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at high risk of Chronic Kidney Disease using readily available
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Background

Chronic kidney disease (CKD) is a progressive loss of kidney function that affects over 10% of the adult population. Due to its characteristic late onset of visible
symptoms, CKD has high mortality rates (1). CKD diagnosis usually relies on laboratory testing, mainly to estimate glomerular filtration rate (eGFR) (2,3).

Machine learning (ML) algorithms have shown promise in identifying at-risk patients from large volumes of data, facilitating timely intervention, and improving patient
outcomes (4). Algorithms for CKD early diagnhosis have been developed on datasets including rigurous information including data from urine and blood samples
obtaining very promising results (5-8). Nevertheless, these particular models rely upon a battery of specialised laboratory tests, often costly and commonly incomplete
or missing in clinical charts, especially in low and middle-income countries where resources are more limited. Models that were developed using simpler clinical and
laboratory parameters, easily obtained at the point of care are limited, either by small datasets (6) or by focusing on populations with specific risk factors like Type 2
Diabetes (T2D) (9).

Objective

Considering the limitations of obtaining highly detailed data from all at-risk patients and the need for a simpler screening processes, in this study we propose the
development of a machine learning algorithm capable of identifying patients at high risk of CKD using low resource clinical variables. We also propose separate
approaches for diabetics and non-diabetics.

Methodology

We used data from 3 different databases, 2 from health

institutions of the caribbean region of Colombia and 1 from The best performing model for each population was selected. For T2D it was a Random
Peru to build a multicentric dataset. As predictors we used ~orest Classifier while for NT2D it was a deep fully connected neural network. For T2D
the features depicted in Figure 1, model output was the oatients the best results were obtained on an ensemble model using the best T2D and the
presence or absence of CKD risk. We excluded diabetic pest NT2D model with weight distribution 272D : INT2D. For NT2D patients best results
patients without a date of diabetes diagnosis and those were obtained using only the NT2D model. For NT2D patients the most influential variables
without creatinine or eGFR values. For training, risk were age, hypertension and sex while for T2D they were age, BMI and diabetes duration.

Identification was positive for patients with eGFR < 60
mMmL/min 1.73 m2 or those already officially diagnosed. We
then separated diabetic (T2D) and non diabetic patients

(NT2D). This resulted in two datasets 19194 T2D and 169842 Table 1. Performance metrics for model testing.

NT2D.

We used the Arkangel Al web app to train, evaluate and

rank several models using both machine learning and deep Model for Diabetics Model for non-diabetics

learning architectures. We then chose the ones with the
best performance and built ensemble models for T2D and
models and average them according to modifiable weights
Additive Predictive (SHAP) values to understand the
ensure clinical coherence.
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Due to the nature of CKD and the purpose of the algorithms
Identification. We achieved this by exploring ensemble models
Whi.Ch was suc§§§ful IN INcreasing sensitivity by 10% for T2D AUC
patients. Specificity and AUC decreased by 21% and 6%

respectively. This underlies the importance of considering CKD
prevalence in the population. A population with a low pre-test

(i.,e. known) prevalence of CKD might not be the best to apply Model for diabetics (T2D) HDUELIQF En-CIAabENICS (N1 ZD)
this screening tool. On the contrary, if the baseline prevalence
Is high or it is a targeted population for high-risk of CKD HEe Age
(diabetic or hypertensive patients, among others) the
ensemble model presented here will accurately discriminate o Hypertension
91% of the diseased patients. abetes duration
Sex

Conclusions - .

. . . . Hypertension
Scarcity of information and low quality data threaten the

effectiveness of other more sophisticated algorithms. Our oEp VBP

models achieved high performance, comparable to that of

other complex models using fewer readily available clinical Sex BMI

features. It also presents one of the first approximations to
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American data and considering diabetic and non-diabetic
populations separately. We present a promising starting point
for the continued validation and improvement of a low-cost
predictive model for chronic kidney disease.

Figure 1. SHAP values for each predictive feature in the diabetic model (left) and non diabetic model (right)
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