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Background 

The treatment landscape changes for patients with chronic conditions, like diabetes, as new 

medicines are approved. This creates treatment trajectories that are distinct from the clinical trials 

where new drugs are originally tested, and may influence disease outcomes. Fortunately, real world data 

enables the study of diverse and complex treatment trajectories that complement assessment of safety 

and efficacy in clinical trials. Separately, protein-protein interaction (PPI) network methods predict 

patterns among drugs across traditional drug classes, and we have previously shown these 

pathway-based drug classes to be associated with diverse patient outcomes, like drug-drug interactions 

and overall survival (1,2). We hypothesize that studying diabetic patient outcomes in the EHR using 

PPI-derived drug groups may uncover novel outcomes in the context of complex patient treatment 

landscapes. To pilot our approach we studied diabetes drug pathways, assessed their impact on diabetes 

outcomes, and characterized diabetes treatment trajectories in health records data. 

 

Methods 

​ We used PathFX to generate PPI-based drug groups (3). The algorithm predicted connections to 

181 diabetes-related pathway phenotypes for 36 diabetes drugs. Briefly, PathFX uses the available 

evidence supporting PPIs around drug targets to prioritize downstream proteins and uses statistical 

enrichment to predict pathway phenotypes, “effects”, for a drug’s target(s). We used hierarchical 

clustering to generate 4 pathway-based drug classes (PPI-classes) based on their diabetes network 

pathways. We assessed Gene Ontology (GO) enrichment of genes in each PPI-class using GOrilla with all 

unique PathFX proteins as the background set (4). 

​ First, to mimic more traditional clinical development and to understand any clinical differences in 

drug PPI-classes, we conducted pairwise comparisons of all drug PPI-classes by restricting our analysis to 

patients on a single class and analyzing outcomes in a trial-relevant time window. We used the University 

of California Health Data Warehouse (UCHDW), a de-identified health record in the standard OMOP 

Common Data Model format. Without access to OHDSI tools, we developed pipelines using OHDSI best 

practices. We used a standard treatment-comparator study design with 1:1 propensity score matching 

after removing duplicates. Exposure was defined as first exposure to a PPI-class drug, lasting at least 90 

days, with a prior diabetes diagnosis, and without prior exposure to the drugs in the comparator class. 

We collected non-diabetes diagnoses and non-study drugs that appeared in at least 10% of study 

patients in the year before the first drug exposure, and patient demographics (age, race, ethnicity, and 

gender) as covariates. We used logistic regression to ensure covariate balance and used propensity 

scores for patient matching. We measured the difference between an A1c measurement taken ≤ 2 weeks 

before the drug start date and one after ≥ 90 days on the drug. We calculated the average treatment 

effect on the treated (ATT) for A1c difference for each pairwise PPI-class comparison in both directions 

for a total of 12 comparisons.  



 

​ In the ~15 years of available data, we observed that patients changed treatment throughout 

their disease. To better understand these patterns in diabetes, we investigated drug PPI-class trajectories 

for all diabetes patients in the UCHDW. We collected all diabetes drug exposures after a patient’s 

diabetes diagnosis with ≥ 30 days exposure and binned them into 1 year intervals over 15 years. We 

defined 15 drug “states” to describe exposure to a single drug PPI-class or any combination of the 4 

PPI-classes in 1 year intervals. We used K-Means clustering with cosine similarity to cluster patients 

based on their drug state over 15 years and used silhouette analysis to determine the optimal number of 

clusters. To characterize each patient cluster, we counted the number of patients experiencing a certain 

drug state per year and plotted heatmaps for each cluster. 

​  

Results 

PathFX generated 254 pathway predictions connecting 36 diabetes drugs to diabetes 

phenotypes. Hierarchical clustering of these diabetes drugs based on their diabetes network pathways 

resulted in 4 PPI-classes. We then measured clinical outcomes in diabetes between drug PPI-classes in 

the EHR by performing pairwise comparisons of A1c difference before and after drug exposure (Table 1). 

While many of the comparisons had a p-value < 0.05, they did not have a clinically meaningful effect size 

(≥ 0.5% change in A1c). The only comparisons that were both statistically significant with effect sizes 

slightly > 0.5% was between PPI-class 2 (mainly consisted of insulins) and PPI-class 3 (mainly consisted of 

GLP-1 analogues). However, the effect size was rather small (~0.6%). Overall, our results suggested that 

despite drug PPI-classes having unique network pathways, there was little to no difference in A1c change 

between drug classes when studying a time interval relevant to clinical trials. 

 
Table 1. Pairwise comparisons reveal little to no significant difference in A1c difference between drug PPI-classes. Examples of 

drugs in each PPI-class are given in the far left column. ATT is provided for each class comparison in the format: Effect Size [95% 

confidence interval] (Welsh’s p-value). ATTs with significant p-values (< 0.05) and clinical relevant effect size (A1c difference ≥ 

|0.5%|) are highlighted in gray.  

 

​ Through the process of developing our cohorts for the A1c comparison, we found that diabetes 

treatment was often complex and included drug switching and polypharmacy. We characterized the  

“drug state” (single or combination PPI-class exposure) in 1 year intervals over 15 years for all patients in 

the UCHDW and generated 9 patient clusters based on their drug states over time. Analysis of the 

patient clusters revealed large variation in diabetes treatment trajectory. Figure 1 shows patient clusters 

2 and 5 as examples to illustrate the following patterns we discovered through clustering: (1) the 

majority of patients were exposed to one drug PPI-class at a time as opposed to drug PPI-class 

combinations, (2) there were large gaps in treatment and clusters differed based on when those gaps 



 

occurred, and (3) drug class combinations appeared more often in later years. Additionally, several 

patient clusters demonstrated a pattern of starting on either drug PPI-classes 1, 2, or 4, then later 

switching to drug PPI-class 3. Drug PPI-class 3 consisted mostly of the newer GLP-1 analogues which may 

indicate a changing treatment landscape due to new medicines.  

 

Figure 1. Patients clustered by diabetes drug trajectories reveal distinct patterns in treatment over time. Heatmaps show the 

number of patients in a certain drug state (y-axis) per year (x-axis) for patient clusters 2 (left) and 5 (right).  

 

​ Finally, we conducted GO enrichment on network genes for each drug PPI-class and found that 

the drug classes were enriched for lipid, immune, vascular, and neural-related GO terms (Fig. 2). These 

terms are related to known longer-term comorbidities of diabetes such as angiopathies or cholesterol 

related conditions. While A1c difference was largely similar between PPI-classes, because drug groups 

were enriched for terms related to distinct comorbidities, we hypothesize that these drug classes could 

be associated with distinct long-term outcomes.  

 

Figure 2. Diabetes drug PPI-classes are 

enriched for GO terms related to disease 

areas with associations to diabetes. 

Heatmap (left) shows the number of GO 

terms related to a certain disease area 

(x-axis) for each drug PPI-class (y-axis). Bar 

chart (right) shows the number of total GO 

terms per cluster.  

Conclusion 

​ In this study, we combined pathway analysis of PPI networks with EHR studies to learn more 

about diabetes drug effects on short-term clinical outcomes and their patterns of use. Our pathway 

analysis revealed that diabetes drugs grouped into distinct pathway-based classes and EHR studies 

suggested the equivalence of drug PPI-classes on diabetes outcomes, measured through A1c difference. 

We discovered patterns in diabetes drug trajectories which included drug “holidays”, use of single agents 

at a time, and switching between drug PPI-classes. In future studies, we plan to compare clinical 

outcomes among patients with similar trajectories. Studying long term and multi-drug exposures may 

provide important insight into long term treatment of diabetes, a chronic and progressive disease.  
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