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A B S T R A C T   

Although medical checkup data would be useful for identifying unknown factors of disease progression, a causal 
relationship between checkup items should be taken into account for precise analysis. Missing values in medical 
checkup data must be appropriately imputed because checkup items vary from person to person, and items that 
have not been tested include missing values. In addition, the patients with target diseases or disorders are small 
in comparison with the total number of persons recorded in the data, which means medical checkup data is an 
imbalanced data analysis. We propose a new method for analyzing the causal relationship in medical checkup 
data to discover disease progression factors based on a linear non-Gaussian acyclic model (LiNGAM), a machine 
learning technique for causal inference. In the proposed method, specific regression coefficients calculated 
through LiNGAM were compared to estimate the causal strength of the checkup items on disease progression, 
which is referred to as LiNGAM-beta. We also propose an analysis framework consisting of LiNGAM-beta, 
collaborative filtering (CF), and a sampling approach for causal inference of medical checkup data. CF and 
the sampling approach are useful for missing value imputation and balancing of the data distribution. We applied 
the proposed analysis framework to medical checkup data for identifying factors of Nonalcoholic fatty liver 
disease (NAFLD) development. The checkup items related to metabolic syndrome and age showed high causal 
effects on NAFLD severity. The level of blood urea nitrogen (BUN) would have a negative effect on NAFLD 
severity. Snoring frequency, which is associated with obstructive sleep apnea, affected NAFLD severity, partic
ularly in the male group. Sleep duration also affected NAFLD severity in persons over fifty years old. These 
analysis results are consistent with previous reports about the causes of NAFLD; for example, NAFLD and 
metabolic syndrome are mutual and bi-directionally related, and BUN has a negative effect on NAFLD pro
gression. Thus, our analysis result is plausible. The proposed analysis framework including LiNGAM-beta can be 
applied to various medical checkup data and will contribute to discovering unknown disease factors.   

1. Introduction 

Electronic health record (EHR), in particular, medical checkup data, 
would be useful for discovering unknown factors of disease progression 
[1–3]. Most persons have a medical checkup once a year in Japan. 
Various checkup items can be collected simultaneously, such as height, 
body weight, waist circumference, blood components, electrocardiog
raphy, and lifestyle habits through questionnaires and interviews. That 
is, we can easily collect and utilize big medical data for analyzing factors 

of disease progression. 
Many studies have adopted statistical tests for analyzing disease 

progression [4,5]; however, they are not satisfactory. Statistical tests 
cannot take into consideration the causal relationship between checkup 
items. Causal inference is of importance because causes and results need 
to be distinguished when disease progression factors are investigated. 

A linear non-Gaussian acyclic model (LiNGAM) is a statistical causal 
inference method used in machine learning, which can distinguish be
tween correlation and causality based on a structure equation model [6]. 
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Some applications of LiNGAM to medical data have been attempted. 
Helajärvi et al. evaluated the relationships among changes in TV 

watching time, waist circumference, and body mass index (BMI) in 
participants using LiNGAM. Their analysis result suggested that TV 
watching time is antecedent to increases in the waist circumference and 
BMI, and reduction of TV watching time may be effective for long- or 
short-term weight management [7]. Ogawa et al. applied LiNGAM to 
functional magnetic resonance imaging (fMRI) data for analyzing brain 
activities. They attempted to distinguish frontoparietal motor-related 
networks based on the effective connectivity in the motor imagery 
(MI) and the motor execution (ME) conditions. LiNGAM was applied to 
identify the effective connectivity among the frontoparietal motor- 
related brain regions [8]. These studies show that LiNGAM is a prom
ising machine learning technique for causal inference. 

In the present work, we propose a framework for discovering un
known causal factors of disease progression based on LiNGAM. The 
purpose of the original LiNGAM is to estimate a directed graph repre
senting a causal structure among variables, which is expressed as the 
regression coefficient matrix β. The proposed method, referred to as 
LiNGAM-beta, focuses on the relationship between the target variable 
and other variables by extracting the specific row in the regression co
efficient matrix β that corresponds to the target variable. By using the 
proposed LiNGAM-beta, we can quantitatively analyze the causal di
rections and strengths of health checkup data, which is useful for the 
development of a new therapy in the future. 

However, there are many missing values in medical checkup data, 
which makes analysis difficult. Checkup items vary from person to 
person because he/she can select the medical checkup menu, or his/her 
social health insurance may specify the menu. Some tests may not be 
performed due to economic constraints. Thus, items that have not been 
tested result in missing values, and such missing values should be 
appropriately imputed. In addition, the patients with target diseases or 
disorders are limited in comparison with the total number of persons 
recorded in the data, which makes analysis difficult. Hence, we adopted 
collaborative filtering (CF) [9] and a sampling approach [10] for dealing 
with these problems before the application of LiNGAM-beta. 

CF is a machine learning technique for interpolating missing values 
in a table data format, which is mainly used for recommender systems 
[11]. Gräßer et al. presented two methods for data-driven therapy de
cision support based on CF. Both algorithms aim to predict the indi
vidual response to different therapy options using diverse patient data 
and recommend the therapy that is assumed to provide the best outcome 
for a specific patient and time [12]. Zeng et al. applied CF to the pre
diction of pathogenic human genes. They proposed a probability-based 
collaborative filtering model (PCFM) to predict pathogenic human 
genes. They compared the results of PCFM with the results of four state- 
of-the-art approaches, and the results show that PCFM performs better 
than other advanced approaches [13]. We used (CF) for statistical 
imputation of missing values in the medical checkup data. 

The sampling approaches are widely used in machine learning when 
the data distribution is imbalanced. RUSBoost is a well-known imbal
ance data algorithm that combines random under-sampling (RUS) and 
boosting [10]. In addition, Fujiwara et al. developed an imbalance data 
algorithm that uses under-sampling and over-sampling, simultaneously 
[14]. These approaches to sampling can improve the accuracy of sta
tistical models for the imbalanced data by tuning the data distribution 
compared to ordinal classification algorithms when the imbalanced data 
is analyzed. Thus, the sampling approach is useful for medical checkup 
data analysis. 

In this study, we also propose an analysis framework consisting of 
LiNGAM-beta, CF, and the sampling approach for causal inference of 
medical checkup data. The usefulness of the proposed analysis frame
work is demonstrated through disease progression factor identification 
from real-world medical checkup data. 

The target disease in this study is nonalcoholic fatty liver disease 
(NAFLD), which is considered to be associated with metabolic syndrome 

bi-directionally and could lead to various diseases such as cardiovas
cular diseases [15]. NAFLD is the most common cause of chronic liver 
disease and results in serious public health problems in many countries 
worldwide. NAFLD encompasses a wide spectrum of liver pathology, 
ranging from non-alcoholic fatty liver (NAFL), which is usually benign, 
to non-alcoholic steatohepatitis (NASH), which is characterized by 
steatosis, lobular inflammation, and hepatocellular injury, and may 
progress to liver cirrhosis, hepatic failure, and hepatocellular carcinoma 
in the absence of significant alcohol consumption [16–19]. Besides 
metabolic syndrome, NAFLD is reported to be associated with sleep 
physiology, cholesterol and uric acid metabolism [20–22]. 

2. Material & methods 

In this section, we propose a new medical checkup data analysis 
method based on LiNGAM [6] and introduce collaborative filtering (CF) 
for missing value imputation in the medical checkup data [9]. In addi
tion, the details of the medical checkup data analyzed in this study are 
described. 

2.1. LiNGAM-beta 

LiNGAM is a model expressing the causal structure among variables 
[6] and is designed to be applied to data containing confounders. An 
example of a causal structure is shown in Fig. 1. The vertices represent 
variables, and the directed edges express causal dependencies among 
the variables. For example, there is a directed edge from vertex x1 to x2, 
which means x1 has a causal effect on x2. 

LiNGAM assumes that each variable is generated as the linear com
bination of the causal antecedent variables and an exogenous variable. 
In the LiNGAM assumption, the causal structure is expressed as a 
directed acyclic graph (DAG), which is a directed graph without a cycle. 
An example of a LiNGAM model in Fig. 1 is shown below: 

x1 = e1 (1)  

x2 = b21x1 + e2 (2)  

x3 = b31x1 + b32x2 + e3 (3)  

where xi and ei (i=1,2,3) are observed variables and exogenous noise, 
respectively. b21, b31, and b32 are the coefficients. 

When the data include p variables, LiNGAM is expressed as a linear 
equation as follows: 

x = Bx + e (4)  

where x ∈ ℜp is the variable vector, e ∈ ℜp is the exogenous noise vector, 
and B ∈ ℜp×p is the coefficient matrix, which must be a lower triangular 
matrix whose diagonal components are zero due to the causal assump
tion. The goal of the causal discovery with LiNGAM is to estimate the 
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Fig. 1. Causal structure.  
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coefficient matrix B, which describes the causal relationships among the 
variables. Although there are some assumptions in the LiNGAM model, 
one of the biggest assumptions is that all variables in the data need to be 
continuous. 

The coefficients in the row vector in B that associate with the severity 
of the target disease express the causal effects of the test items in the 
medical checkup on disease severity. Their absolute values and positive/ 
negative signs indicate the strength and the direction of the causal ef
fects, respectively. Thus, a specific row vector β in B is extracted. The 
absolute values and positive/negative signs of the extracted regression 
coefficients are compared with each other to estimate the causal effects 
on target disease progression. This method is referred to as LiNGAM- 
beta. 

Several LiNGAM algorithms have been proposed. ICA-LiNGAM al
gorithm is the first proposed LiNGAM algorithm that is based on inde
pendent component analysis (ICA). Since ICA-LiNGAM requires some 
additional information, including the initial guess and the convergence 
criteria [6], it may get stuck in local optima and not converge to a 
reasonable solution if the initial guess is not appropriately chosen. 
DirectLiNGAM is a method for estimating a causal ordering of variables 
with no prior knowledge of the structure and is guaranteed to converge 
to the right solution within a small fixed number of steps if the data 
strictly follows the LiNGAM assumptions and the sample size is infinite. 
DirectLiNGAM enables a more accurate estimation of a causal order of 
the variables in a disambiguated and direct procedure [23]. Pairwise 
LiNGAM is a modification of DirectLiNGAM that uses simple first-order 
approximations of the likelihood ratio for reducing computational 
burden [24]. Thus, we adopted Pairwise LiNGAM in this study, taking its 
advantages into account. 

2.2. Collaborative filtering 

In general, medical checkup items vary from person to person. For 
example, a person undergoes a brain examination using MRI, and 
another person does not undergo MRI due to its economic burden. In 
such a case, items that have not been tested include missing values, and 
such missing values must be imputed appropriately before analysis. 

CF [9] is a machine learning technique for interpolating missing 
values in a table data format, which is mainly used for recommender 
systems [11]. The key idea behind user-based CF is that a rating of a user 
u for a new item i is likely to be similar to that of a user v if users u and v 
rated items similarly. Likewise, the user u is likely to rate two items i and 
j in a similar fashion if other users gave similar ratings to these two items 
[25]. The rating of the user u for the item i is expressed as rui. Users 
similar to the user u are called the nearest neighbors of u. 

The aim of user-based CF is to interpolate the missing value of rui 
using ratings given to i by u’s nearest neighbors. rui is predicted as 

r̂ui = ru + σu

∑
v∈Ni(u)sim

(
u, v

)
⋅rvi − rv

σv

∑
v∈Ni(u)sim

(
u, v

) (5)  

where ̂rui is the predicted rating of the item i by the user u, and rvi is the 
known rating of i by v. ru, rv, σu and σv represent mean values and 
standard deviations of the ratings by users u and v, respectively. sim(u, v) 
denotes the similarity between users u and v. Ni(u) is the set of the 
nearest neighbors of the user u who already rated the item i. The Pearson 
correlation was adopted as the similarity sim(u, v) in this study, which is 
expressed as follows: 

sim(u, v) =
∑

i∈Iuv
(rui − ru)(rvi − rv)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
i∈Iuv

(rui − ru)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
i∈Iuv

(rvi − rv)
2

√ (6)  

where Iuv is the set of items rated by both u and v. 

2.3. Data description 

The medical checkups were carried out between April 2014 and 
March 2015 in the health care division of the Japanese Red Cross Kyoto 
Daini Hospital. The data contain records on 3511 persons (1920 males, 
23–93 y.o. mean: 57.7 y.o.; 1591 females, 27–87 y.o. mean: 57.4 y.o.) 
who received a medical checkup, including physical and physiological 
examinations, questionnaires about lifestyle such as sleep duration, and 
a blood screening examination. In addition, the presence of fatty liver 
was diagnosed by means of abdominal ultrasonography [26]. 

It has been reported that obstructive sleep apnea (OSA) is associated 
with NAFLD severity [27]. In order to diagnose OSA, polysomnography 
(PSG) or portable sleep monitoring devices are required; however, they 
are hard to perform in standard medical checkups. Instead of these di
agnostics, we checked snoring frequency, which is strongly associated 
with OSA [28,29]. The snoring frequency was collected by means of a 
questionnaire and was rated on a four-point scale: “0: almost never”, “1: 
sometimes”, “2: often”, and “3: almost every day”. In addition, there was 
another choice, “Don't know”, which was treated as a missing value in 
this work. 

Persons were excluded if they had any of the following: (1) hepatitis 
virus infection (i.e., hepatitis B surface antigen-positive or hepatitis C 
virus antibody-positive); (2) excessive use of alcohol (≥30 g/day for 
males and ≥20 g/day for females); (3) autoimmune liver disease (e.g., 
autoimmune hepatitis, primary biliary cirrhosis); (4) uncontrolled 
biliary disease (e.g., choledocholithiasis or cirrhosis); (5) ongoing 
treatment for autoimmune disease (e.g., rheumatoid arthritis or sys
temic lupus erythematosus); (6) ongoing hormone therapy for cancer (i. 
e., breast cancer or prostate cancer); (7) ongoing treatment for thyroid 
disease [26]. 

The abdominal ultrasonography (US) protocol and the definition of 
fatty liver adopted in this study were as follows: all eligible persons 
received the abdominal US to assess their liver. The abdominal US was 
performed by expert sonographers with a 3.5 MHz convex array probe 
(Xario unit, Toshiba Medical Systems, Tokyo, Japan). The certified 
gastroenterologists reviewed the images and made fatty liver diagnosis 
according to four known criteria (i.e., hepatorenal echo contrast, bright 
liver, deep attenuation, and vascular blurring) [26]. 

The test items in the medical checkup, their abbreviations, and 
summaries of each variable are listed in Table 1. In the summary col
umn, the mean and the standard deviation are shown if a variable is 
continuous, and the number in each category if categorical. Table 2 
indicates the number of missing values and the missing rate of items in 
the medical checkup data. The overall missing rate was 0.77%, and the 
item ‘snoring frequency’ had the largest missing rate of 18.1%. 

The study was approved by the institutional review board of the 
Japanese Red Cross Kyoto Daini Hospital (S25–15), and the study was 
conducted in accordance with the Declaration of Helsinki. The health 
checkup data will be made available by the corresponding author after 
approval by the institutional review board of the Japanese Red Cross 
Kyoto Daini Hospital to colleagues who propose a reasonable scientific 
request. 

2.4. NAFLD severity 

In the present study, NAFLD severity was scored with a four-point 
discrete variable. This score was determined based on the results of 
abdominal ultrasonography and FIB4 [30], which is an index indicating 
the degree of fibrosis advancement, expressed as follows: 

FIB4 =
Age [years] × AST [U/L]

PLT
[
109

/
L
]
×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
ALT [U/L]

√ (7) 

Shah et al. investigated the optimal cut-off values of FIB4 for pre
dicting the existence of advanced fibrosis. Fibrosis risk is low if 
FIB4≤1.30, modest if 1.30<FIB4<2.67, and high if FIB4≥2.67 [31]. 
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Since FIB4 is a screening tool for NASH, the confirmed diagnosis of 
NASH requires a liver biopsy, and very few patients with a high risk of 
NASH have a liver biopsy due to its invasiveness. It is difficult to define 
appropriate NAFLD severity based on liver biopsy because a small pro
portion of patients suspected of moderate to severe liver fibrosis are 
recommended to receive liver biopsy in daily clinical practice. 

Before the study, we have confirmed the applicability of FIB4 by 
evaluating the severity of hepatic fibrosis of a Japanese NAFLD cohort in 
2012 [32]. In a large cohort study of NAFLD in the USA, Kanwal et al. 
described that “we calculated FIB-4 score to define liver fibrosis severity 
and found a stepwise increase in the risk of HCC with increasing FIB-4 
score” [33]. These reports justify the use of FIB4 for evaluating the de
gree of hepatic fibrosis for NAFLD studies in the general population 
because liver biopsy could not be performed in all the participants. 
Therefore, it is concluded that our definition of NAFLD severity in this 
study is appropriate. 

In this work, the severity of NAFLD was defined according to the 
result of abdominal ultrasonography and FIB4, as shown in Table 3. 
Persons without NAFLD were classified into class 0. Persons with NAFLD 
were classified into classes 1–3 according to FIB4 as follows; the low-risk 

group was class 1, the modest-risk group was class 2, and the high-risk 
group was class 3. 

The numbers of persons belonging to each of the NAFLD severity 
classes are listed in Table 4, which shows that NAFLD severity was un
evenly distributed and that 66% of males and 85% of females belonged 
to class 0 (healthy). 

2.5. Analysis flow 

We analyzed the medical checkup data by dividing them into two 
gender-specific groups because the prevalence of NAFLD is different 
between male and female [34]. 

As preprocessing, we eliminated, from the target medical checkup 
data, binary medical checkup items like questionnaires about lifestyle 
since LiNGAM can only handle continuous variables. Each checkup item 
was standardized with zero mean and a standard deviation of one. We 
performed under-sampling so that the numbers of persons in each class 
became balanced since NAFLD severity was unevenly distributed, as 
shown in Table 4. 

We applied CF and the proposed LiNGAM-beta to the preprocessed 
data in order to estimate the causality of the medical checkup data. 
Finally, the coefficients in the row vector in B that are associated with 
NAFLD severity were extracted. The above procedure was repeated 1000 
times, and the mean was calculated for precise evaluation because we 
randomly under-sampled records. 

Females are more likely to store subcutaneous fat before menopause 
and visceral fat after menopause than males. The prevalence of NAFLD is 
elevated in postmenopausal females [35]. Thus, we performed an 
additional analysis by dividing the gender-specific groups into four 
groups according to age: young male, old male, young female, and old 
female. The age boundary was set to fifty years old, in accordance with 
the average age at which menopause begins. 

In addition, we performed the t-test for validating the significance of 
each regression coefficient estimated by the proposed LiNGAM-beta. 
p<.01 was adopted as the significance level. 

We used the Python library Surprise for performing CF [36], and 
MATLAB codes published by Shimizu and Hyvärinen [24] were used 
here for executing Pairwise LiNGAM. 

3. Results 

Fig. 2 shows the causal effects of each medical checkup item on 
NAFLD severity estimated by LiNGAM-beta in the male and the female 
data, respectively. Bars express the directions and the strengths of the 
causal effects of items on NAFLD severity. The items with positive values 
would increase NAFLD severity, and those with negative values would 
decrease NAFLD severity. The absolute values denote the strengths of 
their causal effects. Asterisks denote items whose regression coefficient 
was significant. Although almost all items were significant factors of 
NAFLD according to the t-test, in particular, items related to metabolic 
syndromes such as WC, BFP, BMI, and age were highly ranked in both 

Table 1 
Medical checkup items.  

Item Unit Summary 

Abdominal ultrasonography – NAFLD: 893, 
Healthy: 2618 

Sex – Male: 1920, 
Female: 1591 

Age years 58±12 
Sleep duration h 6.4±0.9 
Snoring frequency* – 0:907, 1:1104, 2:466, 

3: 398, missing: 636 
Systolic blood pressure (SBP) mmHg 120±17 
Diastolic blood pressure (DBP) mmHg 71±11 
Body fat percentage (BFP) % 22.8±5.5 
Body mass index (BMI) – 22.2±3.3 
Waist circumference (WC) cm 81.1±9.3 
C-reactive protein (CRP) mg/dL 0.09±0.26 
Total protein (TP) g/dL 7.2±0.4 
Serum albumin (ALB) g/dL 4.11±0.26 
Alkaline phosphatase (ALP) U/L 200±57 
Gamma-glutamyl transpeptidase (γ-GTP) U/L 30±32 
Aspartate aminotransferase (AST) U/L 23±9 
Alanine aminotransferase (ALT) U/L 21±14 
Lactate dehydrogenase (LDH) U/L 171±31 
Cholinesterase (ChE) U/L 328±72 
Blood urea nitrogen (BUN) mg/dL 14.5±3.8 
estimated glomerular filtration rate (eGFR) mL/min 70±12 
Uric acid (UA) mg/dL 5.4±1.3 
Triglyceride (TG) mg/dL 96±60 
High-density lipoprotein cholesterol (HDL) mg/dL 67±19 
Low-density lipoprotein cholesterol (LDL) mg/dL 123±29 
White blood cell count (WBC) /μL 52±14 
Hemoglobin count (Hb) g/dL 13.9±1.3 
Platelet count (PLT) /μL 23.0±5.2 
Fasting plasma glucose (FPG) mg/dL 100±15 
Hemoglobin A1c (HbA1c) % 5.9±0.6  

* Snoring frequency: “0: almost never”, “1: sometimes”, “2: often”, and “3: 
almost every day”, and missing means the answer “Don't know.” 

Table 2 
Missing values in dataset.  

Item #Missing Missing rate [%] 

CRP 137 3.90 
ALB 113 3.22 
ALP 113 3.22 
LDH 113 3.22 
ChE 137 3.90 
BUN 137 3.90 
snoring frequency 636 18.1  

Table 3 
Classification of NAFLD severity.  

NAFLD severity 0 1 2 3 

NAFLD no yes yes yes 
FIB4 – ≤1.30 1.3<, <2.67 2.67≤

Table 4 
Number of samples grouped by NAFLD severity*.  

NAFLD severity 0 1 2 3 total 

Male 651 (1269) 400 235 16 1302 (1920) 
Female 242 (1349) 144 93 5 484 (1591)  

* Numbers in parentheses are numbers of samples before under-sampling. 
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sexes. Age had a strong positive effect on the female result, and BUN 
indicated a relatively strong negative effect on NAFLD severity in both 
sexes. 

According to Fig. 2, snoring frequency positively affected NAFLD 
severity in both sexes, which indicated that OSA was associated with 
NAFLD severity in our analysis as well; however, Fig. 3 suggests that 
snoring frequency has a negative effect on NAFLD severity only in the 
young female group, and a positive effect in the other groups. In addi
tion, sleep duration had a negative effect on NAFLD severity in the 
young groups according to Fig. 3. Sleep condition improvement may 
contribute to NAFLD prevention. 

In this work, we adopt CF for analyzing medical checkup data that 
contain many missing values before applying the proposed LiNGAM- 
beta; however, other imputation methodologies have been proposed. 
The simplest method is mean imputation, which fills missing values with 
the mean values of the item. In addition, the hot-deck imputation is also 
a well-known method that replaces a missing value with an observed 
value of the most similar sample [38]. We performed additional exper
iments to validate the imputation efficacy of CF through comparison 
with the mean imputation and the hot-deck imputation. We generated 
some artificial missing values in ‘snoring frequency,’ originally having 
the largest missing rate, such that the missing rates would become 20%, 
40%, 60%, and 80%. In addition, the missing rates of other items were 
determined so that the ratio of the number of missing values in the item 
to ‘snoring frequency’ was consistent with that of the original data. 

The artificial missing values were imputed using three methods, and 
their imputation errors were compared. In the hot-deck method, the 
Euclidean distance was used as the similarity. The root means squared 
error (RMSE) between the original values before the missing and the 
imputed values were used for evaluation. This procedure was repeated 
100 times for precise evaluation. Table 5 shows the comparison result, in 
which the bold fonts indicate the best performance. The mean imputa
tion became slightly worse as the missing rate increased, and the per
formance of the hot-deck method was worst. In contrast, CF achieved the 

best imputation performance of the three methods, and it did not 
deteriorate even when the missing rate increased. This experiment 
clearly illustrates that CF is effective for missing value imputation. The 
mean imputation always substitutes the constant value for the missing 
values even if the variance is large. The hot-deck imputation uses in
formation from one sample only. In contrast, CF uses multiple samples 
weighted by the similarity as written in Eq. (5). Hence, CF can 
adequately impute missing values. 

4. Discussion 

According to the analysis results, age and AST had a positive effect on 
NAFLD severity while PLT was negative in both sexes, which is to be 
expected because age and AST are in the numerator, and PLT is in the 
denominator in the FIB4 definition Eq. (7). Thus, it is concluded that our 
analysis result by the proposed LiNGAM-beta is appropriate. 

Usually, in machine learning problems, the trained model perfor
mance is of interest, and the receiver operating characteristic (ROC) 
curve is frequently used for performance evaluation. On the other hand, 
the aim of causal inference is not prediction or classification, and we 
cannot evaluate the model performance with a ROC curve. Instead, we 
assessed the validity of our analysis results by comparing them with 
previous reports on NAFLD progression. 

Hamaguchi et al. carried out a longitudinal survey using medical 
checkup record data of healthy Japanese subjects to investigate the 
relationship between metabolic syndrome and NAFLD progression and 
concluded that metabolic syndrome is a strong predictor of NAFLD [39]. 
Since the association between metabolic syndrome factors such as WC, 
BFP, BMI, and NAFLD has been reported [26,40], our results are 
consistent with previous reports according to Fig. 2. The results also 
showed that age has the most significant effect on increasing NAFLD 
severity in the female data. Eguchi et al. reported that the prevalence of 
NAFLD gradually increases with age in females [41], which is consistent 
with our analysis result of the female data. 

Fig. 2. Causal effects on NAFLD severity in male (left) and female (right).  
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Fig. 3. Causal effects on NAFLD severity in young male (top left), old male (top right), young female (bottom left), and old female (bottom right).  
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In our analysis, blood urea nitrogen (BUN) showed a strong negative 
effect on NAFLD severity in both sexes, particularly in females. The as
sociation between BUN and NAFLD has been investigated in some 
studies. Thomsen et al. studied ureagenesis, which is an essential 
metabolic liver function for whole-body nitrogen homeostasis, in a ro
dent model of diet-induced NASH, and suggested that NASH progress 
leads to impairment of the ability of the liver to adjust to changes in 
demand of nitrogen excretion, and to the removal of potentially 
neurotoxic nitrogenous substances by means of the synthesis of urea 
[42]. Kani et al. compared the dietary intake of NAFLD patients and that 
of healthy persons. They showed that BUN levels of the former were 
higher than those of the latter [43]. Erçin et al. investigated the differ
ence of BUN levels between patients with NAFLD and healthy persons 
and concluded that there was no significant difference between the two 
groups; however, all of the participants in their study were male, and 
patients with severe NAFLD were not included [44]. 

Some studies focused on the relationship between NAFLD and urea 
cycle enzymes (UCEs) related to BUN. Eriksen et al. analyzed liver 
mRNA expression in the gene pathway that governs hepatic nitrogen 
conversion in NAFLD patients and healthy individuals. They found that 
gene expressions of most UCEs were downregulated in NAFLD patients 
in comparison with healthy individuals and concluded that down
regulation of urea cycle flux-generating carbamoyl phosphate synthe
tase (CPS1) is associated with the functional capacity loss for 
ureagenesis in NASH [45]. Chiara et al. measured ammonia concentra
tions in rats and humans with NASH as well as the gene and protein 
expression of ornithine transcarbamylase (OTC) and CPS1. They found 
that NASH is associated with a reduction in the gene and protein 
expression in UCEs, which results in hyperammonemia [46]. UCE genes 
hypermethylation and urea synthesis impairment would lead to scar 
tissue development and the progression of NAFLD. Thus, while these 
findings support our analysis result that BUN has a negative effect on 
NAFLD severity, additional experiments and collection of clinical data 
are needed to confirm our result. 

Lonardo et al. reported that both insulin resistance and uric acid 
were independent predictors of NAFLD [47], and several studies 
including two meta-analytic reviews support these findings [48,49]. 
Furthermore, although insulin resistance and serum uric acid concen
trations are associated, both parameters are independently associated 
with NASH [50]. This result suggests that each factor contributes to the 
development of progression of NAFLD independently. The result of this 
study may support these previous studies. 

Taketani et al. investigated the relationship between gastro- 
esophageal reflux disease (GERD) and insomnia in subjects with 
biopsy-proven NAFLD. They concluded that about 30% of Japanese 
patients with NAFLD had insomnia [51]. In addition, it was reported 
that sleep duration is related to NAFLD [52]. In our analysis, sleep 
duration generally contributed to NAFLD severity, which is consistent 
with a previous report [52]. The association between sleep duration and 
NAFLD has been under discussion. The effect of sleep duration varied by 
age group according to Fig. 3: negative effect in the young group and a 
positive effect in the old group. 

The directions of the causal effect of eGFR on NAFLD severity were 
negative in males and positive in females, respectively, according to 
Fig. 2. There was relatively weak correlation between eGFR and NAFLD 
in females, and it is assumed that the BUN level in NAFLD may reflect 
the ureagenesis and urea cycle enzymes rather than renal function. The 

result regarding eGFR in females was not consistent with a systematic 
review of NASH and NAFLD, which reported that advanced fibrosis is 
associated with low eGFR [53]. According to Table 4, the number of 
women with severe NAFLD was very small, which suggests it might be 
an unreliable result. In addition, the causal effect of HbA1c on NAFLD 
severity in young females was different from the other groups, which 
also may be due to the small proportion of NAFLD patients compared to 
the other groups. In addition, NAFLD is a sexually dimorphic condition 
[54–56]. The results of this study reinforce these previous reports of 
sexual differences in NAFLD. 

Some reports indicated that snoring frequency is related to fat 
deposition. Whittle et al. analyzed the volume of soft tissue in the neck 
using MRI and found no significant sexual differences in fat deposition in 
the regions prone to collapse during sleep [57]. O'Donnell et al. sug
gested that circulating levels of leptin are higher in females than males 
because subcutaneous fat produces more leptin than visceral fat and that 
leptin or some other obesity-related factors may play a role in sex- 
related differences in breathing during sleep [58]. On the other hand, 
there are some previous reports suggesting sexual differences in snoring 
severity. Mohsenin found that obese females had significantly smaller 
pharyngeal airways than obese males; however, the severity of SAS was 
influenced by the pharynx size in males only [59]. Our analysis result 
suggested that snoring frequency may have a positive effect on NAFLD 
severity in groups other than young females. However, the number of 
female persons with frequent snoring was small, as shown in Fig. 4. It 
has been reported that females tend to underestimate the loudness of 
their snoring [60]. That is, our data on female snoring might not reflect 
facts. It was difficult to estimate the causal effect of snoring on NAFLD 
severity with our data. Exact female snoring data measured by a snoring 
recording system like PSG is necessary for further analysis. 

In this study, we adopted under-sampling in order to tune the 
imbalanced data distribution of NAFLD severity; the number of persons 
in class 0 was under-sampled randomly from 1269 to 651 in the male 
data and from 1349 to 242 in the female data, respectively, as shown in 
Table 4. Although the sampling operation, such as over-sampling and 
under-sampling altered the data distribution, the sampling approaches 
are common in machine learning when the data distribution is imbal
anced. Over-sampling requires a certain number of samples, and the 
number of patients with severe NAFLD was very small in this data. Thus, 
only under-sampling was used in this study because the distribution of 
NAFLD severity was highly-imbalanced. 

Although LiNGAM-beta estimates the causal directions and their 
strengths, other machine learning methods can calculate the contribu
tion of input variables to an output variable. Partial least squares (PLS) is 
a well-known regression method with which it is possible to avoid the 
multicollinearity problem and construct a highly accurate prediction 
model by using the latent variables [61,62]. We tried to use PLS for 
causal effect estimation on NAFLD severity. We applied CF and PLS to 
the medical checkup data following the same procedure as Section 2.5 
and obtained regression coefficients shown in Fig. 5. The casual di
rections of LDL and ALP were different between the proposed LiNGAM- 
beta and PLS both in male and female. 

We were able to identify missing LDL as a factor with a positive 
causal direction by means of the proposed LiNGAM-beta in this study, 
whereas the PLS could not. A large cohort study in Japan reported that 
hyperlipidemia including high LDL cholesterol level and low HDL 
cholesterol level were major complications of NAFLD [63]. Sun et al. 
classified NAFLD patients into four groups based on their LDL levels in 
medical checkup data and found that NAFLD incidence became high as 
the LDL level became high [64]. Min et al. reported a direct relationship 
between the hepatic expression of HMGCoA reductase (HMGCR) and the 
severity of the NAFLD activity score, suggesting the greater levels of LDL 
in patients with NAFLD [65]. Although the causal strength of ALP is 
minimal in the LiNGAM-beta study, a previous report by Rafiq et al. 
reporting that an increased ALP level was an independent predictor of 
liver-related mortality of NASH patients reinforces our results [66]. 

Table 5 
RMSE by three imputation methods.  

Method Missing ratio of “snoring frequency” 

20% 40% 60% 80% 

CF 0.23±0.01 0.23±0.00 0.23±0.00 0.23±0.00 
Mean 0.24±0.01 0.24±0.00 0.25±0.00 0.25±0.00 
Hot-deck 0.31±0.01 0.31±0.01 0.32±0.00 0.32±0.01  
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Thus, the proposed LiNGAM-beta was plausible because its estimation 
result had more agreement with previous studies than PLS. Although 
random forest (RF) also can compute the variable importance [67,68], it 

takes only a positive value and does not indicate the causal direction. We 
did not consider RF in this study. 

The purpose of regression methods, including PLS, is prediction. 

Fig. 4. Number of persons grouped by NAFLD severity and snoring frequency of young male (top left), old male (top right), young female (bottom left), and old 
female (bottom right). 

Fig. 5. Causal effects on NAFLD severity estimated with PLS in male (left) and female (right).  
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Some information not related to prediction such as confounders should 
be ignored to maximize the prediction performance, which may cause a 
reversal of the causal directions, as was the case with LDL and ALP in this 
experiment. On the other hand, LiNGAM assumes the causal structure as 
a directed acyclic graph that includes confounders, and confounders are 
decomposed as exogenous variables and endogenous variables. We can 
quantitatively discuss the causal directions and strengths among health 
checkup data by considering the sign and magnitude of the estimated 
coefficients in the proposed LiNGAM-beta. Thus, the proposed LiNGAM- 
beta can estimate the first and independent effects on disease 
progression. 

Since our analysis results were consistent with existing reports on 
NAFLD severity in many respects, it is concluded that the proposed 
LiNGAM-beta is effective in medical checkup data analysis. 

The limitations of this study include the medical checkup data, such 
as the fact that the population was limited to Japanese. In addition, we 
did not analyze binary items because of the constraint of LiNGAM. 

5. Conclusion 

In this study, we proposed a new medical checkup data analysis 
method based on LiNGAM. In the proposed LiNGAM-beta, we can 
quantitatively analyze the causal directions and strengths among health 
checkup items. We adopted CF for missing value imputation of the 
medical checkup data. We performed a causal effect analysis to identify 
NAFLD severity factors from the medical checkup data based on the 
proposed LiNGAM-beta. Since the causal relationships estimated by 
LiNGAM-beta were consistent with previous reports on NAFLD pro
gression, it is appropriate to use the proposed method for causal analysis 
of medical checkup data. In particular, our analysis indicated that BUN 
is a candidate factor of NAFLD progression, although additional exper
iments and collection of clinical data are needed to confirm our result. 

In future works, we will try to analyze medical checkup data 
including binary or discrete variables, such as answers to questionnaires. 
Since there has been an attempt to extend LiNGAM so that it can deal 
with discrete variables [69], we will adopt such a method. We will apply 
the proposed method to other types of EHR in order to identify unknown 
factors of various diseases. As for clinical data, we will apply the pro
posed LiNGAM-beta with appropriate feature extraction and formatting, 
and compare it with other existing methods. 
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