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Abstract

Background

Chronic kidney disease (CKD) is a significant global health concern with a growing burden,
affecting millions of individuals worldwide. CKD was ranked 18™ amongst the highest non-
communicable diseases cause of death worldwide. CKD is a global health issue, which
reduces kidney function and increases cardiovascular risk. Accurate glomerular filtration rate
(GFR) estimation is crucial for CKD management. The commonly used CKD-EPI (Chronic
Kidney Disease-Epidemiology Collaboration) equations were primarily developed for
Caucasian and African American populations. This study aimed to evaluate existing
equations and develop new ones specific to the African population using data from Malawi,

Uganda, and South Africa.

Methods

This study was a secondary analysis of data collected in three African countries collectively
referred to as the ARK (African Research on Kidney Disease) Consortium. The study used
data from 2433 participants, with plasma iohexol clearance as an indication of GFR (MGFR).
Estimating equations were developed using serum cystatin C and or in combination with
serum creatinine, mirroring the CKD-EPI equations by adopting a non-linear modelling
approach. The study developed a predictive model using supervised machine learning
techniques. Bland-Altman plots were used to assess linearity and agreement of the eGFR
methods. Accuracy within 10% and 30% of mGFR, bias, and precision were assessed

overall and by CKD stage.

Results



Analysis of 2433 participants from the three African countries revealed significant differences
in mean measured glomerular filtration rate (MGFR) by country and sex. New serum cystatin
C and creatinine-cystatin C-based equations for estimating GFR were developed, showing
high accuracy ranging between (94-95%) and (93-95%), respectively for GFR 290
ml/min/1.73m?. The equations however had lower precision (2.07 — 2.12) compared to
existing ARKM (African Research on Kidney Disease Model) equations (2.36 — 2.37). Six
machine learning (ML) classification models were evaluated, with Random Forest emerging
as the top performer, followed by Logistic Regression. ML approaches demonstrated higher
F1 score measures (89%-100%) than eGFR equations, accuracies ranging between 75%
and 95% and less bias. Overall, it was concluded for this study that ML techniques provide
better performing models in comparison to the existing and developed eGFR models. This
was evident as AUC measures for all ML models were higher (93% - 100%) than the

accuracy measures of the eGFR equations (75% - 95%).

Conclusion

The results highlight the value of cystatin C as a biomarker for improving GFR estimation
and underscore the importance of population-specific GFR estimation tools for African
populations. While no single method is perfect across all GFR levels, the findings
demonstrate the potential of both refined eGFR equations and machine learning models in
enhancing GFR estimation accuracy. However, confirmation in broader populations is
needed, and regular monitoring and adaptation of ML models will be required to maintain
predictive performance over time. These findings can inform efforts to improve GFR

estimation and CKD evaluation in Africa.
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1. Introduction

1.1 Background of study

Chronic kidney disease (CKD) is a condition that occurs when the kidneys are damaged and
aren't working properly over time. It can lead to kidney failure, also known as end-stage
kidney disease. CKD was ranked 18" amongst the highest non-communicable diseases

cause of death worldwide in 2010, doubling as a cause of death between 1990 and 2017 (3).

Globally, estimates of CKD prevalence range between 8% and 16%, with obesity-induced
diabetes as the most common cause in high-income settings. In 2017, there were
approximately 697.5 million reported cases of CKD, marking a significant 29.3% rise in
prevalence since 1990. In the same year, 1.2 million people died from CKD, indicating an
increase in the all-age mortality rate of 41.5% from 1990 (2). CKD prevalence in Sub-
Saharan Africa (SSA) is estimated at 13.9%, with hypertension, diabetes, and HIV as the
most commonly identified causes (3). In sub-Saharan Africa, where over 20 million people

live with HIV, CKD is a highly anticipated burden. (5).

1.1.1 Stages of Chronic Kidney Disease

According to the Kidney Disease: Improving Global Outcome (KDIGO) 2012 Clinical
Practice Guideline for evaluating and managing CKD, it occurs when the estimated
glomerular filtration rate (eGFR) is 60 ml/min per 1.73m?; or (ii) a urinary albumin/creatinine
ratio (UACR) of 3.0mg/mmol has been determined by subsequent testing after a minimum of
three months. (1). As shown in figure 1, KDIGO further classifies kidney disease into stages

of severity for eGFR and albuminuria, the so-called “all-stage” classification. For eGFR



(measured in ml/min per 1.73m?) stage G1: 290; stage G2: 60-89; stage G3a: 45-59; stage
G3b: 30-44; stage G4: 15-29; and stage 5: <15; where stage G1 is least severe and stage
G5 is most severe requiring kidney replacement therapy to sustain life. For albuminuria,

using UACR (mg/mmol) stage Al: <3.0; stage A2: 3.0-30; stage A3: > 30 (2).

Persistent albuminuria categories
Description and range

A1 A2 A3
Prognosis of CKD by GFR and Normal to mildly Moderately Severely
albuminuria categories: KDIGO 2012 increased increased increased
< 30 mg/g 30-300 mg/g > 300 mg/g

< 3 mg/mmol 3-30 mg/mmol > 30 mg/mmol

- G1 Normal or high = 90
E
R g G2 Mildly decreased ~ 60-89
s <
— O
o= Mildly to
E S5 Ga moderately decreased e
@5
o -2 Moderately to
'g-g G3b  geverely decreased 3044
o D
= O
80 aa Severely decreased  15-29
&
(O]

G5 Kidney failure <15

Figure 1: Adapted from the 'KDIGO 2012 clinical practice guideline for the evaluation and management of chronic kidney
disease'. Risk categories for CKD according to the 2012 KDIGO. Green indicates low risk; Yellow indicates moderate risk;

Orange indicates high risk; Red indicates very high risk (1)

1.1.2 Measuring kidney function

Accurate estimates of the kidney function are essential in diagnosis and treatment of CKD.
The glomerular filtration rate is a specific measure of how much blood is filtered through the
glomeruli of the kidneys per minute, defined as the volume of plasma cleared of an ideal
substance per unit of time. Therefore, measuring glomerular filtration rate (MGFR) is
considered the best way to assess kidney function (6). Among the markers used to measure
renal function are inulin, 51chromium ethylene diamine tetra acetic acid (51Cr-EDTA), and

99mTc-DTPA (diethylene triamine pentaacetate) marked with technetium. It is, however,

N



impractical to use these exogenous markers in routine clinical practice due to their limited
accessibility and high costs. As a pragmatic but less accurate alternative, GFR is estimated
(eGFR) using endogenous biomarkers such as serum creatinine (SCr) and serum Cystatin C

(SCysC). SCr is the most commonly used marker in the clinical laboratory to estimate GFR

(7).

As described, mGFR can be a clinically complicated and lengthy procedure; hence various
formulae have been developed over the years to estimate GFR. Each eGFR equation is
developed and validated in a discrete study sample using mMGFR as the reference. An
endogenous biomarker for kidney function such as serum creatinine or, serum Cystatin C
concentration, and clinical variables that influence the concentration of the biomarker, for
example, age and sex are used to model the estimating equation. Ideally, before using an
eGFR equation, its performance should be validated in different settings and different
populations. Unfortunately, this doesn’t always occur, particularly in low and middle-income

countries where costs and resources for validation are limited.

In the case of serum creatinine, a by-product of dietary protein digestion and the normal
breakdown of muscle tissue, its serum concentration is affected by muscle mass, hence the
adjustment for sex, as men have higher muscle mass than women (on average) (8).
Because muscle mass varies between age, sex and level of fitness, it's concentration can
differ between individuals with the same mGFR (9). In the development of the Modification of
Diet in Renal Disease (MDRD) eGFR equation in the USA, it was observed that those of
African American ethnicity had higher mGFR for a given creatinine, and an adjustment factor
was modeled based on “race.” The scientific rationale for adjusting eGFR based on self-
identified ethnicity (often referred to as “race” in the medical literature) has been questioned

(8). A recent study has modelled a new eGFR equation that incorporates Cystatin C and



creatinine but omits adjustments for African American ethnicity (10). For simplicity, hereafter,
the adjustment for African American ethnicity in eGFR equations will be referred to as the

“ethnicity factor”.

Serum Cystatin C was first proposed as a GFR filtration biomarker in 1985. Unlike serum
creatinine, a steady rate of serum cystatin is produced by nucleated cells and filtered by the
kidneys. These characteristics make it a more accurate biomarker for kidney function as it is
less affected by sex, age, body size, and muscle mass. Serum Cystatin C production varies
less than creatinine production between individuals, and blood concentrations of Cystatin C
are fairly similar between individuals who have the same mGFR (9). As such, the KDIGO
2012 CKD guidelines recommend use of cystatin-C based equations as a confirmatory test
for adults having a creatinine based eGFR between 45 and 60mL/min/1.73m? (1). Cystatin C
based equations were found to have better accuracy among those with better preserved
kidney function, namely mGFR > 60mL/min/1.73m?. This means that Cystatin C could be
better for early detection of kidney impairment (11). However, the assay is relatively more

expensive than creatinine and has limited availability in resource-limited settings.

The most commonly used eGFR equations were developed from predominantly European
populations diagnosed with CKD in Europe and the USA (12). In Canada in 1976, Cockcroft
and Gault developed the Cockcroft-Gault equation to estimate creatinine clearance based on
plasma creatinine, age, height, weight, and sex (13). Later, in the USA, the MDRD study
developed the 6-variable MDRD (6-v MDRD) equation for estimating GFR, followed by a 4
variable MDRD equation (4-v MDRD) based on age, sex, plasma creatinine, taking ethnicity
into account (14). Following the MDRD equation, a representative US population database
was used to develop the Chronic Kidney Disease — Epidemiology (CKD-EPI) equation in

2009. The CKD-EPI Cystatin C equation was developed in 2012.



KDIGO currently recommends the CKD-EPI equation as the reference equation for
assessing CKD worldwide because it is more accurate and could replace the MDRD
equation (8). However, these recommendations were not informed by validation studies in
low and middle-income countries, and in continental African populations. Studies in SSA
revealed that when the African American ethnicity adjusted coefficient is used for MDRD and
CKD-EPI equations, eGFR tends to be overestimated, thus underdiagnosing those with CKD

(15).



1.2 Literature Review

Since the KDIGO guidelines recommend use of the CKD-EPI (creatinine) equation for CKD
screening (and it is the most widely used eGFR equation globally), the development and
validation of this equation, with particular focus on its performance in African countries, will
be the focus of this literature review. The study explored how machine learning techniques

have been used in the development of eGFR equations.

1.2.1 Factors associated with Chronic Kidney Disease

CKD causes substantial global morbidity and increases cardiovascular and all-cause
mortality (16). It is associated with diabetes, high blood pressure, heart disease, smoking,
obesity, African American ethnicity, family history of kidney disease, atypical kidney
structure, taking medications that can harm the kidneys, and older age. Irrespective of the
cause, CKD has been linked to increased risk for morbidity and premature all-cause and
cardiovascular mortality (17,18). Type 2 diabetes is regarded as the leading cause of CKD in
the most developed countries. Subsequently, in low-income countries it is replacing

communicable diseases as the leading cause of CKD (19).

1.2.2 Development of CKD-EPI equations

Efforts have been made globally to develop GFR estimating equations that can be used to
clinically assess kidney functions. Existing equations had limited precision and
underestimated mGFR at higher levels. The Chronic Kidney Disease Epidemiology
Collaboration then developed a new estimating equation for GFR, (CKD-EPI). The research
aimed to develop an equation that estimates GFR as the MDRD estimating equation at lower

GFR’s (< 60ml/min per 1.73 m?;) and at the same time yielding better accuracy than the



MDRD estimating equation at higher GFR values (> 60ml/min per 1.73 m?;). The CKD-EPI

equations adjust for body surface area (BSA), sex, ethnicity, and age (8).

1.2.2.1 CKD-EPI (creatinine) equation

The CKD-EPI (creatinine) equations include an additional adjustment for the ethnicity factor.
Using pooled samples from various studies in the USA and Europe, (N=8 254) the CKD-EPI
(creatinine) equation was developed in a subset (N= 5 504) and validated internally in a
separate subset (N=2 750) of adult participants. The equation was also then externally
validated using samples from 16 other studies, (N= 3 896). GFR in the development and
internal validation of the equation was measured using the method of iothalamate clearance
(MGFR), with a mean of 68 mL/min/1.73m? and standard deviation of 40 mL/min/1.73m?.
Participants used for external validation of the equation included iothalamate and other

filtration markers. The equation developed from this study was as follows:

Scr

o —1.209
GFR = 141xmin (25, 1) " x max (3%, 1) x 0.99349¢ [x 1.018 if female] _

x x
1)
[x1.159 if black]

Equation 1.1: CKD-EPI (creatinine) equation

where SCr is serum creatinine, k is 0.7 for females and 0.9 for males, a is -0.329 for females
and -0.411 for males, min indicates the minimum of SCr/k or 1, and max indicates the

maximum of SCr/k or 1.

In equation 1.1, the ethnicity adjustment for the ethnicity factor was 1.159. Implying that, for

individuals of the same sex, age, and serum creatinine value, the estimated GFR will be



expected to be 15.9% higher for African Americans compared to those of other ethnicities.

The race adjustment was validated for the US population.

1.2.2.2.CKD-EPI (Cystatin C) equation

The CKD-EPI (Cystatin C) estimating equation was developed using cross-sectional
analyses from diverse populations totaling 5 352 participants from 13 studies. The
participants were randomly divided into data sets for development (N=3 522) and internal
validation (N= 1 830). External validation was done using participants (N=1 119) from 5
other studies (20). The CKD-EPI (Cystatin C) equation was developed in 2012 as in

Equation 1.2:

GFR = 133 X min(SCys/0.8,1)7%%% x max(SCys/0.8,1)71328 x 0.99648¢ [

2
X 0.932 if female]

Equation 1.2: CKD-EPI (Cystatin C) equation

where SCys is serum Cystatin C (in mg/l), min indicates the minimum of SCys/0.8 or 1, and

max indicates the maximum of SCysC/0.8 or 1.

1.2.2.3 CKD-EPI (creatinine-Cystatin C) equation

An eGFR equation based on the combination of creatinine and Cystatin C was developed

within the same settings by CKD-EPI as in equation 1.3 (20):



SCr SCr SCys
GFR = 135 x min(T,l)“ X max(T,l)_“Ol X min(%,l)_o"?’”

SCys
X max(O—}é,l)_o'”l,x 0.995%8¢ [x 0.969 if female] [ (3)

x 1.08 if black]

Equation 1.3: CKD-EPI (creatinine-Cystatin C) equation

where SCr is serum creatinine (in mg/dl), SCys is serum Cystatin C (in mg/l), k is 0.7 for
females and 0.9 for males, a is -0.248 for females and -0.207 for males, min(SCr/k, 1)
indicates the minimum of SCr/k or 1, and max(SCr/k, 1) indicates the maximum of SCr/k or
1; min(SCysC/0.8, 1) indicates the minimum of SCysC/0.8 or 1 and max(SCysC/ 0.8, 1)

indicates the maximum of SCysC/0.8 or 1.

The CKD-EPI equation (creatinine and Cystatin C) performed better than those that
contained either creatinine or Cystatin C alone. Although the bias was relatively the same for

all three equations.

1.2.3 Validation of the CKD-EPI equations evaluations

Small studies have been performed to validate the CKD-EPI equations in continental African
populations. A measure of how many eGFR fall within + 30% of mGFRs, termed P30,
known as accuracy, was used in these studies to determine accuracy of the CKD-EPI
equations without the African American ethnicity adjustment. A P30 > 70% is considered

accurate enough for clinical decision making.

In 2010, the accuracy of the CKD-EPI eGFR equations were evaluated accounting for the

ethnicity factor in black South Africans. For this study, (n=100) participants were enrolled.



They were all black South Africans older than the age of 18. The patients in this study were
either residents or outpatients at Chris Hani Baragwanath Hospital or being followed up at
the renal unit of the hospital. All participants were either diagnosed with established CKD or
identified as being at a higher risk of developing CKD by the assessing physician. The study
developed SCr and SCysC based equations to estimate GFR among their study population.
The SCysC based equation had a P30 of 84%, while the SCr based eGFR equation had a

P30 of 70%. The CKD-EPI equation had a P30 of 72% (21).

The performance of CKD-EPI equations (with and without the ethnicity factor) in comparison
with the MDRD equation (with and without the ethnicity factor) was examined in a cross-
sectional study in Kinshasa, DRC on a cohort of (n=93) subjects, for both subjects with an
mGFR 2 60 mL/min/1.73m? and mGFR < 60 mL/min/1.73m?. Overall, the study found that
accuracy (P30) improved when ethnicity coefficients were eliminated for all the equations.
For example, for the CKD-EPI (creatinine) equation, accuracy (P30) with ethnicity factor
(64.6%) was lower than without (77.7%); and for the combined CKD-EPI (creatinine and
Cystatin C) equation, accuracy with the ethnicity factor (76.7%) was lower than without

(79.2%). The accuracy of the CKD-EPI (Cystatin C) equation was 78.7% (22) (Appendix 1).

An analysis of cross-sectional data collected from Kinshasa's adults (n=210) and Ivory Coast
(n=284) evaluated performance of eGFR equations using plasma clearance of iohexol as the
reference standard for mGFR. It concluded that the ethnicity factor adjustment was not an
improvement of the equations. Comparison of performance of CKD-EPI equations was done
for both with and without the ethnicity factor for the SCr, SCysC and combined based
equations. The CKD-EPI combined estimating equation without the adjustment of the

ethnicity factor outshined all the other equations with a P30 of 79.2%. The CKD-EPI SCr
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without the adjustment of the ethnicity factor had a P30 of 77.7 whilst the adjusted one had a

P30 of 64.6%. The SCysC estimating equation had a P30 of 78.7%. (Appendix 2) (15).

It is estimated that more than two thirds of the world’s population of people living with HIV
(PLHIV) are in Africa. HIV-positive participants (n=100) were enrolled for a study in Kenya to
determine the function of their kidney using the GFR estimating equations based on serum
creatinine. Their accuracy was measured within 30% of the mGFR, measured by iohexol
clearance. Similarly, the CKD-EPI estimating equation, unadjusted for the ethnicity factor for
MGFR = 90 mL/min/1.73/m2 had an accuracy (P30) of 92% as compared to 91% for the
equation adjusted for the ethnicity factor. For mGFR <90 mL/min/1.73/m2, the CKD-EPI
equation adjusted for the ethnicity factor performed had a P30 of 50% compared to the P30
of 64% for the equation without the adjustment. Findings of this study indicate that the CKD-
EPI estimating equation is more accurate for higher ranges of mMGFR as compared to the
lower ranges as well that accuracy is better when the equation is unadjusted for the ethnicity

factor (23).

An assessment of the CKD-EPI equation, with and without the ethnicity factor adjustment in
adults in Kwa Zulu Natal, South Africa was done. The study had (n=287) participants for the
analysis consisting of (n=107) Black African females, (n=81) Black African males, (n=56)
Indian females, and (n=43) Indian male patients. None of the estimating equations showed
an accuracy within 30% of the mGFR for at least 90% of the population. In the Black African
participants, the CKD-EPI equation without the ethnicity factor correction performed best.
The study results did not attain the 2002 KDOQI benchmark of 30% accuracy as only 11.1%

— 17% of the individuals were correctly classified (24).
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A comprehensive systematic review on how to estimate GFR in Africa concluded that with
regards to estimating equations to mGFR, six studies demonstrated that African American

coefficients in MDRD4-v and CKD-EPI equations were overestimating GFR (17).

This is a growing concern within public health as it hinders accurate reporting of CKD

prevalence in African populations, hence poor preparedness, and management of CKD.

1.2.4 Use of machine learning techniques in detecting Chronic Kidney Disease

Chronic kidney disease (CKD) poses as a major emerging public health threat, contributing
largely to morbidity and mortality rate increase for non-communicable diseases over the
years (25). Globally, machine learning techniques have been used widely to improve
detection and management of chronic kidney disease. This has been done with the aim of
improving early detection of CKD which will improve and inform better management of the

disease.

The paper by Debal and Sitote presents a machine learning approach to predict chronic
kidney disease (CKD) stages using a dataset from Ethiopia (25). The authors compared
several classifiers - Random Forest (RF), Support Vector Machine (SVM), Decision Tree
(DT) - with and without feature selection techniques like ANOVA and recursive feature
elimination with cross-validation (RFECV). The dataset contained 1718 instances with 19
features like age, blood pressure, serum creatinine etc. Both binary classification (CKD or

not) and multi-class classification (5 disease stages) were evaluated.

12



For binary classification, RF with RFECV gave the highest accuracy of 99.8% using 8
selected features. SVM with hyperparameter tuning also reached 99.83% accuracy. For
multi-class classification, XGBoost gave the best accuracy of 82.56% with all features. RF
with RFECV achieved 79% accuracy with 9 features. Important predictive features identified
were serum creatinine, blood urea nitrogen, hemoglobin, and specific gravity. The authors
conclude that the RF, SVM and XGBoost models show promising performance for assisting
diagnosis of CKD stages. They recommend future work using unsupervised learning and

deep learning methods.

A study was done where machine learning models were developed to predict CKD using a
dataset of 400 patients. Their goal was to identify the optimal model and feature set for early
CKD diagnosis (26). They pre-processed the dataset, applied feature selection techniques
like recursive feature elimination and chi-square test, and built models using logistic
regression, SVM, KNN, naive Bayes and neural networks. The logistic regression model with
chi-square feature selection achieved the highest accuracy of 98.75%, using 12 key features
like blood, urea, creatinine, hemoglobin, age, hypertension status, etc. This study
significantly advanced CKD prediction research by thoroughly evaluating machine learning
algorithms and feature selection methods. The high accuracy achieved highlights the
potential of data-driven approaches for improving early CKD diagnosis and preventing

adverse outcomes.

1.3 Problem Statement

The CKD-EPI (creatinine) equation is the globally accepted eGFR equation for initial CKD
screening. Despite being widely accepted, this equation is inaccurate in African populations.

The inaccuracies are, in part, related to adjustment using the ethnicity factor, and even if
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omitted, this equation still overestimates GFR in African populations. The choice of
biomarker also influences GFR estimation. Cystatin C performs better than creatinine. For
screening for CKD in patients with abnormal creatinine excretion, low muscle mass, and
cardiac failure and liver failure, and those undergoing chemotherapy, the CKD-EPI (Cystatin

C) equation has been a more accurate biomarker (27).

This study estimated GFR among African study participants using the CKD-EPI equations
with and without adjusting for the ethnicity factor. We compared the performance of serum
creatinine and serum Cystatin C in these equations. Conclusions from this research will be
beneficial as they will improve CKD classification among African populations, which may

assist with managing CKD.

1.4 Justification

We evaluated the performance of CKD-EPI equations using serum Cystatin C and serum
creatinine in a sample of African participants compared to mGFR (using plasma excretion of
iohexol) and model an equation that better estimates GFR in the sample of African
participants. Improved accuracy of eGFR equations in African populations will aid in the
diagnosis of those with CKD. Improved accuracy in the diagnosis of CKD aids the public
health fraternity in policy development. It is of utmost importance that CKD management

policies be informed by accurate information from African populations.

1.5 Research Question

The study sought to ascertain:
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(ii)

(iii)

1.6 Aim

Whether the ethnicity adjustment in the CKD-EPI equations estimates GFR
accurately among adults from the three African countries, South Africa, Malawi,
and Uganda; and

Whether the performance of the CKD-EPI (Cystatin C) equation is better than the
CKD-EPI (creatinine) equation, irrespective of ethnicity correction among black
adults from the three countries, South Africa, Malawi, and Uganda.

The diagnostic accuracy of serum Cystatin C alone compared to the combined
use of serum Cystatin C and serum creatinine in classifying chronic kidney

disease (CKD) status among study participants

To evaluate the accuracy of CKD-EPI eGFR equations based on serum creatinine and

Cystatin C in estimating GFR among black adults from South Africa, Malawi, and Uganda.

1.7 Objectives

1. To describe the characteristics of those classified as having CKD among the ARK
study participants.

2. To develop and validate a model that classifies study participants as either
having CKD (CKD present) or not (CKD absent), using serum Cystatin C and a
combination of both serum Cystatin C and serum creatinine.

3. To evaluate the performance of the glomerular filtration rate estimating equations
against the reference mGFR using three metrics: accuracy, bias, precision.

2. Methods
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2.1 Introduction

In this chapter, the study design, study site, study population, data collection and sampling
methods are described for both the primary study and the current study. Study variables and

data management for the study are also described in this chapter.

Descriptive statistics were used to describe the characteristics presented by patients in both
the training data set and validation data sets. Logistics regression methods were used to
develop the Cystatin-C and the Cystatin-C_Creatinine estimating equations. Resampling

methods of the cross-validation approach were used to validate the performance equations.

Lastly, the CKD-EPI equations and the developed equation’s performances were evaluated

against the reference mGFR using three metrics: accuracy, bias, and precision.

2.2 Study design

This study was based on a secondary data analysis, derived from a cross-sectional study
embedded from ongoing cohorts in South Africa, Uganda, and Malawi, collectively referred

to as the African Research on Kidney Disease (ARK) Consortium.

The primary aim of the ARK Consortium was to establish the optimal approach to estimate

GFR in Malawi, South Africa, and Uganda by way of evaluating the performance of existing
CKD-EPI equations to mGFR (using iohexol), and if necessary, model a new equation with
improved performance. The focus of the ARK Consortium was for creatinine-based

equations, given limited availability of cystatin C testing.

In this study, the focus was on the utility of cystatin C and creatinine, or cystatin C alone and
aimed to develop a new cystatin C based equation and a creatinine-cystatin C based

equation accommodating between country differences. Furthermore, the study sought to
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make use of machine learning techniques to model and validate the equations using the

data, comparing its performance against existing estimating equations for this study

population.

2.3 Study setting

The primary study sites were: The Kalunga district in rural south-western Uganda; Lilongwe

(urban) and Karonga (rural) districts in Malawi; and the rural Bushbuckridge in Mpumalanga

Province, South Africa.

G LP ation Coh

L

Kalungu district

Figure 2: sourced from Open source, Map of Africa showing the ARK centres from Malawi, South Africa, and Uganda(28)

2.3.1 Uganda

3 MEIRU Cohort
37 — Karonga-rural
Lilongwe-urban
g
LR
A‘\}x Agincourt Cohort
_ﬁ"a Mpumalanga Province
v
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The study in Uganda was based on the 1986 General Population Cohort. The study area is
situated in a rural sub-county of Kalunga district in rural south-western Uganda,
approximately 120 km from Entebbe. Residents of 25 adjacent villages comprising of
approximately 22 000 men and women made up the cohort. An established general clinic

within the area provided medical care.

2.3.2 Malawi

Participants recruited for the study from Malawi were drawn from ongoing epidemiological
studies conducted by The Malawi Epidemiology and Intervention Research Unit (MEIRU)
which were based at two sites, Karonga district and Area 25 of Lilongwe. Karonga district is
in rural northern Malawi and its population mainly comprises of informal traders, farmers,
and fishermen. There are a variety of socioeconomic groups in Lilongwe's Area 25 including
government employees, traders, and casual workers. A stratified sample from over 5000
individuals whose serum creatinine was measured in a more comprehensive chronic
condition survey (n = 33,000) was selected for use in the study. An established chronic care

Non-Communicable Disease (NCD) clinic provided medical care.

2.3.4 South Africa

In South Africa, the study was conducted in Agincourt, Bushbuckridge sub-district of the
Mpumalanga province as part of the Medical Research Council/University of the
Witwatersrand Rural Public Health and Health Transitions Research Unit. Based on an
annual update of resident status and vital events, the health and socio-demographic

surveillance system (HDSS) covers approximately 115,000 people in the area. Three district
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hospitals, two health centers, and six clinics were part of the primary health care system that

managed patients.

2.4 Study population

The ARK study defined the inclusion criteria as adults of age greater than 18 from the three

countries, that were able to give written informed consent.

The exclusion criteria were defined as having a systolic blood pressure measurement
greater than 180 mmHg and a diastolic blood pressure measurement greater than 110
mmHg, pregnant, breastfeeding, known allergy to iodine—containing substances, acute

febrile illness and or having uncontrolled seizures (within the last 12 months).

2.5 Sampling methods

Participants recruitment for the ARK study took place in all the three participating countries.
For Uganda, the first recruitment phase consisted of serum creatinine measurements from
stored sera. This phase included the collection of data from community surveys and house-
to-house mobilizations conducted by village-based hubs to select 5,979 participants. The
study team explained to the selected participants the study details, and individual written
consent was sought from the participants. Completion of a questionnaire was done by
participants who consented to participate in the study. The second phase comprised
selecting a sub-sample of participants stratified by eGFR and sex for participation in the

iohexol measured GFR study.
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In Malawi, the first recruitment phase used creatinine assays obtained from a prior survey.
As is in the Uganda recruitment plan, the study team explained the details of the study to the
participants. Informed consent was sought, and then the participants were subjected to a
guestionnaire that collected their demographic information and known history of risk factors
that could cause CKD. The second phase comprised selecting a sub-sample of participants

stratified by eGFR and sex for participation in the iohexol measured GFR study (17).

For South Africa, 2 021 participants from a stratified random sample were used for baseline
creatinine measures. As in the other countries, the second phase comprised selecting a sub-
sample of participants stratified by eGFR and sex for participation in the iohexol measured

GFR study (17).

For the prospective iohexol mGFR study, each partner study site aimed to recruit 12000

participants so that the pooled sample would contain 3000 participants for the final analysis.

2.6 Data collection for the iohexol mGFR study

Primary data was collected from consenting adults of age greater than 18 years from the
three countries. Measurement of GFR was obtained using iohexol plasma excretion.

Methods and design of the ARK study have been published for ease of reference (17).

Data for the study were collected from the clinic visit: age, sex, height, weight, temperature,
blood pressure, baseline serum creatinine and serum Cystatin C. lohexol plasma excretion
was measured with after initial intravenous bolus administration of a prefilled syringe of

iohexol (dose iohexol calculated based on weight) and serial measures of plasma iohexol
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sampling at 120-, 180-, and 240-min intervals. Figure 3 illustrates the study procedures and

data sets used for analyses for this study.

Malawi (n=5264) south Africa (n=2020) Uganda (n=5979) ARK-CKD Population
Prevalence Studies

South Africa (n=0986) Uganda (n=1019)

ARK lohexol measured
GFR Study (n=2025)
Exclusions (n=447): missing syringe weight (n=266); non-monotonic decline of iohexol samples selected,

plasma concentration (n=137); missing iohexol plasma concentration (n=28); missing participants recruited
height, weight, age (n=8); inconsistent time recording of ichexol sampling (n=5); serum '0"“"::‘:3:.'“;“‘“"';"“
creatinine <30 pmol/L after intersite recalibration (n=3) Measured, data poole

Malawi (n=898) South Africa (n=947) Uganda (n=733) Exclusion of study

participants without
cystatin C value
recorded

Exclusions (n=447): missing cystatin value (n=145)

Modelled Cys_eGFR
and CreatCys_eGFR
equations and model

Malawi (n=871) South Africa (n=942) Uganda (n=620) evaluations

Figure 3: sourced from CC commons open access license : Study procedures and datasets used for the lohexol-Measured
GFR Study (28)

2.7 Data management

Data cleaning procedures were performed on the final pooled ARK iohexol mGFR data set.

This included extraction of data on variables that we will use for our study. A new variable,
MGFR, was developed, from finding intercept of the iohexol plasma concentration at the
three intervals, 120, 180, and 240 minutes. This new variable was then used for assessment

of accuracy of the eGFR models.

The study intended to develop an estimating equation using the variable Cystatin C and 6%,
(n=145), of our dataset was missing the Cystatin C value. Assumption to draw meaningful
conclusions from 94%, (n= 2433) of the dataset which was complete was made, hence the
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decision to drop the missing values. Therefore, of the 2 548 participants, Analysis was done

on data for 2 433 participants who had complete data.

2.8 Statistical Analysis Plan

Objective 1: To describe the characteristics of those classified as having CKD from those

without CKD among the ARK study participants

Descriptive statistics were used to describe the characteristics presented by the study
participants in both the training set and the validation set. Normally distributed continuous
variables were described using their means mean and standard deviations whilst categorical

variables were described using their frequencies and proportions.

Objective 2: To develop and validate a model that classifies study participants as either
having CKD (CKD present) or not (CKD absent), using serum Cystatin C, using machine

learning techniques of resampling methods.

The hypothesis for this study was that the eGFR model developed will better estimate GFR
among African populations as compared to previously developed eGFR equations and that
the equation with both creatinine and Cystatin C will better estimate eGFR as compared to

that with either of the two biomarkers.

2.8.1 Calculation of measured GFR using the Slope Intercept Method
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In order to perform analysis, | calculated the measured GFR (MGFR) using the slope

intercept method for iohexol plasma clearance based on three blood samples drawn at
120mins 180mins and 240mins time intervals, using the exact times at which the blood
sample was drawn (29). Area under the plasma-concentration curve is needed for this

calculation.

The decrease in plasma concentration evidenced by periodic measurement from the blood
samples drawn at time intervals, (t), follows an exponential decay. This decrease in plasma
concentration is denoted as, P(t). Assuming that the initial plasma concentration after

injection is denote by (Py), and is decreasing exponentially at time, (t), at a constant rate,

(L):

P(t)= Py .e Lt (4)

Equation 2.1: Decrease in Plasma concentration

The area under the curve will therefore be represented as:

A=2 (5)

Equation 2.2: Area under the Curve

Use of the last three blood samples was utilized to achieve the best quality and reliability of
results. AUC correction and BSA correction (normalized to the “standard man”) were
effected to the final mMGFR calculations obtained (30). The mGFR will be used as the

reference standard for assessing the accuracy of the eGFR equations.

2.8.1.1 Calculation of volume injected dose of iohexol

23



Of essence in the calculation of the mGFR is the applied dose of the iohexol plasma
concentration. | calculated the volume of iohexol injected by converting the weight of the
syringe from grams to mL by dividing it by the gravity for iohexol, 1.406, as shown in

equation 2.3:

iohexol weight

1.406 ©)

mlL injected =

Equation 2.3: Volume of iohexol injected

The iohexol solution injected contained 755mg of iohexol per mL, therefore calculation of the

total dose administered was calculated as follows:

Dose = mlL injected * 755 (7)

Equation 2.4: Total iohexol dose administered

Calculation of the volume of distribution (Vd) which is defined as proportionality constant that
relates the total amount of drug in the body to the plasma concentration of the drug at a

given time,(31) was done as follows:

Dose
Vd = —— (8)
expconstant

Equation 2.5: Volume of distribution

2.8.1.2 Calculation of the measured GFR

Having gathered all necessary variables, mGFR was calculated based on the Slope

Intercept method, (mGFRy;), as follows:

mGFRg; = —(slope) *Vd x 1000 (9)

Equation 2.6: mGFR calculation using the Slope-Intercept Method
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2.8.1.3 Adjusting for Body Surface Area (BSA)

After having obtained the measured GFR, based on the slope-intercept method, the
equation was adjusted for Body Surface Area (BSA). This correction is done because GFR
varies according to BSA. mGFR will therefore be presented as a pure value, corrected for
BSA, and normalized to the “standard man” (body surface 1.73m?), adjusted for (BSA)

(mL/min/1.73m?) using the Dubois Dubois formula as in equation 2.7:

MGFRgg, = 0.00718 * Weight®*25 « Height®72>
(10)

Equation 2.7: mGFR calculation equation adjusting for Body Surface Area

2.8.2 Model development

The focus of this study was to develop a glomerular filtration rate estimating equation based
on Cystatin C which will be used to compare performance against the existing CKD_EPI
equations and the ARK models. Model development was performed using the log scale of
mGFRgs, as evidence shows that derivation of eGFR equations has multiplicative error (28),

using the CKD — EPI,;(2012) in development of this estimating equation.

For model developmensimple random sampling was performed on the data set in Statal?, to
randomly divide the sample into 2 data sets using the splitsample command, using the ratio
(0.8: 0.2) for sampling the data. The first dataset with (N = 1946) was treated as the training

data set, whilst the remaining observations, (N = 487) made up the testing data set.
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Calculation of eGFR for use in this development was done using non-linear least squares
estimation which was used to estimate glomerular filtration rate which was in turn used to
categorize study participants into either having CKD (CKD present) or not having CKD (CKD
absent), where having CKD was described as the probability of having a GFR reading of

>60mL/min/1.73.

2.8.3 Using machine learning techniques to detect CKD

This study focused on CKD prediction using unsupervised machine learning models based
on the ARK study data set. With binary outcome classes, 0 and 1, with 1 representing CKD
present and 0 representing CKD absent. The data was pre-processed, missing data was
handled, followed by feature selection using ranking method and correlation analysis to
come up with the features to predict mGFR and came up with the final data set for use in our

models.

Based on literature, Logistic Regression (LR), Random Forest (RF), Support Vector
Machines (SVM), Neural Networks, Naive Bayes Classifiers, and K-Nearest Neighbors were
used to predict CKD. LR was selected because it is a simple but effective classification
algorithm that predicts a binary target variable, (CKD present or not). It also works well with
a mix of numerical and categorical features. RF is an ensemble method that combines
multiple decision trees. Handles nonlinear relationships well. Also provides feature
importance metrics. SVM is a powerful algorithm that handles complex datasets with many
features, and is effective at classification tasks like detecting CKD. Naive Bayes Classifiers
are a probabilistic model making strong independence assumptions. Very fast to train and

useful as a baseline for comparison.
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Objective 3: To evaluate the performance of the new models and the existing CKD-EPI

equations against the reference mGFR using three metrics: accuracy, bias, and precision.

The Bland-Altman (B&A) plots, a graphical technique was used to evaluate agreement
between two quantitative methods of measurement, in our case eGFR equations and
MGFR. In Bland-Altman plot analysis, a bias between the mean differences is evaluated,
and an agreement interval is estimated, within which 95% of the differences between the
second and first methods fall. (32). For performance evaluation of the estimating equations,
bias, precision, and accuracy metrics were assessed on the internal validation dataset
(N=1217). These metrics were assessed on five eGFR equations, namely the CKD-
EPI_Creat (2009), CKD-EPI_Cys (2012), CKD-EPI_CreatCys (2012), ARK models
equations, and the newly developed cystatin C based equation and the Creatinine-Cystatin

C based equation.

Bias

In all estimating equations, bias was calculated as the median difference between measured
and estimated GFR. If 8" = T(X) is an estimator of 6, then the bias of 8" is the difference

between its expectation and the ’true’ value: i.e.

Bias(8) = E, (6) — 6 (11)
Equation 2.8: Bias calculation

Where 8 is eGFR and 6 is mGFR.

Precision
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Precision was measured by the interquartile range of the difference between mGFR and
eGFR. True values and their estimates are measured by precision, which is a measure of

how close they are. It is therefore calculated as follows:

L True positives
Precision = — — (12)
True positives + False positives

Equation 2.9: Precision calculation

Accuracy

As a measure of accuracy, the root-mean-square error (RMSE) was calculated as well as
the percentage of estimates that differed from the mGFR by more than 30% (1-P30) or more
than 20% (1-P20). Accuracy is described as the measure of how close a given set of
measurements is to their true values. To calculate the accuracy, the error rate was

calculated as follows:

|eGFR — mGFR|
k

E te = 100 13
rror rate TR (13)
Equation 2.10: Error calculation
The accuracy was then calculated as follows:

Accuracy = 100% — Error rate (14)

Equation 2.11: Accuracy calculation

2.9 Ethical considerations

Ethical approval for this study was granted by the University of Witwatersrand Human

Research Ethics Committee (#M220506).

Ethics approval for the primary study was sought from each relevant institution for each

partner country in the ARK Consortium, namely: Uganda Virus Research Institute, Research
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Ethics Committee (UVRI-REC-#HS 1978) the Uganda National Council for Science and
Technology (UNCST-#SS 4283), the Malawi National Health Sciences Research Committee
(#1072) and the University of Witwatersrand Human Research Ethics Committee

(#M160938)

Written informed consent was sought from each individual before they participated in the

study at each study site.

Participants diagnosed with advanced CKD were referred to get appropriate medical

attention under the direction of the study physicians in each center.
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3. Results

3.1 Descriptive and Exploratory Statistics

Table 1 shows the characteristics of the participants recruited into the ARK study from

Malawi, South Africa, and Uganda. Malawi participants both males and females were older

when compared to ages of participants in other two countries. The middle age group,

comprising individuals between 40 and 60 years old, represented 46% of the participants.

Female South African participants had the highest BMI readings across the participants as

well as body surface area. However, eGFR measurements using the CKD-EPI (cystatin)

equation, South African participants, both males and females had the highest mean eGFR.

Table 1: Socio demographic and health variables for enrolled study participants by sex and country

Variable

Age (years), Mean (SD)

Height (cms), Mean (SD)

Weight (kgs), Mean (SD)

Serum Creatinine, Mean (SD)

Serum Cystatin C, Mean (SD)

Body Mass Index, Mean (SD)
*Body Surface Area, Mean (SD)

mMGFR (mL/min/1.73m”2), Mean
(SD)

**eGFR (mL/min/1.73m”2), Mean
(SD)

Malawi

Females (N | Males (N =
=457) 414)
53.09 52.75
(13.61) (16.22)
155.72 165.33
(6.00) (6.85)
64.96 63.14
(15.48) (11.83)
74.33 91.17
(17.86) (26.11)

1.07 (0.31) = 1.11(0.28)
26.72 23.06
(5.83) (3.85)

1.63(0.18)  1.69 (0.16)
86.74 90.19
(26.69) (26.42)
73.29 74.75
(22.04) (21.90)

South Africa
Females (N Males (N =
=631) 311)
45.57 44.50
(14.40) (16.2)
161.54 172.60
(5.89) (7.144)
78.72 74.64
(17.38) (16.71)
63.37 82.73
(13.91) (20.16)
0.99 (0.27) = 1.01(0.28)

25.01

30.15 (6.41) (5.08)
1.82(0.19) = 1.87(0.20)

93.02 95.30

(34.11) (35.83)

83.24 88.04

(23.69) (26.42)

Characteristics of Study Participants by sex and by country (N=2433)

Uganda
Females Males (N =
(N =347) 273)
50.76 51.63
(14.72) (15.13)
154.94 164.26
(6.60) (6.45)
57.42 56.76
(12.33) (9.80)
65.87 78.83
(18.50) (29.07)
0.99 (0.21) = 1.02 (0.28)
23.85 21.00
(4.54) (3.15)
1.54 (0.16) = 1.61 (0.14)
99.78 114.13
(34.25) (44.17)
80.24 84.09
(19.79) (21.44)

Overall

Overall (N
=2433)

49.49
(15.34)

161.86
(8.51)

67.46
(16.91)

74.73
(22.83)

1.03 (0.28)

25.72
(6.04)

1.71(0.21)

94.98
(34.13)

80.21
(23.24)

*Body surface area calculated using the Dubois Dubois formula. **Estimated GFR calculated using the CKD-EPI (cystatin C) equation 2019

Country Effect
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Table 2: Post-hoc analyses for comparing means of mGFR between countries

SOUTH AFRICA UGANDA

BONFERRONNI P-value DIFF P-value DIFF
MALAWI 0.002 | 5.39031 <0.001 17.7178
SOUTH AFRICA <0.001 12.3275

SCHEFFE P-value DIFF P-value DIFF
MALAWI 0.003 | 5.39031 <0.001 17.7178
SOUTH AFRICA <0.001 12.3275

SIDAK P-value DIFF P-value DIFF
MALAWI 0.002 | 5.39031 <0.001 17.7178
SOUTH AFRICA <0.001 12.3275

Post-hoc analyses were performed to compare the means of mMGFR between the three
countries. The analysis of variance indicated differences existed between the three countries
(F=51.87, p<0.001). Figure 4 shows the same difference. The post-hoc tests (Bonferroni,
Scheffe, Sidak) as illustrated in Table 2; all show that the mean mGFR for Malawi is
significantly lower than South Africa (p=0.002). The mean mGFR for Malawi is significantly
lower than Uganda (p<0.001) and the mean mGFR for South Africa is significantly lower
than Uganda (p<0.001). All differences between pairs of means are statistically significant at
p<0.05 after adjusting for multiple comparisons. This aligns with the marginal means from
the ANOVA model and provides confirmation that mGFR differs significantly between each

pair of countries.
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country country
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Figure 4: Country Differences in mGFR Relationships with Cystatin, Creatinine, Age, and BMI

Sex Effect

Table 3: Post-hoc analyses for comparing means of mGFR between sex

FEMALES

BONFERRONNI P-value | DIFF
MALES <0.001 5.67512

SCHEFFE P-value | DIFF
MALES <0.001 5.67512

SIDAK P-value @ DIFF
MALES <0.001 5.67512

Table 3 shows the post-hoc tests (Bonferroni, Scheffe, Sidak) results, illustrating the mean
difference in mGFR between sex. The ANOVA comparing mGFR between the two sex
groups is statistically significant (F=16.38, p=0.0001). All the post-hoc tests (Bonferroni,
Scheffe, Sidak) indicate that the mean mGFR for males is significantly higher than that of

females, with a mean difference of 5.68 (p<0.001). This confirms that males have
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significantly higher mGFR compared to females. As such, figure 5 illustrates the effect one’s
sex has on distribution of Cystatin C, serum creatinine, age and BMI. The distribution
between males and females is somewhat even across the increasing value of Cystatin C.
There is however a notable concentration between 0.5mg/dl and 1.5mg/dl of both males and
females. This means that sex has no impact on the amount of Cystatin C concentration.
Serum creatine, however, displays a different picture, with an increase in the number of
males as serum creatinine increases whilst most females are seen to be concentrating

between 50umol/L and 100umol /L.

Sex Sex
* Female *  Female
*  Male *  Male
-y
- -
D_ 1 1 1
100 200 300
creatine
L ] L ]
Sex SEX
* Female *  Female
= Male = Male

Figure 5: Sex Differences in mGFR Relationships with Cystatin, Creatinine, Age, and BM|

3.2 Model development

The study developed two sets of glomerular filtration rate estimating equations using our
ARK Study data set. Development of the estimating equations was based on mirroring the
CKD-EPI equations. Two sets of equations were developed with one set being of equations
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based on serum Cystatin C only and the other set based on both markers, serum Cystatin C

and serum creatinine.

In each set, two separate equations were developed, one for females and another set for
males. The study did another non-linear least square estimation set of equations adjusting

for the age parameter to see if it improves the models or not.

3.2.1 Cystatin C based estimating equations

As discussed earlier, the study mirrored the CKD-EPIcys (2012). It used the non-linear least

squares estimation method in the development of these equations.

For the females’ equations an eGFR non-linear estimating function was fit as shown in

equation 3.1:

Y; = 133 x min((f—;,l)_ﬁo X max(é)—;,l)_ﬁl x 0.996% [x B, if female] + E; (15)

Equation 3.1: Developed non-linear eGFR estimating function for females based on Cystatin C

Where Y; is the measured glomerular filtration rate of the participant, i, and p; and o; are the
participants serum Cystatin C level and age respectively. Because £, multiplying the whole
equation, zero is not a feasible starting point as it would turn the equation to zero, with the

starting point for 8, as 0.5.
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Another non-linear estimation function was developed adjusting for age to check the effect in

improvement of the model as shown in equation 3.2:

Y, = 133 X min((f—;,l)_ﬁo X max(;’—;,n—ﬁl X (B2)7% [x Pgiffemale] + E;  (16)

Equation 3.2: Developed non-linear eGFR estimating function for females adjusted for Age based on Cystatin C

Where'Y; is the measured glomerular filtration rate of the participant, i and p; and o; are the
participants serum Cystatin C level and age respectively. The starting point for the age
parameter, ,, was set to 0.8. Because 5 multiplying the whole equation, zero is not a
feasible starting point as it would turn the equation to zero, hence the starting point for S

was set to 0.5.

Table 4 shows the list of estimating equations based on serum cystatin for females.

Table 4: Female Cystatin C based estimating Equations

Female Cystatin estimating equation without Age adjustment

133 * (min(L5, 1)70411) * (max(L55, 1)70481) * (0.9964¢°) * 0.932

Female Cystatin estimating equation with Age adjustment

133 * (min(L5, 1)70401) * (max(L55, 1)70374) * (0.9934¢°) * 1.061

For the males’ equations based on serum Cystatin C, an eGFR non-linear estimating

function was fitted, as shown in equation 3.3:

Y; = 133 x min(s, 1)7Fo x max(PL, 1)7F x 09967 + E; (17)

Equation 3.3: Developed non-linear eGFR estimating function for males based on Cystatin C
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Where'Y; is the measured glomerular filtration rate of the participant, i, and p; and o; are the

participants serum Cystatin C level and age respectively.

As done with the female participants, the study further developed another non-linear
estimation function based on serum cystatin for male participants adjusting for age to check

the effect in improvement of the model as shown in equation 3.4:

Y; = 133 x min(2L, 1)7Fo x max(2L,1)7F1 x B,% + (18)

Equation 3.4: Developed non-linear eGFR estimating function for males adjusted for Age based on Cystatin C

Where Y; is the measured glomerular filtration rate of the participant, i, and p; and o; are the
participants serum Cystatin C level and age respectively. The starting set point for 8, = 0.8

for our non-linear estimating equation.

Table 5 shows the set of equations for males based on serum cystatin. Both the equation

further adjusted for the age parameter and the equation without the age adjustment.

Table 5: Male Cystatin C based estimating equations

Male Cystatin estimating equation without Age adjustment

133 * (min(cysotztin, 1)0.206) * (max(cyztztin’ 1)_0_476) % (O.996Age)

Male Cystatin estimating equation with Age adjustment

133 * (min(%, 1)0.344) * (max(cysotztin’ 1)_0_577) . (0_997Age)

A comparison on whether the age adjustment had an effect of improving the model was
done with the positive effect largely visible amongst females as compared to males

(Appendix 3).
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Overall, the age adjustment had a positive effect on the estimation equation. As shown in
Figure 6, the graph to the left represents the modelled cystatin C — based equation without
the age adjustment, whilst the graph to the right represents the modelled cystatin C -based
equation with the age adjustment. The blue line represents mGFR and the red line

represents the modelled eGFR equation based on cystatin C.

In the graph to the right, it is evident that the lines are better imposed on each other as
compared to the graph on the left. However, in both equations, the estimating equations

underestimate GFR at lower levels of age and overestimates GFR at higher levels of age.

1204 120
1004 100
—— lowess gfrbmc age —— lowess gfrbmc age
—— lowess Cys_eGFR1 age —— lowess Cys_eGFR2 age
801 80
60 60
T T T T T T T T
20 40 60 80 100 20 40 60 80 100
age age

Figure 6: Comparison of the modelled Cystatin C based equations

Pearson correlation coefficients between mGFR and the developed cystatin C based
equations both estimating equations is 0.4476 and they are both statistically significant with
p-value <0.001. Overall, this indicates that there is a moderate positive and statistically

significant linear relationship between mGFR and both Cys_eGFR1 and Cys_eGFR2.
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3.2.2 CystatinC-Creatinine based estimating equations

In development of the estimating equation based on a combination of serum Cystatin C and
serum creatinine, non-linear estimation methods in Stata 17 were used and mirrored the
CKD_EPI (creatinine-Cystatin C) equation. The study further developed the set of equations

adjusting for the age parameter to check for improvement in the model.

For females the nonlinear estimation function was fit as shown in equation 3.5:

. . - 3 -
Y; = 135 X min (% ,1)70-248 % max(%,l) ! xmin(;/)—;,l) %

(19)

max (£,1)  x 0.995% [x a if female] + E;

Equation 3.5: Developed non-linear eGFR estimating function for females based on both serum Creatinine and Cystatin C

Where Y, is the measured glomerular filtration rate of the participant, i, and w;, ¥; and 4; are
the serum creatinine, serum Cystatin C level and age for participant, i, respectively.
Because a, is multiplying the whole equation, zero is not a feasible starting point as it would

turn the equation to zero, hence the starting point for a, was chosen at 0.5.

Another non-linear estimation equation was developed, adjusting for age using the non-

linear estimation as shown in equation 3.6:

. . -a 3 —-a
Y; = 135 X min (%,1)‘0'248 X max(%,l) ! xmin(;p—;,l) Y

(20)
) -
max ((%l;’ 1) * % aﬁi [X ag if female] + E;
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Equation 3.6: Developed non-linear eGFR estimating function for females adjusting for age, based on both serum Creatinine
and Cystatin C

Where Y; is the measured glomerular filtration rate of the participant, i, and w;, ¥; and 4; are
the serum creatinine, serum Cystatin C level and age for participant, i, respectively.
Because a, multiplying the whole equation, zero is not a feasible starting point as it would

turn the equation to zero, hence the starting point for as was set to 0.5, and for a, = 0.8.

Table 7 shows the modelled estimating equations based on both serum creatinine and

serum cystatin for females.

Table 6: Female modelled Creatinine-Cystatin C based estimating Equations

Female Creatinine-Cystatin estimating equation without Age adjustment

135 * (min(crez;ti:ine, 1)—0.24'8) * (max (Creaoti;line’ 1)_0-296) * (min(cysot:tin, 1)—0.382) N

(max(25522,1)70310) * (0.99548°) * 3,541

Female Creatinine-Cystatin estimating equation with Age adjustment

.. i —0.288 i
135 * (min(cree;tll:lne, 1)—0.248) * (max (creaot.17n1ne’ 1) ) * (min(cysotle;tm, 1)_0.377) %

(max(22240 1)-0.250) x (9.993A8€) * 3,702

08 '’

For males the nonlinear estimation function was fit as shown in equation 3.7:

Y; = 135 X min(%,l)_o'207 X max(%,l)_“1 ><min(%,1)_“2 X
(21)
. —-a
max (X, 1) " 0.995% + E;

Equation 3.7: Developed non-linear eGFR estimating function for males based on both serum Creatinine and Cystatin C
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Where'Y; is the measured glomerular filtration rate of the participant, i, and w;, ¥; and A; are

the serum creatinine, serum Cystatin C level and age for participant, i, respectively.

Adjusting for the age parameter, we fit the non-linear estimating equation for male

participants based on both infiltration markers as shown in equation 3.8:

Y; = 135 X min(w;/0.9,1)7%2%7 x max(w;/0.9,1)"% X min(y;/0.8,1)"% X

. -a
max (%,1) ’ aMi + E;

(22)

Equation 3.8: Developed non-linear eGFR estimating function for males adjusting for age, based on both serum Creatinine

and Cystatin C

Where Y; is the measured glomerular filtration rate of the participant, i, and w;, ¥; and A; are

the serum creatinine, serum Cystatin C level and age for participant, i, respectively. | chose

the starting point for @, = 0.8

Table 7 shows the modelled estimating equations based on both serum creatinine and

serum cystatin C for males.

Table 7 : Male modelled Creatinine-Cystatin C based estimating Equations

Male Creatinine-Cystatin estimating equation without Age adjustment

135 * (min(creal)tignine ) 1)—0.207) * (max (creaotignine’ 1)0'017) * (min(CYSOtz;tin’ 1)0.411) *

(max(L2, 1)=0579) * (0.9954¢¢)

Male Creatinine-Cystatin estimating equation with Age adjustment

i - —0.406
. creatinine — creatinine
135 * (mln(T, 1)70207) * (max (—, 1)

* . Cystatin 0.409\ *
Y ) * (min(=——, 1)>*™)

(max(Z52, 1)=0353) * (0.99446°) * 6.577
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Figure 7 illustrates the estimation pattern of the modelled Creatinine-Cystatin C estimating
equations against mGFR. In the case of the Creatinine-Cystatin C equations, the age

adjustment had an improvement on the estimation especially between 40 and 80 years of
age where the estimations were almost super-imposed against those of the measured gfr.
However, over estimation and underestimation of the extreme ages was more than that of

the estimating equation which did not have the age adjustment factor.

120
120
100 1004
—— lowess gfrbmc age —— lowess gfrbmc age
—— lowess CreatCys_eGFR1 age 804 —— lowess CreatCys_eGFR2 age
80
60+
60
404
T T T T L L L A N
20 40 60 80100 20 40 60 80100
age age

Figure 7: Comparison of modelled Creatinine-Cystatin C based equations

Pearson correlation showed that both CreatCys_eGFR1 and CreatCys_eGFR2 have
positive and moderate correlations with mGFR, with correlation coefficients of 0.4664 and
0.4890, respectively. The correlation between mGFR and CreatCys_eGFR2 (0.4890) is
slightly higher than the correlation with CreatCys_eGFR1 (0.4664), suggesting a slightly
stronger linear relationship with CreatCys_eGFR2. All the correlations are statistically
significant at any conventional significance level, as indicated by the p<0.0001 significance

levels. Compared to the previous correlations with Cys_eGFR1 and Cys _eGFR2, the
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correlations with CreatCys_eGFR1 and CreatCys eGFR2 are slightly higher, suggesting

that these variables may have a stronger linear relationship with mGFR.

3.3 Evaluation of performance of models

Evaluation of the performance of the modelled equations was measured against mGFR. To
assess the performance and validity of the estimating equations, the correlation was
assessed between all eGFR equations (both the modelled and existing equations) and

MGFR via scatter plots.

Figure 8 shows these scatterplots that allow visual assessment of agreement and correlation
between the different eGFR estimation methods and mGFR. The modelled Cystatin C and
Creatinine-Cystatin C based methods demonstrate the strongest agreement based on the
tight clustering along the identity lines. This suggests that the modelled Cystatin C and
Creatinine-Cystatin C eGFR equations have the strongest correlation and agreement with
MGFR. The various CKD-EPI equations perform similarly whilst ARK model methods appear
to have weaker correlation against mMGFR in comparison to the other equations

performance.

42



GFR_BM

GFR_BM

GFR_BM

200+

1504

1004

50+

GFR_BM

2004

150

100+

GFR_BM

2004

150

100+

GFR_BM

T T T T
80 100 120 140
Cys_eGFR1

GFR_BM

150+

100+

50

T T T T
80 100 120 140
Cys_eGFR2

GFR_BM

2001

150

100+

50

T
80
CreatCys_eGFR1

T T T
100 120 140

GFR_BM

GFR_BM

2004

150

1004

50

T T T
100 150 200

CKD_EPI_2012

T T
100 120

T
80
ARKM2

T T
50 100
CKD_EPI_2021

T
150

T
200

200+

150+

2004

150+

! 100

T T T T
80 100 120 140
CreatCys_eGFR2

T
60

T T T
80 100 120
ARKM1

Figure 8: Scatter plots depicting assessment of linearity on the eGFR models (both the modelled and the existing equations

The Bland-Altman analysis provides a quantitative visualization of agreement. Figure 9

illustrates the agreement between the eGFR equations (both the modelled and the existing

equations) and mGFR. The modelled cystatin C based, and creatinine-cystatin C based

eGFR equations show the strongest agreement with mGFR based on their narrow levels of

agreements (-100 -100), and small mean differences. The CKD-EPI equations plots show

wider limits of agreement compared to the modelled equations plots. They exhibit weaker

overall agreement with mGFR. Some slight proportional bias is evident with more points

below 0 difference at lower averages. Lastly, the ARKM equations display the poorest

agreement with mGFR.
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Figure 9: Bland-Altman plots illustrating agreement between eGFR equations (both the modelled and existing equations)
and mGFR

Accuracy, bias, and precision were used to evaluate the performance of the eGFR
equations. The values of the three-performance metrics for the modelled eGFR equation
were compared against the same metrics calculated for existing eGFR equations. The
reference standard used to compute all metrics was the mGFR. Table 8 compares the

performance of the different eGFR equations against mGFR across CKD stages.

Table 8: Comparing eGFR estimating equations to iohexol-measured GFR (mGFR) by GFR range and stage of chronic kidney
disease

290 mL/min per

60-89 mL/min per

45-59 mL/min per

<45 mL/min per

1.73m? of BSA, CKD 1.73m? of BSA, CKD 1.73m? of BSA, CKD 1.73m? of BSA, CKD Overall
stage 1 stage 2 stage 3a stage 3b-5
lohexol GFR, mL/min
n=2433
per 1-73 m2 of BSA 838(34%) 1121(46%) 320(13%) 154(6%)

Categories by GFR
stage for GFR

estimating equations
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CKD-EPI 2009 1794(74%) 472(19%) 114(5%) 53(2%) 1067(44%)
CKD-EPI 2012 1675(69%) 635(26%) 79(3%) 44(2%) 1135(47%)
CKD-EPI 2021 1868(77%) 475(20%) 55(2%) 32(1%) 1554(64%)
ARKM1 471(19%) 1811(74%) 137(6%) 14(1%) 1336(55%)
ARKM?2 470(19%) 1815(75%) 134(6%) 14(1%) 1336(55%)
ARKM3 457(19%) 1836(75%) 127(5%) 13(1%) 1323(54%)
Cys-based_1 1520(62%) 896(37%) 17(1%) 0% 1202(49%)
Cys-based_2 1496(61%) 917(38%) 20(1%) 0% 1226(50%)
CreatCys-based_1 1502(62%) 904(37%) 26(1%) 1(0.04%) 1221(50%)
CreatCys-based_2 1472(61%) 913(38%) 39(2%) 9(0.4%) 1262(52%)

Bias, mL/min per 1-73

m2

CKD-EPI 2009 -4(-6--3) 15(14-16) 26(24-29) 39(34-43) 11(10-12)
CKD-EPI 2012 2(1-4) 22(21-23) 33(31-36) 42(38-47) 18(17-19)
CKD-EPI 2021 12(11-14) 30(28-31) 39(36-42) 51(46-56) -3(-3.5--1.8)
ARKM1 -22(-23--21) 1(0.6-2) 17(16-18) 32(29-34) -3(-3.5--1.8)
ARKM2 -22(-23--21) 1(0.5-2) 17(16-18) 32(29-35) -3(-3.5--1.8)
ARKM3 -22(-23--21) 1(0.7-2) 17(16-18) 32(30-35) -3(-3.5--1.8)
Cys-based_1 -7(-8--5) 17(16.6-18) 33(32-35) 47(44-50) 13(12-14)
Cys-based_2 -5(-6 - -4) 17(16.5-18) 33(31-34) 46(43-49) 13(12-14)
CreatCys-based_1 -4(-6--3) 17(16.7-18) 32(31-34) 46(42-49) 13(12-14)
CreatCys-based_2 -5(-7 - -4) 17(16.6-18) 33(31-34) 46(43-49) 13(12-14)
Relative Bias
CKD-EPI 2009 -2%(-4 - -2) 21%(19-22) 50%(46-55) 130%(104-156) 23%(21-23)
CKD-EPI 2012 4%(3-5) 30%(29-32) 63%(58-68) 144%(114-173) 33%(30-35)
CKD-EPI 2021 13%(12-15) 40%(38-42) 74%(69-79) 167%(136-197) 43%(40-46)
ARKM1 -19%(-20 - -18) 24%(16-33) 33%(30-35) 108%(87-128) 6%(4-8)
ARKM2 -19%(-19 - -18) 24%(15-33) 33%(30-35) 109%(88-129) 6%(4-8)
ARKM3 -19%(-20 - -18) 26%(17-35) 33%(30-36) 110%(89-130) 6%(4-8)
Cys-based_1 -4%(-5 - -3) 24%(23-25) 63%(60-66) 154%(129-178) 27%(25-30)
Cys-based_2 -3%(-4 - -2) 24%(23-25) 62%(59-65) 152%(126-178) 28%(25-30)
CreatCys-based_1 -3%(-4 - -2) 24%(23-25) 61%(58-64) 151%(126-177) 28%(25-30)
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CreatCys-based_2

-1%(-2 - 0)

24%(22-25)

58%(55-61)

146%(120-172)

28%(25-30)

Precision, log RMSE

2.29(2.27-
CKD-EPI 2009 2.19(2.16-2.22) 2.28(2.26-2.30) 2.42(2.37-2.47) 2.57(2.50-2.64) 2.31)
2.37(2.35-
CKD-EPI 2012 2.22(2.19-2.25) 2.40(2.38-2.43) 2.55(2.50-2.59) 2.57(2.50-2.64) 2.39)
2.48(2.46-
CKD-EPI 2021 2.36(2.33-2.38) 2.51(2.49-2.53) 2.61(2.57-2.64) 2.68(2.62-2.74) 2.50)
2.17(2.15-
ARKM1 2.36(2.33-2.39) 1.94(1.91-1.96) 2.26(2.22-2.31) 2.54(2.49-2.59) 2.19)
2.17(2.15-
ARKM2 2.37(2.34-2.39) 1.94(1.91-1.96) 2.28(2.24-2.32) 2.55(2.50-2.59) 2.19)
2.17(2.14-
ARKM3 2.36(2.33-2.38) 1.93(1.90-1.95) 2.26(2.22-2.30) 2.55(2.50-2.60) 2.18)
2.29(2.27-
Cys-based_1 2.07(2.04-2.11) 2.29(2.26-2.31) 2.61(2.50-2.63) 2.74(2.72-2.76) 2.31)
2.29(2.27-
Cys-based_2 2.09(2.06-2.12) 2.29(2.26-2.31) 2.59(2.57-2.61) 2.72(2.70-2.75) 2.31)
2.29(2.27-
CreatCys-based_1 2.10(2.06-2.13) 2.29(2.27-2.32) 2.59(2.57-2.61) 2.72(2.69-2.74) 2.31)
2.29(2.27-
CreatCys-based_2 2.12(2.09-2.15) 2.28(2.25-2.290 2.55(2.53-2.58) 2.67(2.63-2.71) 2.30)

Accuracy

CKD-EPI 2009 89%(86-91) 64%(61-66) 34%(29-39) 16%(10-22) 65%(63-67)
CKD-EPI 2012 86%(84-89) 48%(45-51) 21%(17-26) 14%(9-21) 56%(54-58)
CKD-EPI 2021 75%(72-78) 35%(33-38) 17%(13-22) 12%(7-18) 45%(43-47)
ARKM1 80%(78-83) 94%(93-96) 49%(43-55) 10%(5-15) 78%(77-80)
ARKM?2 79%(77-83) 94%(93-96) 50%(44-55) 9%(5-15) 78%(76-80)
ARKM3 80%(77-83) 95%(93-96) 50%(45-56) 8%(5-14) 78%(77-80)
Cys-based_1 95%(93-96) 65%(62-68) 6%(4-9) 0%(0-2.4) 63%(61-65)
Cys-based_2 94%(93-96) 64%(61-67) 11%(8-15) 0.65%(0-4) 64%(62-65)

CreatCys-based_1

95%(93-96)

64%(61-67)

12%(8-16)

1.3%(0.16-5)

64%(62-65)

CreatCys-based_2

93%(91-95)

66%(63-68)

20%(16-25)

3.9%(1-8)

93%(91-95)
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CKD-EPI 2009 and 2012 equations have negative bias, underestimating GFR, while CKD-
EPI 2021 overestimates. ARKM equations have minimal overall bias. There is a positive bias
in the modelled Cystatin C based equations and the Creatinine — Cystatin C based
equations, resulting in an overestimation of GFR. Bias increases in magnitude with later

CKD stages for all equations.

CKD-EPI and ARKM equations have higher precision errors (RMSE) than the modelled
equations. Accuracy is highest for the modelled estimating equations. CKD-EPI equations
and ARKM equations accuracy decreases in later CKD stages. The modelled Cystatin C and
creatinine- cystatin C based equations have the best combination of minimal bias and good

accuracy across all CKD stages.

Modelled estimating equations, both based on cystatin C and a combination of cystatin C
and creatinine, outperform the existing CKD-EPI equations and the ARKM equations overall,
with less bias and greater accuracy. However, performance declines for all equations in later

CKD.

3.4 Machine Learning techniques in detecting CKD

Table 9 and Table 10 shows the ranks and correlation coefficients associated with the
features in our data and how they are related to mGFR prediction. Based on the ranks and
correlation statistics, the most useful features are cystatin, age, and serum creatinine. These

have moderately strong correlations with mGFR and decent information gain scores.
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Including these features would help predict mGFR accurately. Country, sex, and bmi have
extremely low information gain scores, indicating they are not useful predictors of mGFR.
Height has a small positive correlation with mGFR, so may provide signal. Weight has

almost no correlation and was excluded.

The optimal model included cystatin C, age, and serum creatinine as the primary predictive

features, with country and sex as secondary features.

Ranks

Table 9: Ranks of the features used for feature selection

# Info. gain Gain ratio Gini ANOVA X2 ReliefF FCBF
1 | @ merr 0.325 0.162 || 0.111 NA 607.630 0.117 0.337
2 || 0 ¢ystatinc 0.040 0.020 || 0.014 NA 91.919 0.009 0.000
3 Iﬂ age 0.033 0.017 0.012 NA 86.854 0.043 0.000
4 || B creatinine 0.018 0.009 0.006 NA 46.682 0.014 0.000
5 country 3.0 0.004 0.002 | 0.001 NA 1.648 0.000 0.000
6 | @ pmi 0.002 0.001 || 0.001 NA 1.965 0.026 || 0.000
7 || @ peight 0.002 0.001 || 0.001 NA 4,569 0.023 0.000
8 m weight 0.001 0.000 0.000 NA 0.256 0.025 0.000
9 sex 2.0 0.000 0.000 ||  0.000 NA 0.145 0.000 0.000
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Spearman correlation

Table 10 : Spearman correlation coefficients of the features of the ARK study data set

.
2 -0.369 cystatin mGFR
3 -0.248 creatinine mMGFR
4 +0.120 gfrbmc height
5 -0.069 bmi gfrbomc
6 -0.020 gfrbmc weight

Figure 10 shows the workflow chat in development of the machine learning techniques used

in this study for detecting CKD with a binary outcome (CKD-present and CKD-absent). Six

machine learning algorithms were developed as shown in figure 10.
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The data set was split using the ratio 75:25, into training data set (N=1825), and the testing

data set (N=608). The study developed the models for all the machine learning techniques

displayed in Figure 9 using the training data set. Evaluation of the performance based on the

model predictions by computing the tests and scores of each technique using the test data

set and the results of the performances are shown in Table 11.

Table 11: Performance evaluation of machine learning models on the Training data set

MODEL
Naive Bayes

Logistic Regression

Tree
SVM
Random Forest
Knn

AUC
0.945
1.000
0.998
0.989
1.000
0.956

CA

F1

0.887
0.991
0.999
0.947
1.000
0.938

Prec

0.890
0.991
0.999
0.943
1.000
0.933

Recall MCC
0.895 0.887
0.991 0.991
0.999 0.999
0.947 0.947
1.000 1.000
0.935 0.938

0.564
0.961
0.998
0.765
1.000
0.721

Spec
0.713
0.943
0.997
0.706
1.000
0.689

LogLoss
0.207
0.050
0.019
0.143
0.009
0.357
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Table 12: Performance evaluation of machine learning models on the Testing data set

MODEL AUC CA F1 Prec Recall MCC Spec LogLoss

Naive Bayes 0.935 0.880 0.888 0.902 0.880 0.516 0.715 0.225
Logistic Regression 1.000 0.993 0.993 0.993 0.993 0.968 0.962 0.048
Tree 0.993 0.998 0.998 0.998 0.998 0.992 0.988 0.057
SVM 0.992 0.951 0.947 0.949 0.951 0.740 0.688 0.106
Random Forest 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.007
Knn 0.981 0.946 0.944 0.943 0.946 0.724 0.736 0.105

Random Forest has perfect scores of 1.0 across all metrics in the training data set. This
indicates that it is accurately classifying the learner data with a high degree of confidence. It
also has perfect scores across all metrics on the training set indicating that it has clearly fit

the training data very well.

Logistic Regression also performs very well on the training set with AUC of 1.0 and other
metrics above 0.99. It is a strong model but slightly behind Random Forest. It again does
quite well in predicting using the test data set, with AUC of 1.0 and other metrics above 0.99,

indicating slightly higher performance than the learner set.

Naive Bayes lags on the training data set with AUC of 0.945 and metrics in the 0.88-0.89
range. Its high log loss of 0.207 shows uncertain predictions. Similarly, it again lags with
AUC of 0.935 and metrics in the 0.88 range in the testing data set. Log loss of 0.225 is

however an improvement over the training data set

The other models (Tree, SVM, KNN) achieve reasonable but not standout performance on
the training data set. Their metrics are in the 0.90-0.95 range. They, however, perform

noticeably better on the training set implying some overfitting to the training data.

51



In summary, Random Forest is the top performer. Logistic Regression does very well on
prediction of mGFR. The other models appear to have overfitted the training data more than
the learner data. Comparing performance on the two datasets provides insights into

generalization capabilities.
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4, Conclusion and Recommendations

4.1 Discussion

This study evaluated the accuracy of CKD-EPI eGFR equations and developed new
equations for estimating GFR among black adults from South Africa, Malawi, and Uganda.
The analysis provided several key insights regarding the performance of existing and newly

developed eGFR equations in this African population.

The descriptive statistics for this study reported that the differences in socio demographic
and health variables for participants were not statistically significant. The results were similar
to those reported in the primary study (33). Strong evidence of the difference in means of
MGFR by country and sex were established in post-hoc analyses, highlighting the
importance of considering these factors when estimating GFR in diverse African populations.
This finding aligns with previous studies that have noted variations in kidney function across

different African ethnic groups (34)

The newly developed serum cystatin C-based and combined creatinine-cystatin C equations
showed improved performance compared to existing equations. The cystatin C-based
equation performed particularly well, which is consistent with other research suggesting
cystatin C may be a more reliable GFR marker than creatinine in some populations (21).
However, it's important to note that our equations were developed and validated on the
same dataset, which may lead to overly optimistic performance estimates. External
validation in independent African cohorts is needed to confirm the generalizability of these

new equations.
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The development and evaluation of new GFR estimating equations in the African population
provides important insights into performance across CKD stages. The analysis showed that
the developed eGFR equations based solely on serum cystatin C performed better than
those based on a combination of both serum creatinine and serum cystatin C. The modelled
equations both had higher correlation with mGFR across CKD stages based on scatterplot
analysis. Bland-Altman plots also exhibited narrower limits of agreement for the modelled
equations, indicating better quantitative agreement versus mGFR. Finally, the modelled
equations displayed lower bias and higher accuracy compared to existing CKD-EPI

equations and ARKM equations.

These findings were consistent across CKD stages, with the modelled equations maintaining
minimal bias and good accuracy even in later stage 3-5 CKD. In contrast, existing equations
showed declining performance in advanced CKD. This provides evidence that the new
modelled equations address limitations of current methods in the African population across

disease severity.

In evaluating equation performance, the new equations had lower bias and higher accuracy
across CKD stages compared to existing CKD-EPI and ARKM equations. This was
especially true in later stage CKD, where existing equations tend to perform poorly. These
findings support the need for population-specific eGFR equations in African settings, as
noted by other researchers (35).The machine learning analysis provided an innovative
approach to CKD detection, with Random Forest and Logistic Regression models showing
excellent performance. However, the perfect scores achieved by these models, especially on
the test set, are unusual and may indicate some data leakage or overfitting issues. Further
investigation and external validation would be prudent before drawing strong conclusions

about the superiority of these ML approaches.
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The evaluation of 6 machine learning classification techniques on a training dataset and
testing dataset provides insights into their comparative predictive capabilities on this
problem, in this case, classification. Random Forest is clearly the top performing model, with
perfect scores across all metrics on both datasets. This indicates a strong generalization
ability. Logistic Regression is a close second, also achieving an AUC of 1.0 and scores

above 0.99 on both sets.

The other models - Naive Bayes, Tree, SVM, and KNN - lag Random Forest and Logistic
Regression. Their performance is noticeably better on the training set versus the learner set,
implying some overfitting has occurred. Naive Bayes in particular struggles with this data,

with the lowest scores and highest log loss on both sets.

4.2 Strengths and limitations of nonlinear models

The strength for this study was based on the flexibility demonstrated by non-linear models to
model complex non-linear relationships between predictors and outcome. The association
between GFR, cystatin C, creatinine and age is non-linear, so non-linear models are better
suited. The study avoided assumptions of linearity which may not apply as non-linear models
make no assumptions about linear associations. Non-linear models can fit data more
precisely across full range of values, not just locally around mean, hence they became
useful for modeling entire spectrum of CKD severity. They also allow inclusion of interaction
terms and modifiers like age and sex in flexible non-linear ways. The modelled equations
demonstrated improved performance metrics like lower bias and higher accuracy versus

linear models.
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In the context of existing literature, our findings generally align with other studies showing
the need for improved eGFR estimation in African populations (33,36). The superior
performance of cystatin C-based equations is also consistent with some previous research
(37). However, the degree of improvement we observed with our new equations is larger
than in some other studies, which could be due to our specific population or methodological

differences.

The weaknesses of this study are that more complex specification and fitting, requiring non-
linear regression methods may be associated with risk of overfitting if not careful. Non-linear
models are harder to interpret parameters compared to linear coefficients. The models still
showed some inaccuracies at very high and low mGFR values, suggesting room for
improvement. Limited external validation so far compared to well-established linear CKD-EPI

model.

Several limitations should be considered when interpreting these results. First, the study
population, while diverse, may not be fully representative of all African populations. Second,
the use of iohexol plasma clearance as the mGFR reference standard, while accepted, has
its own potential sources of error (29). Third, the multiple analyses performed (equation
development, traditional statistical evaluation, and machine learning) increase the risk of
type | errors. Finally, the lack of external validation limits our ability to assess the true

generalizability of the new equations and ML models

Overall, the non-linear modeling approach provided flexibility to develop equations tailored to

the African population that addressed limitations of traditional linear models. The improved
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performance metrics validate this approach. Further refinement and external validation will

be important next steps to realize the full potential of non-linear models for GFR estimation.

4.3 Conclusion

The evaluation of the performance of traditional and newer GFR estimating equations yields
important insights. The analysis showed cystatin C and creatinine-cystatin C based
equations demonstrate quantitatively stronger performance compared to existing methods
across CKD severity in the African population. The modelled equations displayed lower bias,

higher accuracy, and better agreement versus measured GFR.

These findings provide evidence that the modelled equations address limitations of current
estimating equations in the African population across CKD stages. This supports
transitioning to the modelled cystatin C and creatinine-cystatin C equations as superior

methods for GFR assessment in African patients clinically.

However, no equation perfectly estimated GFR across all ranges. The ARKM equations
showed the lowest overall bias, while tending to underestimate higher GFR and the CKD-
EPI 2021 equation overestimated function in CKD patients. These findings confirm
limitations in relying solely on creatinine as a filtration marker in current clinical practice for

all patients.

Overall, the results highlight the promise of novel cysteine and cysteine-creatinine estimating
equations to address gaps with traditional formulas in patients with normal kidney function or
hyperfiltration. Accuracy in these populations has been a previously known shortcoming of
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widely used equations like CKD-EPI and MDRD. The integration of filtration markers such as
Cystatin C helps improve performance particularly for those without impaired kidney

function.

The analysis and evaluation of different machine learning models on the task of predicting
CKD shows that advanced techniques like Random Forest and Logistic Regression can
significantly outperform traditional statistical models. Traditional models like logistic
regression have been widely used in healthcare to predict outcomes like CKD onset.
However, machine learning models that can capture nonlinear relationships and complex

interactions can improve predictive performance.

In conclusion, this study provides valuable insights into GFR estimation in African

populations and offers promising new equations for improved accuracy. However, external
validation and further investigation of the machine learning approaches are necessary next
steps. Future research should also explore the clinical impact of using these new equations

on CKD diagnosis and management in African healthcare settings.

4.4 Recommendations

Based on the current findings regarding performance of GFR estimating equations, the

following recommendations can be made:

1. Consider preferential use of Cystatin-based equations for patients without known
CKD, patrticularly in settings where true GFR measurement is not feasible. This may

improve accuracy in this cohort specifically.
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2. Further studies should evaluate precision and accuracy trends across full age and
disease spectrums to refine optimal equation selection approaches in both kidney

health and disease states.

3. GFR estimates ideally should be confirmed periodically using measured methods
when clinical context warrants, especially with estimates at odds with overall patient
presentation. No equation is considered sufficiently accurate to replace true GFR
assessment via testing when precision is essential. Random Forest should be the
primary model deployed for this classification task, given its dominant performance. It

provides accurate predictions with a high degree of certainty.

4. Logistic Regression is a strong secondary model to consider, given its excellent
metrics just slightly behind Random Forest. It may be a suitable fallback if Random

Forest were to encounter issues.
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Table 4. Comparison of accuracy within 30% and within 10% of estimating equations by exact McNemar tests.

MDRD nef

MDRD

CKD-EPI SCr nef

CKD-EP1 5Cr

CKD-EPICys

CKD-EPI 5CrCys

CKD-EPI SCr nef
CED-EPI 5Cys
CKD-EPI SCrCys nef
CKD-EPI 5Cr
CKD-EPI 5CrCys
MDRD

CKD-EPI 5Cys
CKD-EPI SCrCys nef
CKD-EPI 5Cr
CKD-EPI SCrCys

CKD-EPI 5Cys
CKD-EPI SCrCys nefl
CKD-EPI 5Cr
CKD-EPI 5CrCys
MDRD

CKD-EPI 5Cys
CKD-EPI SCrCys nef

CKD-EPI 5CrCys

CKD-EPI SCrCys
CKD-EPI SCrCys nefl

CKD-EPI SCrCys nefl

P30%
86.0

79.6

817

731

9.4

87.1

P30%

817
914
92.5
73.1
87.1
79.6

91.4
92.5
73.1
87.1

914
92.5
73.1
87.1
79.6

914

92.5

87.1

87.1
92.5

92.5

p-value

0.2891
03018
0.1094
0.0169
1.0000
0.2101

0.0127
0.0005
0.0703
0.0156

0.0352
0.0020
0.0574
0.1250
0.7266

0.0002
< 0.0001

0.0002

0.3437
1

0.0039

P10%
41.9

344

516

204

516

376

Pl10%

51.6
51.6
57.0
20.4
37.6

516
57.0
20.4
37.6

51.6
57.0
20.4
37.60
34.4

51.6
57.0
37.6

p-value

0.136
0.211
0.0385
0.0091
0.6587
0.4426

0.0226
0.0002
0.0106
0.7201

1.0000
0.4421
< 0.0001
0.0533
0.0090

< 0.0001
< 0.0001

0.0004

0.0596
0.4049

0.0625

CKD-EPI SCr: Chronic Kidney Disease- Epidemiology Collaboration equation based on serum creatinine only, with ethnic factor; CKD-EPI SCr nef: CKD-EPI without
ethnic factor; CKD-EPI 8Cys: CKD-EPI equation based on cystatin C only; CKD-EPI SCrCys: CKD-EPI combining creatinine and cystatin C with ethnic factor.

CKD-EPI SCrCys nef: CKD-EPI combining serum creatinine and cystatin C without ethnic factorMDRD: Modification of Diet in Renal Disease study equation with

ethnic factor; MDRD nef: MDRD without ethnic factor. P10: accuracy within 10%; P30: accuracy within 30%; RMSE: Root mean square error.

Appendix 4: Performance of equations in the whole cohort for the Kinshasa and Ivory Coast

study(34)

Table 3| Performance of equations in the whole cohort (N = 494)

Equation Absolute bias (95% Cl) Absolute SD Accuracy within 30% (95% CI) Lin’s CCC (95% CI)
MDRD —7.8(—95to —6.1) 194 76.1 (72.3 to 79.9) 0.73 (0.67 to 0.78)
MDRD ef 8.2 (6.1 to 10.2) 233 73.3 (69.4 to 77.2) 0.70 (0.61 to 0.77)
CKD-EPI 0.0 (1.6 to 1.6) 18.1 77.7 (74.1 to 81.4) 0.81 (0.76 to 0.84)
CKD-EPI ef 133 (114 to 15.2) 213 64.6 (60.3 to 68.8) 0.71 (0.66 to 0.76)
FAS SCr —-15(—3.1t0 0.2) 18.7 82.4 (79.0 to 85.8) 0.78 (0.72 to 0.82)
FAS SCr af 25 (0.7 to 4.2) 196 80.6 (77.1 to 84.1) 0.77 (0.70 to 0.82)
CKD-EPI CySC 3.2 (15 to 48) 185 78.7 (75.1 to 82.4) 0.80 (0.75 to 0.83)
FAS CysC 37 (2010 53) 18.7 84.2 (81.0 to 87.4) 0.78 (0.72 to 0.82)
CKD-EPI combined 1.1 (—04 to 25) 166 79.2 (75.6 to 82.7) 0.83 (0.79 to 0.86)
CKD-EPI combined ef 7.8 (62 1t094) 181 76.7 (73.0 to 80.5) 0.80 (0.75 to 0.83)
FAS combined 01(-13t0 15) 158 86.4 (83.4 to 89.5) 0.84 (0.79 to 0.87)
FAS combined af 2.1 (0.7 to 3.5) 16.1 85.4 (82.3 to 88.6) 0.83 (0.78 to 0.86)

Cl, confidence interval; CKD-EPI, Chronic Kidney Disease Epidemiology Collaboration; CKD-EPI combined, Chronic Kidney Disease Epidemiology Collaboration equation
combining creatinine and cystatin C; CKD-EPI combined ef, Chronic Kidney Disease Epidemiology Collaboration equation with the ethnic factor; CKD-EPI CysC, Chronic Kidney
Disease Epidemiology Collaboration equation based on cystatin G FAS combined, Full Age Spectrum equation based on creatinine and cystatin C with White Q; FAS combined
af, Full Age Spectrum equation combined with African @; FAS CysC, Full Age Spectrum equation based on cystatin G FAS SCr, Full Age Spectrum equation based on serum
creatinine with White Q; FAS SCr af, Full Age Spectrum equation based on serum creatinine with African @Q; Lin's CCC , Lin's concordance correlation coefficient; MDRD,

Maodification of Diet in Renal Disease; MDRD ef, Modification of Diet in Renal Disease with the ethnic factor.
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Appendix 5: Summary of the performance of the different equations in the DRC Kinshasa study(34)

Table 3. Performance of the MDRD and CKD-EPI {with and without ethnic factors).

Equations Lin’s CCC r1o P30 Bias SD Proportional bias RMSE
[95%CI] [95%CI] [95%CI] [95%CI] [95%CI] [95%CI]
MDRD 0.338 344 79.6 13.6 27.0 L.16 30.1
[0.198; 0.465] [24.6-44.2] [71.2-87.9] [8.0;19.2] [1.10; 1.22] [11.2:41.1]
MDRD nef 0.414 419 86.0 -4.9 229 0.96 233
[0.250; 0.555] [31.7-52.2] [78.8-94.0] [-9.6; -0.2] [0.91; L01] [11.0;31.0]
CKD-EPI SCr 0.429 204 73.1 17.2 19.3 1.20 25.8
[0.302; 0.540] [12.1-28.8] [63.9-82.3] [13.3;21.2] [1.15; 1.25] [21.9;29.2]
CKD-EPI SCr nef 0.594 516 81.7 23 17.1 1.03 17.1
[0.450; 0.707] [41.3-62.0] [73.7-89.7] [-1.3; 5.8] [0.99; 1.08] [13.8; 20.0]
CKD-EPI 5Cys 0.605 516 91.4 L5 159 103 159
[0.459; 0.718] [41.3-62.0] [85.6-97.2] [-1.8;4.7] [0.99; 1.07] [13.4; 18.0]
CKD-EPI SCrys 0.607 37.6 87.1 9.0 14.7 L.11 17.2
[0.479; 0.710] [27.6-47.7] [80.2-94.0] [5.9; 12.0] [1.07; 1.15] [14.5; 19.5]
CKD-EPI SCrCys nel 0.682 57.0 92.5 L5 14.0 103 14.0
[0.557; 0.777] [46.7-67.2] [87.0-97.9] [-1.4; 4.4] [0.99; 1.06] [11.4; 16.2]

CCC: Concordance Correlation Coefficient; CKD-EPI SCr: Chronic Kidney Disease-Epidemiology Collaboration equation based on serum creatinine only, with ethnic
factor; CKD-EPI SCr nef: CKD-EPI without ethnic factor; CKD-EPI $Cys: CKD-EPI equation based on cystatin C only; CKD-EPI SCrCys: CKD-EPI combining
creatinine and cystatin C with ethnic factor; CKD-EPI 8CrCys nef: CKD-EPI combining serum creatinine and cystatin C without ethnic factor; MDRD: Modification of
Diet in Renal Disease study equation with ethnic factor; MDRD nef: MDRD without ethnic factor; PL0: accuracy within 10%; P30: accuracy within 30%; RMSE: Root
mean square error.

Appendix 6: Disease Effect
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Appendix 7: Age Effect
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Appendix 8: Comparison of the modelled Cystatin C based equations for females. The right graph
representing the modelled equation with the age adjustment whilst the left graph is representing

the modelled equation without the age adjustment
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Appendix 9: Comparison of modelled Cystatin C based equations for males. The right graph

representing the modelled equation with the age adjustment whilst the left graph is representing

the modelled equation without the age adjustment

120
100
80
60+
T T T T T
20 40 60 80 100
age

—— lowess gfrbmc age
—— lowess Male1 age

120+

100+

804

60

20

40

60
age

80

T
100

—— lowess gfrbmc age
—— lowess Male2 age

68



Appendix 10: Comparison of the modelled Creatinine-Cystatin C based equations for females

against the mGFR. The right graph representing the modelled equation with the age adjustment

whilst the left graph is representing the modelled equation without the age adjustment
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Appendix 11: Comparison of the modelled Creatinine-Cystatin C based equations for males. The

right graph representing the modelled equation with the age adjustment whilst the left graph is

representing the modelled equation without the age adjustment
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