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Introduction: To predict acute kidney injury (AKI) risk in patients with type 2 diabetes (T2D) prescribed sodium-glucose cotransporter two inhibitors (SGLT2i).
Methods: Using a 5% random sample of Medicare claims data, we identified 17,694 patients who filled ≥1 prescriptions for canagliflozin, dapagliflozin and empagliflozin in 2013–2016. The cohort was split randomly and equally into training and testing sets. We measured 65 predictor candidates using claims data from the year prior to SGLT2i initiation. We then applied three machine learning models, including random forests (RF), elastic net and least absolute shrinkage and selection operator (LASSO) for risk prediction.
Results: The incidence rate of AKI was 1.1% over a median 1.5 year follow up. Among three machine learning methods, RF produced the best prediction (C-statistic = 0.72), followed by LASSO and elastic net (both C-statistics = 0.69). Among individuals classified in the top 10% of the RF risk score (i.e., high risk group), the actual incidence rate of AKI was as high as 3.7%. In the logistic regression model including 14 important risk factors selected by LASSO, use of loop diuretics [adjusted odds ratio (95% confidence interval): 3.72 (2.44–5.76)] had the strongest association with AKI incidence.
Disscusion: Our machine learning model efficiently identified patients at risk of AKI among Medicare beneficiaries with T2D undergoing SGLT2i treatment.
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INTRODUCTION
Type 2 diabetes (T2D) affects over 400 million people globally. (Chen et al., 2011). The management of T2D is complex and challenging since it involves the prevention of organ damage and complications such as cardiovascular and kidney events. (Nathan, 1993; Zheng et al., 2018). Sodium glucose cotransporter two inhibitors (SGLT2i) have shown promise in preventing cardiovascular disease (CVD) and renal function decline in patients with T2D (Birkeland et al., 2017; Zaccardi et al., 2016) Conversely, SGLT2i agents have been associated with increased risk of acute kidney injury (AKI), likely attributed to hypovolemia attributable to its diuretic effect. (Nadkarni et al., 2017). AKI is a concerning adverse effect because it can increase the risk of end-stage renal disease and death.
Previous safety studies have focused on examining the association between SGLT2i use and occurrence of AKI (Menne et al., 2019); however, little is known about which factors increase the risk of AKI while on SGLT2i therapy. Identifying patients at increased risk of AKI and using SGLT2i is necessary to individualize SGLT2i treatment and improve CVD and renal outcomes in T2D patients while minimizing risks. The development of a high-performance predictive model can aid clinicians in balancing risks vs. benefits when prescribing SGLT2is. To address this evidence gap, we developed a machine learning model to predict the risk of AKI among T2D patients undergoing SGLT2i treatment, and identified risk factors associated with incident AKI after SGLT2i initiation.
MATERIALS AND METHODS
Study Population and Follow-Up
The study used 2012–2016 claims data from a 5% random sample of Fee-for-Service Medicare beneficiaries. We first identified patients with T2D and those with at least one SGLT2i prescription (canagliflozin, dapagliflozin, or empagliflozin) filled between April 2013 and December 2016. T2D diagnosis was defined following the Center for Medicare and Medicaid Services (CMS) Chronic Condition Warehouse (CCW) definition, which traces back the first diagnosis to the first month of Medicare eligibility. (Service CfMaM (2020). Chr, 2020). The date of the first SGLT2i prescription filled during the study period was designated as index date. We excluded patients who did not have continuous Medicare Part D enrollment in the year prior to index date (i.e., baseline year) or who had filled a prescription for SGLT2i in the baseline year.
Patients were followed from index date until AKI incidence, therapy discontinuation (defined as a treatment gap ≥60 days), death, or the end of the study (31 December 2016). This study was approved by the institutional review board at the University of Pittsburgh as an exempt study because de-identified data were used in analyses.
Outcome
The outcome variable was an incident AKI event after index date, which was defined as having inpatient primary or secondary diagnosis of International Classification of Disease (ICD), Ninth Revision diagnosis codes 584, or 10th Revision primary diagnosis code N17. (D'Arienzo et al., 2019).
Predictors
We compiled 65 predictor candidates using claims data from the baseline year, including information on sociodemographics, diabetes duration, comorbidities, and other medications (Supplemental Table S1). Sociodemographic characteristics included age, sex, race, region of residence, Medicaid eligibility, and receipt of low-income subsidy. Comorbidity information included history of AKI, acquired hypothyroidism, Alzheimer disease, ischemic heart disease, stroke or transient ischemic attack, atrial fibrillation, anemia, congestive heart failure, hyperlipidemia, hypertension, chronic kidney disease, chronic obstructive pulmonary disease, lower extremity amputations, peripheral vascular disease, prostatic hyperplasia, rheumatoid arthritis, breast cancer, lung cancer and prostate cancer. Medication use included the use of other antidiabetic classes (i.e., metformin, sulfonylureas, thiazolidinediones, dipeptidyl peptidase four inhibitors, glucagon-like peptide-1agonists, insulin, and others), angiotensin converting enzyme inhibitors (ACEi), angiotensin receptor blockers (ARB), nonsteroidal anti-inflammatory drugs (NSAIDS), antiplatelet and loop diuretics. Predictors candidates were selected based on the risk factors associated with AKI in previous studies. (Nadkarni et al., 2017; Bhatraju et al., 2019; Kalisvaart et al., 2019; Menne et al., 2019).
Statistical Analyses
We split the sample randomly and equally into training (n = 8,847) and testing (n = 8,847) sets. We employed three machine learning approaches, including least absolute shrinkage and selection operator (LASSO), elastic net, and random forest (RF) to develop the AKI prediction model (Supplemental Table S2), which have been commonly used and shown success in predicting health outcomes. We used the training set to develop machine learning models and perform hyperparameter tuning and the testing set to evaluate the prediction performance.
C-statistics (or area under the receiver operating characteristic curves) including 95% confidence interval (CI) that were estimated by bootstrapping were calculated to assess the model’s discrimination performance in the testing set. We plotted the observed AKI incidence rate across different risk subgroups (i.e., ≤50th, 50–75th, 75th–90th, and >90th percentile of the machine learning risk score) in the testing set to evaluate calibration performance.
To obtain the unbiased estimation of risk factors’ odds ratios, we constructed a logistic regression model by including risk factors selected by LASSO (Supplemental Table S3). Analyses were performed using SAS, Version 9.4 (SAS Institute Inc.), and Python, Version 3.7 (Python Software Foundation).
RESULTS
Among 17,694 beneficiaries who initiated on SGLT2i, 194 (1.10%) developed AKI over a median follow-up period of 1.5 years. Patients in the training and testing sets shared comparable distributions of characteristics; both samples were approximately 48% male and 75% White (Supplemental Table S4).
The RF (C-statistic = 0.72, 95% CI 0.68–0.76) outperformed LASSO (C-statistic = 0.69, 95% CI 0.65–0.73) and elastic net (C-statistic = 0.69, 95% CI 0.65–0.73) in predicting AKI among T2D patients initiating SGLT2i. Using the risk score generated by the RF model, we categorized patients into four risk subgroups (Figure 1A). In the highest risk (i.e., top 10% of the risk score) and lowest risk (i.e., bottom 50% of the risk score) groups, the observed AKI incidence rates were 3.73% and 0.47%, respectively.
[image: Figure 1]FIGURE 1 | Machine learning based risk stratification and important features. (A) Risk stratification by machine learning generated risk score: risk subgroup was categorized by the risk score that generated by random forest (i.e., ≤50th, 50–75th, 75–90th, >90th percentile of the random forest risk score). (B) Risk factors identified by LASSO. Adjusted odds ratios were obtained by regressing LASSO selected features against the AKI outcome a multiple logistic regression model. Note: The comparator for white race was non-white race, for residence in northwest was non residence in northwest. The comparator for use of canagliflozin was use of other SGLT2i including dapagliflozin and empagliflozin. Abbreviations: LASSO, Least absolute shrinkage and selection operator-type regularized regression. AKI, Acute kidney injury; COPD, chronic obstructive pulmonary disease; ACEi, Angiotensin-converting enzyme inhibitors.
We identified risk factors using LASSO because of the interpretability of predictors in linear-based algorithms. Among 14 important features selected by LASSO (Figure 1B), use of loop diuretics [adjusted odds ratio (aOR): 3.72, 95% CI 2.45–5.6] and history of AKI (aOR: 2.78, 95% CI 1.06–7.3) had the strongest association with AKI incidence (Figure 1B), followed by anemia (aOR: 2.56, 95% CI 1.59–4.20) and male sex (aOR: 1.61, 95% CI 1.06–2.47).
DISCUSSION
Using real-world data, this study successfully developed and validated a machine learning model to identify T2D patients who were at high risk of AKI after SGLT2i initiation. The tree-based machine learning algorithm, RF, had reasonably good predictive utility and efficiently classified individuals into different risk subgroups. Although the predictive performance of LASSO––the linear-based algorithm––was slightly inferior to RF, it identified important risk factors associated with the development of AKI. The most important predictor was the use of loop diuretics which was associated with an almost four-fold increase in the odds of developing AKI among T2D patients taking SGLT2i.
To the best of our knowledge, our study was the first to identify an increased risk from loop diuretics among SGLT2i users. Traditionally, loop diuretics had been used to relieve symptoms of heart failure. The concomitant use of SGLT2i and loop diuretics may become common, given the remarkable reduction effect from SGLT2i in HF-associated negative outcomes. (Zaccardi et al., 2016; Wilcox et al., 2018). However, the synergistic effect of loop diuretics and SGLT2i in volume depletion might result in hypovolemia and systemic hypoperfusion, and further lead to reduced renal blood flow and AKI. (Wilcox et al., 2018; Mordi et al., 2020; Goyal et al., 2021). Future studies are needed to examine the safety profile of the combined use of loop diuretics and SGLT2 inhibitors among real-world patients.
To the best of our knowledge, our study is the first to use machine learning methods to predict AKI risk among real-world patients treated with SGLT2i. Previous AKI prediction models mainly focused on patients in critical and perioperative care. (Adhikari et al., 2019; Bhatraju et al., 2019; Kalisvaart et al., 2019; Gameiro et al., 2020). Our examination of patients is SGLT2is of major relevance due to the exponential uptake of SGLT2is in the recent years, driven by their distinctive cardiorenal benefits. (Zaccardi et al., 2016; Birkeland et al., 2017). Employing machine learning algorithms and administrative health care data to predict such rare, but serious, adverse events can provide opportunities for optimizing clinical decision making and individualized patient care. A risk prediction tool might be developed and implemented at the point of care to assist with therapeutic decisions and reduce preventable drug-related adverse outcomes. Nevertheless, future studies are needed to improve the performance of the model. Using claims data, we were not able to incorporate important predictors for SGLT2i users in the model such as serum creatinine level, hemoglobin A1c level. Our model performance can be further enhanced by using other more robust databases such as electronic health records databases. Furthermore, our model need to be updated for data that are more current considering the up taking trend of SGLT2i use. Lags in claim data is a hurdle that must be addressed prior to the implementation of the model.
The current study is subject to limitations. First, using claims data, we were unable to include some of the important clinical information used to predict AKI outcomes, such as estimated glomerular filtration rate (eGFR) and blood pressure. Second, our model was developed among new users of SGLT2i and predicted AKI risk within 1.5 years of follow-up. Future studies are needed to update the current model by using advanced methods and more robust linked data to dynamically predict AKI over the course of SGLT2i treatment. Third, external validation is needed for the current prediction model. Fourth; our findings may not be generalizable to other populations and settings, considering that the study was conducted among older adults with T2D based on Fee-for-Service Medicare claims data.
CONCLUSION
We successfully developed a machine learning model to predict AKI risk among T2D patients under SGLT2i treatment. Important risk factors––including use of loop diuretics, a history of AKI, and anemia––were identified as being associated with AKI development. Our data revealed relevant unmet needs that future studies can address through the implementation of machine learning-based alert tools aimed to improve early identification of rare, but serious, drug-related adverse events to support clinical, therapeutic decision-making and maximize treatment benefits.
DATA AVAILABILITY STATEMENT
The data analyzed in this study was obtained from Center for Medicare and Medicaid Services, the following licenses/restrictions apply: the data is not publicly available due to user agreement restrictions. Requests to access these datasets should be directed to Jingchuan Guo, juoj1@cop.ufl.edu.
ETHICS STATEMENT
Ethical review and approval was not required for the study of human participants in accordance with the local legislation and institutional requirements.
AUTHOR CONTRIBUTIONS
LY, IH and JG contributed to the conception and design of the study. NG performed data extraction and data management. SV, SK, and JB contributed to the design and method of the study. LY performed the statistical analysis. LY completed the first draft of this manuscript. NG, IH, SV, SK, JB, and JG wrote sections of this manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2022.834743/full#supplementary-material
REFERENCES
 Adhikari, L., Ozrazgat-Baslanti, T., Ruppert, M., Madushani, R. W. M. A., Paliwal, S., Hashemighouchani, H., et al. (2019). Improved Predictive Models for Acute Kidney Injury with IDEA: Intraoperative Data Embedded Analytics. PloS one 14 (4), e0214904. doi:10.1371/journal.pone.0214904
 Bhatraju, P. K., Zelnick, L. R., Katz, R., Mikacenic, C., Kosamo, S., Hahn, W. O., et al. (2019). A Prediction Model for Severe AKI in Critically Ill Adults that Incorporates Clinical and Biomarker Data. Clin. J. Am. Soc. Nephrol. 14 (4), 506–514. doi:10.2215/cjn.04100318
 Birkeland, K. I., Jørgensen, M. E., Carstensen, B., Persson, F., Gulseth, H. L., Thuresson, M., et al. (2017). Cardiovascular Mortality and Morbidity in Patients with Type 2 Diabetes Following Initiation of Sodium-Glucose Co-transporter-2 Inhibitors versus Other Glucose-Lowering Drugs (CVD-REAL Nordic): a Multinational Observational Analysis. Lancet Diabetes Endocrinol. 5 (9), 709–717. doi:10.1016/s2213-8587(17)30258-9
 Chen, L., Magliano, D. J., and Zimmet, P. Z. (2011). The Worldwide Epidemiology of Type 2 Diabetes Mellitus-Ppresent and Future Perspectives. Nat. Rev. Endocrinol. 8 (4), 228–236. doi:10.1038/nrendo.2011.183
 D'Arienzo, D., Hessey, E., Ali, R., Perreault, S., Samuel, S., Roy, L., et al. (2019). A Validation Study of Administrative Health Care Data to Detect Acute Kidney Injury in the Pediatric Intensive Care Unit. Can. J. Kidney Health Dis. 6, 2054358119827525. doi:10.1177/2054358119827525
 Gameiro, J., Branco, T., and Lopes, J. A. (2020). Artificial Intelligence in Acute Kidney Injury Risk Prediction. J. Clin. Med. 9 (3). doi:10.3390/jcm9030678
 Goyal, A., Daneshpajouhnejad, P., Hashmi, M. F., and Bashir, K. (2021). Acute Kidney Injury. Treasure Island, FL: StatPearls Publishing LLC. StatPearls. StatPearls PublishingCopyright © 2021. 
 Kalisvaart, M., Schlegel, A., Umbro, I., de Haan, J. E., Polak, W. G., IJzermans, J. N., et al. (2019). The AKI Prediction Score: a New Prediction Model for Acute Kidney Injury after Liver Transplantation. HPB (Oxford) 21 (12), 1707–1717. doi:10.1016/j.hpb.2019.04.008
 Menne, J., Dumann, E., Haller, H., and Schmidt, B. M. W. (2019). Acute Kidney Injury and Adverse Renal Events in Patients Receiving SGLT2-Inhibitors: A Systematic Review and Meta-Analysis. Plos Med. 16 (12), e1002983. doi:10.1371/journal.pmed.1002983
 Mordi, N. A., Mordi, I. R., Singh, J. S., McCrimmon, R. J., Struthers, A. D., and Lang, C. C. (2020). Renal and Cardiovascular Effects of SGLT2 Inhibition in Combination with Loop Diuretics in Patients with Type 2 Diabetes and Chronic Heart Failure. Circulation 142, 1713–1724. doi:10.1161/circulationaha.120.048739
 Nadkarni, G. N., Ferrandino, R., Chang, A., Surapaneni, A., Chauhan, K., Poojary, P., et al. (2017). Acute Kidney Injury in Patients on SGLT2 Inhibitors: A Propensity-Matched Analysis. Diabetes Care 40 (11), 1479–1485. doi:10.2337/dc17-1011
 Nathan, D. M. (1993). Long-term Complications of Diabetes Mellitus. N. Engl. J. Med. 328 (23), 1676–1685. doi:10.1056/nejm199306103282306
 Service CfMaM (2020). Chronic Conditions Data Warehouse Data Dictionaries. Available at: https://www2.ccwdata.org/web/guest/data-dictionaries (Accessed 12.16
 Wilcox, C. S., Shen, W., Boulton, D. W., Leslie, B. R., and Griffen, S. C. (2018). Interaction between the Sodium-Glucose-Linked Transporter 2 Inhibitor Dapagliflozin and the Loop Diuretic Bumetanide in Normal Human Subjects. J. Am. Heart Assoc. 7 (4). doi:10.1161/jaha.117.007046
 Zaccardi, F., Webb, D. R., Htike, Z. Z., Youssef, D., Khunti, K., and Davies, M. J. (2016). Efficacy and Safety of Sodium-Glucose Co-transporter-2 Inhibitors in Type 2 Diabetes Mellitus: Systematic Review and Network Meta-Analysis. Diabetes Obes. Metab. 18 (8), 783–794. doi:10.1111/dom.12670
 Zheng, Y., Ley, S. H., and Hu, F. B. (2018). Global Aetiology and Epidemiology of Type 2 Diabetes Mellitus and its Complications. Nat. Rev. Endocrinol. 14 (2), 88–98. doi:10.1038/nrendo.2017.151
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Yang, Gabriel, Hernandez, Vouri, Kimmel, Bian and Guo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/xhtml/nav.xhtml
Contents

		Cover

		Identifying Patients at Risk of Acute Kidney Injury Among Medicare Beneficiaries With Type 2 Diabetes Initiating SGLT2 Inhibitors: A Machine Learning Approach		Introduction

		Materials and Methods		Study Population and Follow-Up

		Outcome

		Predictors

		Statistical Analyses





		Results

		Discussion

		Conclusion

		Data Availability Statement

		Ethics Statement

		Author Contributions

		Publisher’s Note

		Supplementary Material

		References









OPS/images/cover.jpg
* frontiers
in Pharmacology

Identifying Patients at Risk of
Acute Kidney Injury Among
Medicare Beneficiaries With Type
2 Diabetes Initiating SGLT2
Inhibitors: A Machine Learning
Approach





OPS/images/fphar-13-834743-g001.gif
A Risk srtification bascd on random forest i th testing set
bt scute iyt xh s s . )

vl b at iy e b st 5

.
o l .

SO0 TR RIS 9= 8
[o—

Proportian of patints with acute kidney injury

B Risk actors dentiied by LASSO.

ettt
Cetcsmstenn
i it
SR

ppv——

E—

o










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
, frontiers
in Pharmacology





