Prediction of Hyperuricemia and Its Association with Renal failure, Cardiovascular Prognosis in Adults with Type 2 Diabetes mellitus
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Background
Predicting disease progression in type 2 diabetes mellitus (T2DM) is essential for personalized treatment. 1, 2 Hyperuricemia has been proposed as a potential biomarker for T2DM, However, its prognostic value in diabetes care remains underexplored.3,4 Leveraging large-scale real-world data harmonized under the Observational Medical Outcomes Partnership–Common Data Model (OMOP-CDM), this study aimed to (1) develop and validate a machine learning (ML) model to predict the occurrence of hyperuricemia within one year of T2DM diagnosis and (2) examine its association with long-term clinical outcomes including renal failure, cardiovascular events, and mortality. 5

Methods
We utilized de-identified electronic health records (EHR) from 6,108,232 patients across four Korean healthcare institutions: Ajou University School of Medicine (AUSOM), Kangdong Sacred Heart Hospital (KDH), Sejong General Hospital Bucheon (SJBCN), and Wonkwang University Hospital (WKUH). The AUSOM database was used for model development, while KDH, SJBCN, and WKUH served as external validation cohorts.
The study population included patients newly diagnosed with T2DM aged ≥18 years, with at least one year of prior observation and at least one uric acid measurement within one year post-diagnosis. Patients with pre-existing hyperuricemia, gout, cancer, or renal/cardiovascular/cerebrovascular disease at baseline were excluded. The index date was defined as the first T2DM diagnosis date. The outcome of interest for the predictive models was the occurrence of hyperuricemia within one year following the index date. Hyperuricemia was defined by any of the following criteria: (1) serum uric acid levels ≥ 7 mg/dL, (2) a diagnosis of hyperuricemia, or (3) a prescription for hyperuricemia treatment. All patients with T2DM were followed up for 1 year. If hyperuricemia occurred within this 1-year period, the observation ended on the day that the hyperuricemia diagnosis was coded. After that, patients were divided into “predicted to have hyperuricemia” and “predicted not to have hyperuricemia” groups through a predictive model at the time of the index date.
Prediction models were developed using the OHDSI patient-level prediction framework. Feature variables were dichotomized over short-term (30 days) and long-term (365 days) windows prior to index. Model development included three algorithms—extreme gradient boosting (XGBoost), least absolute shrinkage and selection operator (LASSO), and random forest—with performance evaluated via 3-fold cross-validation and split into 75% training and 25% testing sets. Performance metrics included AUROC, AUPRC, F1-score, and accuracy.
Following model development, external validation was conducted using the same prediction model and hyperuricemia definition on the three external CDM databases. The patients were followed up 5 years after the index date. During the follow-up, the risk of renal failure, cardiovascular disorders, and morality for patients with T2DM, who were predicted to have hyperuricemia compared with patients who were predicted not to have hyperuricemia. Kaplan–Meier survival curves and Cox proportional hazards models were used to evaluate the risk of long-term outcomes, stratified by the predicted hyperuricemia group. Meta-analysis across databases was performed to generate pooled hazard ratios (HRs).
All analyses were conducted using R version 4.2.1, OHDSI’s Health Analytics Data to Evidence Suite (HADES) packages, and open-source R libraries.

Results
In the AUSOM cohort (n = 5,263), 413 patients (7.85%) developed hyperuricemia within one year of T2DM diagnosis. These patients were more likely to be male (67.3%) compared to those without hyperuricemia (47.4%, p < 0.001), but no significant age difference was observed. 
The final XGBoost model achieved an AUROC of 0.769 (95% CI: 0.723–0.815), with an AUPRC of 0.205, F1-score of 0.278, and accuracy of 0.681. Key predictive features included male sex, use of sulfonylureas or insulin, bacterial infectious disease, hemoglobin levels, and use of diuretics or anti-tuberculosis drugs. Across LASSO, random forest, and XGBoost models, consistent top predictors were identified.
In external validation, the final model showed robust performance with AUROCs of 0.748 (KDH), 0.750 (SJBCN), and 0.709 (WKUH). Hyperuricemia incidence rates ranged from 7.8% to 10.7% across these sites. In survival analysis, patients predicted to have hyperuricemia demonstrated a significantly higher observed incidence of hyperuricemia within one year (log-rank p < 0.001).
Table 1. Top 10 important features of the prediction model for hyperuricemia
	Rank
	XGBoost
	LASSO logistic regression
	Random forest

	1
	Male
	Pulmonary tuberculosis within 30 days before diagnosis
	Male

	2
	Bacterial infectious disease within 30 days before diagnosis
	Male
	Tuberculosis within 30 days before diagnosis

	3
	Beta blocking agents, non-selective, and other diuretics prescription within 30 days before diagnosis
	Beta blocking agents, non-selective, and other diuretics prescription within 30 days before diagnosis
	Normal range of blood albumin within 1 year before diagnosis

	4
	Pneumonitis within 1 year before diagnosis
	Below normal range of blood hemoglobin within 1 year before diagnosis
	Normal range of blood urea nitrogen within 1 year before diagnosis

	5
	Drugs for acid related disorders prescription within 1 year before diagnosis
	Bacterial infectious disease within 30 days before diagnosis
	Bacterial lower respiratory infection within 30 days before diagnosis

	6
	Below normal range of blood hemoglobin within 1 year before diagnosis
	Below normal range of blood chloride within 1 year before diagnosis
	Beta blocking agents, non-selective, and other diuretics prescription within 30 days before diagnosis

	7
	Normal range of blood protein within 1 year before diagnosis
	Normal range of blood triglyceride within 1 year before diagnosis
	Bacterial infectious disease within 30 days before diagnosis

	8
	Age group: 60-64
	Computer assisted image analysis within 30 days before diagnosis
	Normal range of blood hemoglobin within 1 year before diagnosis

	9
	Sulfonylureas prescription within 1 year before diagnosis
	Sulfonylureas within 1 year before diagnosis
	Normal range of blood calcium within 1 year before diagnosis

	10
	Musculo-skeletal system within 1 year before diagnosis
	Normal range blood alkaline phosphatase within 1 year before diagnosis
	Insulin degludec prescription within 1 year before diagnosis

	
	Notes: LASSO, least absolute shrinkage and selection operator; XGBoost, extreme gradient boosting. 
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Figure 1. Area Under the Receiver operating characteristic (AUROC) curve of models predicting hyperuricemia. (A) ROC curve for the models according to algorithms. (B) ROC curve for internal and external validations. The performance of the models using the area under the receiver operating characteristic curve is compared.

Over a five-year follow-up period, predicted hyperuricemia was strongly associated with adverse outcomes. In the AUSOM cohort, patients predicted to have hyperuricemia exhibited significantly increased risks of renal failure (log-rank p < 0.001), cardiovascular disease (p = 0.004), and mortality (p < 0.001). A meta-analysis of all four databases confirmed these findings, yielding pooled HRs of 3.28 (95% CI: 2.31–4.65) for renal failure, 1.30 (95% CI: 1.14–1.48) for cardiovascular disorders, and 3.37 (95% CI: 2.50–4.56) for mortality.
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AI가 생성한 콘텐츠는 부정확할 수 있습니다.]Figure(1-4) 3. Risk of long-term outcome in 5 years in patients predicted by the machine-learning model to have hyperuricemia within 1 year

Conclusion
We developed and externally validated a robust machine learning model for predicting one-year hyperuricemia in newly diagnosed T2DM patients. The model demonstrated strong performance across diverse institutions and data environments. Importantly, predicted hyperuricemia was associated with a significantly elevated risk of renal failure, cardiovascular complications, and death over a five-year follow-up period.
These findings suggest that early identification of hyperuricemia risk using real-world EHR data may inform risk stratification and long-term management strategies in T2DM care. Hyperuricemia may serve not only as a metabolic byproduct but also as a prognostic biomarker for adverse outcomes in diabetes. Our study demonstrates the potential of the OMOP-CDM framework and machine learning approaches in enabling scalable, generalizable, and clinically relevant predictions from routine health data.
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A. Renal failure

No. of events/total

Source Highrisk for HUA  Low risk for HUA  Hazard ratio (95% CI)
AUSOM 60/1889 27/3374 4.42 [2.81 - 6.96]
KDH 9/560 6/465 1.30[0.46 - 3.66]
SJBCN 11/544 8/787 2.08[0.84 - 5.16]
WKUH 15/560 6/669 3.17[1.23 - 8.16]
Overall 12 = 47.7%; p = 0.127 95/3553 47/5295 3.28 [2.31 - 4.66]
B. Cardiovascular outcomes

No. of events/total
Source High risk for HUA  Low risk for HUA  Hazard ratio (95% Cl)
AUSOM 155/1889 223/3374 1.36 [1.10 - 1.66]
KDH 73/560 48/465 1.35[0.94 - 1.94]
SJBCN 116/544 130/787 1.38[1.07 - 1.77]
WKUH 91/560 103/669 1.10[0.83 - 1.46]
Overall 12 = 0.0%; p = 0.619 435/3553 504/5295 1.30[1.14 - 1.48]
C. Mortality

No. of events/total
Source High risk for HUA  Low risk for HUA  Hazard ratio (95% Cl)
AUSOM 79/1889 42/3374 3.69 [2.53 - 5.36]
KDH 16/560 6/465 2.33[0.91 - 5.96]
SJBCN 3/544 3/787 1.51[0.31-7.48]
WKUH 36/560 13/669 3.51[1.86 - 6.61]
Overall 12 = 0.0%; p = 0.616 134/3553 64/5295 3.37[2.50 - 4.55]
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