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Abstract 

Introduction: To eliminate the disparity and maldistribution of physicians and medical specialty services, the devel‑
opment of diagnostic support for rare diseases using artificial intelligence is being promoted. Immunoglobulin G4 
(IgG4)‑related disease (IgG4‑RD) is a rare disorder often requiring special knowledge and experience to diagnose. In 
this study, we investigated the possibility of differential diagnosis of IgG4‑RD based on basic patient characteristics 
and blood test findings using machine learning.

Methods: Six hundred and two patients with IgG4‑RD and 204 patients with non‑IgG4‑RD that needed to be dif‑
ferentiated who visited the participating institutions were included in the study. Ten percent of the subjects were 
randomly excluded as a validation sample. Among the remaining cases, 80% were used as training samples, and the 
remaining 20% were used as test samples. Finally, validation was performed on the validation sample. The analysis 
was performed using a decision tree and a random forest model. Furthermore, a comparison was made between con‑
ditions with and without the serum IgG4 concentration. Accuracy was evaluated using the area under the receiver‑
operating characteristic (AUROC) curve.

Results: In diagnosing IgG4‑RD, the AUROC curve values of the decision tree and the random forest method were 
0.906 and 0.974, respectively, when serum IgG4 levels were included in the analysis. Excluding serum IgG4 levels, the 
AUROC curve value of the analysis by the random forest method was 0.925.

Conclusion: Based on machine learning in a multicenter collaboration, with or without serum IgG4 data, basic 
patient characteristics and blood test findings alone were sufficient to differentiate IgG4‑RD from non‑IgG4‑RD.
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Introduction
Rheumatic diseases are currently diagnosed using diag-
nostic criteria based on a combination of physical, 
hematological, imaging, and pathological findings. As 
such, several visits to medical institutions and invasive 

examinations are needed before a diagnosis can be made. 
This is problematic for some patients, especially during 
the ongoing severe acute respiratory syndrome corona-
virus 2 (SARS-CoV-2) pandemic, which has prevented 
patients from visiting medical institutions and has exac-
erbated the disparity in medical care between different 
regions.

In particular, this problem is a major obstacle for the 
diagnosis of immunoglobulin (Ig) G4-related disease 
(IgG4-RD). IgG4-RD is a systemic fibroinflammatory 
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disease characterized by elevated serum levels of IgG4, 
marked infiltration of IgG4-bearing plasma cells, and 
fibrosis in the involved organs [1]. It is a rare disease 
that was newly conceptualized in this century, and it 
has many differential diagnoses. General physicians do 
not always recognize IgG4-RD in patients. In addition, 
delays in diagnosis and treatment can lead to severe 
organ dysfunction.

The use of artificial intelligence (AI) may help solve 
this issue. Machine learning, which is a data analysis 
technique for realizing AI, is a method in which com-
puters automatically analyze data to discover and learn 
the rules and patterns behind the data. In recent years, 
there has been an emphasis on making predictions and 
decisions based on the results of such learning, and 
the use of AI in the medical field has increased. It has 
been successful in building models for retrospectively 
identifying abnormalities in diverse types of images 
[2]. In particular, systems for detecting colorectal can-
cer, skin tumors, cerebral aneurysms, and influenza 
infection, among others, by AI-based imaging diagno-
sis have been consecutively developed. In rheumatol-
ogy, many results related to treatment support have 
been reported. Studies have successfully predicted the 
response to treatment and the prognosis of rheumatoid 
arthritis (RA) patients using data on clinical markers 
and genetic analyses. In 2019, Kim et al. used transcrip-
tome profiling of RA synovium to predict treatment 
responses from inflammatory signals [3]. Furthermore, 
Guan et  al. used clinical data and single-nucleotide 
polymorphism sequence data to predict the patient 
response to antitumor necrosis factor therapy [4]. Sub-
sequently, many prognostic predictors of the patient 
response to treatment and rehospitalization have been 
reported for RA, systemic lupus erythematosus (SLE), 
juvenile idiopathic arthritis, spondyloarthropathy, and 
osteoarthritis. However, there have not yet been any AI 
studies for IgG4-RD.

The diagnosis of IgG4-RD is made based on physi-
cal, imaging, serological, and histopathological findings 
[5]. For this reason, the diagnosis requires the judgment 
of many specialists. However, ever since the Fukushima 
nuclear accident in 2011 in Japan, patients have become 
very nervous about radiation exposure, including that 
from diagnostic tests, and the current SARS-CoV-2 pan-
demic had prevented the diagnosis of IgG4-RD in many 
patients. Therefore, to facilitate the diagnosis of IgG4-
RD, in this study, we attempted to determine whether 
AI could properly diagnose IgG4-RD using only physi-
cal examination and blood test data obtained at the first 
visit, which are available to general practitioners, with-
out using images and pathological findings that require a 
diagnosis by specialists.

In addition, the therapeutic strategy for rheumatic dis-
eases is decided after carefully considering the distribu-
tion and degree of disability. These are the areas in which 
AI excels the most. Currently, the diagnosis of IgG4-
related disease (IgG4-RD) is based on blood test results; 
findings from imaging examinations such as computed 
tomography (CT), MRI, and fluorodeoxyglucose positron 
emission tomography (FDG-PET), and histopathologi-
cal findings. As a result, the invasiveness to the patients 
is high, and the high cost of medical care has become a 
problem. Thus, this study investigated whether AI can be 
trained to differentiate IgG4-RD from other rheumatic 
diseases by learning the typical cases of both IgG4-RD 
and non-IgG4-RD, and whether proper diagnosis is pos-
sible. The results of this study are expected to be useful 
for assisting nonspecialist physicians in the community 
to make appropriate diagnosis and treatment decisions 
for patients with IgG4-RD.

Methods
Patients
The subjects were 602 patients with IgG4-RD who vis-
ited the Institute of Medical Science, The University of 
Tokyo (IMSUT) Hospital, The University of Tokyo Hos-
pital, Kanazawa University Hospital, Shinshu University 
Hospital, Kyoto University Hospital, or Sapporo Medical 
University Hospital between April 1997 and June 2019. 
In addition, 204 patients with other rheumatic disor-
ders that needed to be differentiated from IgG4-RD who 
visited the aforementioned institutions between Janu-
ary 2019 and June 2019 were also included in the study. 
All subjects provided informed consent to participate 
in the study based on the information provided in the 
study. IgG4-RD was diagnosed based on the comprehen-
sive diagnostic criteria for IgG4-RD (Ministry of Health, 
Labour and Welfare Research Group, Japan, 2011) [6]. 
Among those who visited the aforementioned institu-
tions before 2010, only those with a definitive diagnosis 
according to the comprehensive diagnostic criteria were 
included in this study. The differential diseases were as 
follows: Sjögren’s syndrome (SS; N=106), SLE (N=25), 
polymyositis/dermatomyositis (N=19), microscopic 
polyangiitis (N=6), eosinophilic granulomatosis with 
polyangiitis (EGPA; N=11), granulomatosis with poly-
angiitis (N=10), multicentric Castleman’s disease (MCD; 
N=19), and sarcoidosis (N=8). In actual clinical practice, 
the differential diagnosis of IgG4-RD is very important. 
Hyper-IgG4emia is not specific to IgG4-RD as it is also 
detected in eosinophilic diseases, such as EGPA, eosino-
philic pneumonia, some bronchial asthma, and MCD 
[7]. It is also necessary to differentiate IgG4-RD from 
other disorders, including SS in sicca symptoms, SS and 
sarcoidosis in lacrimal and salivary gland swelling, SLE 
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in hypocomplementemia, and myositis and vasculitis 
in interstitial pneumonia. Depending on the diagnosis, 
the treatment and prognosis may vary greatly. However, 
because IgG4-RD is a rare disease, the differential diag-
nosis can be difficult. In this study, the diagnostic or clas-
sification criteria developed by the relevant societies and 
research groups were used [8–15].

Machine learning and statistical analyses
First, a dataset including two basic patient characteristics 
and 29 laboratory findings from the first visit was created 
for each case (Table  1). Ten percent of the patients and 
controls were randomly selected to be validation samples. 
Of the remaining cases, 80% and 20% were included as 
training and test samples, respectively [16]. This process 
was performed randomly by a computer for each of the 
IgG4-RD and non-IgG4-RD groups. Finally, validation 
was performed with the validation sample that was sep-
arated at the beginning. A prediction model was devel-
oped using the training sample with the outcome set to 
extract IgG4-RD cases from among the cases of diseases 
that needed to be differentiated from IgG4-RD. We also 
performed analyses for the situations with known and 
unknown serum IgG4 concentration, which are consid-
ered to be an important variable in the diagnosis of IgG4-
RD. In the latter situation, we purposely excluded the 
IgG4 concentration from the analysis. Cases with missing 

data were excluded from the study. The value of missing 
data was 0.7%. R version 3.6.1 software (https:// cran. ism. 
ac. jp) was used for the analyses. The following classifica-
tion and regression tree (CART) and random forest mod-
els were applied using the R package “rpart” (v. 4.1-15) 
(https:// cran. ism. ac. jp/ bin/ macosx/ contr ib/4. 0/ rpart_4. 
1- 15. tgz) and “randomForest”(v. 4.6-14) (https:// cran. 
ism. ac. jp/ bin/ macosx/ contr ib/4. 0/ rando mFore st_4. 6- 14. 
tgz), respectively.

CART is a decision tree learner that selects the vari-
able with the highest impurity and performs branching 
[17]. The random forest method, which is an ensemble 
learning method, uses the Gini impurity calculated from 
CART to perform variable selection. The Gini impurity is 
an indicator of the importance of a variable. The random 
forest method is used as a practical method when a cer-
tain number of samples is available [18]. In addition, both 
functions visualize the reason for the selection, allow-
ing heuristic knowledge acquisition, which is difficult to 
imagine from the usual way of handling data.

In terms of model fitting, when the serum IgG4 val-
ues were known, the CART method used a cp (a param-
eter indicating the complexity of the tree model) value of 
0.017, and the random forest method used a mtry (the 
number of variables to be employed in the model) of 5 
and a ntree (the number of decision trees to be tried) of 
400, and when the serum IgG4 values were unknown, 

Table 1 Clinical and laboratory items used for machine learning

Clinical findings Laboratory findings

Age of the first visit Rheumatoid factor Platelet

Sex Anti-nuclear antibody LDH

TSAGgI

IgG4 ALT

PTGγAgI

PLAMgI

lib.TEgI

Hemoglobin D.bil 

CH50 BUN

rC3C

YMA4C

White blood cell CK

Neutropil CRP

Lymphocyte soluble IL-2 receptor

Eosinophil

https://cran.ism.ac.jp
https://cran.ism.ac.jp
https://cran.ism.ac.jp/bin/macosx/contrib/4.0/rpart_4.1-15.tgz
https://cran.ism.ac.jp/bin/macosx/contrib/4.0/rpart_4.1-15.tgz
https://cran.ism.ac.jp/bin/macosx/contrib/4.0/randomForest_4.6-14.tgz
https://cran.ism.ac.jp/bin/macosx/contrib/4.0/randomForest_4.6-14.tgz
https://cran.ism.ac.jp/bin/macosx/contrib/4.0/randomForest_4.6-14.tgz
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for the CART method used a cp value of 0.015, and ran-
dom forest method used a mtry of 3 and a ntree of 300 
for optimization. The Shapiro-Wilk test was conducted 
to confirm that the training, test, and validation samples 
had a normal distribution (p = 0.62). Intergroup com-
parisons were performed using a two-tailed t test. The 
accuracy of the model was retrospectively evaluated by 
drawing a receiver-operating characteristic (ROC) curve 
from the sensitivity and specificity of the validation sam-
ple, and by calculating the area under the curve (AUC). P 
values less than 0.05 were considered to denote statistical 
significance. Values are provided as the mean ± standard 
deviation unless otherwise noted.

Results
Patient profiles
Among the 602 patients with IgG4-RD, 350 were male 
and 252 were female (male:female ratio, 1.4:1). The mean 
age at the first visit was 64.11 ± 11.46 years. The mean 
serum IgG concentration was 2204.14 ± 1146.86 mg/
dL, and the mean serum IgG4 concentration was 666.00 
± 660.46 mg/dL. Of the 602 patients, 499 had dacry-
oadenitis and sialadenitis, 192 had autoimmune pan-
creatitis, 51 had sclerosing cholangitis, 107 had renal 
involvement, 87 had respiratory involvement, and 182 
had retroperitoneal fibrosis; 350 (58.1%) patients had two 
or more organ lesions (Table 2). In the 204 patients with 
diseases that needed to be differentiated from IgG4-RD, 
the male:female ratio was 1:3.9 (42 men and 162 women). 
The mean age at the first visit was 54.02 ± 16.29 years, 
which was significantly younger than that in the IgG4-RD 
group (p < 0.001). The details of the diseases are shown in 
Table  2. Of the patients with non-IgG4-RD, all patients 
with MCD and EGPA [7, 19] presented with elevated 
serum IgG4 levels. In the MCD group, the mean serum 
IgG and IgG4 concentrations were 3828.05 ± 1850.66 
and 710.42 ± 1156.82 mg/dL, respectively. No significant 
difference in the serum IgG4 level was found between the 

MCD and IgG4-RD groups (p = 0.63). e missing data rate 
was 0.7%.

Prediction of the IgG4‑RD diagnosis in patients 
with rheumatic diseases requiring differentiation
Overall, the data from 806 cases were used in this 
study; among these cases, 602 were IgG4-RD cases 
and 204 were non-IgG4-RD cases. The data of 10% of 
these cases (60 IgG4-RD cases and 21 non-IgG4-RD 
cases) were retained for validation, and the data of 
the remaining 725 cases (542 IgG4-RD cases and 183 
non-IgG4-RD cases) were used as the training and test 
samples. When the serum IgG4 level was known, the 
diagnosis of IgG4-RD was predicted by a decision tree 
(Fig. 1A). The CART model revealed that the key pro-
cess fluctuations leading to a diagnosis of IgG4-RD in 
this process were the serum levels of IgG4, C-reactive 
protein (CRP), IgM, soluble interleukin-2 receptor (sIL-
2R), complement 3, lymphocytes, and IgG. Further-
more, from the top to the bottom along the branch to 
each leaf node of the tree, “if-then” rules could be gen-
erated to predict the diagnosis. For example, the right 
branch of the CART indicated that if the serum IgG4 
level was ≥151.5 mg/dL, CRP was <5 mg/dL, and IgM 
was <177.5 mg/dL, then IgG4-RD was significantly 
more likely than non-IgG4-RD. The ROC curve for this 
algorithm is shown in Fig. 1B. The accuracy, sensitivity, 
and specificity of the algorithm were 0.917, 0.963, and 
0.789, respectively, and the AUC was 0.889. Validation 
of this algorithm showed that its accuracy, sensitivity, 
and specificity were 0.914, 0.983, and 0.714, respec-
tively, and the AUC was 0.906 (Fig. 1C).

The same data were then analyzed using the random 
forest method. The Gini impurity is shown in Fig.  2A. 
In this algorithm, the serum IgG4 concentration was 
the most important variable, followed by the age at the 
first visit, and the levels of serum IgA, sIL-2R, and IgM. 
The ROC curve for this algorithm is shown in Fig.  2B. 

Table 2 Details of the patients included in the study

DR-4GgI-noNDR-4GgI
)9.3:1(  261 :24)1:4.1(  252 :053)oitar( elameF :elaM

92.61 ± 20.4564.11±11.46).o.y( tisiv tsrif eht ta ega naeM
8,1)DS±(  68.641,1±41.402,2)Ld/gm( noitartnecnoc GgI mures naeM 97.16±1,046.43 (±SD)

49.721)DS±(  64.066±00.666)Ld/gm( noitartnecnoc 4GgI mures naeM ±404.36 (±SD)
Involved organs or diseases (N) Dacryoadenitis and sialadenitis (499), SS (106), SLE (25), PM/DM (19), 

Autoimmune pancreatitis (192), MPA (6), EGPA (11), GPA (10), 
)8( sisodiocraS ,)91( DCM ,)15( sitignalohc gnisorelcS

Kidney disease (107), Respiratory disease (87),
Retroperitoneal fibrosis (182)

No. of the Involved organs ≥ 2 (%) No. of the Involved organs ≥ 2 (%) 

IgG4-RD: IgG4-related disease, SS: Sjögren’s syndrome, SLE: systemic lupus erythematosus, PM: polymyositis, DM: dermatomyositis, MPA: microscopic 
poliangiitis, EGPA: eosinophilic granulomatosis with polyangiitis, GPA: granulomatosis with polyangiitis, MCD: multicentric Castleman’s disease
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Fig. 1 Prediction of IgG4‑RD diagnosis in patients with rheumatic diseases requiring differentiation by a CART, when the serum IgG4 level was 
known. A Decision tree algorithm. The blue color in the figure indicates the predicted percentage of IgG4‑RD cases, and the red color indicates 
the percentage of non‑IgG4‑RD cases. The CART tree model revealed that the key process fluctuations leading to the diagnosis of IgG4‑RD in 
this process were serum levels of IgG4, CRP, IgM, sIL‑2R, C3, lymphocyte, and IgG. Furthermore, from top to bottom along the branch to each leaf 
node of the tree, the “if‑then” rules could be generated to predict the diagnosis. For example, the right branch of the CART tree indicated that if 
serum IgG4 level was ≥151.5 mg/dL, CRP was <5 mg/dL, and IgM was <177.5 mg/dL, it was shown that IgG4‑RD is significantly more likely than 
non‑IgG4‑RD. B ROC curve in the decision tree algorithm (left). The accuracy, sensitivity, and specificity of the algorithm were 0.917, 0.963, and 0.789, 
respectively, and the AUC was 0.889. C ROC curve for the decision tree algorithm (validation) (right). The validation of this algorithm showed that its 
accuracy, sensitivity, and specificity were 0.906, 0.983, and 0.714, respectively, and the AUC was 0.906
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The accuracy, sensitivity, and specificity of the algo-
rithm were 0.938, 0.981, and 0.816, respectively, and 
the AUC was 0.986. Validation of this algorithm showed 
that its accuracy, sensitivity, and specificity were 0.938, 

1.000, and 0.762, respectively, and the AUC was 0.974 
(Fig. 2C).

When the serum IgG4 level was unknown, the diagno-
sis of IgG4-RD was predicted by a decision tree (Fig. 3A). 
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Fig. 2 Prediction of IgG4‑RD diagnosis in patients with rheumatic diseases requiring differentiation by a random forest, when the serum IgG4 level 
was known. A Decrease in Gini impurity. In this algorithm, the serum IgG4 concentration is the most important variable, followed by the age at 
the first visit, levels of serum IgA, sIL‑2R, and IgM. B ROC curve for the random forest algorithm (left). The accuracy, sensitivity, and specificity of the 
algorithm were 0.938, 0.981, and 0.816, respectively, and the AUC was 0.986. C ROC curve for the random forest algorithm (validation) (right). The 
validation of this algorithm showed that its accuracy, sensitivity, and specificity were 0.938, 1.000, and 0.762, respectively, and the AUC was 0.974
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The CART model revealed that the key process fluctua-
tions leading to a diagnosis of IgG4-RD in this process 
were the age at the first visit, the levels of several serum 
biomarkers, the peripheral count of white blood cells, 
and the fractions of the white blood cells. For example, 
the right branch of the CART indicated that if the age at 
the first visit was ≥51.5 years, serum IgM level was <201 
mg/dL, peripheral count of leukocytes was <10,960/μL, 
serum IgG level was ≥1253.5 mg/dL, and serum IgA level 
was <289.5 mg/dL, then IgG4-RD was significantly more 
likely than non-IgG4-RD. The ROC curve for this algo-
rithm is shown in Fig. 3B. The accuracy, sensitivity, and 
specificity of the algorithm were 0.807, 0.869, and 0.632, 
respectively, and the AUC was 0.776. Validation of this 
algorithm showed that its accuracy, sensitivity, and speci-
ficity were 0.852, 0.917, and 0.667, respectively, and the 
AUC was 0.763 (Fig. 3C).

The Gini impurity is shown in Fig. 4A. In this algorithm, 
the age at the first visit was the most important variable, 
followed by the levels of serum IgA, sIL-2R, IgM, and IgE. 
The ROC curve for this algorithm is shown in Fig.  4B. 
The accuracy, sensitivity, and specificity of the algorithm 
were 0.897, 0.972, and 0.684, respectively, and the AUC 
was 0.955. Validation of this algorithm showed that its 
accuracy, sensitivity, and specificity were 0.877, 1.000, and 
0.524, respectively, and the AUC was 0.925 (Fig. 4C).

Discussion
To our knowledge, this study is the first to construct a 
machine learning algorithm to differentiate IgG4-RD 
from non-IgG4-RD based on patient characteristics and 
laboratory findings.

From the results of the present study, when the serum 
IgG4 level was included in the analysis, the accuracy 
was 0.914 for the decision tree method and 0.938 for the 
random forest method. The AUC of the decision tree 
method was 0.906, which is above 0.9, and the random 
forest method had a good accuracy of 0.974. The algo-
rithm of the decision tree depicts the characteristics of 
this disease very well; in IgG4-RD, more than 90% of the 
cases have hyper-IgG4emia [7, 20–22], and the CRP level 
is often low. Yamada et al. reported that less than 10% of 
cases had a CRP level ≥1.0 mg/dL [23]. Furthermore, the 
absence of an elevated serum IgM level is considered to 
be important in differentiating MCD [24]. The most used 
nodes and branches in this study were diagnosed by CRP, 
IgM, and hyper-IgG4emia. On the other hand, in the Gini 
impurity in the random forest method, serum IgG4 was 
extracted as the most important variable, followed by the 
levels of serum IgA, IgM, and sIL-2R, and the age at the 
first visit. The cutoff values for the age at the first visit 
and serum IgA concentration in the Gini impurity are 
unknown due to the nature of the random forest method 

[25], but IgG4-RD often occurs in the elderly [26], and 
age is presumably used to differentiate IgG4-RD from 
MCD, as described above [24].

When the serum IgG4 level was not used (as the level 
was unknown), the accuracy of the decision tree was 
0.852, and the AUC was 0.763, which is much lower than 
when the IgG4 level was known, but the random forest 
method was able to obtain a good diagnostic prediction 
of 0.925. The algorithm of the decision tree showed that 
it is more complicated when the IgG4 value is unknown 
than when it is known. Even the most frequently used 
branch of the tree had five nodes: they were the age at 
the first visit, the concentrations of serum IgG, IgA, and 
IgM, and the peripheral leukocyte counts. In this tree, a 
new node was added: a peripheral white blood cell count 
<10,960 /μL. The peripheral white blood cell count has 
not been given much attention in the diagnosis of IgG4-
RD until now. In the future, as a new perspective, it may 
be necessary to keep in mind that leukocytosis is not 
very common in IgG4-RD. In contrast, in the Gini impu-
rity in the random forest method, in which the accuracy 
was restored, the age at the first visit was extracted as 
the most important variable. Regardless of whether the 
serum IgG4 level was known, the most important fac-
tors that were extracted were generally the same. In other 
words, in the random forest method, when the serum 
IgG4 level is known, it is the most important factor for 
diagnosis, and the age at the first visit and the levels of 
serum Ig and sIL-2R are also important variables, and 
when the serum IgG4 level is unknown, the age at the 
first visit and serological markers other than the serum 
IgG4 concentration are important for the diagnosis.

There are several limitations in this study. Even though 
this study is a multicenter study, the amount of data ana-
lyzed is still considered small. When building a machine 
learning model, a large representative and diverse dataset 
should be collected. Since this study focused on the dif-
ferential diagnosis of IgG4-RD, it was not adjusted to the 
frequency of the disease in actual clinical practice. In addi-
tion, all subjects were Japanese, and it is unclear whether 
our results can be extrapolated to other populations. 
Also, the test items used in this study included items that 
are not used in daily practice in Europe and the USA. In 
Japan, registries for intractable diseases are currently being 
constructed, and we hope to overcome these problems in 
the future using the databases from these registries and 
through collaborations with other researchers through-
out the world. Machine learning is expected to be widely 
used in lifelong health management [27], and in the near 
future, we will build a large database that will be constantly 
updated and close to daily clinical practice. In addition, we 
would like to integrate the clinical and multi-omics data to 
establish an algorithm that can be applied for the diagnosis 
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of IgG4-RD and other diseases, and for the prediction of 
prognoses, such as for drug selection, and responses to 
treatment. Based on the results of this study, we believe 
that AI will facilitate the further understanding of patho-
logical conditions and enable drug discovery.

Conclusions
Based on our investigation of machine learning in a 
multicenter collaboration, we found that with or with-
out serum IgG4 data, basic patient characteristics, and 
blood test findings alone were sufficient to differentiate 

Fig. 3 Prediction of IgG4‑RD diagnosis in patients with rheumatic diseases requiring differentiation by a CART, when the serum IgG4 level was 
unknown. A Decision tree algorithm. The blue color in the figure indicates the predicted percentage of IgG4‑RD cases, and the red color indicates 
the percentage of non‑IgG4‑RD cases. The CART tree model revealed that the key process fluctuations leading to the diagnosis of IgG4‑RD in this 
process were the age at the first visit, several serum biomarkers, and the peripheral counts of white blood cells and its fractions. For example, the 
right branch of the CART tree indicated that if age at the first visit ≥51.5 years, serum IgM level was <201 mg/dL, peripheral counts of leucocytes 
<10,960/μL, serum IgG level was ≥1,253.5 mg/dL, and serum IgA level was <289.5 mg/dL, it was shown that IgG4‑RD is significantly more likely 
than non‑IgG4‑RD. B ROC curve for the decision tree algorithm (left). The accuracy, sensitivity, and specificity of the algorithm were 0.807, 0.869, and 
0.632, respectively, and the AUC was 0.776. C ROC curve for the decision tree algorithm (validation) (right). The validation of this algorithm showed 
that its accuracy, sensitivity, and specificity were 0.852, 0.917, and 0.667, respectively, and the AUC was 0.763
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IgG4-RD from non-IgG4-RD. When the serum IgG4 
level was known, it was the most important factor for the 
diagnosis, and the age at the first visit and the concen-
trations of Ig and sIL-2R were also important variables. 
Even in cases in which the serum IgG4 concentration was 
unknown, the age at the first visit and the concentrations 
of Ig and sIL2R were important in the diagnosis.
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