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Abstract
Background/Aims: There is an increasing risk of end-stage renal disease (ESRD) among Asian 
people with immunoglobulin A nephropathy (IgAN). A computer-aided system for ESRD 
prediction in Asian IgAN patients has not been well studied. Methods: We retrospectively 
reviewed biopsy-proven IgAN patients treated at the Department of Nephrology of the Second 
Xiangya Hospital from January 2009 to November 2013. Demographic and clinicopathological 
data were obtained within 1 month of renal biopsy. A random forest (RF) model was employed 
to predict the ESRD status in IgAN patients. All cases were initially trained and validated, taking 
advantage of the out-of-bagging(OOB) error. Predictors used in the model were selected 
according to the Gini impurity index in the RF model and verified by logistic regression analysis. 
The area under the receiver operating characteristic(ROC) curve (AUC) and F-measure were 
used to evaluate the RF model. Results: A total of 262 IgAN patients were enrolled in this study 
with a median follow-up time of 4.66 years. The importance rankings of predictors of ESRD in 
the RF model were first obtained, indicating some of the most important predictors. Logistic 
regression also showed that these factors were statistically associated with ESRD status. We 
first trained an initial RF model using gender, age, hypertension, serum creatinine, 24-hour 
proteinuria and histological grading suggested by the Clinical Decision Support System for 
IgAN (CDSS, www.IgAN.net). This 6-predictor model achieved a F-measure of 0.8 and an AUC 
of 92.57%. By adding Oxford-MEST scores, this model outperformed the initial model with an 
improved AUC (96.1%) and F-measure (0.823). When C3 staining was incorporated, the AUC 
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was 97.29% and F-measure increased to 0.83. Adding the estimated glomerular filtration rate 
(eGFR) improved the AUC to 95.45%. We also observed improved performance of the model 
with additional inputs of blood urea nitrogen (BUN), uric acid, hemoglobin and albumin. 
Conclusion: In addition to the predictors in the CDSS, Oxford-MEST scores, C3 staining and 
eGFR conveyed additional information for ESRD prediction in Chinese IgAN patients using a 
RF model.

Introduction

Immunoglobulin A nephropathy (IgAN) is the most common primary glomerular 
kidney disease in China and worldwide [1, 2]. The clinical outcome of this disease ranges 
from asymptomatic hematuria to progressive renal failure and even end-stage renal disease 
(ESRD) [3-5]. Approximately 20-40% of affected patients will reach ESRD within 10-20 
years of diagnosis [6, 7]. Early prediction of ESRD in IgAN patients is valuable.

Methods have been developed to assist in predicting ESRD in IgAN patients. A single 
influential risk factor is of good value for differentiating the patients who are at great risk of 
ESRD [8-10]. Intuitively, a combination of multiple risk factors can be more powerful than 
one risk factor, and researchers have built a few models integrating multiple factors [3, 4, 
11]. A new prognostic absolute renal risk (ARR) model uses hypertension, proteinuria ≥ 1 
g/24 h and severe histopathological renal lesions to predict ESRD or death in IgAN patients 
[11]. The ARR model employs a risk stratification score ranging from 0-3 points, which 
is practical for clinical use. However, this model does not integrate the initial estimated 
glomerular filtration rate (eGFR) or serum creatinine, which are strong predictors for poor 
renal outcome in IgAN patients [3, 4, 12].

Recently, an artificial neural network (ANN) model has been applied to IgAN, and it 
showed superior predictive accuracy compared to the ARR model [13]. The trained ANN 
model has been developed into an online Clinical Decision Support System (CDSS) for 
quantitative risk assessment of ESRD and the timing of ESRD in IgAN patients (www.IgAN.
net). The CDSS integrates 6 predictors including initial serum creatinine to predict ESRD. 
However, the eGFR is not included. The ANN model is trained and evaluated based on cohorts 
from different populations. However, the Asian population is relatively smaller than the other 
populations. Therefore, general application of the CDSS, especially in Asian patients, might 
need further validation and consideration. Of note, the criteria for severe histopathological 
renal lesions varied among these studies, which also hindered the general application of 
the prediction models. Thus, we are interested in whether the MEST criteria of the Oxford 
classification, eGFR and other indexes can provide further prognostic information. Moreover, 
an ANN is a black-box model, namely, it is difficult to interpret how a given model makes use 
of the predictive factors to determine whether each individual is at risk for ESRD or not at 
certain time points.

Motivated by the above mentioned problems, we propose the use of a random forest 
(RF) [14] model for ESRD prediction based on a Chinese cohort in this paper. RF models 
have several advantages. For instance, a RF is an ensemble of decision tree models, which 
are not black-box models and can be easily interpreted. Moreover, predictive factors, such 
as hypertension, proteinuria, eGFR, MEST and C3 staining, which refer to the severity at 
disease onset, are interconnected, and their individual contributions to the overall risk are 
not easily evaluated from a statistical perspective. This problem can be addressed by the 
importance ranking function of RFs, from which we can obtain an importance score for each 
factor reflecting its individual contribution. According to importance scores, we attempted 
to explore the predictive value of clinicopathological parameters for predicting ESRD thus 
laying the foundation for a more suitable predictive model for Asian IgAN patients.
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Materials and Methods 

Study cohorts
Patients with biopsy-proven IgAN from the Department of Nephrology at the Second Xiangya Hospital 

were first screened from January 2009 to November 2013. The exclusion criteria were as follows (1) age <14 
years old or >65 years old, (2) secondary IgA deposition, (3) eGFR <15 ml/min per 1.73 m2, (4) coexistence 
of other renal diseases and (5) less than 7 glomeruli in a renal tissue section. We also excluded those patients 
with missing eGFR, blood pressure, and proteinuria data at the time of biopsy. Two hundred and sixty-two 
IgAN patients were enrolled and followed-up for a median of 4.66 years to formulate this model. IgAN was 
diagnosed and defined on immunofluorescence microscopy by the presence of predominant mesangial IgA 
deposits with or without other immunoglobulins. The eGFR was calculated by the Modification of Diet in 
Renal Disease (MDRD) study equation [8, 15]. The end point was ESRD, which was defined as an eGFR<15 
ml/min per 1.73 m2 or the need for renal replacement therapy by dialysis (maintenance hemodialysis, 
maintenance peritoneal dialysis) or kidney transplantation. All studies were conducted in accordance 
with guidelines of the Declaration of Helsinki and with approval of Ethic Committee at the Xiangya Medical 
School of Central South University.

Evaluation of clinicopathological parameters
Clinical data, such as serum creatinine and urine protein, were obtained within 1 month of renal 

biopsy. The eGFR was calculated with an abbreviated MDRD equation, as mentioned above. Blood pressure 
was displayed in the form of systolic blood pressure/ diastolic pressure, and the mean arterial pressure and 
the number of patients who had a blood pressure over 140/90mmHg were recorded. Twenty-four hour 
urine samples were collected to detect urine protein excretion. The use of renin-angiotensin system (RAS) 
inhibitors including angiotensin-converting enzyme inhibitors (ACEIs), angiotensin receptor blockers 
(ARBs), or both was recorded. Immunosuppressants included corticosteroids alone or with the use of 
cytotoxic agents.

Histological lesions were recorded by two experienced renal pathologists who were blinded to the 
clinical data and patient outcomes. According to the classification used in the ANN model [13], histological 
grading was defined as: G1 (mild) in subjects with minimal or minor lesions, G2 (moderate) in patients 
with diffuse proliferative or focal segmental glomerulonephritis and G3 (severe) in those with sclerotic and 
advanced chronic renal lesions. The details of other pathological data were also reviewed according to the 
Oxford classification criteria for IgAN [16]. MEST scores were reported as follows: M0/M1 was defined as 
the absence or presence, respectively, of 50% of glomeruli showing hypercellularity, E0/E1 was defined as 
the absence or presence, respectively, of endocapillary hypercellularity, S0/S1 was defined as the absence 
or presence, respectively, of segmental sclerosis or tuft adhesions, and T0/T1/T2 was defined as the degree 
of tubular atrophy or interstitial fibrosis (<25%, 26–50%, >50%, respectively). In addition, global and 
segmental glomerulosclerosis were calculated as the proportion of involved sclerotic glomeruli divided by 
the total number of glomeruli. Interstitial inflammatory lesions were assessed by the presence or absence 
of such lesions. Interstitial fibrosis, and tubular atrophy were evaluated as the degree of the affected cortical 
area, namely, mild, moderate and severe (<25%, 25–49%, >50% respectively).

Random forest model
A RF model is an ensemble of many decision tree models, each of which is characterized by a tree-like 

structure. Fig. 1 demonstrates an example of a decision tree. The decision tree directs input samples from 
the root node to one of the leaf nodes. When a case is inputted into the decision tree, the root node first 
checks the value of eGFR of the input case. If the eGFR>50, the model further checks the age of the patient on 
the left child node. If the eGFR is less than 50, the case proceeds to the right node, i.e., checking gender and 
proteinuria. Recursively, the case flows into one of the leaves in the diagram, resulting in a prediction. The 
prediction result of a random forest model is given by the majority vote of results predicted by the decision 
trees.

It is common to split the data into a training set and a validation set, which would reduce the number 
of patients used for training, and hence possibly resulting in an inferior prediction accuracy. In the random 
forest model, it is not required to split the dataset, and all patients can be used for training. The bootstrap 
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aggregating (bagging) technique [17] used by the random forest enables us to obtain a so-called out-of-
bagging (OOB) error on the training dataset. As empirically shown in [18], the OOB error on the training 
dataset is an unbiased estimation of generalization error (i.e. testing error on the unseen testing dataset) of 
the random forest.

Statistical analysis
Data in normal distribution are displayed as the mean ± standard deviation (SD). Other continuous 

measures are reported as the median and interquartile range. Categorical data are presented as the form of 
n (%). Odds ratios (OR= EXP (B)) and 95% confidence intervals (95%CIs) from the binary logistic regression 
analysis were used to assess and validate the importance of different variables. Statistical significance was 
determined as a P value<0.05. SPSS 19.0 software was used for statistical analysis.

To predict the ESRD status at a median 4.66 years of follow-up, the model was initially trained and 
validated on 262 cases, taking advantage of OOB error. The performance of the final model was presented as 
an F-measure. Besides, the area under the receiver operating characteristic (ROC) curve (AUC) was used to 
measure the performance of the integrated model.

Results

Clinical and pathological characteristics of 
the population
From January 2009 to November 2013, 

345 IgAN patients of 450 patients with 
biopsy proven IgAN, were eligible according 
to the exclusion criteria. Ultimately, 262 of 
345 eligible patients were followed up and 
completely available for final analysis (Fig. 2). 
In our cohort, 7.35% of the 262 IgAN patients 
reached the endpoint within a median follow-
up year of 4.66 years.

The mean age at IgAN diagnosis was 32.71 
years (SD, 11.83 years), and 47.3% of patients 
were males. Hypertension was observed in 
66 (25.2%) patients. The mean eGFR of the 
patients enrolled in this cohort was 92.58 mL/
min/1.73 m2 (SD, 32.62 mL/min/1.73 m2). 
Other demographic, clinical, and laboratory 
data of the IgAN patients are shown in Table 1.

None of the patients were receiving 
medication at the time of renal biopsy. 
After diagnosis, 143 (63.6%) patients 
received RAS inhibitors. During the course, 
45(19.9%) patients received corticosteroids 
or other immunosuppressants including 
cyclophosphamide, tacrolimus and 
mycophenolate mofetil, as appropriate. 
Judging from the protective role of RAS 
inhibitors against kidney disease progression 
[19], we presented the data of the proportion 
of patients who were treated with RAS 
inhibitors in each group. There was no 
significant difference in the proportion 
of patients who were treated with RAS 

Table 1. The demographic, clinical, laboratory data 
and treatment of the IgAN patients. Abbreviations: 
MAP: mean arterial pressure, eGFR: estimated 
glomerular filtration rate, BUN: blood urea 
nitrogen, RAS: renin-angiotensin system. Steroids 
include prednisolone, methylprednisolone 
and others; Immunosuppressants include  
cyclophosphamide, tacrolimus, mycophenolate 
mofetil and others. Conversion factors for units: 
serum creatinine in mg/dL to µmol/L, ×88.4
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inhibitors between the non-ESRD group 
and the ESRD group (64.5% vs 50.0%, 
p=0.276). The proportion of patients 
who were treated with corticosteroids or 
immunosuppressants in the non-ESRD 
group (19.4%) was also identical to that 
in the ESRD group (26.7%) (p=0.498).

In terms of pathological changes, 
the crescent component and scores 
of mesangial hypercellularity(M), 
endocapillary hypercellularity(E), 
segmental glomerulosclerosis(S), and 
tubular atrophy/interstitial fibrosis(T) 
are illustrated in Table 2, accompanied by 
the severities of glomerulosclerosis, and 
tubulointerstitial lesions. Additionally, 
histological lesions were scored with three 
grades according to the classification 
used in the ANN model [13] as part of 
the CDSS for IgAN (www.IgAN.net): G1 
(mild) , G2 (moderate) and G3 (severe). 
Finally, immunostainings for various 
immunoglobulins and complement 
components were analysed.

Predictors of ESRD status
To identify crucial predictors of ESRD, 

we employed two methods for analysis.
First, we established the importance 

ranking by the RF method. To compute the 
importance of each predictive factor, we 
trained a RF model using all the factors. 
In our trained RF model, each node uses 
a factor to direct samples to one of its two 
descendent nodes, as shown in Fig. 1. The contribution (importance) of this factor on this 
node is computed by the decrease of Gini impurity index,

             (1)

where  are the Gini impurity index of this node and its two descendent nodes 
respectively. Gini impurity index is computed by

              (2)

where  denotes the ratio of positive samples (patients who reached ESRD) and 
negative samples in this node. Analogously,  can be computed in the same way. As 
we can see from equation (2), when the samples in this node are all positive or all negative 
samples, Gini impurity index is minimized. It reflects the impurity of the labels of samples 
in this node. In Equation (1), a large I indicates a large decrease of impurity from this 
node to its child nodes, which reflects that the predictor used in this node is important for 
discriminating positive samples from negative samples. We sum up the decreases of Gini 
impurity index over all nodes using this predictor to obtain the importance of this predictor. 
The importance ranking results are shown in Fig. 3.

Table 2. The Pathological characteristics of the IgAN 
patients. * Histological grading is classified according 
to the classification proposed in the ANN model, 
namely, in Clinical Decision Support System for IgAN 
(CDSS, www.IgAN.net)

≥3+

≥3+
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Second, a statistical method was applied to assess and verify the importance of each 
predictive factor. The univariate logistic regression analysis is displayed in Table 3. Patients 
who progressed to ESRD had a relatively low eGFR, increased serum creatinine, serum IgM, 
BUN, and uric acid, decreased hemoglobin and albumin levels, and increased amounts of 
24-h urine protein levels at the time of renal biopsy. In terms of pathological features, S and T 
scores, concomitant with global and segmental glomerulosclerosis, histological grading and 
C3 staining were associated with poor renal survival in IgAN patients.

Fig. 1. An illustration 
of decision tree model 
for ESRD prediction in 
IgAN. A random forest 
model is an ensemble 
of many decision tree 
models.

	 1	

	

Fig. 2. Enrollment and follow-up of IgAN 
patients in our cohorts. IgAN: IgA nephropathy.

	 2	

	
	
	

Fig. 3. Contribution of predictors of ESRD in IgAN patients (Top 20 displayed) eGFR: estimated glomerular 
filtration rate, BUN: blood urea nitrogen,TG: Triglyceride.

	 3	
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Predictors with large importance 
scores were roughly in accordance with 
those showing significant ORs in the 
logistic regression analysis. Among the 
various predictors, the eGFR, serum 
creatinine levels, 24-h urine protein levels, 
BUN, uric acid, C3 staining, hemoglobin 
and albumin levels, hypertension and T 
score in the Oxford classification were of 
great importance in both analyses. The 
combination of these predictors may 
be more useful for stratifying patients 
who were likely to reach the endpoint at 
the time of renal biopsy. Therefore, we 
investigated into these factors equally for 
predicting ESRD status.

Performance of the RF model
We used the entire dataset including 

all 262 patients as a training set without 
a validation set by taking advantage of 
the OOB error. We first trained an initial 
RF model using the following predictors: 
gender, age, hypertension, 24-h urine 
protein levels and histological grading, 
which were the same as those used in the 
ANN model [13]. This RF model with 6 
predictors achieved an F-measure 
of 0.8 and the an AUC of 92.57% 
(Fig. 4, area under the yellow line).

Then, according to the order 
of the importance rankings (Fig. 
3), we trained the model by adding 
the predictors with considerable 
contributions and evaluated 
the performance of the model 
(Table 4). After integrating the 
Oxford-MEST scores, the model 
outperformed the initial model 
with an improved AUC (96.1%) and 
F-measure (0.823) (Fig. 4A). When 
the model incorporated C3 staining 
as an additional input, the AUC was 
97.29% and F-measure increased 
to 8.3(Fig. 4B). However, when 
MEST scores and C3 staining were 
both added to the model, the AUC was not improved further (Fig. 4C). Addition of the eGFR 
also increased the AUC to 95.45% (Fig. 4D). Again, we found better performance with the 
addition of the predictors of BUN, uric acid, hemoglobin and albumin (Fig. 4E-4H).

Table 3. Univariate logistic regression for ESRD in 
IgAN. OR= odds-ratio, CI = confidence interval, eGFR= 
estimated glomerular filtration rate. Conversion factors 
for units: serum creatinine in mg/dL to µmol/L, ×88.4

Table 4. Performance comparison for the prediction on ESRD 
status with different predictors. * Six predictors are age, 
gender, hypertension, serum creatinine, 24-hour proteinuria, 
and histological grading by the ANN model, namely, Clinical 
Decision Support System for IgAN (CDSS, www.IgAN.
net). Abbreviations: ANN: artificial neural networks eGFR: 
estimated glomerular filtration rate, BUN: blood urea nitrogen, 
UA: uric Acid
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Fig. 4. Performance of Random Forest in ESRD prediction with different predictors.
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Discussion

In this study, we adopted a RF model to predict ESRD status in IgAN patients. We first 
evaluated the importance rankings of correlated predictive factors assessed by the RF model 
and then verified these factors by logistic regression analysis. The resulting important factors 
were further analysed in the predictive experiments. Specifically, we trained and evaluated 
a RF model using 6 predictors from the CDSS (www.IgAN.net). This RF model served as 
an initial model in our experiments. Next, we trained and evaluated the performances of 
several new RF models by integrating additional important factors that were obtained from 
the importance rankings, such as MEST scores, C3 staining, and eGFR. The new models 
outperformed the initial model for predicting ESRD. The improved predictive performance 
further verified the importance of these factors. Additionally, we hypothesized that the 
arithmetic method we adopted to conceive of the new model would not only be useful in 
Asian IgAN cohorts but could also be used to suit a wider population.

A well-established and widely accepted diagnostic and prognostic model can aid 
clinicians when informing the patients about a diagnosis and prognosis [13, 20] and thus 
helping clinicians make decisions regarding precise treatment and follow-up. Furthermore, 
predictors in the prognostic model can raise the importance and awareness of these factors 
during follow-up, thus enabling doctors to make consecutive and dynamic decisions.

Although it is simple to use one denominator, histological grading, which represents 
the IgAN pathology, as one input predictor, the potential use of MEST scores in prediction 
model was also discussed in the study of the ANN model [13]. Notably, most patients 
included in previously developed models were diagnosed before the publication of the 
Oxford classification; thus, it was not feasible to review all the registered data. The Oxford 
classification-MEST score, which includes four types of pathological features, namely, 
the mesangial hypercellularity score (M), endocapillary hypercellularity (E), segmental 
glomerulosclerosis (S), and tubular atrophy/interstitial fibrosis (T), has been shown to have 
independent value for predicting IgAN renal outcomes [21]. Several retrospective cohort 
studies have confirmed the prognostic value of MEST scores for predicting the clinical 
outcome of biopsy-proven IgAN patients [8, 22, 23]. In our cohort, S and T scores were 
significantly associated with renal survival in IgAN patients. Motivated by these studies, 
we integrated MEST scores in our prediction model to analyze whether this would improve 
prognostication. Our results indicated that the model including MEST scores showed better 
performance than the original model, as illustrated by the increased F-measure and AUC. 
Thus, MEST scores conveyed additional information regarding the prediction of poor renal 
outcomes in IgAN patients.

Various studies have suggested the predictive value of immunostaining features in 
patients with IgAN [24, 25]. Notably, C3 staining markedly improved the performance of 
the initial model in our study. We also found that the intensity of mesangial C3 staining was 
a potential predictor of IgAN progression, as assessed by logistic regression analysis and 
the RF importance score. Similarly, a recent study revealed that mesangial C3 deposition 
serves as an independent risk factor for renal survival in IgAN patients [26]. Including C3, 
other complement components present in the mesangial deposits are C4d, mannan-binding 
lectin(MBL), and MBL-associated serine proteases 1 and 2(MASP-1, 2) of the lectin pathway, 
and properdin and factor H of the alternative pathway [27, 28]. Activation of the complement 
system in IgAN, specifically activation of the alternative and lectin pathways, has been 
shown to augment the inflammatory cascade and potentiate renal injury in IgAN [27, 29]. 
On the other hand, a suit of complement components in serum, urine, or renal tissue may be 
potential biomarkers of IgAN. Performed as routine examinations in renal biopsies, increased 
C3 staining accompanied by decreased serum C3 levels significantly predicted poor renal 
outcome in IgAN patients [25]. Unfortunately, the baseline serum C3 levels measured in our 
study were not associated with renal outcomes. However, dynamically monitoring serum C3 
levels could be more useful for evaluating complement system activity and disease prognosis.
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Apart from classification schemes concerning renal pathology in IgAN, numerous 
predictive factors are controversial or not widely accepted: age at disease onset [30], 
gender, hyperuricaemia/ hypertriglyceridemia/[31-33], hypertension [11], eGFR[3, 4, 12], 
urinary markers [34, 35] and different immunogenetic markers (human leukocyte antigen 
(HLA), etc.). Among them, the eGFR is a rather strong predictor for IgAN prognosis [3, 4, 
12]. We agree with Berthoux et al., who considered a reduction in eGFR as a continuum 
in the progression of IgAN as a renal function marker rather than a risk factor. However, 
IgAN becomes clinically evident during the late phase of chronic course, while patients often 
remain asymptomatic during the early phase. Therefore, leading time bias is an obvious 
influential factor when assessing the prognosis. Therefore, it is reasonable and rational to 
introduce a damage marker such as the eGFR to evaluate initial renal function at the time 
of diagnosis. By analysing the individual contribution of specific predictive factors via a 
machine-learning algorithm and logistic regression analysis, we found that the eGFR at the 
time of diagnosis made a considerable contribution to the poor prognosis of IgAN patients. 
Moreover, inclusion of this factor also improved the performance of the prognostic model.

The RF model has several advantages of its own. One obvious strengthen is that a RF is 
an ensemble of decision trees that provides a better interpretation than the ANN used in the 
CDSS for IgAN patients [13]. Researchers from the computer science community consider 
the ANN to be a black-box model. Interpreting the prediction results of a black-box model 
is quite difficult. Questions such as why the model outputs a specific prediction and how it 
makes use of the predictors to output the prediction cannot be answered with a black-box 
model. A model with a better interpretation can provide better insights into the roles of 
factors for predicting prognosis. In contrast to the ANN, the manner in which the RF model 
makes a prediction regarding ESRD in IgAN patients can be presented by a flow diagram, as 
illustrated in the decision tree diagram (Fig. 1). As shown in the figure, each non-leaf node 
uses one factor to direct the samples to its child nodes. The leaf nodes denote prediction 
results. More details regarding training decision trees and RFs can be found in these papers 
[14, 36, 37]. Second, data splitting is not necessarily required to evaluate the performance of 
a RF model. All patients can be used to evaluate the performance of a RF model by utilizing 
the OOB error estimation scheme [17]. It has been empirically shown that the performance 
evaluated by the OOB error is as accurate as the the estimation of the performance obtained 
by the training/testing splitting scheme [18]. This advantage is extremely important for 
analysing the data from Asian patients due to the limited number of samples.

Another obvious strength of our study is the relatively large Asian population-based 
patient cohort with a specific follow-up time. However, the prognostic model needs further 
validation in other cohorts. In principle, every existing prognostic model should be tested 
on wider populations other than the patients in the dataset used to develop the model 
[38]. Another weakness is that we did not consider disease “natural history” or specific 
information regarding how the patients were treated. We provided data describing the use 
of drugs in our cohort. A similar proportion of RAS inhibitors and immunosuppressants 
were prescribed to the patients who progressed to ESRD and those who did not. On the 
other hand, there are no well-established recommendations or consensus for the evaluation 
and treatment of IgAN.

Conclusion

In summary, we explored the prognostic value of clinicopathological parameters 
for predicting ESRD status using a RF model. Our ultimate goal is to establish a complete 
computer-aided system that can be applied to predict ESRD status that best suits Asian IgAN 
patients.
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