Prediction of Severe Respiratory Infections in Patients with Diabetes
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Background

Patients with type 2 diabetes (T2DM) have a higher susceptibility to infections in comparison
to those without type 2 diabetes. Diabetes mellitus is linked to immune dysfunction and
alterations in immune system components!. Hyperglycemia impairs the innate immune response
by adversely affecting the functions of macrophages, dendritic cells, neutrophils, and natural
killer cells®. Additionally, it disrupts the adaptive immune response, thereby increasing the

susceptibility of patients with T2DM to pneumonia and pulmonary tuberculosis?.

Objective

The objective of this study was to develop predictive models to assess the risk of severe
respiratory infections over a three-year period in individuals aged 45 and above with T2DM.
These models aimed to forecast the occurrence of hospitalized pneumonia and the onset of
tuberculosis by utilizing multiple machine learning algorithms, incorporating a comprehensive

set of predictive variables.

Method

A retrospective cohort study was conducted using electronic health record (EHR) data obtained

from three hospitals affiliated with Taipei Medical University: Taipei Medical University



Hospital, Shuangho Hospital, and Wanfang Hospital. The data were converted to the OHDSI
OMOP-CDM for analysis. Individuals over 45 years old with T2DM who had no history of
pneumonia within the preceding 30 days or tuberculosis within the preceding 365 days were
included in the study as the target cohort.

The primary outcomes of this study were the three-year risks of hospitalized pneumonia and the
development of tuberculosis. Participants were administered appropriate medications to ensure
accurate diagnoses. This study employed the Patient-Level Prediction (PLP) package, utilizing
four machine learning algorithms—Ilogistic regression (LR), LightGBM (LGBM), random
forest, and XGBoost—to construct predictive models. These models integrated an extensive
array of factors, including patient attributes, coexisting medical conditions, and medication
utilization. The performance of the models was evaluated using the area under the receiver
operating characteristic curve (AUROC) and the area under the precision-recall curve

(AUPRC).

Result

The study's original cohort consisted of 78,322 patients diagnosed with T2DM. After excluding
subjects with insufficient follow-up time, the three-year incidence rates of pneumonia and

tuberculosis were 4.38% and 0.25%, respectively.

Table 1. The cohort count

Target/ Outcome Target cohort | Outcome cohort | Incidence (%)
T2DM / Hospitalized pneumonia 42863 1876 4.38
T2DM / Pulmonary tuberculosis 43860 107 0.25

Table 2 presents a comparative analysis of the performance of various machine learning models
across the two outcomes, evaluated using AUROC and AUPRC values. This evaluation enables
the identification of the most appropriate model for each specific outcome. Notably, in
predicting hospitalized pneumonia events within the T2DM cohort, XGBoost demonstrated the
highest AUROC of 0.805 and an AUPRC of 0.195. Additionally, logistic regression algorithms



achieved the highest performance in forecasting TB occurrence in T2DM patients, with an
AUROC of 0.785 and an AUPRC of 0.007.

Table 2 Performance of prediction models

Outcome Model type AUROC (95% CI) AUPRC
Lowict 0.800
Hospitalized ogistie (0.780 - 0.820) 0.175
pneumonia 0.808
XGBoost (0.787 - 0.828) 0.195
Logistic 0.785 0.007
Pulmonary & (0.721 - 0.849) '
tuberculosis 0.690
XGBoost
GBoos (0.599 - 0.781) 0.006

Figure 1 presents the discrimination performance of the best prediction model (XGBoost) for
forecasting hospitalized pneumonia in diabetic patients, including ROC curves and precision-
recall (PR) plots for the cohort. Figure 2 illustrates the discrimination performance of the
optimal prediction model (logistic regression) for predicting the onset of pulmonary

tuberculosis.
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Figure 1 Receiver Operating Characteristic (ROC) Curve and Precision-Recall (PR)
Curve: Predicting the Risk of Hospitalized Pneumonia Using XGBoost Algorithm
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Figure 2 Receiver Operating Characteristic (ROC) Curve and Precision-Recall (PR)
Curve: Predicting the Risk of Onset Pulmonary Tuberculosis Using Logistic Regression
Algorithm

Conclusion

Diabetes is an independent factor that increases the risk of developing severe pneumonia and is
also linked to hospitalization and death related to pneumonia. Moreover, T2DM increases the
likelihood of developing active tuberculosis. The prediction models were developed to forecast
the risk of pneumonia requiring hospitalization and the onset of tuberculosis using various
machine learning algorithms in individuals aged 45 and older with T2DM. The models
demonstrated acceptable predictive accuracy and discriminative capability, making them
suitable for early estimation of the likelihood of severe respiratory infections. However, further
research involving larger sample sizes or prospective cohort studies is necessary to validate and

confirm the accuracy of these findings.
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