2)

40-59 1030 0.6 (£0.2)

60-79 1857 0.55(+0.3)

>80 688 -0.07 (£0.2)

Weight 60-79kg 5 0.5 (£ 0.326)
80-99kg 45 0.3 (& 0.366)

>100kg 3717 0.46 (& 0.35)

Table 23: Heterogeneous Treatment Effect (HTE) by Demographic Category in Lisinopril

protective effect patients present the highest level, adverse effect moderate and no effect the smaller
ones (p = 0.035).
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Figure 42: Distribution of HTEs according to different laboratory tests in Lisinopril

Glucose For lisinopril, HTE remains consistently high and positive across all glucose categories.
In patients with normal fasting glucose (< 100 mg/dL), the HTE mean is 0.44 (SD = 0.362; N =
951). Among those with impaired fasting glucose (100-125 mg/dL), the HTE mean is the same
with the normal glucose values group at 0.44 (SD = 0.365; N = 1333). In patients with diabetes (>
126 mg/dL), the HTE mean is the highest at 0.5 (SD = 0.334; N = 1483).
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Laboratory Test Category N HTE p (o)
Glucose <100 mg/dL 951 0.44 (£ 0.36)
100-125 mg/dL. 1333 0.44 (4 0.365)
> 126 mg/dL. 1483 0.5 (£ 0.334)
Sodium <135 mEq/L 537  0.463 (£ .35)
135-145 mEgq/L 3128 0.463 (4 0.35)
> 145 mEq/L 102 0.33(+=0.4)
Creatinine <1.2 mg/dL. 2081 0.5 (£ 0.343)
1.2-1.9 mg/dL. 1205 0.4 (£04)
>2.0 mg/dL 481 0.5(£0.3)
Potassium <3.5 mEq/L 137 0.5(£0.33)
35-5.0mEg/L 3433  0.46 (£ 0.35)
>5.0 mEq/L 197 047 (£0.33)
BUN <7 mg/dL 87 0.6 (£0.2)
7-20 mg/dL 1538 0.6 (£ 0.3)
(20 mg/dL 2142 04(+£04)
Bicarbonate <22 mEqg/L 497 047 (£ 0.33)
22-29 mEgq/L. 2719  0.46 (£ 0.35)
(29 mEq/L 551  0.44 (£0.36)

Chloride <98 mEq/L 456  0.32 (£ 0.15)
98-106 3127  0.23(£0.16)

>106 513 0.24 (£ 0.16)

Anion Gap < 8§ mEq/L 12 0.64 (= 0.2)

816 mEq/L 3042 0.45 (& 0.35)
>16mEq/L 713 0.47 (£ 0.34)

Table 24: Lisinopril: Heterogeneous Treatment Effect (HTE) by Laboratory Category

Sodium Among hyponatremic (< 135 mEqg/L) and normonatremic (135-145 mEq/L) patients,
HTE mean is the same, 0.463 (SD = 0.35), while the number of patients differs, with 537 and 3128,
respectively. The hypernatremic category of patients presents the lowest HTE mean of 0.33 (SD =
0.38; N =102).

Creatinine Most of the patients are classified in the normal creatinine group (< 1.2 mg/dL),
exhibited a highest HTE of 0.5 (SD = 0.343; N = 2081), whereas in the mildly elevated (1.2-1.9
mg/dL) group has a moderate mean HTE of 0.4 (SD=0.373; N = 1205). At severely elevated (> 2.0
mg/dL) strata, which includes the lowest number of patients, HTE mean exhibits a high mean HTE
of 0.48 (SD =0.323; N=481).

Potassium In hyperkalemic (< 3.5) and normokalemic (3.5-5.0) strata, HTEs were 0.47 (SD =

0.33; N =197) and 0.46 (SD = 0.35; N = 3433), respectively. In hypokalemic patients, the mean
HTE reaches the highest with 0.5 (SD = 0.33; N = 137)

BUN HTE demonstrates a clear positive trend as BUN levels increase. In patients with low
BUN (below 7 mg/dL), the HTE mean is 0.6 (SD = 0.2; N = 67) as well as in patients with normal
BUN levels of 7-20 mg/dL (SD = 0.3; N = 1538). The lowest HTE mean is observed in patients
with elevated BUN (> 20 mg/dL), where the value reaches 0.4 (SD = 0.4; N = 2142).
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Bicarbonate Patients with metabolic acidosis (< 22 mEqg/L ; N = 1774) reached the highest
mean HTE 0.47 (SD = 0.33; N = 497). Normal bicarbonate value (7-20 mEq/L) patients had almost
the same mean HTE OD 0.46 (SD = 0.35; N = 2719). Finally, patients with metabolic alkalosis
have the lowest HTE mean of 0.44 (SD = 0.36; N = 551).

Chloride Hypochloremics (< 98 mEq/L) present the highest mean HTE of 0.32 (SD = 0.15; N
= 456). The majority of patients belong to the normal chloride values (98-106 mEq/L) where the
mean HTE is 0.23 (SD = 0.16; N = 3127). Hyperchloremics (> 106 mEq/L) reach a mean HTE of
0.24 (SD =0.16; N =513).

Anion Gap Low values of anion gap (< 8) detected to only 12 patients with mean HTE = 0.64
(SD =0.2). In normal and elevated anion gap values the mean HTE is lower with 0.45 (SD = 0.35;
N =3042) and 0.47 (SD = 0.34; N = 713), respectively.

According to laboratory values presented in table 24, patients with high mean HTE are charac-
terized by elevated levels of glucose (> 126 mg/dL), and low level of potassium (< 3.5 mEq/L),
bicarbonate (< 22 mEq/L), and chloride (< 98 mEq/L).

Blood pressure In figure 43, only diastolic blood pressure presents statistical significance be-
tween the increased levels of AKI adverse effect patients compared to protective and no effect
patients.
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Figure 43: Distribution of HTEs according to blood pressure (diastolic, systolic in Lisinopril

The majority of the patients according to systolic blood pressure, belong to the normal category
(< 120) with mean HTE 0.46 (SD 0.353; N=3766) and only one patient with hypertension (> 140)
and a high HTE of 0.85. In diastolic blood pressure, there are no patients with normal values. In the
first stage of hypertention (80—89) there are only 7 patients with a mean HTE 0.1 (SD = 0.35), and
at the second stage of hypertension (> 90), the mean HTE is 0.46 (SD 0.353; N=3760).

K.0.5. FUROSEMIDE

Demographics Furosemide-induced AKI patients are significantly (p < 0.01) older than patients
with no AKI adverse effect and patients with negative or protective effect (Figure 44).
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Figure 44: Distribution of HTEs according to age and weight in Furosemide

Age HTE mean is relatively high and stable across age groups, peaking at 0.59 in >80.

Table 25: Heterogeneous Treatment Effect (HTE) by Demographic Category in Furosemide

Gender Females (0.525) have a slightly higher HTE mean than males (0.495), with similar SDs,

Demographic ~ Category N HTE u (o)
Gender Female 1451 0.5(4+0.2)
Male 1896 0.5(£0.2)

Age 18-39 118  0.5(£0.2)
40-59 733 044 (£0.2)

60-79 1739 0.5(£0.2)

>80 757 0.6 (£0.2)

Weight <60 kg 2 0.5(£0.1)
80-9kg 46 0.6(x0.15)

>100kg 3293 0.5(£0.2)

reflecting similar efficacy in both sexes.

Weight HTE mean is high across all weight categories, with the highest value observed in the
80-99 kg group (0.583), followed by <60 kg (0.543), and slightly lower in the >100 kg group
(0.507). However, the sample size is extremely small in the ;60 kg (N=2) and 80-99 kg (N=46)
groups compared to the >100 kg group (N=3293), making the latter’s estimate much more robust.
The consistently high HTE mean across all weights suggests that furosemide’s effect is substantial
regardless of weight, but the limited data in lower weight groups preclude any strong conclusions
about increased effect per body mass. The most reliable estimate is for the >100 kg group, where

the effect remains high.

Table 25 summarizes the mean HTE in the demographic categories. The highest mean HTE
values, concerning an adequate number of patients, are detected in the aged (60-79) and over 80,

68



CML FRAMEWORK FOR PHARMACOVIGILANCE

males and females and overweight patients. The standard deviations are small, so the evidence
produced is robust and can be trusted.

Laboratory tests In the figure 45, it is interesting to highlight the significantly (p = 0.002)
higher level of sodium levels in patients with AKI adverse effect, compare to the other two cate-
gories. In bun, patients with AKI adverse effects present significantly (p=0.001) high levels than no
and protective effect patients. Furthermore, furosemide-induced AKI patients present a significant
(p = 0.00004) increased level of bicarbonate.
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Figure 45: Distribution of HTEs according to different laboratory tests in Furosemide

Glucose HTE mean remains high and remarkably stable across all categories of glucose metabolism.

In patients with normal fasting glucose (<100 mg/dL), the HTE mean is 0.516 (SD =0.216; N=701).
Among those with impaired fasting glucose (100-125 mg/dL, pre-diabetes), the HTE mean is 0.510
(SD = 0.209; N=1233). In patients with diabetes (glucose > 126 mg/dL), the HTE mean is 0.501
(SD 0.187; N=1413). Notably, the standard deviation decreases slightly with increasing glucose,
suggesting that the effect of furosemide becomes somewhat more consistent among individuals
with higher glucose levels.

Sodium In patients with hyponatremia (serum sodium <135 mEq/L), the HTE mean is 0.485
(SD = 0.2; N=514), while it is 0.511 ((SD = 0.2; N=2704) in individuals with normal sodium
levels (135-145 mEqg/L), and 0.519 (SD = 0.2; N=129) in those experiencing hypernatremia (>145
mEq/L). This data demonstrates that furosemide’s impact maintains a high level of effectiveness
across all sodium concentrations.

Creatinine Furosemide shows consistently high HTE across all creatinine levels, with slightly
increased efficacy in patients with mildly elevated creatinine (1.2-1.9 mg/dL) with mean HTE of
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Laboratory Test Category N HTE p (o)
Glucose <100 mg/dL 701 0.52 (£ 0.22)
100-125 mg/dL. 1233 0.51 (£ 0.21)
>126 mg/dL 1413 0.50 (£ 0.19)
Sodium <135 mEq/L 514 0.49 (£ 0.2)
135-145 mEqg/L 2704 0.51 (£ 0.2)
>145 mEq/L 129 0.52 (£ 0.2)
Creatinine <1.2 mg/dL 1407  0.50 (£ 0.21)
1.2-1.9 mg/dL. 1183  0.53 (£ 0.19)
>2.0 mg/dL 757 0.49 (£ 0.21)
Potassium <3.5 mEq/L 90 0.513(£0.197)
3.5-5.0mEqg/L 3042 0.507 (+ 0.201)
>5.0 mEq/L 215 0.511 (£ 0.217)
BUN <7 mg/dL 19  0.380 (£ 0.256)
7-20 mg/dL 962 0.482 (£ 0.221)
>20 mg/dL. 2366  0.519 (£ 0.192)
Bicarbonate <22 mEq/L 555 0.487 (£ 0.2)
22-29 mEg/L 2190  0.508 (£ 0.2)
>29 mEq/L 602 0.525 (£ 0.2)
Chloride <98 mEq/L 691 0.494 (+0.2)
98-106 mEq/L. 2055  0.516 (£ 0.2)
>106 mEq/L 601 0.494 (£ 0.2)
Anion Gap < 8 mEg/L 9 0.34 (£ 0.2)
8-16 mEqg/L 2546 0.51 (£ 0.2)
>16 mEq/L 792 0.503 (£ 0.2)

Table 26: Furosemide: Heterogeneous Treatment Effect (HTE) by Laboratory Category

0.526 (SD =0.19; N=1183) compared to those with normal (< 1.2 mg/dL) where HTE mean is 0.5
(SD =0.21; N=1407) or severely elevated levels (> 2.0 mg/dL) where the mean HTE is 0.493 (SD
=0.21; N=757).

Potassium Furosemide exhibits notably high HTE across all potassium categories, with the
strongest effect observed in hypokalemic patients (< 3.5 mEq/L) where mean HTE is 0.513 (SD =
0.197; N=90), and a slightly lower but still substantial effect in normal values of potassium (3.5-5.0
mEq/L) the HTE is 0.507 (SD = 0.201; N=3042) and hyperkalemia patients (> 5.0 mEq/L) have
HTE mean 0.511 (SD =0.217; N=215).

BUN BUN levels rise, furosemide displays an increasingly stronger mean HTE. For patients
with low BUN (< 7 mg/dL), the HTE registers at a moderate 0.380 and exhibits broader variability
(SD =0.256; N = 19). Patients with normal BUN levels (7-20 mg/dL) experience an enhanced HTE
of 0.482 (SD = 0.221; N = 962), while those with elevated BUN (> 20 mg/dL) reach an HTE of
0.519, alongside decreased variability (SD = 0.192; N = 2366).

Bicarbonate HTE of bicarbonate levels, showing a notable difference between metabolic aci-
dosis and alkalosis states. In patients with low bicarbonate (< 22 mEq/L), indicative of metabolic
acidosis, the HTE mean is moderately high at 0.487 (SD = 0.224; N = 555). Conversely, in patients
with elevated bicarbonate (> 29 mEq/L), representing metabolic alkalosis, furosemide demonstrates
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a higher and more consistent effect of mean HTE 0.525 (SD = 0.172; N = 602). Finally, patients
with normal bicarbonate values present a mean HTE of 0.508 (SD = 0.2; N = 2190).

Chloride Furosemide exhibits a consistent mean HTE across varying chloride levels. In hypochloremic
patients (< 98 mEq/L), the HTE mean is 0.494 (SD = 0.207; N = 691), while in hyperchloremic
patients (> 106 mEq/L), it remains nearly identical at 0.494 (SD = 0.213; N = 601). In normal
chloride levels (98-106 mEq/L), the HTE mean reaches the highest value of 0.516 (SD = 0.2;N =
2055).

Anion gap HTE mean is fairly consistent across anion gap categories. Patients with normal
anion gap (8-16 mEq/L) show an HTE mean of 0.51 (SD = 0.2; N = 2546), while those with
elevated anion gap (;,16 mEq/L) have a slightly lower HTE of 0.50 (SD = 0.2; N = 792). A small
subgroup with low anion gap (;8 mEq/L) exhibits a lower HTE of 0.34 (SD = 0.2; N =9).

According to laboratory values presented in table 26, patients with high mean HTE are char-
acterized from elevated levels of BUN (> 20 mg/dL), bicarbonate (> 29 mEq/L), and sodium (>
145 mEq/L), low levels of glucose (< 100 mg/dL), potassium (< 3.5 mEq/L) and normal levels of
creatinine (1.2-1.9 mg/dL), chloride (98—-106 mEqg/L) and anion gap (8—16 mEq/L).

Blood pressure Furosemide-induced AKI patients have lower diastolic and higher systolic
blood pressure than patients with no DAKI effect or with protective effect (Figure 46).
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Figure 46: Distribution of HTEs according to blood pressure (diastolic, systolic in Furosemide

Furosemide exhibits a strong and consistent antihypertensive effect across systolic and diastolic
blood pressure categories. In normotensive patients (systolic <120 mmHg), the HTE mean is 0.508
(SD = 0.202; N = 3347), indicating a substantial average reduction in systolic blood pressure. For
diastolic blood pressure, the data show a very high HTE mean of 0.578 in patients with diastolic
<80 mmHg, but this is based on a single patient and cannot be interpreted reliably. In stage 1 hyper-
tension (80—89 mmHg), the HTE mean is 0.371 (SD = 0.293, N = 12), and in stage 2 hypertension
(>90 mmHg), it is 0.508 (SD = 0.201; N = 3334), mirroring the strong effect seen in systolic blood
pressure.
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K.0.6. PANTOPRAZOLE

Demographics The age of patients with pantoprazole-induced AKI is significant (p = 0.04) lower
than patients with no DAKI effect and with a protective effect (Figure 47).
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Figure 47: Distribution of HTEs according to age and weight in Pantoprazole

Age HTE mean is close to zero in all age groups, suggesting little average effect or possibly a
neutral risk/benefit profile for the measured outcome. SDs are low, indicating consistency.

Demographic Category N HTE u (o)

Gender Female 1104 0.002 (+0.1)
Male 1581  0.001 (& 0.06)

Age 18-39 138 0.01 (£0.2)

40-59 743 0(£0.05)
60-79 1325 0 (£ 0.05)
>80 479 0 (£ 0.06)
Weight 80-99kg 45 0(x£0)
>100kg 2638 0.001 (£ 0.065)

Table 27: Heterogeneous Treatment Effect (HTE) by Demographic Category in Pantoprazole

Gender Both sexes have near-zero HTE means, supporting the age findings. Females showed a
slightly greater CATE than males.

Weight HTE mean is essentially zero across all weight categories, with the only substantial
sample size in the >100 kg group with mean HTE 0.001 (SD = 0.065; N = 2638). The lower weight
categories (<60 kg, 60-79 kg, 80-99 kg) have extremely small sample sizes (N=1 or N=45) and
HTE means of zero, offering no reliable information about treatment effect in these groups. The
data indicate that pantoprazole has no meaningful heterogeneous treatment effect across weight
categories, and the only robust estimate (>100 kg) confirms a negligible effect.
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Table 27 presents the mean HTE in the demographic categories. The mean HTE values for every
demographic category are close to 0 or O which reflects the lack of pantoprazole-induced AKI effect
in our data.

Laboratory tests As it is obvious from figure 48, only bicarbonate presents significant results,
as pantoprazole-induced AKI patients seem to have lower levels of bicarbonate compared to patients
with no AKI adverse effect and protective effect.
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Figure 48: Distribution of HTEs according to different laboratory tests in Pantoprazole

Across all laboratory categories—including glucose, sodium, creatinine, potassium, BUN, bi-
carbonate, chloride, and anion gap—the HTE means for pantoprazole are essentially zero, with
only minimal variation. For example, in patients with normal fasting glucose, the HTE mean is
0.004 (SD 0.080, N=931), and in those with diabetes, it is 0.001 (SD 0.051, N=1156). Similarly, for
sodium, the HTE mean is 0.002 (SD 0.084, N=425) in hyponatremia and 0.001 (SD 0.061, N=2179)
in normonatremia. These consistently negligible values indicate that pantoprazole does not exert a
clinically meaningful effect on these laboratory parameters or on the primary outcome measured in
the study population (Table 28).

Blood Pressure Figure 49 do not show any significance in different values of blood pressure
between the three group of patients.

Pantoprazole’s HTE mean is 0.001 (SD 0.064, N=2685) in normal blood pressure patients,
indicating a neutral effect, consistent with its known safety profile and lack of cardiovascular impact.
For diastolic ;80 mmHg, the HTE mean is 0 (N=2), and in stage 2 hypertension, it is 0.001 (SD
0.064, N=2680), again showing no significant effect.
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Laboratory Test Category N w (o)
Glucose <100 mg/dL 598  -0.003 (= 0.1)
100-125 mg/dL. 931 0.004 (£0.1)
>126 mg/dL 1156 0.001 (£ 0.05)

Sodium <135 mEq/L 425  0.002 (+£0.1)
135-145 mEq/L 2179  0.001 (£ 0.1)

>145 mEq/L 81 0(£0)
Creatinine <1.2 mg/dL. 1278  0.001 (£ 0.1)

1.2-1.9 mg/dLL. 835 0 (£ 0.05)
>2.0 mg/dL 572 0.003 (£0.1)
Potassium <3.5 mEq/L 109 0(£0)
3.5-5.0mEqg/L 2428 0.002 (£ 0.1)
>5.0 mEq/L 148  -0.007 (£ 0.1)
BUN <7 mg/dL 53 0(x0)
7-20 mg/dL 1005  0.002 (£ 0.1)
>20 mg/dL. 1627 0.001 (£ 0.04)

Bicarbonate <22 mEqg/L 545  0.002 (£0.1)
22-29 mEq/L 1777 0.001 (£ 0.1)

>29 mEq/L 363 0(+0)
Chloride <98 mEq/L 478  0.002 (£ 0.05)

98-106 mEq/L. 1580  0.001 (£ 0.1)

>106 mEq/L 627  0.002 (£ 0.1)

Anion Gap 8-16 mEq/L 2070 0.0005 (£0.1)
<8 mEq/L 6 0(£0)

>16 mEq/L 609  0.003 (£0.1)

Table 28: Heterogeneous Treatment Effect (HTE) estimates for Pantoprazole across various labo-
ratory value categories.

K.0.7. OMEPRAZOLE

Demographics Omeparzole-induced AKI patients belong to a significant (p < 0.01) younger age
group than patients with no DAKI effect and patients with protective effect (Figure 50).

Age HTE means are very close to zero across all ages, with low SDs, indicating little individual
variation in effect.

Gender Females have HTE mean equal to 0.007 (SD 0.112, N=3229), while for males it is -
0.003 (SD 0.085, N=3011). This indicates that the estimated heterogeneous treatment effect is very
close to zero for both genders, with a slight positive value in females and a slight negative value in
males. The difference between the groups is minimal (0.01), and both standard deviations suggest
moderate variability within each gender group. Thus, there is no clinically meaningful difference
in the heterogeneous treatment effect of omeprazole between males and females, and the effect is
essentially neutral in both populations.

Weight HTE of omeprazole is consistently close to zero across all weight categories. In the
lowest weight groups (<60 kg and 60-79 kg), the HTE mean is exactly zero, but these groups have
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Figure 49: Distribution of HTEs according to blood pressure (diastolic, systolic) in Pantoprazole
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Figure 50: Distribution of HTEs according to age and weight in Omeprazole

extremely small sample sizes, limiting interpretability. In the 80-99 kg and >100 kg groups, which
have larger sample sizes (especially >100 kg), the HTE means remain very close to zero (0.011 and
0.002, respectively), with similar standard deviations (0.10), indicating low variability and a stable,
negligible effect regardless of body weight. This pattern suggests that omeprazole’s effectiveness
or risk profile does not meaningfully differ by weight, and the drug’s impact is essentially neutral
across the weight spectrum.
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Demographic  Category N HTE p (o)
Gender Female 3229 0.007 (+0.1)
Male 3011 -0.003 (£0.1)
Age 18-39 655 0.02 (£ 0.15)
40-59 1943 0(£0.1)
60-79 2787 0(£0.1)
>80 855 0 (£ 0.05)
Weight <60 kg 3 0(£0)
60-79 kg 9 0(£0)
80-99kg 91 0.01 (£0.1)
>100kg 6137  0.002 £ 0.1

Table 29: Heterogeneous Treatment Effect (HTE) by Demographic Category in Omeprazole

Table 29 presents the mean HTE in the demographic categories. The mean HTE values for every
demographic category are close to 0 or O which reflects the lack of omeprazole-induced AKI effect

in our data.

Laboratory tests In laboratory tests, glucose, creatinine, bun and bicarbonate have similar pat-
terns as AKI adverse effect patients have significant lower levels in all these tests than no DAKI
effect patient and patients with omeprazole protective effect, with p = 0.0001, p = 0.001, p < 0.01
and p = 0.0001, respectively. Moreover, in chloride levels patients with omeprazole-induced AKI
are significant (0.003) higher than the other two groups (Figure 51).
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Figure 51: Distribution of HTEs according to different laboratory tests in Omeprazole
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HTE means are consistently close to zero across all laboratory categories, indicating a neutral
effect profile. For example, in patients with normal fasting glucose, the HTE mean is -0.003 (SD
= 0.058; N = 598), and in those with normonatremia, the HTE mean is 0.003 (SD = 0.101; N =
5535). In patients with a normal anion gap, the HTE mean is 0.002 (SD = 0.1; N = 5065), and even
among those with laboratory abnormalities such as hyponatremia where HTE mean is —0.003 (SD
=0.1; N = 664) or metabolic acidosis where HTE mean is 0.008 (SD = 0.145, N = 475), the values
remain very small. Considering blood urea nitrogen, the HTE mean is 0.091 (SD = 0.289; N=88)
in patients with low BUN, 0.003 (SD = 0.109; N = 3433) in those with normal BUN, and -0.001
(SD =0.072, N = 2719) in those with elevated BUN. These results further support the conclusion
that omeprazole does not have a clinically significant impact on metabolic or electrolyte parameters,
regardless of renal function. This neutral effect is consistent with the established safety profile of
omeprazole in large, diverse populations (Table 30).

Laboratory Test Category N HTE u (0)
Glucose <100 mg/dL 1166  0.012 (£ 0.1)
100-125 mg/dL. 2701  -0.001 (£ 0.1)
>126 mg/dL. 2373 0.001 (£ 0.1)

Sodium <135 mEq/L 664  -0.003 (£0.1)
135-145 mEg/LL. 5535  0.003 (£ 0.1)
>145 mEq/L 41 0(x0)
Creatinine <1.2 mg/dL. 4887  0.003 (£0.1)
1.2-1.9 mg/dL. 380 0(+0)
>2.0 mg/dL 973  -0.004 (£ 0.1)
Potassium <3.5 mEq/L 75 0(£0.2)

35-5.0mEq/L 5388  0.003 (£0.1)
>50mEq/L 777  -0.004 (£ 0.1)
BUN <7 mg/dL 88 0.091 (+0.3)
7-20mg/dL 3433 0.003 (£ 0.1)
>20mg/dL 2719 -0.001 (& 0.1)
Bicarbonate <22mEgq/L 475 0.008 (& 0.145)
22-29mEg/L 5065  0.002 (£ 0.1)
>29mEg/L 700  -0.003 (& 0.05)
Chloride <98mEgq/L 720  -0.003 (£ 0.1)
98-106 mEq/L 4681  0.002 (& 0.1)
>106 mEq/L 839  0.005 (£ 0.1)
Anion Gap 816 mEq/L 4970 0.002 (+0.1)
<8 mEqg/L 5 0 (+ 0)
>16mEq/L 1265 0.001 (£ 0.1)

Table 30: Omeprazole: Heterogeneous Treatment Effect (HTE) by Laboratory Category

Blood Pressure Figure 52 shows a significant result only in systolic blood pressure, where
AKI adverse effect patients have lower values than no DAKI effect patients and higher values than
protective effect patients.
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Figure 52: Distribution of HTEs according to blood pressure (diastolic, systolic) in Omeprazole

In systolic blood pressure, HTE mean is 0.002 (SD = 0.1; N = 6239), reflecting a neutral effect
in normotensive patients. For diastolic ;80 mmHg, the HTE mean is 0 (N = 1), and in stage 2
hypertension, it is 0.002 (SD = 0.101; N = 6230).

K.0.8. ALLOPURINOL

Demographics Figure 53 presents significant (p = 0.0001) results only in different weights between
patients without DAKI effect and patients with protective effect, with the first ones to be heavier
than the last ones.
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Figure 53: Distribution of HTEs according to age and weight in Allopurinol
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Age HTE mean is zero or slightly negative across all age groups, suggesting little average ef-
fect or a possible slight reduction in the measured outcome. SDs are moderate, indicating some
variability.

Demographic  Category N HTE u (o)

Gender Female 1907 -0.008 (+0.1)
Male 2161 -0.025 (£ 0.2)
Age 18-39 396 0(+0)

40-59 1241 -0.02 (£ 0.1)
60-79 1927 -0.02 ( 0.15)
>80 504  -0.01(£0.1)

Weight <60kg 2 0 (£ 0)
60-79kg 11 0 (& 0)
80-99kg 47 0 (£ 0)

>100kg 4008 -0.017 (£0.1)

Table 31: Heterogeneous Treatment Effect (HTE) by Demographic Category in Allopurinol

Gender HTE mean for females is -0.008 (SD = 0.088; N = 1907), and for males it is -0.025 (SD
=0.158, N=2161). Both values are negative and close to zero, indicating that, on average, allopuri-
nol may have a very slight negative effect on the measured outcome in both genders. The difference
between males and females is minimal (a difference of 0.017), and the standard deviations suggest
moderate variability in individual responses, with somewhat greater variability among males.

Weight For allopurinol, the HTE means are exactly zero in the lower weight categories (<60 kg,
60-79 kg, 80-99 kg), but these groups have very small sample sizes (N=2, 11, and 47, respectively),
making these estimates unreliable and not generalizable. In the >100 kg group—the only category
with a large and robust sample size (N=4008), the HTE mean is slightly negative at -0.017 with a
standard deviation of 0.131. This small negative value indicates a very modest average effect, which
is not likely to be clinically significant given both the magnitude and the variability. Overall, these
results suggest that the heterogeneous treatment effect of allopurinol does not vary meaningfully
across weight categories.

Table 31 presents the mean HTE in the demographic categories. The mean HTE values for every
demographic category are close to 0 (negative and positive), 0 which reflects the lack of allopurinol-
induced AKI effect in our data.

Laboratory tests As it is obvious from figure 54, only bicarbonate and creatinine present signif-
icant results. In creatinine (p = 0.03), patients without DAKI effect have higher levels than patients
with protective effect, but in bicarbonate (p = 0.03) is the opposite.

Allopurinol’s HTE means are also near zero or slightly negative across all laboratory categories.
For example, in patients with normal fasting glucose, the HTE mean is -0.008 (SD = 0.09; N =
744), while in those with diabetes, it is -0.021 (SD = 0.143; N = 1495). For sodium, the HTE
mean is -0.005 (SD = 0.071; N = 399) in hyponatremia and -0.019 (SD = 0.136; N = 3632) in
normonatremia. Across creatinine and BUN categories, the HTE means remain close to zero, with
minor negative values that are not clinically significant. The slight negative HTE values observed in
our data for glucose, sodium, or other metabolic variables are small and they are not create strong
evidence about allopurinol’s effect based on different levels of laboratory values (Table 32).
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Figure 54: Distribution of HTEs according to different laboratory tests in Allopurinol

Blood Pressure Patients with a protective effect have significantly higher blood pressure (sys-
tolic, diastolic) than patients without the DAKI effect. In systolic blood pressure p-value is equal to
0.03 and in diastolic p-value is equal to 0.0004 (Figure 55).
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Laboratory Test Category N HTE p (o)
Glucose <100 mg/dL 744 -0.01 (£0.1)
100-125 mg/dL 1829 -0.018 (£ 0.1)
>126 mg/dL 1495 -0.021 (£ 0.1)
Sodium <135 mEq/L 399 -0.005 (£ 0.1)
135-145 mEq/L 3632 -0.019 (£ 0.1)
>145 mEq/L 37 0(x0)
Creatinine <1.2 mg/dL 2896 -0.021 (£ 0.1)
1.2-1.9 mg/dL 264 0(+0)
>2.0 mg/dL 908 -0.010 (£ 0.1)
Potassium <3.5 mEq/L 63 0(£0)
3.5-5.0 mEq/L 3536 -0.018 (£ 0.1)
>5.0 mEq/L 469 -0.015 (£ 0.1)
BUN <7 mg/dL 79 0(+0)
7-20 mg/dL 2052 -0.019 (£0.1)
>20 mg/dL. 1937 -0.016 (£ 0.1)
Bicarbonate <22 mEq/L 377 -0.005 (£ 0.1)
22-29 mEq/L 3237 -0.019 (£ 0.1)
>29 mEq/L 454 -0.011 (£ 0.1)
Chloride <98 mEq/L 454 -0.011 (£ 0.1)
98-106 mEq/L 3003 -0.020 (£ 0.1)
>106 mEq/L 611 -0.010 (£ 0.1)
Anion Gap 8-16 mEq/L 3202 -0.018 (£ 0.1)
<8 mEq/L 1 0(x0)
>16 mEqg/L 865 -0.013 (£ 0.1)

Table 32: Allopurinol: Heterogeneous Treatment Effect (HTE) by Laboratory Category

Allopurinol’s HTE mean is -0.017 (SD 0.130, N=4067) in patients with normal blood pressure,
indicating a very slight negative effect, which is not clinically significant. This is consistent with
studies showing allopurinol has no major effect on blood pressure in most populations. For diastolic
;80 mmHg, the HTE mean is 0 (N=1), and in stage 2 hypertension, it is -0.017 (SD 0.130, N=4056),
again showing a neutral profile.
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