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Getting medical services has becomemore difficult and expensive in China, which led to a problem of illness not being treated and
a large number of zeros in the statistics of being hospitalized for the elderly. Traditional classic models such as the Poisson model
and the negative binomial model cannot fit this kind of data well. One aim of this study was to use zero-inflated and hurdle models
to better solve the problem of excess zeros. Another aim was to discover the factors affecting the decision-making behavior of the
elderly being hospitalized and hospitalization service utilization. )erefore, the XGBoost model was firstly introduced to rank the
importance of influencing factors in this paper. It was found that the zero-inflated negative binomial model performed best. )e
results showed that the elderly who had enjoyed NRCM or ERBMI/URBMI were more likely to have a higher number of
hospitalizations.)is indicated that the high cost of hospitalization had prevented the willingness of the elderly being hospitalized,
but the basic medical insurance had increased the times of their repeated hospital readmissions. Policy efforts should be made to
improve the level of basic medical insurance.

1. Introduction

Population aging is the trend of economic and social de-
velopment in China. )ere were approximately 176 million
Chinese people aged 65 and above in 2019, accounting for
12.6% of the total population. According to the United
Nations’ standard of whether the proportion of 65-year-old
and upper-aged population in the total population is more
than 14%, China has officially entered the “aging society”
and begun the countdown stage. Compared with other
people, the elderly have the characteristics of a high prev-
alence rate, more chronic and serious diseases, the heavy
burden of medical expenses, and so on, which might lead to
more medical needs and more hospitalization services [1, 2].

Previous studies mainly focused on the demands and
utilization of health services [3], the equality of health
services, fall-risk-increasing drugs and falls by the elderly
[4], the impacts of health insurances on outpatient visits of
older adults, and so on [5–10]. Older adults are more likely
to suffer from diseases and need hospitalizations more

urgently [3], resulting in higher direct and indirect medical
care costs. Government healthcare finance policy has af-
fected the utilization of health services in the United States,
Korea, Vietnam, Singapore, and China [11–16]. However,
the problem of the affordability of healthcare seems not to be
mitigated by the development of social health insurance
(SHI), even though such schemes now cover almost the
whole population in China. A Chinese survey shows that
public complaints about the problems of healthcare reform
and affordability in urban areas increased from 21.1% in
2007 to 34.8% in 2009. )erefore, with the exponential
increase in medical costs, some elderly do not have effective
access to medical services due to economic poverty, lack of
medical security, poor medical accessibility, and other
factors, and they had to give up hospitalization or treatment
due to these reasons, which seriously affects their health.
However, few studies explored the hospitalization decision-
making needs and influencing factors of the elderly.
)erefore, the present study aimed to explore how demo-
graphic, socioeconomic, and health insurance factors would
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impact the whole hospitalization decision-making process of
the elderly under the current healthcare system.

)e hospitalization decision of the elderly consists of two
parts: whether to be hospitalized or not and howmany times
to be hospitalized.)ere were many statistical models for the
count data to analyze the factors of hospitalization, such as
Poisson and negative binomial models [17]. However,
modeling the hospitalization decision-making is more
challenging because of healthcare data. )is type of data
commonly presents the problems of overdispersed and
excessive zeros [17, 18]. )e counts of hospitalizations for
the elderly in China had suffered a serious zero-inflated
(Figure 1) problem because the elderly gave up hospitali-
zations, which led to the observed sample variance larger
than the sample mean. )e standard Poisson model that the
mean and variance of a count response variable are equal is
not fit. Ignoring the overdispersion in count data would
result in an underestimation of the standard errors, an
overestimation of parameter significance level, and a biased
hypothesis testing [19, 20]. )e negative binomial model
characterized as equal mean and variance could deal with the
overdispersion caused by heterogeneity in the count data,
but it cannot effectively solve the zero-inflated problem
[19, 20]. Two-part models such as hurdle models had been
widely used for handling counts data with excessive zeros,
which allowed a logistic or probit regression modeling the
probability that a count is zero or positive integer value and a
generalized linear regression for the observer healthcare
utilization [21, 22]. Another way to deal with excessive zeros
is zero-inflated models. A zero-inflated model is a mixture of
regular count models such as Poisson or negative binomial
model and a component that accommodates the excessive
zeros [19, 20, 23]. )ese models had been applied, modified,
and extended as very popular models for healthcare data
[24–29].

Previous studies paid more attention to the utilization of
medical services by certain factors such as new rural co-
operative medical insurance and urban workers’ medical
insurance [11, 13], ignoring the analysis of the needs of
medical services at the individual level, especially for the
hospitalization needs of the elderly. Also, in the research
methods, several studies mainly used Poisson, negative bi-
nomial, zero expansion, and hurdle models to predict the
number of outpatients; few studies used these models to
analyze the number of hospitalizations of the elderly. )e
goal of this study is not only to predict the number of in-
patients for the elderly using these models but also sys-
tematically to analyze the decision-making and demand
factors of hospitalizations of the elderly from the aspects of
personal medical needs, economic status, demographic
characteristics, medical security, and so on. Many studies
have either isolated each influencing factor independently or
studied the cross-influencing factors of two factors, lacking a
comparison of the importance of multiple variables. Based
on the analysis of the factors that affect the number of
hospitalizations for the elderly, this paper used the XGBoost
(eXtreme gradient boosting) model in machine learning to
explore the importance of these factors [30]. XGBoost is an
integrated learning model with excellent performance for

many classification and regression problems, which is an
improvement and expansion of the gradient boosting de-
cision tree (GBDT) model. )e advantage of the XGBoost
model is that it can prevent overfitting through regulari-
zation terms. It uses not only the first derivative but also the
second derivative, whose loss function can be customized
and the loss accuracy is improved. Although machine
learning methods have been applied to many other fields,
there are relatively few studies in healthcare, especially the
work using the XGBoost method to predict the number of
hospitalizations. Due to the available hospitalization count
data being strongly right-skewed with excessive zeros, the
study attempted to compare different statistical models to
obtain an optimal model to predict the number of elderly
hospitalizations more accurately.

2. Materials and Methods

2.1. Data Source and Study Population. )e study used the
microdata from the Chinese Longitudinal Healthy Longevity
Survey (CLHLS). )e survey was jointly performed by the
Center for Healthy Aging and Development Studies of the
National School of Development at Peking University,
which is the earliest and longest lasting social science survey
nationwide in China. )e survey covers 23 provinces,
municipalities, and autonomous regions across China. )e
subjects of the survey are elderly people aged 65 and over.
)e survey content of the questionnaire for the surviving
respondents included the basic status of the elderly and their
families, socioeconomic background and family structure,
economic sources and economic status, self-evaluation of
health and quality of life, cognitive function, personality and
psychological characteristics, daily activity ability, lifestyle,
life care, disease treatment, and medical expenses.

)e CLHLS conducted a baseline survey in 1998, fol-
lowed by seven-wave surveys in 2000, 2002, 2005,
2008–2009, 2011–2012, 2014, and 2017–2018 in randomly
selected about half of the counties and city districts in 23
Chinese provinces. )e CLHLS aimed to understand the
demographic characteristics, lifestyles, health services,
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Figure 1: )e number of hospitalizations.
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behavioral, economic status, and so on, among the Chinese
elderly including ages 65 years old and over. Detailed in-
formation about the survey design and assessment of data
quality has been reported in previous studies [31–33]. )e
participants of the CLHLS baseline survey were older adults
aged 80 years and over, and the age range was adjusted to 65
years and over after 2002.

We use CLHLS data from the latest follow-up cross-sec-
tional survey (2017–2018) for the surviving, including 10
participants since 1998, 30 participants since 2000, 1,330
participants since 2000, 2,440 participants since 2008 and 2009,
2,884 participants since 2011/2012, 3,463 participants in 2014,
and 12,411 participants for the first time in 2018. After filtering
for missing and invalid values and outliers, 5,287 participants
with complete information on healthcare utilization, socio-
demographic, and economic characteristics were included in
the analyses of impact factors on hospitalization.

2.2. Covariate Selection. )e Andersen Behavioral Model of
Health Service Use provides a framework for the study of
hospitalization that outlines the three determinants: pre-
disposing, enabling, and need factors [34]. In light of this, we
evaluated the effects of health status and functional dis-
abilities, as need factors and associated sociodemographic
factors, as predisposing and enabling factors, on hospitali-
zation utilization (Table 1).

2.2.1. Need Factors. )is study integrated the health status
and functional disabilities as need factors [35]. )e health
status was evaluated by self-rated health that was a multi-
categorized variable in order in which “1” to “5,” represented
“very bad” to “very well.” )e functional disabilities were
measured by activities of daily living (ADLs). ADLs re-
quiring any assistance were defined as “with difficulties.”)e
measure of ADLs was assessed as “no difficulty” or “with
difficulties.”

2.2.2. Predisposing and Enabling Factors. According to
Andersen’s behavior model, we evaluated sociodemographic
characteristics associated with predisposing and enabling
factors in this study. )e predisposing factors included age,
gender (male� 1 and female� 0), marital status (not in
marriage� 0 and in marriage� 1), years of education,
smoking (smoked in the past� 1 and not smoking� 0), and
alcohol (drunk in the past� 1 and not drinking� 0). )e
enabling factors included total income of individual’s
household last year, hospitalization expenditure last year,
out-of-pocket expenses for hospitalization, and medical
security plans: Urban Employee Basic Medical Insurance
(UEBMI), Urban Resident Basic Medical Insurance
(URBMI), and New Rural Cooperative Medical Scheme
(NRCMS), free medical treatment, and others [34, 36].
Although the data about family income, hospitalization
expenses, and out-of-pocket expenses in the survey were
right-censored, it did not affect the conclusion because this
kind of expenses exceeding 100,000 accounted for a rela-
tively small proportion.

2.2.3. Description of Covariates. One of the outcomes of this
study was the number of hospitalizations among the older
patients. )e CLHLS asked the participants how many times
they suffered from a serious illness that required hospital-
ization or were bedridden at home in the past two years. We
took the number of hospitalizations of the sick elderly in the
past two years as a dependent variable and regarded the
response too seriously ill but “bedridden at home” in the past
two years in the questionnaire as not be hospitalized. )e
response variable was a type of discrete integer numerical
variable.

Descriptive analyses were conducted to examine the out-
come, demographic, and socioeconomic characteristics of the
5,287 participants (Table 1). Figure 1 shows that the distri-
bution of the number of hospitalizations is heavily right-
skewed and the variance is greater than the mean, which could
be deemed as overdispersed data. Meanwhile, there are a large
number of zero counts presented in Figure 1.

2.3. Statistical Models. )e number of hospitalizations was
assumed as an overdispersed and zero-inflated count variable;
either Poisson or negative model might fit the data well. To
accommodate the excess zeros, we utilized hurdle and zero-
inflated models to fit appropriately. )e difference between the
zero-inflated and the hurdle models is that zero observations
come from “structure” and “sampling” in zero-inflatedmodels,
nevertheless zeros were from one “sampling” source in hurdle
models. Given the characters of our data, we applied and
compared the classical count regressionmodels such as Poisson
and negative binomial (NB), zero-inflated Poisson (ZIP), zero-
inflated negative binomial (ZINB), hurdle Poisson (HP), and
hurdle negative binomial (HNB).

2.3.1. Poisson Model. Poisson regression is usually a
benchmark model to fit count. Within the study, we assume
that the number of hospitalizations of the elderly (Yi) obey
the Poisson distribution with parameter (λi), and the
probability function is defined as [19, 20]

P Yi � yi|X(  �
exp −λi( λyi

i

Γ 1 + yi( 
, yi � 0, 1, 2, . . . , (1)

where X is the factors, E(Yi|X) � λi � exp(Xiβ), and β are
the estimated parameters. It was assumed that the mean and
the variance for Poisson are equal (e.g.,Var(Yi|X) �

E(Yi|X)).

2.3.2. Negative Binomial Model. )e negative binomial
distribution is another method alternative to the Poisson
model when the data are heterogeneous [19, 20].)e Poisson
distribution assumes that the older patients are homoge-
neous, that is, the mean can be regarded as a fixed value,
which does not match the fact. So if the average number of
hospitalizations in Poisson is regarded as a random variable
distributed to a gamma distribution, we can find the negative
binomial model as follows:

Discrete Dynamics in Nature and Society 3



P Y � yi|X  �
Γ σ−2

+ yi 

Γ σ−2
 Γ 1 + yi( 

σ−2

λi + σ−2 

σ−2

λi

λi + σ−2 

yi

, yi � 0, 1, 2, . . . ; σ2 > 0, (2)

with the mean E[Yi|X] � λi and variance function
Var[Yi|X] � λi + σ2λ2i , where σ2 is known as the dispersion
parameter. We can find that the variance is a quadratic
function of the mean and is greater than the mean, which
may solve the problem of heterogeneity.

2.3.3. Zero-Inflated Models. Figure 1 shows that there is a
disproportionately large frequency of zeros in the number of
inpatients that leads to poor performances of Poisson and
negative binomial models. We promise a method to over-
come the problem using zero-inflated models. )e zeros in
zero-inflated models came from two components: one part
arising from a parent distribution and the other corresponds
to the excessive zeros that could not be accounted for by the
distribution [37]. )e zero-inflated model is described as
follows [19, 38]:

P Y � yi|X  �
π +(1 − π) × f yi|xi( , if yi � 0,

(1 − π) × f yi|xi( , if yi > 0,
 (3)

where f(·) is a general count model. )e mean and variance
of the zero-inflated model are defined as follows:

E Yi|X  � (1 − π) × E[·]f,

Var Yi|X  � (1 − π) Var[·]
2
f + πE[·]

2
f ,

(4)

where E[·]f and Var[·]f are the mean and variance, re-
spectively, for the count model.When the distribution off is
a Poisson, we can define the zero-inflated Poisson (ZIP)
model:

Pr Y � yi|X  �

π +(1 − π) × exp −λi( , yi � 0,

(1 − π) ×
exp −λi( λyi

i

Γ 1 + yi( 
, yi > 0,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(5)

Table 1: Description of variables.

Variable and type Definition Mean SD Skewness Kurtosis

Response Number of hospitalizations
(count variable)

Number of hospitalizations in the past
two years 0.4135651 0.9690706 5.341749 59.89688

Need factors

Self-rated health (category
variable)

Very bad or bad� 0 (reference);
general� 1; good or very good� 2 1.467221 0.5201101 −0.0986902 1.542248

ADL difficulties (category
variable)

Unrestricted� 0 (reference);
restricted� 1; very limited� 2 0.4175326 0.6554114 1.298326 3.421162

Predisposing
factors

Age (continuous variable) 65–117 years old 84.08502 11.69399 0.1188886 1.886834
Gender (category variable) Male� 1; female� 0 (reference) 0.4445494 0.4969627 0.2242063 1.050268
Marital status (category

variable)
In marriage� 1; not in marriage� 0

(reference) 0.4549405 0.4980125 0.1811815 1.032827

Years of education
(continuous variable) 0–20 years 3.612507 4.378844 1.116702 3.493054

Smoking or not (category
variable)

Smoked in the past� 1; not smoking� 0
(reference) 0.3121103 0.4633984 0.8111184 1.657913

Drinking or not (category
variable)

Drunk in the past� 1; not drinking� 0
(reference) 0.2597771 0.4385536 1.097245 2.203946

Enabling
factors

Household income
(continuous variable) 0–99 (thousands of yuan) 43.40865 36.74898 0.4600004 1.676671

Hospitalization medical
expenditure (continuous

variable)
0–99 (thousands of yuan) 4.456139 13.51289 4.847745 29.40199

Out-of-pocket expenses
(continuous variable) 0–99 (thousands of yuan) 2.347067 8.9899 7.401468 68.09451

Medical insurance (category
variable)

NRCMS� 1; UEBMI/URBMI� 2; free
medical treatment� 3; others� 0

(reference)
1.218591 0.6759684 0.4205635 3.35609

Note. In the questionnaire, the family income, hospitalization expenses, and out-of-pocket expenses of hospitalization exceeding 100,000 yuan are recorded as
99,998. For the convenience of calculation, this study takes 1,000 yuan as the unit.
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and what’s more, the zero-inflated negative binomial (ZINB)
model is described as follows:

P Y � yi|X  �

π +(1 − π) ×
σ−2

λi + σ−2 

σ−2

, yi � 0,

(1 − π) ×
Γ σ−2

+ yi 

Γ σ−2
 Γ 1 + yi( 

σ−2

λi + σ−2 

σ−2

λi

λi + σ−2 

yi

, yi > 0.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(6)

2.3.4. Hurdle Model. In addition, except for the afore-
mentioned zero-inflated modes, the hurdle model is a widely
used alternative for the count data with excessive zeros. )e
hurdle reflects a two-part decision-making process. )e
elder patient decides whether to be hospitalized or not firstly
and then makes a second decision about howmany times for
inpatients. )erefore, the zeros are determined by one
density f1(·), so that P[Yi � 0|xi] � f1(0), and while the
positive counts are from another density f2(·). )is leads to
the hurdle model

P Yi � k|X  �

f1(0) if k � 0,

1 − f1(0)

1 − f2(0)
× f2(·) if k> 0.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(7)

)e model collapses to the standard count model only if
f1(0) � f2(0). )e density f2(·) is a count density such as
Poisson or negative binomial model, whereas f1(·) could
also be a count data density, or more simply, the

probabilities f1(0) and 1 − f1(0) may be estimated using a
logit or probit model [19, 20]. Although there is much lit-
erature using the probit model in the first part of the hurdle
model, there is no obvious evidence that the choice of probit
model or logit model has a serious impact on the results, and
there is much work preferring to choosing the logit model
mainly because its explanation and calculation are more
convenient [21, 25, 26, 28, 37, 38]. In fact, there is also no
evidence showing that the conclusions of the logit model are
better or more reliable than the probit model in our study.
)e mean of the hurdle model is determined by the prob-
ability of crossing the threshold and by the moments of the
zero-truncated density as follows:

E Yi|X  �
1 − f1(0|X)

1 − f2(0|X)
× μ2(X), (8)

where μ2(X) is the untruncated mean in density f2(y|x).
)e hurdle model variance is shown in the following
equation:

Var Yi|X  �
1 − f1(0|X)

1 − f2(0|X)
× σ22 +

1 − f1(0|X)(  · f1(0|X) − f2(0|X)( 

1 − f2(0|X)( 
2 × μ2(X)( 

2
, (9)

where σ22(X) is the untruncated variance in densityf2(y|X).

2.4. XGBoost (eXtreme Gradient Boosting) Model. )e
XGBoost model is a collection of a series of decision trees
[30]. It is a type of boosted tree model (boosted trees). )e
decision tree in the model does not independently make
predictions on the input samples but based on the prediction
results of the previous round of the model. Learning the
error of the prediction improves the prediction accuracy of
the model. Let y

(t)
i denote the preresult of the model for the

i-th sample after the t-th iteration and ft(xi) denote the
prediction score of the t-th decision tree for the i-th sample,
then the expression of y

(t)
i is as follows:

y
(t)
i � 

t

k�1
fk xi(  � y

(t−1)
i + ft xi( . (10)

At the t-th iteration, the prediction result y
(t−1)
i of the

previous (t− 1) times of the model has been given, so the
training goal of the model is to select the appropriate
prediction function ft as the minimized objective function.
)e meanings of y

(t)
i and xi are the same as above, which

represent the number of hospitalizations and influencing
factors, respectively. Assuming that L(yi, yi) is the loss
function that measured the degree of deviation between the
predicted category of the sample and the true category, the
objective function of the XGBoost model training at the t-th
iteration has the following expression:

O
(t)

� 
n

i�1
L yi, y

(t−1)
i + ft xi(   +Ω ft(  + constant. (11)

)e first part of the objective function measures the loss
of the model’s prediction errors for all samples, and the
second term (Ω) is a regularization term, which is a penalty
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for the complexity of the newly added model. Adding a
regularization term to the objective function is helpful to
prevent the model from overfitting, and it is also an im-
provement of XGBoost over the GBDT model. For the
decision tree model ft, its complexity can be measured by
the following formula:

Ω ft(  � cT + 0.5λ

T

j�1
ϖ2j , (12)

where T represents the number of leaf nodes of the
decision tree, ϖj represents the prediction score of the
corresponding point of each leaf node, and c and λ are the
structure part and leaf weight of the decision tree, respec-
tively. According to formulas (11) and (12), we obtain the
penalty coefficient. According to equations (11) and (12), the
XGBoost model expands the loss function to the quadratic
term by applying the Taylor series at y(t− 1) and uses the first
and second derivatives of the error function, so it is more
accurate than the GBDT model. After unfolding the ob-
jective function, through a series of transformations, under
the condition of a given decision tree structure, the opti-
mization objective can be transformed into the problem of
solving the minimum value of the quadratic function of one
variable. Finally, through the greedy algorithm, we con-
tinuously try to segment the existing leaf nodes and compare
the gain of the objective function before and after the
segmentation, until the optimal decision tree model of the
t-th iteration is obtained.

)e importance of explanatory variables in the XGBoost
model can be measured in a variety of ways. For example, we
can calculate the number of times the explanatory variable is
used as a split feature in all decision trees, calculate the Gini
coefficient reduction value of all nodes split by this feature,
or calculate the sum of information gain. )e importance of
all explanatory variables is arranged from large to small to
get the importance ranking of the explanatory variables in
the XGBoost model. In this paper, we calculated the number
of explanatory variables used as split features in all decision
trees as a reference standard for importance.

2.5. Model Assessment. To compare the nonnested modes
based on maximum likelihood, we use the Akaike infor-
mation criterion (AIC) [39], which can be expressed as
follows:

AIC � −2 ln L + 2k, (13)

where ln L is the maximum log-likelihood and k is the
number of parameters in the model. )e lower the AIC, the
better. Another evaluation method is the Bayesian infor-
mation criterion, which can be expressed as follows:

BIC � −2 ln L +(ln n) · k, (14)

with the model with the lowest BIC preferred, which was
proposed by Schwarz [40]. We compared the predicted
versus the observed number of hospitalizations for the
competing model and found a well-fitting regression model
that leads to predicted values closer to the observed data
value. We also conducted a marginal analysis based on the

results of regression to explain the impacts on the elderly
hospitalization decision-making. All analyses were per-
formed using Stata (Stata/SE version 15.1 for Windows,
StataCorp LLP, College Station, TX, USA) statistical
software.

3. Results

3.1. Descriptive Analysis. Table 1 presents the descriptive
statistics of the number of elderly hospitalizations, demo-
graphic, socioeconomic, and health status. )e gender
distribution was almost balanced, and the average age of the
elderly was 84 years. )e elderly were more divorced,
widowed, or single, and their education years were no more
than 4 years. Medical consumption accounts for more than
60% of total household consumption, of which out-of-
pocket expenses account for 17.7% of medical consumption
expenditure. It can be seen from the box plot (Figure 2) that
the elderly with more years of education have relatively
better health status. Moreover, as is evident from Figure 3
that the higher the household income, the better the self-
rated health status of the elderly.

)e number of hospitalizations in our data is over-
dispersed because of its variance (0.97) greater than the
mean (0.41). )e t-test and auxiliary regression were applied
to further verify whether the number of hospitalizations is
overdispersed significantly [41]. We assume that the vari-
ance and mean of the number of hospitalizations were
satisfied with the following relations, using the statistics to
test the parameter was equal to zero or not. )e t-test result
showed t� 5.84, and the value of p was almost equal to zero,
which indicated that the data were overdispersed remark-
ably. )e proportion of elderly people who were not hos-
pitalized within two years was as high as 75.06% as shown in
Figure 1.

3.2. Model Evaluation and Comparison. In this study, we
used the Poisson, negative binomial, zero-inflated Poisson,
zero-inflated negative binomial, hurdle Poisson, and hurdle
negative binomial models to fit the data, respectively. Table 2
reports the results of model comparison based on the AIC,
BIC, and the log-likelihood. )e Poisson model had the
worst goodness of fit, while the zero-inflated negative was
the best model in the six competing models according to the
criteria, which was also consistent with the data charac-
teristics above.)erefore, the conclusion of the zero-inflated
negative binomial distribution model was more reliable.

3.3. FactorsAssociatedwithHospitalization. Table 3 presents
the analysis of the number of hospitalizations for a series of
demographic, health status, socioeconomic, medical ex-
penditure, and habits factors, using different regression. )e
results were made up of two separate parts: one part models
the odds of being hospitalized and the other depicts the
number of hospitalizations for the elderly who had at least
one hospitalization.)e logistic component of ZINB showed
that the older adults whose daily activities were restricted,
respectively, had 0.691 (95% CI: 0.501, 0.952) and 0.573 (95%

6 Discrete Dynamics in Nature and Society



CI: 0.363, 0.906) times lower odds of being hospitalized than
those patients who were unrestricted. Males were 0.686 (95%
CI: 0.483, 0.976) times less likely to be hospitalized than
females. )e elderly people with an additional year of ed-
ucation had 1.046 (95% CI: 1.003, 1.090) times of being
hospitalized higher than before. For extra 1,000 yuan in
hospitalization, the odds of being hospitalized were 0.145
(95% CI: 0.089, 0.234) times lower. Patients enrolled in
URCMS were 1.937 (95% CI: 1.258, 2.983) times more likely
to be hospitalized than patients enrolled in other medical
plans. )e results of the count component of the ZINB
model indicated that the older adults who were in good
health have 0.660 (95% CI: 0.462, 0.943) times lower odd of
hospitalizations. )ere was a higher probability of

hospitalization among the participants who needed assis-
tance with ADLs, and the IRR is 1.302 (95% CI: 1.156, 1.466)
and 1.471 (95% CI: 1.260, 1.717), respectively. Additional
1,000 yuan for household income and out-of-pocket ex-
penses, the IRR of hospitalizations was, respectively, 0.998
(95% CI: 0.997, 1.000) and 0.994 (95% CI: 0.989, 0.999) times
less likely to have multiple hospitalizations. On the contrary,
the elderly people with more hospitalization medical ex-
penditure had higher IRR, that is, 1.009 (95% CI: 1.005,
1.013) times more likely to have repeated hospital read-
missions. For those who were at risk of using multiple
hospitalizations service, NRCMS and UEBMI/URBMI were
significantly associated with more use. )ey had higher IRR,
respectively, 1.223 (95% CI: 1.015, 1.473) and 1.318 (95% CI:

Table 2: Model comparison based on the AIC, BIC, and log-likelihood of six regression models.

Model Number of parameters Log-likelihood AIC BIC
Poisson 18 4,443.5 8,923 9,041.315
Negative binomial 19 4,089.657 8,217.313 8,342.201
Zero-inflated Poisson 36 3,444.408 6,960.817 7,197.445
Zero-inflated negative binomial 37 3,411.642 6,897.285 7,140.486
Hurdle Poisson 36 4,032.43 8,136.861 8,348.498
Hurdle negative binomial 37 3,942.265 7,958.531 8,175.353
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1.086, 1.599) times more likely to be hospitalized compared
to those in the other medical plans.

3.4. Importance Ranking of Impact Factors. )e importance
of an explanatory variable depends on the sum of the in-
formation gain of splitting it divided by the number of times
that it is used as a split feature. )e larger the value, the
greater the importance of the variable. Based on the training
results of the XGBoost model, the variables are sorted
according to the importance, as shown in Figure 4.

As shown in Figure 4, medical consumption and out-of-
pocket expenses were the most important factors for the
number of elderly hospitalizations.)emain reason was that
the current medical burden in China was too heavy [1, 2],
which has seriously affected the elderly’s decision-making
and hospitalization behavior. )e importance of medical
insurance factors was relatively weak, which was related to
the current low level of medical insurance in China. From
the perspective of personal characteristics, age factors, ed-
ucation level, health status, and mobility restrictions were
more important for the number of hospitalizations for the

elderly, while the impact of smoking, drinking, and other
lifestyle habits on the number of hospitalizations was not
very important. In addition, due to the low importance of
age and marital status, they were not shown in Figure 3,
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Figure 4: Importance ranking of impact factors.

Table 3: Regression analysis of factors using the ZINB model.

Variable
Logit part Count part

OR 95% CI P value IRR 95% CI P value

Self-rated health: very bad or bad� 0 (reference); general� 1; good or very
good� 2

0.947 (0.298,
3.015) 0.927 0.869 (0.614,

1.231) 0.429

1.080 (0.335,
3.483) 0.898 0.660 (0.462,

0.943) 0.022

ADL difficulties: unrestricted� 0 (reference); restricted� 1; very limited� 2
0.691 (0.501,

0.952) 0.024 1.302 (1.156,
1.466) ≤0.001

0.573 (0.363,
0.906) 0.017 1.471 (1.260,

1.717) ≤0.001

Age 0.978 (0.816,
1.174) 0.813 1.055 (0.984,

1.132) 0.131

Age square 1.000 (0.999,
1.001) 0.758 1.000 (0.999,

1.000) 0.125

Gender: female� 0 (reference); male� 1 0.686 (0.483,
0.976) 0.036 0.881 (0.766,

1.012) 0.074

Marital status: not in marriage� 0 (reference); in marriage� 1 0.841 (0.601,
1.177) 0.313 0.993 (0.876,

1.127) 0.917

Years of education 1.046 (1.003,
1.090) 0.035 0.998 (0.985,

1.013) 0.885

Smoking or not: not smoking� 0 (reference); smoking� 1 0.820 (0.581,
1.158) 0.260 1.128 (0.988,

1.288) 0.074

Drinking or not: not drinking� 0 (reference); drinking� 1 1.239 (0.884,
1.738) 0.213 1.126 (0.991,

1.278) 0.069

Household income 1.001 (0.997,
1.005) 0.700 0.998 (0.997,

1.000) 0.050

Hospitalization medical expenditure 0.145 (0.089,
0.234) ≤0.001 1.009 (1.005,

1.013) ≤0.001

Out-of-pocket expenses 0.871 (0.626,
1.212) 0.411 0.994 (0.989,

0.999) 0.024

Medical insurance: others� 0 (reference); NRCMS� 1; UEBMI/URBMI� 2;
free medical treatment� 3

1.937 (1.258,
2.983) 0.003 1.223 (1.015,

1.473) 0.035

1.458 (0.901,
2.360) 0.125 1.318 (1.086,

1.599) 0.005

0.723 (0.340,
1.538) 0.400 1.226 (0.913,

1.645) 0.175
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which also showed that these two types of factors had the
weakest influence.

3.5. Prediction of the Number of Hospitalizations. After the
model fitting, the best zero-inflated negative binomial model
was used to produce the predictions of the expected numbers
of the elderly being hospitalized. )e average predicted
frequencies of the zero-inflated negative binomial model
almost tended to the average observed frequencies, which
had the smallest deviance from the observed as shown in
Figure 5.)e results indicated that the zero-inflated negative
binomial model handled both issues of overdispersed and
excessive zeros effectively and improved both modeling
fitting and prediction.

3.6.>eEffect ofDifferentMedical Insurance on theNumber of
Hospitalizations. As outlined in Table 3, different medical
insurance has different effects on the numbers of hospi-
talization of the elderly. Household income, hospitalization
medical expenditure, and out-of-pocket medical expense
had a significant impact on the numbers of multiple hos-
pitalizations of the elderly. It could be observed from Fig-
ure 6 that the elderly with NRCMS, UEBMI/URBMI, and
free medical care are more likely to choose hospitalization
than those with commercial medical insurance, and the
impact of UEBMI/URBMI was more significant. In com-
parison with the trend of hospitalization expenses, we found
another tendency (as shown in Figure 7). Figure 7 reveals
that the number of hospitalizations increased first and then
decreased with the increase of out-of-pocket expenses. )e
elderly people with UEBMI had the highest number of
hospitalizations. As was evident from Figure 8, the number
of hospitalizations of the elderly with high family income
decreased on the contrary. )e older patients with free
medical care had a relatively high number of hospitalizations
compared with Figures 6 and 7.

4. Discussion

In this study, we compared various counts models such as
Poisson, negative binomial, zero-inflated Poisson, zero-
inflated negative binomial, hurdle Poisson, and hurdle
negative binomial to analyze the influencing factors of the
elderly people hospitalizations. It appeared to suggest that
the zero-inflated negative binomial model was the best
model among the six models applied in this study. Generally
speaking, the Poisson was not to fit the overdispersed count
data because of its characteristics of equal mean and vari-
ance. In this case, the negative binomial model was a better
candidate model due to its variance greater than the mean.
But when the count data were overdispersed and zero-
inflated, neither the Poisson nor negative binomial model
was suitable.)ere was a clear phenomenon that the number
of elderly hospitalizations suffered from a serious zero-
inflated problem. In this situation, the two-part models, such
as zero-inflated and hurdle models, would be considered.
)e difference between zero-inflated and hurdle models lied
in their way of interpreting and analyzing zero counts

according to their generating data process [19, 20]. In most
cases, zero observations in the zero-inflated models had two
different sources, namely, structural and sample zeros, but
there was only one source in the hurdle models [23]. In the
present study, all the study elderly participants had no
hospitalizations, and therefore, the excessive zeros either
came from the structural zeros, which was true that there
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was no need for some elderly to be hospitalized at all, or from
the sample zeros, which might be that the elderly had a need
for hospitalization, but a zero outcome was produced due to
sampling variability. )us, this finding suggested that the
zero-inflated negative binomial model would be more ap-
preciate to handle the elderly hospitalization data.

)is study led to a better understanding of factors
contributing to hospitalization decision-making behavior
and hospitalization needs of the elderly. )ese results sug-
gested that the impacting factors on the odds of having
multiple hospitalizations versus no hospitalization for the
elderly were significantly different. To investigate whether
there was a “U” relationship between the age and the number
of hospitalizations, we need to introduce the age square
term. As outlined in Table 3, there is no probability of a “U”
relationship because of the square coefficient not being
significant. In general, after the elderly choose to be hos-
pitalized, the number of hospitalizations would gradually
increase with age, which could be indicated from the odds of
age and age square less than one.

Findings from this study revealed a clear tendency: the
number of hospitalizations of the elderly had decreased with
the increase of years of education and household income as
detailed in Figures 8 and 9.)is point was perhaps due to the
impact of health. )e higher level of education and the more
household income tended to be in better health, which
resulted in fewer hospitalizations [42]. In addition, the el-
derly with high household income might focus more on the
quality of hospitalization service rather than the number of
times, and they could choose a better quality of hospitali-
zation service than the times.

For the impact of hospitalization medical expenditure
and out-of-pocket expenses on the number of hospitaliza-
tions, our results indicated a clear distinction. We noticed
that high out-of-pocket expenses might prevent the elderly
from being hospitalized, but the increasing hospitalization
expenditure brought the increasing number of hospitali-
zations (as shown in Table 3) on the contrary. Although the
SHI system in China had covered the proportion of the
population from a moderate rate of 50% to a near-universal
rate of 95% during 2005–2011 [42, 43], the out-of-pocket
rate associated with SHI, which ranges from 40% to 70%,

remains a major financial challenge to patients with severe
illnesses [43, 44]. It is seen from Figure 7 that the elderly
would be more willing to choose hospitalization when the
out-of-pocket expenses were within their affordability
(about 30,000 yuan); however, most elderly people might
give up hospitalization once this amount was exceeded. We
also found that the increase in hospitalization medical ex-
penditure did not reduce the repeated hospital readmissions
for the elderly. More elderly people would choose to be
hospitalized even if the hospitalization medical expenditure
was relatively low (about lower 10,000 yuan). But the elderly
will be less willing to choose to be hospitalized when the
hospitalization medical expenditure exceeds 10,000 yuan,
which could be observed in Figure 6.

Different medical insurance had different effects on the
number of hospitalizations for the elderly people enrolled in
different SHI from Figures 6–9. )e effect of free medical
care on the number of hospitalizations of elderly people was
not significant. )e reason was that the elderly who enjoyed
free medical care were generally in good health (among the
195 elderly people with freemedical care, only 3 were in poor
health). On the other hand, it might be because there is a
small proportion (about 3.69%) of such people in the sample
data. We noticed that the enrollment in UEBMI/URBMI
indicated no significant probability of whether or not being
hospitalized, while they were more likely to use more
hospitalizations after being hospitalized. )e elderly people
enrolled in NRCMS were more likely to incur multiple
hospitalizations, which showed that this protective effective
effect was significant. We observed from Figures 6 and 7 that
the elderly with UEBMI/URBMI were hospitalized more
often than the elderly with NRCMS.)e reason perhaps was
that the three schemes differed in the scopes of covered
service and conditions, but also the financial generosity of
the schemes varied substantially across regions [43]. )e
reimbursement scope and upper limits of NCRMS were
more limited than those of UEBMI/URBMI because of lower
funding levels [45]. As a result of NCRMS reimbursement
policy’s upper limits for inpatient medical services being
usually quite low and failing to compensate adequately for
the hospitalization medical expenses, the elderly people had
to abandon being hospitalized or reduce the numbers [42].
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In this study, we selected the XGBoost model for the first
time to rank the importance of the factors that affected the
elderly’s hospitalization decision and found that there was a
slight difference from the significant influencing factors in
the zero-inflated negative binomial model, but the difference
was not significant. At the same time, the reliability of the
influencing factors selected in the zero-inflated negative
binomial regression model was also verified. )is is also a
contribution of this paper. Another contribution is the
applications of models. Since there were a large number of
zeros in the number of elderly hospitalizations, continuing
to use the traditional counting models would underestimate
the standard deviation and overestimate the significance
level, so we consider using the zero-inflated negative bi-
nomial model to solve this problem.

4.1. Limitations. Some limitations of this study should be
noted. Firstly, the CLHLS study sample included missing
data, and we did not have a conservative evaluation of
hospitalization, which might result in some biases. Besides,
we could not consider the impact of UEBMI and URBMI on
the number of hospitalizations separately, since the infor-
mation was not captured in the questionnaire. Future re-
search incorporating such information is needed for
understanding the influence of different medical insurance
including commercial medical insurance and basic medical
insurance on the number of hospitalization of the elderly. As
mentioned above, only 3.6% of the elderly in the sample have
access to free medical care, so findings from this study might
underestimate its significance. Further studies based on a
large sample are warranted in order to investigate the free
medical care effect more properly. Machine learning has
been applied in many fields [46, 47]. As a relatively new
algorithm in the field of machine learning, the XGBoost
method is less used in the field of healthcare. We only
applied it to select the variables and find their importance.
)ere is a need to further research in the future. In addition,
the impact of major health and public health events such as
COVID-19, SARS, and so on will also affect the elderly’s
decision-making in hospitalization. )ese issues can be
discussed in future studies. Lastly, the data were pooled
cross-section data from different years; we could not infer a
causal relationship hardly.

5. Conclusions

)is study reported that the ZINB model was the best fit
among other models account for the number of hospitali-
zations of the elderly. Our findings indicated that the higher
hospitalization medical expenditure inhabited the willing-
ness of the elderly to be hospitalized, and the male elderly
were less willing to be hospitalized. Difficulties with upper
restricted functioning were even less likely to choose hos-
pitalizations. )e NRCMS had significantly increased the
willingness of the elderly to be hospitalized. Our findings
also revealed that there was no “U” relationship between age
and the number of hospitalizations. )e elderly with
NRCMS or UEBMI/URBMI were more likely to have

repeated hospital recommissions, but the free medical
treatment had little impact on the hospitalization service.
Increasing out-of-pocket expenses for hospitalization would
reduce the number of hospitalizations for the elderly, but the
impact on their hospitalization needs was not significant.
)e economic burden of hospitalization for the elderly
should be further reduced through various safeguard
measures such as major illness medical insurance, medical
assistance, and special assistance. Attention should be paid
to the medical service needs of low-income elderly; more
financial subsidies should be provided to their medical
service utilization; and the inequality should be reduced in
the utilization of medical services for elderly people with
different incomes. Our study led to a better understanding of
factors contributing to increased inpatient hospitalizations
among the elderly, which might help reduce the financial
burden of hospitalization for the elderly and truly achieve
“affordable hospitalizations.”
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