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IgA nephropathy (IgAN) causes an inflammation of the glomeruli by an accumulation of Immunoglobulin A antibodies,
and there are many patient characteristics that have been found to highly correlate with and potentially further advance the
pathogenesis of this disease. In this study, we built models studying whether IgAN patient characteristics such as Age, Sex,
Weight, Proteinuria, and BMI could predict eGFR and therefore be correlated with decreased kidney function. We created
three models called SAWP (n=19), SAW (n=38), SABMI (n=30). Using statistical modeling, we generated multiple models to
determine which combination of patient characteristics best correlated with decreased eGFR. Out of the five factors tested, Age
and Weight were found to be statistically significant factors associated with eGFR. Therefore, both Age and Weight may have a
strong influence on IgAN patient outcome relative to other characteristics.
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Introduction and Literature Review

IgA Nephropathy: General Biology

IgA nephropathy(IgAN) is a primary form of glomeru-
lonephritis; a disease that causes an inflammation of the
glomeruli!. Tt is caused by a build up of galactose deficient
IgA-1(Gd-IgAl), an immunoglobulin with abnormal sugar
chains in the glomeruli. It is prominent in East and Pacific
Asian communities as it is diagnosed in “40-50% of all kidney
biopsies performed, compared with 10-20% in North Amer-
ica, up to 20% in Europe and <5% in Africa”?>. It is also
known as a “silent killer” disease as it requires a kidney biopsy
to be diagnosed?>.

Since IgAN causes inflammation in the kidneys, this com-
promises the organ’s ability to filter waste in the glomeruli.
Its progression is typically measured by the decrease in esti-
mated glomerular filtration rate (¢GFR). eGFR has been typi-
cally calculated using a combination of Age, Sex, Weight, or

blood serum creatinine *.

IgA Nephropathy: Patient Characteristics

IgAN in East Asia has a male to female ratio of <2:1, while
Europe and the United States have a reported ratio of 6:1°.
Additionally, proteinuria (excess protein found in urine) has
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been found to be a reliable clinical indicator of chronic kidney
disease progression because kidney inflammation causes pro-
tein leakage into the urine. As proteinuria increases, €GFR no-
ticeably declines over time as patients age, resulting in even-
tual kidney failure in IgAN patients®. Finally, elevated BMI
and weight increases likelihood for hypertension and chronic
renal failure, which can be severely detrimental to IgAN pa-
tients”. Recently, geriatric nutritional risk index (GNRI) has
been shown to predict renal function in IgAN patients with
greater success as it predicts end-stage renal disease more ac-
curately 8. While this metric was not used in this study due to
lack of available data, more research has to be done in order to
discern the relationship between GNRI and IgAN pathogene-
sis.

Currently, a blood test has to be done to measure serum cre-
atinine in the blood to calculate eGFR, and thus infer the stage
of IgAN progression. However, developing and deploying an
accurate machine learning based model to predict eGFR and
kidney function based on readily available, noninvasive pa-
tient data can help doctors and researchers more accurately
identify at-risk patients, and catch it earlier to further advance
IgAN treatment options and patient outcomes.

Methodology

In this study, we utilized multiple regression models, with data
gathered from online clinical studies, to explore the relative in-
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fluences of various patient characteristics (Age, Sex, Weight,
Proteinuria, BMI) in IgAN, using eGFR as a measure of kid-
ney function. Previous clinical studies have investigated these
individual demographic and clinical factors associated with
kidney function in IgAN 337 For example, Sex is associated
with different outcomes in IgAN patients as male patients have
been found to have poorer outcomes than female®!°. Previous
studies have found that extreme BMI is also a significant risk
factor for IgAN progression®!!=14_ In Japanese patients with
IgAN, Shimamoto et.al compared patient groups with differ-
ent BMIs (classified into lean, middle, and obese), and those
with obesity (defined as 23.1-31.9 kg/m?) had significantly
worse clinical outcomes than the other groups . In contrast,
Ouyang et.al found that underweight patients with IgAN had
the highest risk of end-stage kidney disease compared to IgAN
patients with BMIs of normal, overweight, and obese 16 Re-
duction in Proteinuria over a long period of time is associated
with improved IgAN patient outcomes !”. Finally, literature on
the effect of Age on kidney function in IgAN patients has been
mixed on whether it is significant or not. For example, Pitcher
et al. found it to be associated with decreased kidney function
in IgAN patients, while Wen et.al asked for a longer follow
up time with the patients to ensure the trend is accurate®!8,
In our study, we examined the relationship of several highly
relevant and previously verified patient characteristics at once
since while there are many papers that study these factors, we
are presenting an integrated approach to study the associations
with eGFR.

We specifically anticipate Sex and Age to be the strongest
factors of decreased eGFR as they are used to directly calcu-
late this index (MDRD-eGFR equation). Additionally, BMI,
Weight, and Proteinuria are relevant indicators of kidney func-
tion decline, so they can be used to compare the relationships
and relative predictive power of other relevant patient charac-
teristics as well /.

Methodology

By using digital data sets, research papers, and virtual col-
laboration, it was entirely feasible to conduct this study vir-
tually. This research was conducted by using PubMed and
Nephroseq (www.nephroseq.org), a database containing [gAN
patient data from various clinical studies. Specifically, we
used patient data from three existing clinical experiments to
train several regression models '°2!. All of these clinical ex-
periments studied IgA Nephropathy and included the patient
characteristics needed to run our models. Patient data was
extracted from these three studies, and we included various
patient metrics mentioned above such as Sex, Age, Weight
(kg) , BMI (kg/m?), eGFR (mL/min/1.73 m?), and Proteinuria
(g/24h). All of these characteristics have been found to inde-
pendently correlate with IgAN progression and a decrease in

eGFR, so they are good candidates for our predictors.

Since each of these clinical trials omitted Weight, BMI, or
Proteinuria, as they were not reported consistently, three dif-
ferent datasets were created to equally study the effects of the
predictors on eGFR: SAWP (Sex, Age, Weight, Proteinuria);
SAW (Sex, Age, Weight); SABMI (Sex, Age, BMI) (for a
breakdown of each dataset see Figure 1). Patients were in-
cluded in each model if they had IgAN and the patient char-
acteristics with each corresponding model. Excluded patients
included those with IgM Nephropathy or who lacked any pre-
dictor required for a specific model. Sex and Age were in-
cluded in every dataset as constants, to see how they would
change when used in combination with other predictors to pre-
dict eGFR. Sex variables were converted into numeric values
of Female=0 and Male=1. Additionally, all of the numeric
variables, discounting Sex, were scaled using StandardScaler
from sklearn.preprocessing to ensure that all the numeric pre-
dictors contributed equally to the models >,

We ran an ordinary least squares (OLS) regression using
the Statsmodels package in Python?3. Regression modeling
was used to predict a patient’s kidney function, measured with
eGFR, based on their various patient characteristics that have
been found to be indicators of IgAN progression. Specifically,
our regression models examined how patient Sex, Age (years),
Weight (kg), Proteinuria at biopsy (g/24h), and Body Mass In-
dex (kg/m?) were associated with decreased kidney function,
measured by eGFR (calculated with the MDRD equation) at
Biopsy (mL/min/1.73m?). We did not use a combined model
of all patient characteristics as not all patients had Weight,
BMI, and Proteinuria data consistently reported. Addition-
ally, Weight and BMI are redundant as BMI is calculated with
weight, so we wanted to avoid multicollinearity and instead
chose to separate them to see which physical metric has a
more significant effect in IgAN patients. Furthermore, a for-
est plot, partial regression, observed vs predicted eGFR plots
were created to observe whether each of the predictors had a
meaningful relationship with eGFR.

Finally, because we are using real patient data from actual
experiments, the right attribution and confidentiality must be
used. All of the data is public data that is available for any-
one to use; however, it must be properly cited in order to give
credit to the researchers. Furthermore, no personal patient data
was disclosed as it violates the patient’s trust and integrity of
this paper.

Results

Model 1: SAWP dataset

The SAWP model extracted the predictors of Sex, Age,
Weight, and Proteinuria from a subset of all our data, with
a sample size of 19 patients (Table 2A). It predicts 14.1%
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Table 1: OLS Regression results for Models 1-3 (SAWP, SAW, SABMI datasets).

Model 1 2 3
Predictors  Intercept Sex Age Weight  Proteinuria  Intercept Sex Age Weight  Intercept Sex Age BMI
R? 0.332 0.332 0.332 0.332 0.332 0.243 0.243 0.243 0.243 0.131 0.131 0.131 0.131
Adj. R? 0.141 0.141 0.141 0.141 0.141 0.176 0.176 0.176 0.176 0.031 0.031 0.031 0.031
F-statistic 1.740 1.740 1.740 1.740 1.740 3.636 3.636 3.636 3.636 1.309 1.309 1.309 1.309
Prob(F) 0.197 0.197 0.197 0.197 0.197 0.0223  0.0223  0.0223 0.0223 0.293 0.293 0.293 0.293
AIC 186.9 186.9 186.9 186.9 186.9 376.2 376.2 376.2 376.2 305.2 305.2 305.2 305.2
BIC 191.6 191.6 191.6 191.6 191.6 382.8 382.8 382.8 382.8 310.8 310.8 310.8 310.8
Coef 72.0481 12.5266 -7.3768 -11.5377 -7.3019 67.4775 6.2361 -11.9323 -12.6387 66.8915 -0.6565 -11.4014 -5.9147
Std Err 13.797 17.551 7.716 7.758 7.303 12.301 14.563 5.715 5.778 17.029 19.560 7.872 6.788
t 5.222 0.714 -0.956 -1.487 -1.000 5.485 0.428 -2.088 -2.187 3.928 -0.034 -1.448 -0.871
p 0.000 0.487 0.355 0.159 0.334 0.000 0.671 0.044 0.036 0.001 0.973 0.159 0.392
Five Subsets: Cox IgAN Blood, Ju CKD Glom, Ju CKD Tublnt, Reich IgAN Glom, At B
Reich IzAN Tublnt ‘ i A S W i ve P Vloes G Sex A T Weight
Predictors Predictors Predictors
Sex = ® o “ » . 90
« Proteinuria C:

Figure. 1: Datasets and regression models used in the study.
Each one included patient characteristics that have been found
to have a clinically meaningful effect on eGFR in IgAN pa-
tients. The patient data was compiled from three clinical trials
involving IgAN patients, and their measured patient charac-
teristics.

(adjusted R?) of eGFR variation in IgAN patients. Adjusted
R? values greater than 15% indicate that the models explain
a modest but clinically meaningful proportion of the variabil-
ity in the eGFR. This is consistent with clinical studies where
variance is often modest as outcomes are influenced by many
biological, behavioral, and environmental factors 24 The p-
value of 0.197 and the p-values for each predictor suggest that
the model overall was not significant, implying these variables
together and separately do not significantly predict eGFR (Ta-
ble 1).

When analyzing the residual plot (Figure 2A), the points are
skewed to the right, but most of them are clustered around the
line of best fit, indicating some model fit. Additionally, in the
forest plot (Figure 3), the confidence intervals for Proteinuria
and Weight both cross the line of no effect at value 0, so they
do not have a significant relationship with eGFR values.

Across all models, all the predictors in the partial regres-
sion models have a negative relationship, which is to be ex-
pected as eGFR declines with the increase of each predictor.
Interestingly, in the SAWP model’s partial regression (Figure
4A), the partial regression line of proteinuria on eGFR lies on

ResTauaTs vs Fitted Valoes, GPR = Sex 7 Age = BV

Figure. 2: Above, the Residual vs. Fitted eGFR values for each
model is illustrated, and the points plotted represent each ob-
servation’s residual plotted against its fitted GFR value in the
A) SAWP, B) SAW, and C) SABMI datasets. The red dashed
line at zero indicates ideal residual behavior; deviations from
the line suggest potential issues with model fit, non-linearity,
or heteroscedasticity.

top of the partial regression line for age, indicating that both
Age and Proteinuria have similar negative associations with
decreased eGFR. Furthermore, when plotting observed eGFR
values against predicted eGFR values (Figure 5A), the SAWP
model has some clustering around the 45 degree line, indicat-
ing that it can somewhat predict eGFR correctly in comparison
to the actual values. The SAWP model’s adjusted R? value of
0.141 is less than the SAW model’s adjusted R2 value (0.176)
(Table 1). This is most likely caused by a limited sample size
that does not allow us to test more values.

By using a model that includes Age, Sex, Weight, Protein-
uria, and Age x Proteinuria, clinically plausible interaction
terms were explored. The inclusion of the interaction did not
improve model fit (adjusted R?: 0.141 to 0.102; AIC: 186.9
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Effect of Predictors on eGFR values
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Figure. 3: Forest plot illustrating regression coefficients for
each predictor (BMI, Proteinuria, Weight, Age, Sex). The
grey bars extending from each point represent the confidence
intervals for each coefficient estimate calculated with the
statsmodel package.
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Figure. 4: Partial regression plots of residual GFR plotted
against residuals for A) Proteinuria, Weight, and Age (SAWP
Model); B) Weight and Age (SAW Model); C) BMI and Age
(SABMI Model) while controlling for other predictors.

to 188.3), and the interaction term itself was not statistically
significant (p=0.545). Therefore, we did not include the in-
teraction terms in the final model. Variance inflation factors

Model 1: GFR ~ Sex + Age + Weight + Proteinuria

e
100 . L7 .
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. P

Predicted GFR
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Figure. 5: Plotted Observed GFR values vs. Expected eGFR
values for A) Proteinuria, Weight, and Age (SAWP Model);
B) Weight and Age (SAW Model); C) BMI and Age (SABMI
Model) against a 45-degree dotted reference line that demon-
strates perfect model prediction.

Table 2A: SAWP dataset descriptive statistics.

SAWP N Mean SD Median  Min Max
eGFR 19 80.62  31.95 82 15.87 134.65
Age 19 353 1528 33.16 1473 83.89
Weight 19 72.21 14.21 72 50 104
Proteinuria 19 1.67 1.45 0.91 0.19 4.2
Sex Count  Percent
Male 13 68.4
Female 6 31.6

Table 2B: SAW dataset descriptive statistics.
SAW N Mean SD Median  Min Max
eGFR 38 7224 3582 7746 7.59 135
Age 38 3772 1527 3572 1472 83.89
Weight 38 75.84  13.96 77 50 104
Sex Count  Percent
Male 29 76.3
Female 9 23.7

Table 2C: SABMI dataset descriptive statistics.
SABMI N Mean SD Median  Min Max
eGFR 30 66.37 3737 6622 7.59 135
Age 30 38.63 1631 3599 1472 83.89
BMI 30 26.34 4.09 25.3 20.2 33
Sex Count  Percent
Male 24 80
Female 6 20

(VIFs) were used to assess multicollinearity. All VIF val-
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Table 3: Results of tested statistical assumptions of all models excluding visual Q-Q plot.

Model Statistical Assumption ~ Assessment Type Test Statistic p-value  Conclusion
SAWP model = Normality of residuals ~ Shapiro-Wilk test W=0.944 p=0.317 No evidence of departure from normality
SAWP model = Homoscedasticity Breusch-Pagan test LM=7.06 p=0.133  No evidence of heteroscedasticity
SAW model Normality of residuals ~ Shapiro-Wilk test W=0.914 p=0.007  Evidence of departure from normality
SAW model Homoscedasticity Breusch-Pagan test LM=0.668 p=0.881 No evidence of heteroscedasticity
SABMImodel Normality of residuals  Shapiro-Wilk test W=0.913 p=0.018 Evidence of departure from normality
SABMI model Homoscedasticity Breusch-Pagan test LM=4.29 p=0.232  No evidence of heteroscedasticity

A: B

SAWP Model SAW Model

SABMI Model

Figure. 6: Plotted visual Q-Q plots A) Proteinuria, Weight, and
Age (SAWP Model); B) Weight and Age (SAW Model); C)
BMI and Age (SABMI Model) to substantiate Shapiro-Wilk
test.

ues were below 5 (Sex=1.44, Age=1.29, Weight=1.30, Pro-
teinuria=1.16) indicating no evidence of problematic multi-
collinearity. Additionally, to evaluate model generalization,
5-fold cross-validation was conducted. The SAWP model
yielded a mean validation RMSE of 43.56+9.87, an MAE of
34.03+8.25, and a validation R? of -3.55+4.58.

Shapiro-Wilk test was not statistically significant, indi-
cating no evidence of departure from normality (W=0.944,
p=0.317). Visual Q-Q plot supports this as it illustrates only
slight deviations at the tail, suggesting minor departures from
normality (Figure 6A). Breusch-Pagan test was not statisti-
cally significant (LM=7.06, p=0.133), so there was not enough
evidence to say heteroscedasticity is present in the SAWP re-
gression model (Table 3).

Model 2: SAW dataset

The SAW model used the predictors of Sex, Age, and Weight;
and it contains the highest sample size of 38 patients (Table
2B). The model p-value 0.0223 indicates that, overall, this
model is significantly correlated with eGFR.

Specifically, Age and Weight, with p-values of 0.044 and
0.036, respectively, are shown to be the statistically signif-
icant predictors of eGFR as the model is a good fit for the
data. Our model estimates that as Age increases by 1 stan-
dard deviation (scaled unit), eGFR will decrease by 11.9323
(mL/min/1.73m?). Similarly, as Weight increases by 1 stan-
dard deviation of Weight, eGFR will decrease by 12.6387
(mL/min/1.73m?) (Table 1).

In another aspect, compared to the other models’ Residuals
vs Fitted values plots (Figure 2B), the SAW model is also the
best fit for the data. Additionally, the forest plot (Figure 3)
shows that, in the SAW model, Age and Weight are the most
accurate predictors of eGFR values as the confidence intervals
for each estimated coefficient do not cross the line of no effect,
indicating that they have a meaningful correlation with eGFR.
They were the only predictors to do so out of all the other
models.

Similarly, when running a partial regression on the SAW
model (Figure 4B), the Age and Weight lines are almost identi-
cal, indicating similar effects on eGFR. Finally, when plotting
observed eGFR values against predicted eGFR values (Figure
5B), we observe some clustering of the data points around the
45 degree line, which represents perfect prediction.

Additionally, the SAW model has the highest adjusted R>
value of all models (0.176), indicating that this model is most
accurately associated with decreased eGFR and captures the
most eGFR variation (Figure 5).

The interaction terms were evaluated by using the model
including Age, Sex, Weight, and Age x Weight; however, the
model fit was not improved (adjusted R?: 0.176 to 0.155; AIC:
376.2 to 378.0), and the interaction term itself was not signif-
icant (p=0.698). Therefore, the interaction term was not in-
cluded in the final model.

All VIF values were below 5 (Sex=1.38, Age=1.17,
Weight=1.20), indicating no evidence of problematic multi-
collinearity. Additionally, 5-fold cross-validation was con-
ducted, and the SAW model demonstrated a mean validation
RMSE of 32.69+7.09, an MAE of 27.09+6.11, and a valida-
tion R? of -0.10£0.70.

The Shapiro-Wilk test was statistically significant, in-
dicating evidence of departure from normality (W=0.914,
p=0.007), yet the visual Q-Q plot mostly aligns with the di-
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agonal line, demonstrating only minor departures from nor-
mality (Figure 6B). Breusch-Pagan test was not statistically
significant (LM=0.668, p=0.881), so there was not enough ev-
idence to say heteroscedasticity is present in the SAW regres-
sion model (Table 3).

Model 3: SABMI dataset

The SABMI model used the data set containing the predictors
of Sex, Age, and BMI and has a sample size of 30 patients (Ta-
ble 2C). The SABMI model predicts 3.1% of eGFR variation
in IgAN patients (adjusted R?) which is considerably smaller
than that of the other two models.

The overall model p-value of 0.293 and the non-significant
p-values for each individual predictor suggest that Model 3
and its predictors overall are not significantly correlated with
decreased eGFR (Table 1).

As in the SAWP model, the confidence intervals for the re-
gression coefficients of each predictor in the SABMI model
cross the line of no effect (Figure 3), indicating that none of
Sex, Age, and BMI have a significant correlation with eGFR
values in this model.

When a partial regression plot was run on the SABMI
model (Figure 4C), the points were scattered widely and far
from the graphed line. This is again informative of a very
loose association between the model’s predictors and eGFR
values, indicating that the SABMI model does not predict
eGFR values reliably. Finally, the observed vs predicted eGFR
plot (Figure 5C) reveals similar patterns of low predictive
power and weak model fit.

Interaction terms were explored in a model including Age,
Sex, BMI, and Age x BMI. The Age x BMI interaction im-
proved model fit (adjusted R?: 0.031 to 0.118; AIC: 305.2 to
303.2), yet the interaction term was not significant (0.071), so
it was not included in the final model.

All VIF values were below 5 (Sex=1.36, Age=1.37,
BMI=1.02), indicating no evidence of problematic multi-
collinearity. Additionally, 5-fold cross-validation was con-
ducted, and the SABMI model produced a mean validation
RMSE of 40.81£10.61, an MAE of 35.3448.22, and a vali-
dation R? of -0.43+1.04.

The Shapiro-Wilk test was statistically significant, in-
dicating evidence of departure from normality (W=0.913,
p=0.018), however the visual Q-Q plot only has minor de-
viations at the tail, suggesting residuals to be approximately
normally distributed (Figure 6C). The Breusch-Pagan test was
not statistically significant (LM=4.29, p=0.232), so there was
not enough evidence to say heteroscedasticity is present in the
SABMI regression model (Table 3).

Discussion

In this study, we wanted to determine which patient character-
istics are most informative and correlated with decreased kid-
ney function in IgAN patients, measured with eGFR. Age and
Proteinuria are known as reliable predictors of eGFR decline
because eGFR naturally declines with time, and increased pro-
teinuria is often a common indicator of kidney disease®.

Additionally, increased BMI and Weight were also antici-
pated to be significant factors of decreased eGFR as previous
work found that patients with a higher BMI and weight were
more at risk for having a decreased eGFR level’. This study
found that our predicted Weight and Age in the SAW model
were significantly associated with decreased eGFR outcomes
and therefore kidney function in IgAN patients; however, Sex
was found not to be significant in any of the models.

This indicates that the regression models only partially con-
firmed our original prediction that components of the eGFR
calculation formula would have greater predictive power of
eGFR. Additionally, even though Age (p=0.044) and Weight
(p=0.036) were found to be significant, the R? value indicated
the SAW model could only explain 17.6% of eGFR varia-
tion. However, the model itself was found to be significant
(p=0.0223) and a low R? value is normal and expected in clin-
ical studies as the human body is influenced by innumerable
biological variables that cannot be controlled.

For Age, it has been shown that a long-term decrease in
eGFR caused by IgAN places patients most at risk of suffering
from kidney failure as their kidney function decreases. In fact,
a recent study showed that 50% of the patients in the IgAN
cohort reached kidney failure or died during the 11 year study
period®.

Excessive body weight has also been implicated in decreas-
ing chances of survival in IgAN patients as it increases risk of
hypertension and therefore stress on the kidneys, so it plays a
causative role in increased decline in eGFR and kidney func-
tion’. On the other hand, it was expected for Sex to be a signif-
icant predictor as I[gAN is more commonly diagnosed in men
than women?, however our study did not confirm this trend,
and it is reflected in the high p-values across all the models.

We included Proteinuria, BMI, and Weight as additional
predictors to gauge their individual contributions to eGFR and
IgAN, and to compare their importance with Age and Sex,
which are already closely tied to how eGFR is calculated.
However, Proteinuria and BMI were found not to be signif-
icantly correlated with decreased eGFR, which differs from
findings in current literature as Proteinuria is a reliable indica-
tor of kidney inflammation as seen in IgAN, and elevated BMI
levels increase chances for hypertension, similar to Weight®”.

A possible explanation is that Proteinuria and BMI were
assessed only once, which may not accurately reflect changes
in eGFR as these values could have fluctuated throughout the
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studies. Additionally, a larger sample size for the SAWP and
SABMI models could have helped detect a larger effect.

Limitations

Sample Size

One large limitation of this study was the small sample size
which could have reduced statistical power. For example, as
there were fewer patients with reported Proteinuria informa-
tion, patients with this information had to be combined into
one dataset with the smallest sample size (n=19). On the other
hand, the SAW model had the highest sample size of 38 pa-
tients, and had more significant results than the other two mod-
els. This study should be repeated on a larger sample size of
patients to more accurately infer the true relationships between
the variables and eGFR.

Cross-Validation

Although Age and Weight produced statistically significant
associations with eGFR, the 5-fold cross-validation yielded
a negative mean validation R2. Despite being meaningful
population-level correlates, these basic clinical traits lack the
standalone predictive power to accurately estimate eGFR in
unseen individuals.

Batch Effects

Since this study combines patient data from three separate
clinical studies, batch effects may have been introduced in the
data, although we did compensate for this as we ensured that
the measurements from each trial matched up with the others
when running the regression. Nonetheless, it is not a complete
guarantee.

eGFR Equation

This study uses eGFR values calculated with the MDRD
(Modification of Diet in Renal Disease) equation, which is cal-
culated using a race coefficient. This has been shown to com-
promise eGFR accuracy in African American populations, be-
cause eGFR is more often calculated incorrectly due to dif-
ferences in socioeconomic status*. As of 2021, this model of
calculating eGFR has been replaced with the CKD-EPI equa-
tion, which does not include the race coefficient and is now
more widely used?.

Conclusion

By analyzing patient characteristics across three clinical
datasets, we found that Age and Weight are significantly as-
sociated with decreased eGFR in IgA Nephropathy patients as
Age is used to directly calculate eGFR, while the association
with Weight may be because of clinically studied effects in
IgAN patients. The SAW model demonstrated the strongest

performance among the three models, which potentially could
be because it had the largest sample size, and the clinical im-
plications with Age and Weight. However, the adjusted R?
(0.176) and negative mean cross-validation R? indicate limited
out-of-sample predictive performance. These findings have
the potential to be used as an initial screening tool by doctors
and researchers to help identify at-risk patients, but more re-
search has to be done. Future research should repeat this study
on a larger sample size and with other patient characteristics
such as geriatric nutritional risk index to confirm these associ-
ations and potentially discover new characteristics implicated
in IgAN pathogenesis. More future work should uncover other
potential phenomena and patient characteristics which may
contribute to [gAN progression in order to potentially develop
novel, specific treatments to better manage IgAN.
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