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Abstract
Motivation: Knowledge graphs and structural causal models have each proven valuable for organizing biomedical knowledge and estimating 
causal effects, but remain largely disconnected: knowledge graphs encode qualitative relationships focusing on facts and deductive reasoning 
without formal probabilistic semantics, while causal models lack integration with background knowledge in knowledge graphs and have no ac
cess to the deductive reasoning capabilities that knowledge graphs provide.
Results: To bridge this gap, we introduce a novel formulation of Causal Knowledge Graphs (CKGs) which extend knowledge graphs with formal 
causal semantics, preserving their deductive capabilities while enabling principled causal inference. CKGs support deconfounding via explicitly 
marked causal edges and facilitate hypothesis formulation aligned with both encoded and entailed background knowledge. We constructed a 
Drug–Disease CKG (DD-CKG) integrating disease progression pathways, drug indications, side-effects, and hierarchical disease classification to 
enable automated large-scale mediation analysis. Applied to UK Biobank and MIMIC-IV cohorts, we tested whether drugs mediate effects be
tween indications and downstream disease progression, adjusting for confounders inferred from the DD-CKG. Our approach successfully repro
duced known adverse drug reactions with high precision while identifying previously undocumented significant candidate adverse effects. 
Further validation through side effect similarity analysis demonstrated that combining our predicted drug effects with established databases sig
nificantly improves the prediction of shared drug indications, supporting the clinical relevance of our novel findings. These results demonstrate 
that our methodology provides a generalizable, knowledge-driven framework for scalable causal inference.
Availability and implementation: The data is available through https://github.com/bio-ontology-research-group/Mediation-Analysis-using- 
Causal-Knowledge-Graph.

1 Introduction
Many computational biomedical tasks are inherently 
knowledge-based; they cannot simply be “learned” from data 
but require combining observations with structured back
ground knowledge (Alterovitz and Ramoni 2011). This inte
gration between knowledge and data becomes particularly 
important when addressing complex problems such as drug 
safety monitoring, where rare but significant adverse events 
must be detected despite their low prevalence in general pop
ulations (Pande 2018, Hammad et al. 2023).

Knowledge graphs (KGs) are the main approach for orga
nizing biomedical knowledge, and can be used to represent 
biomedical entities (e.g. diseases, drugs, proteins) and their 
relationships in a structured format (Hogan et al. 2022). 
These graphs encode qualitative knowledge—facts that are 
either true or false—and have been widely applied across life 
sciences to represent taxonomic hierarchies, molecular inter
actions, and clinical associations (Zhan 2024). While KGs 

are very useful for representing knowledge, they lack formal 
mechanisms to support probabilistic and causal inference 
necessary for many biomedical applications.

In clinical and epidemiological research, qualitative causal 
relations can be expressed through directed acyclic graphs 
(DAGs) (Tennant et al. 2021). These DAGs are a component 
of structural causal models (SCMs) which combine causal 
DAGs with structural equations (Pearl 2009b). SCMs can be 
used to distinguish causal effects from associations and to an
swer “why” questions, i.e. how a probability distribution will 
change as a result of an intervention. SCMs and KGs remain 
largely separate frameworks: although the qualitative parts 
of an SCM (the DAG) can be embedded within a KG, and 
KGs may encode relations that are causal or have causal 
implications, it remains challenging to integrate the quantita
tive parts of SCMs with KGs.

Drug safety monitoring is one application that requires 
both knowledge representation and causal inference capabili
ties. Post-marketing surveillance aims to identify adverse 
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drug reactions (ADRs) that may not have been detected dur
ing clinical trials due to their rarity or delayed onset (Raj 
et al. 2019, Trifir�o and Crisafulli 2022). This surveillance 
depends on background knowledge (disease and drug classifi
cations and their interrelationships, known disease progres
sion, drug indications, and known drug side effects) and 
observational data (frequencies of event occurrences and co- 
occurrences). The surveillance task also requires causal infer
ence to determine whether an observed association represents 
a genuine drug effect or results from confounding factors 
(Pande 2018, Hammad et al. 2023).

Current approaches to ADR detection include feature- 
based predictive models using drug descriptors, and observa
tional data analysis from adverse event reporting systems and 
electronic health records (Zhang et al. 2020, Fukuto et al. 
2021, Hu et al. 2024). While these methods are very useful, 
they do not fully utilize available background knowledge, nor 
do they account for all confounding variables. Causal infer
ence methods like mediation analysis (Imai et al. 2010) offer 
a direct methodological framework for determining potential 
ADRs but rely on causal models which are often hand- 
crafted and do not integrate with existing background knowl
edge (Xu et al. 2015, Tchetgen and Phiri 2016, Gentreau 
et al. 2023), which limits their scalability.

We have developed a theoretical framework that integrates 
KGs and SCMs which we call Causal Knowledge Graphs 
(CKGs). CKGs extend knowledge graphs by incorporating 
probability distributions over graph nodes and explicitly 
identifying relation types with causal semantics. This integra
tion allows us to automatically identify confounding varia
bles based on graph structure, can generate hypotheses that 
align with domain knowledge through KG queries, and ena
bles probabilistic inference that respects KG semantics (in 
particular the hierarchical relationships between entities).

We demonstrate the utility of our approach by applying it 
to ADR detection using data from UK Biobank and MIMIC- 
IV. Our CKG-based method successfully identifies known ad
verse drug reactions while also discovering novel ones not 
previously documented. To validate these novel findings, we 
apply the ADRs to the task of drug repurposing, testing 
whether drugs with similar adverse event profiles share thera
peutic indications. Our results show significant improvement 
over approaches using only established ADRs, confirming the 
value of the ADRs we discover. The theoretical CKG frame
work we developed combines biomedical knowledge repre
sentation and causal inference. it has applications that extend 
beyond pharmacovigilance to any domain where both obser
vational data and background knowledge with causal com
ponents are available.

2 Materials and methods
2.1 Data
We obtained causal relations between diseases from a 
Directed Acyclic Graph (DAG) representing disease progres
sion/sequelae (Toonsi et al. 2024). The content of this DAG 
was text-mined from the scientific literature, and filtered us
ing several methods to retain correct disease–disease pairs as 
evaluated. In the DAG, a causal relationship between two dis
eases indicates that the causative disease can lead to the onset 
of the outcome disease.

For indications, we used the high-precision subset of the 
MEDI-C dataset (Zheng et al. 2021) which is based on mined 

data from EHR data and multiple literature resources. 
In MEDI-C, drugs are mapped to RxNorm identifiers (Nelson 
et al. 2011) and diseases are mapped to the International 
Classification of Diseases 9th and 10th versions (ICD-10, 
ICD-9). For side effects of drugs, we utilized the OnSIDES 
dataset (Tanaka et al. 2024), where drugs are mapped to 
RxNorm and diseases are mapped to MedDRA terms 
(Mozzicato 2009). OnSIDES was generated by text-mining 
structured drug labels with a fine-tuned language model that 
demonstrated high performance upon evaluation; we used ver
sion 2.1.0 of the dataset. Additionally, we used the OFFSIDES 
dataset (Tatonetti et al. 2012) as an additional evaluation set 
of side effects. OFFSIDES was created based on statistical 
analysis of the FDA Adverse Event Reporting System while 
controlling for possible confounding factors including con
comitant medications, demographics, and medical history.

We utilized two large cohorts to define the probability dis
tributions used for causal inference and mediation analysis: 
the UK Biobank, and the MIMIC-IV dataset.

UK Biobank (UKB) is a prospective cohort of more than 
half a million participants aged 40–69 years (Sudlow et al. 
2015), and reports diagnoses of individuals using the 
International Classification of Diseases (ICD). Hospital inpa
tient data in UKB includes diagnoses before cohort enroll
ment began, enabling detection of pre-existing conditions. 
Additionally, the UKB provides extensive data from question
naires and verbal interviews including data on medications 
taken by participants. Medications are assigned identifiers 
unique to the UKB. In addition to basic demographic and so
cioeconomic data, UKB provides data about smoking, alco
hol intake, and physical activity of participants.

The Medical Information Mart for Intensive Care IV 
(MIMIC-IV) is a dataset of electronic health records (EHRs) 
covering 364 627 individuals. It includes hospital records of 
patients admitted to the Intensive Care Unit (ICU) with diag
noses available in the International Classification of Diseases 
9th, and 10th versions (Steindel 2010). Data on prescribed 
medications is also available where medications are expressed 
in free text form. We obtained data on drug use from the 
pharmacy records. The dataset also includes data on age, sex, 
ethnicity, and basic measurements like Body Mass 
Index (BMI).

For the statistical analysis, we used longitudinal data from 
UKB and MIMIC-IV, extracting ICD diagnoses with dates 
and drug prescription information (self-reported in UKB, 
pharmacy records in MIMIC-IV). We automatically mapped 
drugs from both cohorts to RxNorm using an automated hy
brid approach (see Supplementary section Mapping of medi
cations and conditions, available as supplementary data at 
Bioinformatics online). To ensure temporal validity, we ex
cluded individuals without follow-up data and those whose 
records did not follow the required order of indication !
drug use ! side effect. In particular, we removed cases where 
the outcome preceded the indication or drug, or where drug 
use occurred only before the indication diagnosis (see 
Supplementary section Sample selection, available as supple
mentary data at Bioinformatics online for further details).

2.2 Causal knowledge graph construction
Knowledge can be represented in structured forms that are in
terpretable by machines, such as knowledge graphs (KGs). A 
KG can be represented as a tuple 
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K ¼ ðV;E;RÞ

where V are nodes representing entities and E� V × R × V is 
a set of directed edges labeled by relations in R. KGs enable 
reasoning over complex interconnections in data. In contrast, 
Structural Causal Models (SCMs) (Pearl 2009b) offer a for
mal framework specifically designed to represent and reason 
about causal relationships between random variables. In 
SCMs, a directed acyclic graph (DAG) is used where each 
node represents a variable, and each directed edge represents 
a direct causal effect from one variable to another. SCMs fur
ther define functions for each variable x as x¼ f ðpax;uxÞ

where pax denotes variables with outgoing edges into x, and 
ux represents the errors due to unobserved factors.

All edges in SCMs are interpreted as causal relationships, 
which is in contrast to knowledge graphs that can include 
multiple types of relations. Some knowledge graphs may also 
include subsumption relations that structure nodes into sub
sumption hierarchies (Pham et al. 2020), representing, for ex
ample, diseases and their subtypes.

We introduce the concept of a Causal Knowledge Graph 
(CKG), which integrates the flexible structure of KGs with 
causal semantics and a probabilistic interpretation, while ad
hering to the constraints defined by KG relationships. We for
mally define a Causal Knowledge Graph as follows:

Definition (Causal Knowledge Graph). Let K¼ ðV;E;RÞ
be a knowledge graph. Let Ω be a non-empty set 
representing the population (e.g. individuals), and 
let 2Ω denote the power set of Ω. 
A Causal Knowledge Graph (CKG) is a tuple: 

G ¼ ðK;Rcausal;Ω; f ;PÞ

where:

� Rcausal � R is the subset of relations that are interpreted 
as causal, 

� f : V ! 2Ω is a function that assigns to each node a subset 
of the population Ω, 

� P : 2Ω ! ½0;1� is a probability measure over subsets of Ω. 

The triple ðΩ;2Ω;PÞ forms a probability space over the popu
lation. Each node v 2 V is assigned a probability by applying 
P to its corresponding subset f ðvÞ �Ω; that is, Pðf ðvÞÞ.

The function f may be subject to constraints derived from 
the relations in R.

In our work, we apply a constraint to ensure that f respects 
the is_a hierarchy between diseases by imposing the condition: 

8ðu; is a; vÞ 2 E; 8x 2 Ω; x 2 f ðuÞ ! x 2 f ðvÞ

In the CKG, the probability measure P associates each en
tity with a random variable, enabling the interpretation of 
relationships between entities as constraints on the joint dis
tribution over these variables. This allows us to explicitly 
model causal relationships between variables and apply 
causal inference methods to the causal subgraph, while pre
serving the semantics of selected non–causal relations.

For this study, we created a CKG with nodes representing 
diseases and drugs (the Drug–Disease Causal Knowledge 
Graph, DD-CKG). The nodes in the DD-CKG are connected 
by the following types of relations: disease progression, 

spanning 7586 edges (extracted from a DAG of causal disease 
relations); indications, comprising 20 955 edges (derived 
from MEDI-C); side effects of drugs, represented by 59 119 
edges (sourced from OnSIDES); and the ICD-10 disease hier
archy, encoded as is_a relations, as illustrated in Fig. 1A. As 
an example, in the ICD-10 hierarchy, “Type 2 diabetes melli
tus without complications” (E11.9) is_a “Type 2 diabetes 
mellitus” (E11). The inverse of indication edges (interpreted 
as a disease leading to the prescription of a drug) and disease 
progression edges together form the causal relation subset 
Rcausal in the CKG. The ICD-10 hierarchy was used to impose 
the is_a constraint on the mapping function f as described 
in the Causal Knowledge Graph definition. The population 
set Ω consisted of individuals drawn from either the UKB or 
MIMIC-IV.

2.3 Generation of hypotheses
We generated candidate hypotheses of drug-mediated disease 
interactions using two sources of candidate disease progression 
or sequel relations. The first source was our CKG, from which 

we extracted directed pairs of the form x� � � � � !
causes onset

y where x 
and y are diseases. For each such pair, we queried the CKG 
for drugs indicated for the source disease x, forming candidate 

hypotheses of the form: disease x (indication) � � � � � � �� !
causes prescription 

drug � � � � � !
causes onset 

disease y (potential side effect). As shown in 
Fig. 1B, these hypotheses represent potential cases where a drug 
mediates the causal relationship between diseases. As shown in 
Fig. 1B, these hypotheses reflect potential cases where a drug 
mediates the causal relationship between diseases.

The second source of hypotheses consisted of statistically 
significant comorbidities between diseases identified from the 
UKB cohort. We computed the relative risk (RR) between co- 
occurring diseases following the approach in Hidalgo et al. 
(2009). After correcting for multiple comparisons using the 
Benjamini–Hochberg procedure (α¼ 0:05), we retained 
34 843 significant associations. To orient these associations, 
we used diagnosis timestamps: for each disease pair ðx;yÞ, if 
x was diagnosed before y in the majority of cases in the UKB, 
we interpreted the direction as x ! y.

From both sources, we constructed initial hypotheses and 
applied filtering to exclude hypotheses that could already be 
explained by knowledge encoded in the CKG as illustrated in 
Fig. 1C. In particular, we removed:

1) Hypotheses where a drug was indicated for both dis
eases x and y, which can reflect general treatment over
lap rather than a mediating effect. 

2) Hypotheses where both diseases were listed as side 
effects of the same drug, which would imply a common 
downstream effect rather than a directed causal chain. 

This process can be formulated as a SPARQL query 
(Prud’hommeaux and Seaborne 2008) on the CKG (shown in the 
Supplementary section SPARQL query for contradicting hypothe
ses, available as supplementary data at Bioinformatics online).

As a result, we retained only hypotheses where the drug 
was indicated for the source disease, could plausibly contrib
ute to the onset of the target disease, and there are no alterna
tive explanations already existing in the graph. We further 
excluded hypotheses that lacked sufficient sample sizes, spe
cifically cases where the drug or either disease did not appear 
in the data, or where no individuals had all three components 
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of the hypothesis co-occurring (indication¼1, drug¼1, 
side effect¼1). This filtering process yielded 12 561 hy
potheses based on causal progression pairs and 81 610 hy
potheses based on comorbidity pairs.

2.4 Statistical analysis
Mediation analysis allows us to decompose causal effects into 
two components: effects that flow through an intermediate 
variable (the mediator) versus effects through other path
ways. In our context, we test whether drugs mediate the rela
tionship between their indications and downstream diseases. 
To study the mediating effects of drugs between indications 
and outcomes, we use causal mediation analysis grounded in 
the potential outcomes framework. Let T denote the treat
ment (indication), M the mediator (drug), and Y the outcome 
(side effect). We are interested in the natural indirect effect 
(NIE), which quantifies the part of the effect of T on Y that 
operates through the mediator M rather than through di
rect paths.

Following the definition in Pearl (2014), the NIE is given 
by NIE¼ E½Y0;M1 −Y0;M0 �; where Yt;Mt0

denotes the potential 
outcome if treatment were set to t and the mediator to the 
value it would have had under treatment t0. Potential out
comes represent the values the outcome would attain under 
specific interventions. This captures the change in the out
come caused by shifting the mediator from its untreated to 
treated value, while keeping the treatment fixed at the base
line T ¼ 0.

To estimate the NIE, we used the R package mediation 
(Tingley et al. 2014) which estimates the potential outcomes 
using regression models. In the mediation package, the 
NIE is identified as the Average Causal Mediation Effect 
(ACME). The ACME is identified under the sequential igno
rability assumption, namely that, conditional on the observed 
pre-treatment covariates X, (i) the treatment T is independent 
of all potential mediator and outcome values, and (ii) the ob
served mediator M is independent of all potential outcomes 
given T and X. This assumption requires that we properly ad
just for confounding variables—variables that influence both 
the treatment and outcome, potentially creating spurious 
associations. Our approach to identifying and adjusting for 
such confounders is described in Section 2.5. We adjusted for 
variables that could create such spurious associations by in
cluding them as covariates in the regression models and in
cluded interaction terms (T × M) when statistically significant 
(p<0:05). Estimation was performed with 1000 quasi- 
Bayesian simulations with heteroskedasticity-consistent 

standard errors. Finally, we applied multiple testing correc
tion via the Benjamini–Hochberg procedure on the mediation 
results with α¼ 0:05.

2.5 Confounding control
Confounding occurs when a third variable influences both 
the treatment (indication) and outcome (side effect), creating 
spurious associations that can be mistaken for causal effects 
(Pearl 2009a). To statisfy the assumptions of the causal medi
ation effect, we correct for pre-treatment confounders. 
Specifically, we considered sex, age, ethnicity, and BMI as po
tential confounders. Similar to other approaches using media
tion analysis in UKB (Gentreau et al. 2023), we also included 
education, Townsend deprivation index (TDI), alcohol use, 
smoking, and physical activity when analyzing data in UKB; 
this information is not available in MIMIC-IV. To account 
for disease severity which in not directly observed, we used 
the number of comorbid diseases and the number of pre
scribed drugs as proxies because they can correlate with dis
ease severity (Forslund et al. 2021).

We control for concomitant drug use and comorbid condi
tions using the information in our CKG. Specifically, we cap
ture comorbid conditions by disease–disease causal edges, 
and concomitant drug exposures via indication edges. Based 
on the edges with relations belonging to Rcausal in our CKG, 
we applied two graph-based criteria to identify adjustment 
sets: (i) the backdoor adjustment criterion which identifies 
confounders through backdoor paths which are paths be
tween the treatment and the outcome that go through a com
mon cause (a confounder), creating a spurious association in 
a causal graph (Pearl 2009a); and (ii) the disjunctive cause 
criterion which selects direct causes of the treatment, the out
come, and both (Vander Weele and Shpitser 2011). Both 
approaches aim to block spurious associations while preserv
ing the causal effect of interest. For each hypothesis indepen
dently, we first added a causal edge from the drug to the 
potential side effect then identify confounders through apply
ing one of the criteria. In the adjustment sets, it sometimes 
happened that both a disease and its more specific child 
(according to the ICD-10 hierarchy) appeared together. To 
avoid redundant adjustment, we pruned these by keeping 
only the parent disease and removing the child disease.

We used the DAGitty package in R (Textor et al. 2016) to 
apply the backdoor adjustment. we only considered the first 
1000 adjustment sets returned by DAGitty. Among the 
returned sets, we selected the one with the lowest cardinality. 

Figure 1. The process of generating hypotheses from the CKG.
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If multiple sets shared the minimum cardinality, we retained 
the first encountered.

The number of selected covariates can be large (Fig. 1, 
available as supplementary data at Bioinformatics online). 
We used the Least Absolute Shrinkage and Selection 
Operator (LASSO) to select covariates from the identified ad
justment sets.

The estimated coefficients bβ minimize the following opti
mization objective: 

1
2n

Xn

i¼1

ðyi − X>i βÞ2þ λ
Xp

j¼1

jβjj;

where yi is the outcome (side effect), Xi is the vector of pre
dictors (covarites in an adjustment set) for observation i, 
λ ≥ 0 is a regularization parameter, and p is the number of 
covariates in the adjustment set. Covariates with non-zero 
coefficients in bβ are considered selected. This leads to smaller, 
more interpretable sets of covariates (Urminsky et al. 2016, 
Ye et al. 2021). Following the methodology in (Urminsky 
et al. 2016), we fitted two separate LASSO models—one for 
the indication and one for the side effect—and used the union 
of the variables selected in either model for adjustment. To 
optimize the models, we selected the regularization parameter 
(λ) that minimized the 10-fold cross-validation error. As 
depicted in Fig. 3, available as supplementary data at 
Bioinformatics online, LASSO shrinks the number of se
lected covariates.

3 Results
3.1 A framework for knowledge-based causal 
mediation analysis
We developed a method to identify post-marketing adverse 
effects of drugs from large-scale observational cohorts while 
controlling for confounding. We model this task as a media
tion problem: testing whether a drug mediates the effect be
tween an indication and a side effect. We then apply causal 
mediation analysis to identify drugs that significantly mediate 
associations between diseases.

To generate plausible hypotheses and control for con
founding at scale, we first constructed a Causal Knowledge 
Graph (CKG) (Section 2.2). We define a CKG as a structure 
consisting of a knowledge graph, a subset of relations marked 
as “causal,” a probability space, a mapping between knowl
edge graph nodes and events in the probability space, and a 
set of constraints that ensure that the relational semantics in 
the knowledge graph is reflected in the probability space. We 
build a Drug–Disease Causal Knowledge Graph (DD-CKG) 
that enables us to identify mediating effects of drugs. The 
DD-CKG integrates disease progression, drug indications, 
side effects of drugs, and hierarchical relations from the ICD- 
10 hierarchy mapped as described in Supplementary section
Mapping of medications and conditions, available as supple
mentary data at Bioinformatics online. We consider edges 
representing disease progression and the inverse of indication 
edges (i.e. that a disease diagnoses may lead to the prescrip
tion of the drug) as causal. We empirically assign a probabil
ity distribution to the CKG based on longitudinal cohort data 
in UK Biobank (Section 2.1).

The DD-CKG allows us to automate three key steps in me
diation analysis: (i) posing hypotheses consistent with 

background knowledge, (ii) identifying confounding struc
tures, and (iii) constraining the probability distribution to re
spect the KG’s prior semantics. We focus on pairs of diseases 
D1 and D2 that satisfy the following conditions: (a) a drug M 
is prescribed for D1; (b) M is not indicated for both D1 and 
D2; and (c) M does not list both D1 and D2 as side effects 
(Fig. 1C). Because there are many disease pairs, we focus on 
two sets of disease pairs that may indicate disease progres
sion: (1) the disease pairs that are explicitly linked in DD- 
CKG with a disease progression edge (causal set, 12 561 
disease–disease pairs), and (2) diseases that are significantly 
co-morbid in UK Biobank and where one disease more often 
occurs before the other disease (comorbidity set, 81 610 
disease–disease pairs).

3.2 Mediation analysis reveals highly concordant 
side effects
To apply causal mediation analysis, we used two observa
tional cohorts, UK Biobank (UKB) and MIMIC-IV 
(Supplementary section Sample selection, available as supple
mentary data at Bioinformatics online). We used these 
cohorts to assign a probability distribution to the DD-CKG, 
and applied logical constraints from the DD-CKG to this dis
tribution to make it consistent with the semantics of sub
sumption relations (Section 2.2). To adjust for confounding, 
we considered both demographic and socioeconomic factors, 
as well as two additional adjustment criteria: the backdoor 
and disjunctive cause criteria, applied to the DD-CKG (see 
Section 2.5). For each hypothesis, we computed the Average 
Causal Mediation Effect (ACME) (Tingley et al. 2014) of the 
drug, adjusting for the identified confounders. This analysis 
allows us to assess whether the drug significantly mediates 
the relationship between indications and possible side effect, 
indicating a direct effect of the drug on the outcome.

We computed the ACME of both sets of disease—disease 
pairs (the comorbidity set and the causal set), using 
different methods to adjust for confounding. We find that 
selecting confounders using the disjunctive cause criterion 
followed by selection through LASSO resulted in most test
able hypotheses on the causal set, and due to the larger 
size of the comorbidity set, we only applied this con
founder control on the comorbidity set. A positive 
ACME indicates that the drug may contribute to the occur
rence of the outcome disease, while a negative ACME indi
cates that the drug may reduce the likelihood of the outcome 
disease. We focus only on positive ACME and compared 
resulting drug–disease pairs to existing adverse event data
bases. Because the used cohorts only share a limited number 
of hypotheses with sufficient sample sizes, we evaluated each 
cohort separately. Table 1 shows the results of the ACME 
and the comparison to existing databases (see Supplementary 
section Side effect evaluation, available as supplementary 
data at Bioinformatics online).

Additionally, we tested the performance of our predictions 
against a custom expert-curated set of adverse effects of drugs 
(Ryan et al. 2013). The set contains 165 positively and nega
tively annotated drug-outcome pairs of which we only tested 
the ones that coincide with our hypotheses set (n¼ 56). We 
found that the LASSO of the disjunctive cause applied on the 
comorbidity set achieved a precision of 70.0% and a recall of 
60.6% when evaluated on the overlapping drug and outcome 
pairs. However, we were unable to test the other set of hy
potheses due to the limited size of the testing set.

Causal knowledge graphs                                                                                                                                                                                                           5 

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf661#supplementary-data


We find that the mediation analysis over the DD-CKG can 
reveal both known and novel drug effects. Using edges that 
are included in the DD-CKG as candidates, we find that most 
identified effects are already known and contained in a drug 
effect database (precision up to 0.907). This is expected as 
the pairs included in the DD-CKG are supported by literature 
and therefore likely correspond to established effects. Using 
significantly comorbid diseases in UKB, on the other hand, 
revealed more candidate drug effects (30 724 significant posi
tive effects), the same recall, but lower precision (i.e. more 
potentially novel effects).

To further evaluate the drug effects we identify from the 
comorbidity set, we used them to compute side-effect 
similarity between drugs and tested whether drugs with 
higher side effect similarity share indications (see 
Supplementary section Prediction of shared indications and 
Fig. 1, available as supplementary data at Bioinformatics on
line). While using only drug effects predicted by the causal 
mediation analysis yields a lower performance (ROCAUC: 
0.604) than using drug effects from the OnSIDES database 
(ROCAUC: 0.620), combining OnSIDES and our predicted 
drug effects significantly improves the prediction of shared 
indications(ROCAUC: 0.632, p� 0:001, Mann Whitney U 
test). Additionally, the associated Precision-Recall curve 
shows that the causal mediation analysis results yield higher 
area under the curve than OnSIDES (Fig. 2, available as sup
plementary data at Bioinformatics online).

4 Discussion
4.1 Mediation analysis explain disease–disease 
relationships
Analysis of the comorbidity set revealed drug-mediated 
disease relationships. Vincristine fully mediated the effect of 
Non-Hodgkin lymphoma on Tumor Lysis Syndrome 
(ACME¼0.001, proportion mediated¼ -0.905; see Fig. 3, 
available as supplementary data at Bioinformatics online). 
The negative proportion indicates a suppression effect 
(MacKinnon et al. 2000), consistent with Tumor Lysis 
Syndrome occurring primarily as a chemotherapy complica
tion (Williams and Killeen 2019).

Simvastatin mediated the link between Mixed hyperlipid
emia and COPD (ACME¼0.04177, proportion medi
ated¼−0.377; Fig. 4, available as supplementary data at 
Bioinformatics online). While statins rarely cause interstitial 
lung disease, COPD has not been reported (Fern�andez et al. 
2008, Huang et al. 2013). Since smoking (Laniado-Labor�ın 
2009) was controlled for in UKB data, this suggests potential 
simvastatin-mediated effects.

Expert curation identified additional unexpected associa
tions. Proton pump inhibitors (lansoprazole, omeprazole) 
mediated GERD-myocardial infarction links (Strand et al. 

2017). ACE inhibitors (lisinopril, enalapril, perindopril, ram
ipril) mediated nephropathy-myocardial infarction associa
tions (Izzo Jr and Weir 2011), suggesting class-wide effects 
despite ACEs’ widespread use in nephropathy (Bhandari 
et al. 2022) and reported myocardial infarction risks (Na 
Takuathung et al. 2022). While PPI-associated myocardial in
farction risk is absent from drug labels (Elias and Targownik 
2019) and recent ambulatory data analyses (Ma et al. 2020), 
it was previously identified in Stanford EHR data mining of 
1.8 million individuals (Shah et al. 2015, Ariel and 
Cooke 2019).

4.2 Disease severity as a confounder
We used comorbidity count and medication count as proxies 
for disease severity (unobservable in our dataset). Among 
900 manually evaluated false positives, 6% likely represented 
disease progression rather than drug mediation. This unob
served confounding occurs when drug M is prescribed for an 
unmitigated condition that progresses severely; in milder re
sponsive cases, no outcome disease appears, making M falsely 
appear to mediate D2.

For example, Disorder of kidney and ureter (N28.9) asso
ciated with Malignant renal neoplasm (C64) through eleven 
hypertension drugs. These drugs do not cause malignancy, 
but hypertension, dialysis, and renal failure are established 
malignancy risk factors (Chow et al. 2010), suggesting 
severity-driven associations. Similarly, progressions like 
Mixed hyperlipidemias, Hyperlipidemia, Hyperglycemia, and 
Alcohol dependence to Fatty liver (Israelsen et al. 2024) were 
incorrectly flagged as drug-mediated.

While weighted severity indices like the Charlson comor
bidity index (Charlson et al. 1987) provide more refined clini
cal assessments of severity, they are designed primarily for 
mortality prediction and require condition-specific weighting. 
Our approach treats all conditions equally for confounding 
adjustment, which is conservative but may not fully capture 
differences in disease severity. Future work could explore in
corporating validated severity indices tailored to specific clin
ical contexts.

4.3 Causal knowledge graphs
A major contribution of our work is the development of a 
novel class of Causal Knowledge Graphs (CKGs), which ex
tend traditional knowledge graphs with formal semantics 
that enable causal inference while preserving relational se
mantics, support deconfounding via explicitly marked causal 
edges, and facilitate causal hypothesis formulation directly 
aligned with encoded background knowledge. Prior work has 
combined knowledge graphs with causal inference through 
different approaches. Some methods consider knowledge 
graphs where relations have causal interpretations, with the 
graphical model coinciding entirely or partially with the 
knowledge graph (Gopalakrishnan et al. 2023, Tan et al. 

Table 1. Summary of mediation analysis results by hypothesis set and adjustment method.a

Hypotheses set Adjustment method N/A Insig. þ ACME − ACME Precision Recall F1

Causal Backdoor adjustment 8459 2433 1200 1578 0.876 0.084 0.153
Causal LASSO of backdoor adjustment 3226 4908 3237 2299 0.905 0.233 0.371
Causal Disjunctive cause 10 694 1269 860 847 0.859 0.059 0.110
Causal LASSO of disjunctive cause 2128 5287 3910 2345 0.907 0.282 0.431
Comorbidity LASSO of disjunctive cause 34 643 20 802 30 724 13 158 0.749 0.282 0.410

a N/A indicates hypotheses that could not be tested; Insig denotes non-significant P-values; þ/− ACME represents significant Average Causal Mediation 
Effects (ACMEs). We used Benjamini–Hochberg correction for all tests.
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2024). These focus on inferring causal relations using rela
tional semantics but do not integrate the graph with the 
causal model’s probability distribution. CauseKG (Huang 
and Vidal 2024) integrates the probability distribution with 
relational semantics, but is limited to “identity” between 
nodes and sub-property considerations.

Our framework combines two distinct types of knowledge 
for causal inference. Knowledge graphs encode qualitative 
relationships representing connections between entities that 
are documented in scientific literature or clinical knowledge 
bases, while empirical probability distributions from longitu
dinal cohorts quantify the strength of these relationships in 
real populations. The knowledge graph defines the causal 
structure and enables the identification of confounders based 
on established biological mechanisms; the longitudinal cohort 
data enables hypothesis testing and effect estimation. Different 
data sources naturally vary in scope and coverage, reflecting 
how biomedical knowledge is currently organized. This creates 
two challenges: reliability (incorrect or weakly supported 
edges) and completeness (missing true relationships). Our ap
proach addresses these through distinct mechanisms. For reli
ability, our validation approach uses independent empirical 
evidence from large-scale cohorts rather than relying solely on 
graph structure, effectively minimizing the effect of false 
knowledge. For completeness, our framework enables future 
enrichment through deductive reasoning and knowledge graph 
completion methods, as we detail below.

On the other hand, our approach establishes a link be
tween knowledge graph semantics and a probability space, 
enabling a deep integration between knowledge graph seman
tics and the causal model’s probability distribution. 
Specifically, we show that this integration allows exploitation 
of subsumption relations between diseases, i.e. deductive sub
sumption reasoning that constrains the probability distribu
tion. While we have only shown this form of reasoning, 
CKGs can also enable other forms of deductive inference. 
Crucial for other types of inference is that we do not identify 
the knowledge graph with the causal graph, but rather make 
the causal structure a subset of the knowledge graph. This 
allows the use of the complete knowledge graph (including 
both causal and non-causal relations) combined with rules to 
deductively infer edges to add to the knowledge graph, and 
then generate an enriched causal graph from both asserted 
and inferred edges. Moreover, the relation between the 
knowledge graph and causal structure in CKGs could also be 
combined with knowledge graph completion methods (Chen 
et al. 2020) to further enrich both the knowledge graph and 
causal structure potentially overcoming the limitation of 
missing edges. This way, missing knowledge could potentially 
be recovered In the future, approaches that combine causal 
semantics with the formal semantics of more expressive 
knowledge representation languages, such as the Web 
Ontology Language (OWL) (Consortium, W. W. W et al. 
2012), may be explored.

4.4 Application to longitudinal cohorts and the 
electronic health record
The causal mediation framework we propose is general and 
can be applied to other longitudinal cohorts. The application 
of our framework requires longitudinal data including diag
noses and drug prescriptions, and the ability to map the diag
noses and prescriptions to standardized identifiers that are 
included in our knowledge graph. This standardization is a 

limiting factor especially in biobank-style cohorts where in
formation from multiple different sources (e.g. primary care, 
hospital records, and self-reported information from surveys) 
is integrated. We standardized medications using a combina
tion of a lexical approach and a Large Language Model 
(LLM). Therefore, we acknowledge that incorrect mappings 
may exist in our results. Nonetheless, our mapping approach 
can potentially be extended in the future by considering other 
LLMs or other approaches to map labels to a struc
tured vocabulary.

In our work, drug incidence was based on self-reported 
medication use in UKB, which lacks accurate information on 
prescription timing and dosage. More accurate information 
could be obtained from the Electronic Health Record (EHR). 
However, systematically evaluating our results against exist
ing curated datasets proved challenging. Our aim is to detect 
novel side effects from observed disease-disease relationships 
rather than to validate known adverse events. Therefore, we 
are testing whether we can establish causal relationships us
ing our method, not whether existing annotations hold em
pirically. This challenge is illustrated in the evaluation against 
the small curated dataset by (Ryan et al. 2013) in the results 
section where we were able to achieve high precision but 
struggled to evaluate against the other set of hypotheses due 
to the small overlap. This low overlap underscores that our 
approach explores a largely complementary space of poten
tial drug effects beyond those already documented in cu
rated resources.

Furthermore, in our CKG, we used ICD-coded diagnoses 
to represent observed phenotypes. While these ensure clini
cian validation, transient or mild side effects are not ob
served. To include this information, electronic health records 
could be mined for milder effects using text mining 
approaches Slater et al. (2021); Iyer et al. (2014), and using 
vocabularies that can capture these effects.

5 Conclusion
We have developed a novel approach to identify rare adverse 
drug events from longitudinal health data. Our approach is 
enabled by a novel framework that combines knowledge 
graphs with causal models, which we call Causal Knowledge 
Graphs (CKGs). CKGs enable the identification and control 
of confounding variables, allow entailment of causal relations 
using deductive inference, and can constrain a probability 
distribution with background domain knowledge. These 
properties of CKGs together with the availability of large 
amounts of biomedical domain knowledge in the form of bio
medical knowledge graphs, as well as large longitudinal 
cohorts, allows us to find rare adverse events with low effect 
size that have been missed in other studies. Moreover, our 
analysis relies on standard identifiers used in health records 
and standard representation formats for biomedical knowl
edge; it therefore has the potential to be extended to other 
applications of causal inference where structured domain 
knowledge and observational data are both available, and the 
observations can be linked to entities in the do
main knowledge.
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