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Abstract. The aim of this study is to extract causal relationships from a large set of 
routinely collected primary care data (biomarkers, medical conditions, risk factors, 

and medications) from across Canada, with a focus on Type 2 Diabetes risk. The 

causal discovery process combined data-driven insights with prior expert knowledge, 
using iterative refinement to construct a causal Directed Acyclic Graph (DAG). The 

retrieved DAG, which aligns with medical knowledge and performs satisfactorily in 

predicting future Type 2 Diabetes onset, could serve as a foundation for developing 
interpretable tools to support medical decision-making. 

Keywords. Causal discovery; Electronic Medical Records; Diabetes Prevention 

1. Introduction 

Developing risk prediction models for preventable chronic diseases such as Type 2 

Diabetes mellitus (T2D) can support the implementation of personalized prevention and 

treatment strategies [1]. Such decision support tools can be developed using causal 

discovery and inference methods, which extract and quantify cause-effect relationships 

from real-world data [2]. These methods can be applied to Electronic Medical Records 

(EMRs) to identify modifiable risk factors that most strongly contribute to the 

development of a specific disease. Despite their potential to support decision-making, 

their application in the context of T2D prevention remains limited (e.g., [3-5]). 
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The aim of this study is to extract potential causal relationships from a large set of 

routinely collected primary care EMR data, with a focus on T2D risk. The causal graph 

is learned directly from the data and iteratively refined using expert knowledge to 

unambiguously determine the orientation of relationships between variables. 

2. Methods 

2.1. Study dataset 

This study used retrospective observational data extracted from the 2000–2015 version 

of the Canadian Primary Care Sentinel Surveillance Network (CPCSSN, 

http://cpcssn.ca/), a nation-wide database of primary care EMRs. A waiver of review 

(REB 2013-261) was granted by the Review Ethics Board of Toronto Metropolitan 

University as this portion of CPCSSN database included de-identified and anonymized 

records. The dataset was extracted as follows. Patients under 18 years of age at the time 

of their first medical encounter and patients with a diagnosis of Type I diabetes or 

gestational diabetes were excluded, as in [6]. Age, routinely collected blood biomarkers, 

blood pressure measurements, body mass index (BMI), and medications (cholesterol 

lowering drugs, corticosteroids, quit-smoking medications, and antidepressants) were 

extracted for each patient within an extraction window of one year. For patients with 

T2D (T2D=1), this window was defined based on the most recent encounter available 

up to six months before T2D diagnosis, to compensate for lags between actual T2D onset 

date and EMR-recorded diagnosis. The median distance between the most recent 

encounter date and diagnosis date was 1.59 years. For patients with no T2D diagnosis in 

the database (T2D=0), the last available encounter was used to define the data extraction 

window. The presence of relevant medical conditions (Chronic Obstructive Pulmonary 

Disease - COPD, hypertension - HTN, osteoarthritis - OA, and depression), was 

evaluated before the extraction window to preserve temporal ordering between condition 

onset and observed biomarkers. The most recent information about smoking status (non-

smokers, former smokers, current smokers) was considered, when available. Causal 

discovery was performed on a training set that included 86,618 records with no missing 

values (T2D=0: 84,340 patients; T2D=1: 2,278 patients). The retrieved causal structure 

was evaluated on an independent test set of 31,864 records (T2D=0: 30,985 patients; 

T2D=1: 879 patients). Continuous variables were discretized using thresholds based on 

clinical guidelines to reflect standard and interpretable risk categories (e.g. for 

“Pressure”: normal pressure, elevated, stage I and stage II hypertension).  

2.2. Causal discovery 

Causal discovery involves learning causal relationships from observational data, 

producing a Directed Acyclic Graph (DAG) in which nodes represent observed variables 

and edges represent inferred causal relationships between them. Specifically, an edge 

X Y indicates that X is a potential cause of Y. The causal discovery process was 

conducted by alternating a structure learning step with an expert review step, iterating 

the process until the resulting DAG was both data-driven and clinically consistent. After 

each learning step, the estimated DAG was reviewed by a physician with expertise on 

T2D prediction and prevention (author K.K.) in order to disambiguate the orientation of 
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edges and remove edges that reflected correlations rather than causal relationships or 

clinically implausible relationships. The resulting domain expert knowledge was, thus, 

encoded as blacklists (i.e., sets of forbidden edges in the graph) to constrain the next 

structure learning step. Specifically: 

 ensure that age and sex assigned at birth were treated as root nodes, i.e. non-

modifiable factors, by preventing edges from entering these nodes; 

 ensure temporal ordering by preventing the T2D node from being the parent of 

other variables, as the information about T2D was the last available in time; 

 ensure that the prescription of a particular group of medications did not affect 

the prescription of another one; 

 ensure that the prescription of a particular group of medications did not lead to 

the diagnosis of a certain disease, did not cause a change in smoking habits, and 

did not directly influence the diagnosis of another disease;  

 ensure that blood test and pressure values did not influence smoking habits 

and that they did not influence BMI, assuming that if a causal relationship 

exists it should be in the opposite direction. 

The structure learning step was carried out using score-based estimation methods. 

Specifically, we maximized the Bayesian Information Criterion through hill-climbing 

search [7] on the training data, employing bootstrapping to assess the variability of the 

identified relationships as the input data varied. The bootstrap procedure consisted of 

100 iterations, each using 90% of the training set and preserving the original proportion 

of T2D patients. To evaluate the retrieved causal structure in absence of a ground truth, 

we assessed its ability to predict T2D onset on the test set. The estimated DAG was 

complemented with parameters specifying the probability of each node, given its parents. 

Such parameters were estimated on the training set by means of the Bayesian posterior 

average under the assumption of uniform prior [7]. We compared the retrieved 

classification performance with that of a Tree-Augmented naive Bayes (TAN) classifier 

[7]. To account for class imbalance and maximize sensitivity, the classification threshold 

was lowered to match the proportion of patients with a future T2D diagnosis in the 

training set. The analyses were performed in R (v. 4.3.1) using the package bnlearn [8]. 

Main code, final set of blacklists and list of discretization thresholds are available at 

https://gitlab-core.supsi.ch/dti-idsia/causal_T2D.  

3. Results 

The estimated causal DAG (Figure 1) shows many interconnected pathways between 

nodes, such as the well-established positive association between age, smoking and 

COPD, associations between a diagnosis of a given condition and prescription of 

relatable medications (e.g., from depression to antidepressants, from HTN to 

antihypertensives) and associations between cholesterol levels (triglycerides - TG, High 

Density Lipoproteins - HDL, and Low Density Lipoproteins - LDL). Moreover, the 

probability of T2D onset depends directly on Body Mass Index (BMI) and Fasting 

Plasma Glucose (FPG), with an indirect contribution from Sex assigned at birth 

(mediated by BMI) and from Age (mediated by BMI and FPG). The estimated DAG 

captures the complex interplay between BMI and T2D pathogenesis: elevated BMI may 

act as a driver for adipose tissue inflammation, -cells disfunction and insulin resistance, 

leading to T2D development [9]. In particular, the DAG in Figure 1 identifies two 
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distinct pathways that are consistent with those identified in a DAG derived using a 

retrospective EMR dataset of over 57,000 patients from Mayo Clinic [3].

Figure 1. Causal DAG retrieved from CPCSSN data

Stability of the learning process was demonstrated using the bootstrap procedure, 

which showed 47 out of 51 edges appearing in more than 90% of the iterations. The edge 

connecting BMI and OA was the only one showing an ambiguous orientation. It was 

-established association between 

high BMI categories and the incidence of OA, particularly in weight-bearing joints [10]. 

The predictive model achieved test classification accuracy = 0.75, sensitivity = 0.77, 

specificity = 0.76, Area under the ROC Curve (AUC) = 0.81, Positive Likelihood ratio 

(PLR) = 3.16 and Negative Likelihood ratio (NLR) = 0.31 when predicting T2D onset. 

Performance is comparable to that of the TAN classifier trained on the same data 

(accuracy = 0.75, sensitivity = 0.74, specificity = 0.75 and AUC = 0.83). Sensitivity, 

specificity, PLR and NLR values match those of 12 eligible models highlighted in a 

review on machine learning models for T2D prediction [11] (pooled estimate [95% CI]: 

sensitivity = 0.81 [0.67-0.90]; specificity = 0.82 [0.74-0.88]; PLR = 4.55 [3.07-6.75]; 

NLR = 0.23 [0.13-0.42]), whereas AUC results in slightly lower performance with 

respect to the reported studies (AUC = 0.88 [0.85-0.91]). By focusing solely on Bayesian 

network models, our model performs better than the highest performing model obtained 

by [4] on a largely overlapping set of features in terms of AUC (0.76) and sensitivity 

(0.63), while maintaining comparable accuracy (0.76) and specificity (0.77). 

4. Discussion and conclusion

This study examines possible causal interdependencies among a set of commonly 

available EMR features including blood biomarkers, pressure measurements, diagnoses 

of chronic diseases and medications, in a large retrospective Canadian cohort captured 

by a nation-wide database. The resulting DAG is stable across different data samples and 

aligns with medical knowledge, achieving classification performance comparable to 

current literature [4,11] while likely representing the main causal relationships 

underlying T2D onset in the dataset in an interpretable manner. Therefore, it could be 

used as the starting point to create tools to support disease prevention. In this regard, 
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future research could focus on using the retrieved DAG to perform counterfactual 

inference with the aim of predicting the effects of hypothetical interventions (e.g., 

improvement in diet and physical activity, exemplified through a decrease in BMI and 

FPG) on T2D risk. This framework may ultimately help clinicians in decision making 

and support the design of tailored prevention programs by simulating “what-if” scenarios 

that can quantify the predicted benefits. However, EMR data may not include all factors 

that significantly influence the observed phenomenon (e.g., poorly coded lifestyle-

related information), potentially leading to biased conclusions. To partially address this 

limitation, future work should explore more sophisticated methods capable of accounting 

for the effects of unobserved confounders. Moreover, validating the retrieved DAG on a 

second external cohort will be crucial to ensure the generalizability of the results. 
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