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Abstract
Background: Minimal change disease (MCD) is one of the major causes of nephrotic syndrome (NS). A confirmed
MCD diagnosis mainly depends on renal biopsy at present, which is an invasive procedure with many potential
risks. The overall incidence of complications caused by renal biopsy procedures has been reported as approximately
11 and 6.6% outside and within China, respectively. Unfortunately, there is currently no noninvasive procedure or
practical classification method for distinguishing MCD from other primary glomerular diseases available.
Method: A total of 1009 adult patients who underwent renal biopsy between January 2017 and November 2019
were enrolled in this study. Twenty-five parameters extracted from patient demographics, clinical manifestations,
and laboratory test results were statistically analysed. LASSO regression analysis was further performed on these
parameters. The parameters with the highest area under the curve (AUC) were selected and used to establish a
logistic diagnostic prediction model.
Results: Of the 25 parameters, 14 parameters were significantly different (P < 0.05). MCD patients were mostly
younger (36 (22, 55) vs. 41 (28.75, 53)) and male (59% vs. 52%) and had lower levels of diastolic blood pressure
(DBP) (79 (71, 85.5) vs. 80 (74, 89)) and IgG (5.42 (3.17, 6.36) vs. 9.38 (6.79, 12.02)) and higher levels of IgM (1.44 (0.96,
1.88) vs. 1.03 (0.71, 1.45)) and IgE (160 (46.7, 982) vs. 47.3 (19, 126)) than those in the non-MCD group. Using the
LASSO model, we established a classifier for adults based on four parameters: DBP and the serum levels of IgG, IgM,
IgE. We were able to clinically classify adult patients with NS into MCD and non-MCD using this model. The
validation accuracy of the logistic regression model was 0.88. A nomogram based on these four classifiers was
developed for clinical use that could predict the probability of MCD in adult patients with NS.
Conclusions: A LASSO model can be used to distinguish MCD from other primary glomerular diseases in adult
patients with NS. Combining the model and the nomogram potentially provides a novel and valuable approach for
nephrologists to diagnose MCD, avoiding the complications caused by renal biopsy.
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Background
Minimal change disease (MCD) is one of the major causes
of nephrotic syndrome (NS), which commonly occurs in senior people and children. The pathogenesis of MCD is not
quite clear, but it is likely that its mechanisms are not the
same for patients in different age subgroups. The role of
podocytes in proteinuria development in MCD has received
increasing attention in the last decade [1, 2]. MCD is the
most common cause of NS in children greater than 1 year
of age, accounting for 70–90% of patients. In NS patients at
puberty, this proportion of MCD significantly decreases as
other glomerular diseases, such as membranous nephropathy, become more common causes [3, 4]. MCD can be
found in approximately 10–15% of adult patients with NS
[5, 6], and is the cause of idiopathic NS in 90% of children.
As such, for children with idiopathic NS, treatment is usually initiated without the need for renal biopsy unless clinical
and laboratory evidence suggests other glomerular diseases.
The causes of NS in adults are more varied and renal biopsy
is usually required for diagnosis [7]. The diagnosis of MCD
in adults currently mainly relies on renal biopsy.
The advantages of renal biopsy are its relatively safety,
simplicity, and ease with which it is performed; however,
the invasive procedure is not risk-free [8]. The most frequent clinically significant complications following percutaneous renal biopsy include haemorrhage, arteriovenous
shunting, infection, nephrectomy and even death in some
rare conditions. Additionally, renal biopsies cannot be applied to patients with NS for which it is contraindicated
[9, 10] or those who refuse the procedure, while certain
hospitals lack nephrologists with sufficient operative skills
to perform the biopsy. Therefore, it is necessary and important to explore a non-invasive and practical classification model for distinguishing MCD from non-MCD for
adult patients with NS.
It is often quite difficult to select appropriate predictors for such a prognostic model and estimate the regression coefficients for the selected predictors correctly.
The traditional method for variable choice is stepwise
regression, but the resulting model often has high variance and poor flexibility. In recent years, the introduction of the concept of regularized regression has been a
critical breakthrough in the regression analysis field, in
which the most well-recognized and widely used method
is LASSO regression, proposed in 1996.
LASSO regression sets relatively unimportant independent variable coefficients to zero, which are then excluded
from modelling by constructing a penalizing function for
all variable coefficients [11, 12]. Its clinical applications are
broadly used for supervised learning, which starts with a
goal for predicting a known output or target. Supervised
learning focuses on classification, which involves choosing
one among several subgroups to best describe a new data
instance, and prediction which involves estimating an
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unknown parameter. Supervised learning is also often
used to estimate risk. After statisticians’ unremitted efforts
for more than 20 years, initially starting from the LASSO
concept proposed by R. Tibshirani in 1996 [13] to now, a
relatively complete set of theories has been established.
All of these factors have made statistical inferences based
on punishment estimates and the establishment of our
diagnostic prediction model for MCD a reality.
To the best of our knowledge, we are the first to have
developed a non-invasive diagnostic model using LASSO
logistic regression and determined markers for evaluating disease severity by analysing serological parameters
and clinical signs in the present study. Moreover, we
assessed the predictive accuracy of this model in internal
patient test groups. The establishment of the model
could provide physicians with an additional tool for clinical diagnostic evaluation of adult patients with NS, especially when renal biopsy is impractical for various
reasons.

Method
Patients and clinical information

A total of 1009 inpatients with NS from January 12,017
to November 52,019 in the Department of Nephrology,
the Second Affiliated Hospital of Xi’an Jiaotong University were enrolled in this study. Among them, there were
71 patients with MCD and 938 patients with non-MCD
confirmed by renal biopsy.
The inclusion criteria were as follows: a) renal biopsy
performed during hospitalization and the lack of a prior
renal pathologic diagnosis from other hospital, b) lack of
any immunosuppressive treatment or renal replacement
therapy before admission, and c) age between 14 and 75
years. Patients meeting any of the following criteria were
excluded: a) no renal biopsy reports in our hospital, b) reports of any immunesuppression treatment or renal replacement therapy before hospitalization, c) ages younger
than 14 years, and d) a majority of clinical data missing.
Definition

The kidney specimen for renal pathological diagnosis was
taken by ultrasound-guided percutaneous renal biopsy,
which was performed before administration of immunosuppressive therapy. The specimens were examined under
light microscopy and transmission electron microscopy in
accordance with standard procedures and were reviewed by
more than two experienced renal pathologists. The renal
pathological features of MCD are as follows: no glomerular
lesions or only minimal mesangial prominence examined
by light microscopy; negative staining or low-intensity
staining for C3 and IgM examined by immunofluorescence
microscopy; and diffuse foot process effacement without
electron-dense deposits determined by transmission electron microscopy [5]. The non-MCD renal pathological
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diagnoses for patients with NS included mesangial proliferative glomerulonephritis (MsPGN), focal segmental glomerulosclerosis (FSGS), membranous nephropathy (MN), and
membranoproliferative glomerulonephritis (MPGN).
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accurately predicted by every nomogram. ROC analysis was
carried out by the R package “pROC”.

Results
Patient characteristics

Statistical differences between 2 groups were evaluated by
t-tests, Mann-Whitney U tests, chi-square tests, logistic
LASSO regression analysis and receiver operating characteristic (ROC) analysis as appropriately described below.
Statistical analysis was performed by IBM SPSS Statistics
20 software. Normally distributed data are expressed as
the mean ± standard deviation (SD) and were evaluated
using unpaired Student’s t tests. Non-normally distributed
data are expressed as medians with corresponding 25th
and 75th percentiles (interquartile range) and were compared using Mann-Whitney U tests. Categorical variables
were analysed using chi-square tests. Logistic LASSO regression analysis was performed to establish the diagnostic
model. ROC analysis was performed to measure the diagnostic value of clinical factors and an area under the ROC
curve (AUC) greater than 0.70 was considered to indicate
good specificity [14]. A P value less than 0.05 was considered statistically significant.

Table 1 shows detailed clinicopathological characteristics
and differences between the MCD patients and nonMCD patients. Data are displayed as the median (interquartile range) except sex. There were 14 clinical indicators with significant differences between the two groups,
including systolic blood pressure (SBP), diastolic blood
pressure (DBP), haemoglobin (HB), platelets (PLT), red
blood cell (RBC) count, immunoglobulin G (IgG), immunoglobulin A (IgA), immunoglobulin M (IgM), complement 3 (C3), complement 4 (C4), immunoglobulin E
(IgE), complement 1q (C1q), urine protein and eGFR
(P < 0.05). The median values of blood pressure in the
non-MCD group, including SBP and DBP, were higher
than those in the MCD group. Interestingly, although
the difference in blood pressure between the MCD
group and the non-MCD group was statistically significant, only slight differences in the medians between
these two groups were observed (121/79 mmHg vs. 125/
80 mmHg), and the blood pressure levels of most patients were within the normal range.

Model selection and validation

Logistic LASSO regression analysis and ROC analysis

Statistical analysis

Due to the limited size of the data, we choose crossvalidation for model selection. Cross-validation divides the
obtained data multiple times into different training sets
and validation sets. If the prediction model established
with the training set shows the corresponding characteristics (discrimination and consistency) on the validation set,
it means that the established prediction model works well.
First, we randomly divided the sample data into two parts
(75% training set, 25% validation set), then used the training
set to train the model and verified the model and parameters with the validation set. Of course, the validation set is
only a quarter of the original data. This validation set is
considered internal verification. Then, we resampled the
data to generate additional training sets and validation sets
and repeated the training and validation steps. Finally, we
selected the optimal model and parameters.
Procedures

LASSO regression analysis of the data was performed with
the “glmnet” package in R software. The variables that
achieved the highest AUC in the LASSO regression model
were selected and used to construct the logistic diagnostic
model, followed by establishment of the nomogram with
the “RMS” package. Seventy-five percent of the data were
selected randomly as the training set, while the remaining
25% of the data were assigned as the validation set. Then,
we assessed how close the actual outcomes were able to be

LASSO is a popular method used in regression analysis
with high-dimensional predictors [15]. Before initially establishing the model, as many independent variables as
possible are usually selected to minimize the model deviation due to a lack of important independent variables. In
this way, the 25 variables in our study were all substituted
into the modelling procedure. The predicted probabilities
(PRE-1) were calculated and saved. Among these 25 variable candidates, DBP and blood IgG, IgM, and IgE were
suggested to be significant predictors of an MCD diagnosis (Fig. 1b). We noticed that the AUC gradually increased
as the number of variables increased, which were used to
establish the diagnostic prediction model. Cross-validation
was then performed on the lambda grid points, and the
lambda value with the smallest cross-validation error was
selected (i.e., either 4 or 16 variables).
However, the modelling process needs to find the independent variable set that has the strongest explanatory
power to the dependent variable, that is, to improve the
interpretability and prediction accuracy of the model
through independent variable selection. We calculated the
AUC of the two models and plotted the ROC graphs
(Fig. 2a and b). According to the principle of preventing
overfitting, the “DBP + IgG + IgM + IgE” combination
was strikingly significant in distinguishing between MCD
and non-MCD, which was evaluated via logistic LASSO
regression analysis. The AUCs for determining MCD in
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Table 1 Baseline patient characteristics and differences between the MCD group and non-MCD group
Characteristics
[median (Q1, Q3)]

TOTAL
(n = 1009)

MCD
(n = 71)

Non-MCD
(n = 938)

Z

P value

Age (years)

41 (28,53)

36 (22,55)

41 (28.75,53)

− 1.193

0.2

Sex (male/female), n

532/477

42/29

490/448

/

/

SBP (mmHg)

124 (114,137)

121 (109,132)

125 (114,138)

−2.097

0.04 *

DBP (mmHg)

80 (73,89)

79 (71,85.5)

80 (74,89)

−2.223

0.03 *

Height (cm)

165 (160,172)

166 (163,172)

165 (160,172)

−0.891

0.4

Weight (kg)

65 (56,75)

63.25 (55.25,75.5)

65 (56,75)

−0.604

0.5

BMI (kg/m2)

23.705 (20.960,26.515)

23.63 (20.52,27.05)

23.73 (21,26.4)

−0.263

0.8

Glu (mmol/L)

4.81 (4.39,5.39)

4.625 (4.19,5.075)

4.83 (4.41,5.4)

−1.898

0.06

WBC (*109 /L)

6.37 (5.18,7.89)

6.52 (4.84,7.98)

6.36 (5.19,7.89)

−0.227

0.8

HB (g/L)

133 (116,147)

142 (133,155)

132 (115,146)

−4.578

<0.001 *

PLT (*109 /L)

224 (179,269)

253.5 (212.5293.25)

221 (177.5266)

−3.628

<0.001 *

RBC (*1012 /L)

4.4 (3.91,4.84)

4.66 (4.33,5.09)

4.37 (3.88,4.81)

−3.975

<0.001*

NE (%)

63 (55.9,69.8)

62.34 (55.1,69.1)

63.05 (56,69.875)

−0.432

0.7

EO (%)

1.5 (0.655,2.8)

1.4 (0.4,2.8)

1.5 (0.7,2.8)

−0.804

0.4

LY (%)

27.8 (20.65,33.8)

28.02 (21.575,34.7)

27.64 (20.5,33.7)

−0.982

0.3

MO (%)

5.7 (4.5,7.3)

5.75 (4.7,7.875)

5.7 (4.5,7.2)

−0.959

0.3

IgG (g/L)

9.09 (6.2175,11.8)

5.415 (3.1725,6.3575)

9.375 (6.79,12.0225)

−8.922

<0.001 *

IgA (g/L)

2.51 (1.87,3.32)

2.185 (1.735,2.945)

2.54 (1.88,3.34)

−2.276

0.02 *

IgM (g/L)

1.06 (0.72,1.48)

1.44 (0.9632,1.88)

1.03 (0.7068,1.45)

−4.187

<0.001 *

C3 (g/L)

1.07 (0.907,1.24)

1.19 (1.0575,1.425)

1.06 (0.897,1.23)

−4.443

<0.001 *

C4 (g/L)

0.243 (0.1942,0.31)

0.272 (0.2253,0.3403)

0.24 (0.19,0.309)

−3.136

0.002 *

IgE (IU/ml)

52.2 (19.4142)

160 (46.7982)

47.3 (19,126)

−5.890

<0.001 *

C1q (g/L)

0.308 (0.266,0369)

0.369 (0.305,0.4205)

0.304 (0.263,0.3622)

−5.092

<0.001 *

Urine protein
(mg/24 h)

2425 (1008.95004.2)

5284.62 (3786.54,9330.5)

2179.46 (973.4425,4599)

−7.4

< 0.001*

eGFR (ml/min)

101.065 (66.68,124.035)

115.59 (82.23,135)

100.17 (65.07,123.48)

−2.458

0.014*

YES

66

548

NO

5

Immunosuppressive therapy

Missing data

388
2

*P < 0.05 MCD group vs. non-MCD group
Abbreviations: SBP Systolic blood pressure, DBP Diastolic blood pressure, BMI Body mass index, Glu Glucose, WBC White blood count, HB Hemoglobin, PLT Platelet,
RBC Red blood cell count, NE Neutrophil percentage, EO Eosinophil percentage, LY Lymphocyte percentage, MO Monocyte percentage, IgG Immunoglobulin G, IgA
Immunoglobulin A, IgM Immunoglobulin M, C3 Complement 3, C4 Complement 4, IgE Immunoglobulin E, C1q Complement 1q

the combined model consisting of “DBP + IgG + IgM +
IgE” and in the 16 parameter-based model were 0.88 and
0.886, respectively (Fig. 2). Finally, according to the obtained lambda value, we refit the model with all the data.

Nomogram for predicting the risk of MCD

To provide nephrologists with a quantitative method to
predict a patient’s probability of having MCD while
avoiding an unnecessary renal biopsy, we constructed a
nomogram based on the validation data set and the
equation from the discriminant analysis.

It can be seen from Fig. 3 that the composition of the
nomogram can be divided into three categories: a) Variables used in the prediction model, for example, DBP
and IgG. The line segment corresponding to each variable is marked with a scale, which represents the range
of possible values of the variable, and the length of the
line segment reflects the outcome of the factor, that is,
the size of the contribution of an event; b) The corresponding variable scores, namely, the points at the top
of the figure, which represent the corresponding scores
of each variable for different values. The total score of
the corresponding individual scores after all the variables
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Fig. 1 Construction of the MCD diagnosis model. a Statistics of the ROC curves for the 23 associated parameters between MCD and non-MCD.
Two vertical lines are drawn at the values (i.e., 4 and 16) chosen by cross-validation. b LASSO coefficient profiles of the 23 MCD-associated
characteristics. A vertical line is drawn at the value chosen by cross-validation

are added is the Total Points; c) Prediction of the probability of the occurrence of an event: For example, the
line “risk” at the bottom of the figure represents the
probability of the occurrence of MCD.

Discussion
In the present study, we established and validated a
novel prognostic tool based on the “DBP + IgG + IgM +
IgE” combination to improve the prediction of an MCD

diagnosis and avoiding an unnecessary biopsy. This proposed model can successfully predict the probability of
an MCD diagnosis in patients with NS.
The present study was designed as a retrospective cohort study. Compared with previous studies, our study
included more parameters, including C3, C4 and C1q,
etc., all of which are known as important biomarkers for
common glomerular diseases with NS. As such, the
model tool established from these parameters could be
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Fig. 2 ROC curves of the two MCD classification models. a ROC curve for the “DBP+ IgG+ IgM+ IgE” combination. b ROC curve for the
16-parameter model

more powerful and accurate for the prediction of MCD
diagnosis [16, 17]. Based on statistical analysis, the
current understanding of the mechanisms of MCD development and practical clinical experience, 12 out of 25
useful parameters were selected as predictors for MCD
diagnosis. The 12 parameters included SBP, DBP, HB,
PLT, RBC, IgG, IgA, IgM, C3, C4, IgE, and C1q. Among
them, four indicators, including DBP, IgG, IgM and IgE,
were specifically screened. Similar results were obtained
by using commonly used multiparameter analyses and
logistic LASSO regression analyses, which confirmed
that these four parameters were strikingly significant in
differentiating an MCD from a non-MCD diagnosis.
Furthermore, 25% of patient data were used to validate
the derived equations for classifying MCD.

Recently published studies demonstrated that blood
pressure variability (BPV) is considered an important
cardiovascular disease (CVD) risk factor, with evidence
suggesting that it is associated with clinical outcomes
[18–21]. The results reported by Sethna et al. showed
that the application of the association of BPV with renal
outcomes could be extended to patients with primary
glomerulopathy. Moreover, they further described a 5%
increase in the occurrence of the composite endpoint
(ESRD or eGFR decline < 40%) with a one-unit increase
in the SD of SBP [22]. Aggressively lowering systolic
blood pressure which lowers diastolic pressure to less
than 70 mmHg may increase mortality risk for patients
with chronic kidney disease according to an observational study [23]. Given these clinical observations, we
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Fig. 3 Nomogram for predicting the risk of MCD

speculate that this slight difference in blood pressure between MCD patients and non-MCD patients might
affect the clinical outcome and is possibly clinically significant. We will continue to study the effect of blood
pressure in this population of patients.
The exact pathogenesis of MCD has not yet been well
elucidated. Previous studies have shown that the serum
IgE might play an important role in the pathogenesis of
MCD and might serve as a prognostic indicator in terms
of steroid responsiveness in MCD patients [24, 25]. There
is a large body of evidence to suggest that T cells, especially type 2 helper T cells, play a key role in driving podocyte injury in MCD [26]. Of all cytokines released by Th2
cells, it is frequently associated with increased levels of
interleukin-4 (IL-4) and raised production of IL-13. IL-13
regulates the switching of immunoglobulin production toward IgE [27–29]. Several studies also revealed increased
serum IL-13 levels in patients with MCD [30]. This finding is consistent with our finding for the performance of
increased serum IgE levels in predicting MCD. The predictive value of serum IgE for MCD diagnosis has gradually become accepted in recent years [31].
Other studies have revealed that the levels of serum
IgG and IgM decrease during the relapse of steroidsensitive nephrotic syndrome [32–34]. Disproportionally
decreased levels of IgG subclasses, especially of IgG1
and IgG2, cause a decrease in serum total IgG levels
during relapses [33, 35]. Decreased serum IgG levels
may result from urinary loss of IgG or an impaired class
switch from IgM to IgG in B cells [33]. Our study
showed a significantly decreased IgG level in patients
with MCD and an increased serum IgM level, as

expected. Although some studies have shown the glomerular deposition of these immunoglobulins in kidney
specimens of MCD patients [25, 34, 36, 37], they seemed
more likely to be non-specific makers of any glomerular
disease due to potential blood immunoglobulin contamination in the glomerular capillaries, especially of IgG or
IgM. Based on the papers published available, there are
few studies on the relationship between these parameters and pathological indicators reflecting the severity of
the disease.
We realize that there are some limitations in our study.
This was a retrospective cohort study, and it is critical to
further verify the sensitivity and specificity of the model
for the diagnosis of MCD in clinical practice. The model
was established based on data from patients of Chinese
ethnicity, especially adults, so its generalizability is limited,
and it may be susceptible to the causes of the inherent
biases of such a study format. We will further validate the
accuracy and repeatability of the prediction model for an
MCD diagnosis with prospective studies in multicentre
clinical trials.
Few clinical risk prediction models for an MCD diagnosis have been developed. Combining multiple factors
(DBP, IgG, IgM and IgE) displayed a better effect in predicting the diagnosis of MCD than that of prior reports
[16, 17, 38]. The measurement of serum immunoglobulins is cheaper and faster than that of other indexes and
is easily available in general hospitals. Furthermore, we
utilized a more scientific statistical method to avoid the
interference of human factors on the construction of the
model and randomly selected a subset of patient data to
internally test our model.
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Conclusions
In summary, we first established a diagnostic model that
combined multiple factors (DBP, IgG, IgM and IgE) to
effectively distinguish MCD patients from non-MCD patients among adults with high sensitivity and specificity.
The four parameter-based classifier potentially offers
clinical value in predicting a patient’s probability of having MCD diagnosis, avoiding renal biopsy in adults with
NS.
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