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Abstract Several studies reported various factors asso-
ciated with length of stay in the hospital due to respiratory
diseases. This study aims to select the best Generalized
Linear Models (GLM) for predicting LOS and identify the
effects of clinical and demographic factors on LOS. The
study was carried out using data on registered admission and
discharge at the government hospitals for central region states
in Malaysia. A total of 526,511 cases were classified under
diseases of respiratory systems coded JOO to J99 and factors
such as gender, age group, ethnicity, marital status, discharge
condition and diagnoses of the patients were used in this study.
Two regression models were used to predict LOS: GLM Zero
Truncated Poisson regression (ZTP) and GLM Zero Truncated
Negative Binomial (ZTNB). The best count fit model was
chosen according to Akaike’s Information Criteria (AIC) and
Bayesian Information Criterion (BIC). The median length of
stay in the study was four days (Interquartile Range: three to
six days). According to statistical comparisons, the best model
for count data is GLM Zero Truncated Negative Binomial.
The outcome of the model found that there were significant
changes in log LOS for each predictor except for unknown
marital status and patients diagnosed with other diseases of
the respiratory system that were insignificant in ZTP but
significant in ZTNB. ZTNB model helps to identify factors
contributing to the log length of stay so that hospitals are well
equipped with the facilities and prepared for the expenditures
and resources.

Keywords Generalized Linear Model, Respiratory Dis-
eases, Length of Stay, Zero Truncated Negative Binomial

1 Introduction

Respiratory diseases are often given attention as they com-
monly happen in our community and contribute to death. Res-
piratory diseases are defined as the type of diseases that affect
the respiratory system and any disorder of the airways and the
lung that affect human respiration [1]. Respiratory diseases in-
clude diseases of the upper respiratory tract, influenza, pneu-
monia, acute lower respiratory infection, lung diseases due
to external agents, suppurative and necrotic conditions of the
lower respiratory tract and pneumothorax. Upper respiratory
tract diseases comprise acute nasopharyngitis, acute pharyngi-
tis, acute tonsilitis, acute laryngitis and tracheitis, chronic si-
nusitis and chronic diseases of tonsils. Lower respiratory tract
diseases involve chronic bronchitis, emphysema, chronic ob-
structive pulmonary diseases (COPD), asthma and bronchiec-
tasis [2]. Respiratory diseases that are commonly highlighted
are asthma, lung cancer, pneumonia and acute chronic pul-
monary obstruction. According to the Department of Statis-
tics Malaysia [3], the mortality rate per 100,000 population
in Malaysia for total respiratory diseases is 37.20% with the
highest contributor 25.7% is from pneumonia consisting of vi-
ral pneumonia and other types of pneumonia. Pneumonia and
chronic lower respiratory diseases are listed as the two of five
leading causes of death in Malaysia with 11.8% and 2.6% re-
spectively.

Length of stay (LOS) is important to be estimated as it is
the key indicator of hospital efficiency [4,5]. The efficiency
of managing the hospital is measured by having good facility
management and excellent patient quality of care while being
admitted. Shorter hospital stays mean that more beds are avail-
able for more patients thus improving the bed turnover. Hence,
patients with a shorter period of stay represent lower hospital
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consumption as well as reducing the expenditure of the hospi-
tal. Identifying LOS is associated with reduced risk of oppor-
tunist infections, side effects of medications, improved patient
discharged conditions and reduced patients’ mortality. Deter-
mining the factors contributing to longer or shorter lengths of
stay may add an effort to control the resources and prepare the
hospital for massive admissions for longer lengths of stay [6-8].
Hospital length of stay in the case of respiratory diseases can
be caused by various factors such as clinical factors, comor-
bidity factors, and demographic factors [9-11]. Three forms
of data can be used in LOS models according to Herwartz et
al. [12]: 1) data available after admission for example therapy,
comorbidity, physical and mental problems, death status and
insurance status ii) data collected when admitted to hospital
such as age, sex, marital status, smoking habits, alcohol as-
sumptions or health status during admission and iii) data from
existing diseases, socioeconomic variables needed to identify
the recurrence diseases. All these data are useful to maximize
short-term resource utilization and prevent the recurrence of
hospital admission in the long term. Therefore, to determine
the factors associated with LOS, both demographic and clini-
cal parameters are considered in this study.

Researchers explored LOS data with different objectives of
the studies such as Freitas et al. [13] that used logistic regres-
sion with generalized estimating equation (GEE) to detect the
factors influencing the high outliers in LOS and Nash et al.
[14] used survey-method logistic regression to investigate pro-
longed LOS in Emergency Department by exploring patient-
level characteristics. Many methods used to predict LOS and
association factors are found in their studies such as Kulin-
skaya et al. [15] that used advanced robust method with trun-
cated maximum likelihood to elucidate the factors influencing
LOS, Verburg et al. [16] that used 8 regression models for
predicting ICU LOS, Tsung et al. [17] having a prospective
study by comparing univariate comparisons using non para-
metric Kruskal-Wallis test to identify the associated factors
LOS among children and Dong et al. [18] that had similar
approaches with Tsung et al. [17], with negative binomial re-
gression model was fitted first before having Kruskal-Wallis
test. The study conducted by Wen et al. [19] predicted LOS
for Covid patients by using time-to-event modelling by having
6 survival models which are Cox linear, Deep Surv, Cox-CC,
Random Survival Forest, Deep Hit and Multitask logistic re-
gression. A study at Tamale hospital found that the best model
is the Negative Binomial model in terms of influence on the ex-
pected length of stay in the hospital for malaria [20]. Previous
study in Portugal used a multilevel model which includes the
Poisson regression model, zero-inflated Poisson, negative bino-
mial regression, zero-inflated negative binomial and random-
effect model. A study found that zero-inflated negative bino-
mials and the random-effect model showed the most appropri-
ate model with a significant decrease in the length of stay. This
is because, for the count data, using OLS and logistic regres-
sion can contribute to overdispersion hence creating a biased
estimate and does not reflect the data [21]. Hence Poisson Re-
gression Model is used for count data which highlights two
main assumptions. Assumptions are mean and variance of this
distribution must be equal, and the observation must be inde-
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pendent of each other. However, the equality of mean and vari-
ance can be violated as more variation in response compared
to the model caused overdispersion. There are two ways to
cater overdispersion whether by inflating standard error from
the estimated dispersion factor or by using negative binomial
regression [22]. Negative Binomial Regression model is used
to encounter overdispersion since it has the benefit of intro-
ducing another parameter but with the same mean structure as
Poisson. If overdispersion occurs, the confidence interval will
get narrowed if compared to Poisson Model. Another method
for handling count data is Zero Truncated Poisson and Zero
Truncated Negative Binomial considering the dataset cannot
be zero since the length of stay commence with the count of 1.
Ordinary Negative Binomial will have problems with truncated
data because it will include zero in the distribution. Meaning
that, the mean of response contains no zero, but standard error
and parameters might be biased because the model has tried to
predict zero counts [21].

In this study, the length of stay in the hospital should be
more than 0 day. Hence, GLM with Zero Truncated Models
were used because of the count data for which zero value can-
not occur and overdispersion exist. Zero Truncated Poisson
and Zero Truncated Negative binomial are compared to find
the best model estimating the length of stay due to respiratory
diseases and investigate interaction effect to the length of stay
in the hospital due to respiratory diseases. Investigating the
factors that affect LOS is important in identifying how it af-
fects LOS and determining how to optimize admission-related
expenses, medical supplies, and facilities of the hospitals.

2 Materials and Methods

2.1 Data Collection

Data for this study are obtained from the Ministry of Health
Malaysia, with approval from the Health Information Cen-
tre Malaysia. To protect the confidentiality, only anonymous
datasets are included in the analyses described. Data on pa-
tients discharged due to respiratory diseases between 2014
to 2020 were collected focusing on the Central region of
Malaysia, Selangor, Wilayah Persekutuan Kuala Lumpur and
Wilayah Persekutuan Putrajaya. Data involved the patient’s
gender, marital status, ethnicity, discharged conditions and
class of respiratory diseases. These data considered only pa-
tients hospitalized with respiratory diseases listed in Malaysia
Health Indicators coded from JOO to J99. Data from this study
only involved with the patients admitted in the government
hospitals situated in Central region, Malaysia.

2.2 Outcome and Variables

The dependent variable of this study is the LOS (non-
negative integer) which is defined as the number of days
between a patient’s admission and the day patients are dis-
charged. Length of stay of hospital admission is recorded as
count (n) and LOS data is truncated at 28 days which is based
above 27 days at 99% percentile. Meanwhile, the determinant
of this study includes the patient’s gender, age, marital status,
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ethnicity, discharge conditions and diagnoses. Multivariables
are used in this study by grouping, gender (0 = Male, 1 = Fe-
male) and age groups (0 -14 : young age, 15-64 : working age,
65 and above : old age). The age group classification follows
the categorization of 3 main age groups in Malaysia listed in
the Department of Statistics Malaysia. According to DOSM in
the analysis of Labor Force Survey (LFC) in Malaysia, working
age in Malaysia refers to the age structure of the economically
active population, which is classified to be between the ages of
15 and 64. Other than that marital status (0 = Single, 1 = Mar-
ried, 2 = Widowed, 3 = Divorced, 4 = Others) the definition of
others in the marital status includes individuals with unknown
relationships and does not fall under either of the marital cat-
egories listed. The fourth factor is ethnicity (0 = Malay,1 =
Chinese, 2 = Indian, 3 = Others) with others that include the
minority of the ethnics such as Iban, Bajau, Melanau, Murut,
Bumiputera Sabah dan Sarawak, Orang Asli and others. The
discharge conditions are categorized with (0 = Went Home, 1
= Transfer to other ward and facility, 2 = Discharge at patient’s
own risk and refuse treatment, 3 = Discharge without permis-
sion from the doctors, and 4 = Death). Diagnoses of respiratory
diseases are divided into 9 categories which are (0 = Influenza,
pneumonia and other acute lower respiratory infections, 1 =
Diseases of the upper respiratory tract, 2 = Other diseases of
upper respiratory tract, 3 = Chronic lower respiratory disease,
4 = Lung diseases due to external agent, 5 = Other respiratory
diseases principally affecting the interstitium, 6 = Suppurative
and necrotic conditions of lower respiratory tract, 7 = Other
diseases of pleura, 8 = other diseases of the respiratory system).
For all the categories, the reference level of the categorical vari-
ables was selected with the largest number of observations for
each category to narrow the confidence interval and minimize
the standard error.

2.3 Descriptive analysis and GLM regression

Descriptive analysis and univariate analysis were con-
structed. There are two regression models used to predict LOS
for respiratory disease based on the count data which are GLM
Zero Truncated Poisson regression and GLM Zero Truncated
Negative Binomial. GLM is used to build a linear relation-
ship that links the response variables and predictors to a linear
model. Since the outcome variable of this study is count data
hence Poisson regression is commonly used for the data type.
However, Poisson distribution will try to predict zero counts
even though there are no zero values and there is overdisper-
sion by using Poisson Regression. Overdispersion in the count
data is observed by looking at the dispersion value and alpha
value. When the dispersion value is greater than one and the
alpha value is greater than 0, overdispersion occurred. Even
though Negative Binomial Regression attempted to overcome
overdispersion in Poisson distribution, but it will also face dif-
ficulty with the count data as it will try to predict zero counts
even though there are no zero values. Since LOS is recorded
as a minimum of at least a day in the hospital and contained no
zeros, hence Zero Truncated Poison and Zero Truncated Neg-
ative Binomial are used in this study. These models had been
developed to overcome circumstances in which the origin of
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overdispersion is due to no zero values in the data.
Poisson distribution with parameter A, the density is
AeA
PriO(Y =y) = 25 (1)
y:
With the probability of zero is

PrP)(y =0) = e )

Hence, the zero truncated Poisson distribution is considered
positive values with conditional density

PT(P)(Y:y)
Pri(y =ylY >0) =
e 1,2,3 ”
—va— ’ 45

The log-likelihood function for ZTP is

L= lusdogN) A~ log(1 — ) ~ Togly)] (4

The general equation for the log of expected counts for LOS:

log(\) = Bo + frx1 + Paxa + ... + Bry, 5)

Under assumption of heterogeneity, with parameter A and o
, the density for negative binomial is

+a ) a7t _ Ai
PrVB)(y — ) = V(i a—1 i y
PPV = ) = T () T )

(6)

with probability of zero count in negative binomial is

PrVP(Y = 0) = (1 +ar) "/ ™

Hence the probability of Zero Truncated Negative Binomial
regression model is

PrVB(Y =¢) g+ a))
PrVBY(Y = y.ly; > 0) = =
rNEN(Y = yly; > 0) 1-PrB(Y =0)  yly(a?)
Yi
ary N—a~?t _ ey (=)
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The log likelihood for ZTNB is
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where:

Yi
> log(m+a™") =logy(yi +a™") —logy(a™) (10)
m=0

The equation for ZTNB

In(\;) = Bo+ Bz + Pazia + ... + Bnin (11)

2.4 Goodness of Fit for the Models

The best model was selected by analyzing the correspond-
ing fit of different count models. The goodness of fit for each
model was examined by comparing the lowest Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criterion
(BIC). The lowest value for each criterion will indicate that
the model is the most suitable to be used in this study. AIC
considered the model to be closer to the truth by estimating
the constant plus relative distance between the true and fitted
likelihood functions [23,24]. BIC also considers the model to
be a good model based on Bayesian that estimates the posterior
probability of the model to be true [24,25]. All regression mod-
els and analyses were conducted using R programming version
3.6.3 with a few packages such as VGAM, ggplot2, foreign and
boot. VGAM with factor is specialized software for all GLM
regression [26].

3 Results and Discussion

A total of 526,511 patients were hospitalized from 2014 to
2020 with truncated LOS at 28 days. The mean of stay for the
patient was 4.78+3.43 days with the median LOS for the Cen-
tral region of Malaysia was 4 days. Table 1 summarizes the
descriptive statistics of the variables considered in this study.
Despite having the lowest percentage of admissions (17.16%)
among the age group, the average LOS for elderly patients was
longer if compared to young and working age groups. Accord-
ing to gender, males contributed more to respiratory disease
than females by a difference of 8.74%. Being the dominant
ethnic group in Malaysia, Malay patients have the highest in-
cidence of respiratory diseases and all ethnicities have an av-
erage LOS of around 5 days. Apart from that, single patients
were most likely exposed to respiratory diseases, but widow-
ers and divorcees had lengthier LOS upon being hospitalized.
Of all the patients in the Central region, 94.12% of the pa-
tients were discharged home and only 0.36% of them were
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discharged without permission from the doctors and contribut-
ing to the lowest mean of stay in the hospital. The average
length of stay (LOS) in hospitals for patients who died was 7
days, which is longer than the average length of stay in hospi-
tals generally. The largest contributors to admissions according
to the diagnoses (48.01%), with a mean average LOS of 5.16
days, were patients with influenza, pneumonia, and other acute
lower respiratory infections. Even though patients with lower
respiratory tract, suppurative and necrotic diseases had the low-
est admission rate with only 0.37%, but they have the longest
average LOS of 11 days when they were admitted.

Figure 1 shows the frequency distribution of LOS at the cen-
tral region of government hospitals from 2014 to 2020. The
distribution of LOS skewed to the right with a median of 4,
IQR of 3 days to 6 days. LOS from the histogram is shown to
be heavily tailed with skewness and kurtosis that are 2.69 and
13.08, respectively.
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Figure 1. Frequency Distribution of Length of Stay at Central Region State

Table 2 presents the goodness of fit for each of the mod-
els that was also investigated by looking the Akaike Infor-
mation Criterion AIC and the Bayesian information criterion
(BIC), which estimators correspond to the best statistical mod-
els. Zero Truncated Negative Binomial has lower AIC and
BIC values with 2386297 and 2386565 respectively, compared
to Zero Truncated Poisson. Hence, the best model used to
estimate the length of stay in the hospital due to respiratory
diseases was GLM with Zero Truncated Negative Binomial.
This study emphasized the day of admission must be greater
or equal to 1 day and Zero Truncated Negative Binomial was
the best model selected to counter the overdispersion and sup-
ported by having the lowest AIC and BIC.

Table 3 presents two GLMs that were employed to pre-
dict the length of stay for patients with respiratory illnesses in
Malaysia’s central region. The value coefficient for female pa-
tients in both models is -0.025, which indicates that they have
0.025 lower log count of stay than male patients. Patients with
Chinese, Indian, and other ethnicities had longer log counts of
stays than those of Malay ethnicity. Other ethnics contribute to
the increment for log count of stay by 0.089 and 0.0964 than
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Table 1. Descriptive statistics, frequency, and characteristics of the study sample (N = 526,511)

Variables Number of Patients | % of Patients Admitted | Mean+ SD | P- value
Gender <0.0001
Male 286,288 54.37 4.82+3.53
Female 240,223 45.63 4.7443.32
Ethnicity <0.0001
Malay 357,371 67.88 4.5443.18
Chinese 63,258 12.01 5.43+3.99
Indian 87,659 16.65 5.21+3.77
Others 18,223 3.46 5.25+3.89
Age Group <0.0001
Young Age (0 -14) 256,800 48.77 3.95+2.35
Working Age (15-64) 179,379 34.07 5.15+3.79
Old Age (65 and above) 90,332 17.16 6.39+4.43
Marital Status <0.0001
Single 330,981 62.86 4.2242.82
Married 188,043 35.71 5.71+4.1
Widowed 2,269 0.43 6.25+4.29
Divorced 3,640 0.69 6.44+4.41
Others 1,578 0.30 5.20+3.89
Discharge Conditions <0.0001
Home 495,332 94.12 4.72+3.26
Transfer to another ward or facility 6,233 1.18 5.445.05
Refuse treatment / At Own Risk 8,956 1.70 4.15+3.94
Without permission 1,882 0.36 3.95+2.94
Die 13,908 2.64 7.07+6.25
Diagnosis <0.0001
Diseases of the upper respiratory tract 95,559 18.15 3.16x1.6
Influenza, pneumonia, and other acute lower respiratory infections 252,775 48.01 5.16£3.5
Other diseases of upper respiratory tract 14,610 2.77 3.73£2.45
Chronic lower respiratory disease 4,735 0.90 4.24+2.23
Lung diseases due to external agent 130,167 24.72 4.88+3.43
Other respiratory diseases principally affecting the interstitium 11,999 2.28 6.51+4.48
Suppurative and necrotic conditions of lower respiratory tract 1,961 0.37 11.39+£7.09
Other diseases of pleura 8,668 1.65 7.59+5.33
Other diseases of the respiratory system 6,037 1.15 5.84+4.73
Table 2. Results of AIC and BIC
Goodness of fit test Akaike Information Criterion (AIC) | Bayesian Information Criterion (BIC) | Loglikehood
Zero Truncated Poisson 2522901 2523158 -1261427
Zero Truncated Negative Binomial 2386297 2386565 -1193125

Malay ethnics for ZTP and ZTNB respectively. Other than that,
both groups’ working age and old age contribute to an increase
in the log count of stay compared with the young age group.
Older patients’ log counts of stays are 0.03 higher than those
of younger patients and the old age group has higher coeffi-
cient values than the working age group. Married, widowed
and divorced were associated more with the rise in log count
of LOS than single groups did. The married patient’s log LOS
was 0.04 greater than single patient. Additionally, widowers
and divorcee patients contribute 0.08 to 0.09 more log LOS
than single patients. In both models, patient’s marital status
stated as others was insignificantly correlated with log LOS.
Patients who’ve been discharged to another ward or institution,
those who refused treatment, and those who left without a doc-
tor’s approval had lower log count of stays are compared with
those who were discharged home. In contrast, according to
ZTP and ZTNB, respectively, the log count of patients who
died in the hospital was 0.1366 and 0.1496 higher than that of
patients who were discharged to their homes.

Patients with upper respiratory tract diseases, other respira-
tory tract diseases, chronic lower respiratory disease and lung
diseases caused by external agents have shorter log LOS when

being admitted than patients with influenza, pneumonia, and
other acute lower respiratory illnesses. However, patients with
other respiratory diseases principally affecting the interstitium,
suppurative and necrotic conditions of the lower respiratory
tract and other diseases of pleura diseases have longer log
lengths of stay (0.07 for both models) than patients with in-
fluenza, pneumonia, and other acute lower respiratory condi-
tions. Patients diagnosed with other diseases of the respiratory
system were significant at p < 0.05 for ZTNB but insignifi-
cant for ZTP model. According to the first intercept values for
ZTP and ZTNB, when all predictors are equal to zero, the log
count of stay is 1.4847 and 1.4529, respectively. The second
intercept in ZTNB has a value of 1.7543, which is the overdis-
persion parameter (alpha).

In this study, the median LOS for hospitals in central regions
of Malaysia was four days which is comparable with findings
reported in Prince Whale Hospital Hong Kong by Dong et al.
[18], the median length of stay for bronchitis due to respira-
tory syncytial virus infection is 4 days and median length of
stay for respiratory disease is 2 days, with IQR (1-3 days). For
COPD, China’s LOS for COPD at 10 days [19], followed by
13 European countries (7 days) [24], acute COPD exacerbation
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Table 3. Regression on Length of Stay

Zero Truncated Poisson

Zero Truncated Negative Binomial

Intercept: 1
Intercept: 2
Gender
Male
Female
Ethnicity
Malay
Chinese
Indian
Others
Age Group
Young Age (0 -14)
Working Age (15-64)
Old Age (65 and above)
Marital Status
Single
Married
Widowed
Divorced
Others
Discharge Condition
Home
Transfer to another ward or facility
Refuse treatment / At Own Risk
Without permission
Die
Diagnosis
Diseases of the upper respiratory tract
Influenza, pneumonia, and other acute lower respiratory infections
Other diseases of upper respiratory tract
Chronic lower respiratory disease
Lung diseases due to external agent
Other respiratory diseases principally affecting the interstitium
Suppurative and necrotic conditions of lower respiratory tract
Other diseases of pleura
Other diseases of the respiratory system

1.4847 s 1.4529 s
1.7543 #xx
Reference Reference

-0.0255 (0.0013) ***

Reference
0.0387(0.002)
0.0556 (0.0018) ***
0.089 (0.0034) *s:

Reference
0.2179 (0.0020) ***
0.367 (0.0025) *3:

Reference
0.0390 (0.0019) **3*
0.0828 (0.0087) ***
0.0856 (0.0069) **3*

-0.0257(0.0053) ***

Reference
0.0434 (0.0028) *s:*
0.0572 (0.0024) *3#*
0.0964 (0.0048) *3:*

Reference
0.2233 (0.0028) *#*
0.3832 (0.0035) *3#:*

Reference
0.0446 (0.0027) #***
0.0941 (0.0127) ***
0.0941 (0.0101) ***

0.0190 (0.0113) 0.01999 (0.0160)
Reference Reference
-0.0528 (0.0056)%** -0.0556 (0.0080) %

-0.2406 (0.0055) 3
-0.2687 (0.0122) ***
0.1366 (0.0034)

-0.4618 (0.0022) **:*
Reference
-0.4025 (0.0047) #*:
-0.3201 (0.0074) #:
-0.1503 (0.0016)***

-0.2576 (0.0074) ***
-0.2809 (0.0162) ***
0.1496(0.0051) ***

-0.4859 (0.0028)
Reference
-0.4214 (0.0061)%*:
-0.3358 (0.001) ***
-0.1614 (0.0023 )%

0.0714(0.0038)*#* 0.0783 (0.0056)%**
0.6914 (0.0068) *+* 0.7157 (0.0117)%%*
0.2526 (0.004 1) 0.2662(0.0062)%**

-0.0111 (0.0055)

-0.0097 (0.0079) *

Coefficient (Standard

error) significant ***¥0.001, *0.05

admitted at People’s College of Medical Science & RC Bhopal
found that the median length of stay (LOS) is 9 days [4]. Dif-
ferent environments, treatment strategies, or demographic sam-
ples across the countries can all be used to account for varia-
tions in LOS duration [27].

The study’s findings suggested that Zero Truncated Nega-
tive Binomial, which had lower AIC and BIC values than Zero
Truncated Poisson, was a better fit. A significant relationship
between gender and log LOS was found in both models, even
though a large number of sample sizes were used in this study.
Similar results were discovered by Orooji et al. [28], who
found that gender has significant effects on LOS for both uni-
variate and regression models by evaluating the relative risk
(RR) of the regressions. Baharlooci et al. [29] also discov-
ered that multiple regression analysis demonstrated that both
groups of gender were significant in predicting LOS. Accord-
ing to this study’s findings for the age group, older patients had
longer average stays than younger patients, which contributed
to an increase in the log count of stays when they are admitted.
Zeleke et al. [5] also discovered that the average LOS increased
in the age categories of (60, 70), (70, 80), and 80+. The study
conducted by Shanley et al.[30] similarly showed that extended
LOS was linked to older ages (60 years).

The ethnicity of Malaysians was found to be another fac-

tor in this study, with Chinese, Indian, and other groups con-
tributing to high log LOS by having average LOS values of
more than 4 days. According to a study by Bruce et al. [31],
Black Caribbean and African inpatients had longer lengths of
stay (LOS) than their White British counterparts, and Black
Caribbean patients continued to have the highest risk of ex-
tended lengths of stay when compared to other groups. There-
fore, this study also found that different ethnicities have signif-
icant contributors to LOS. Other that that, this study found that
patients who were discharged in a dead condition will have a
higher mean LOS than those who were discharged alive. Sim-
ilar research discovered by Orooji et al. [28] that the LOS
of deceased patients was higher than that of other patients,
which may have been associated with the severity of the pa-
tients.Patients who were discharged due to death were a factor
that statistically lengthened the stay of elderly patients.

Factors that contributed to the increase in LOS will influ-
ence on hospital admission costs and hospitals must consider
providing extra beds for patients with longer stay periods in
the hospitals. Both demographics and clinical factors should
be considered because they may have an impact on the length
of stay (LOS) of patients. Due to study limitations, factors
such as dietary status, tobacco use history, and physical activ-
ity could not be extensively studied in the current study. These
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factors were not fully recorded in the hospital information sys-
tem. However, these factors listed in this study appear to be
sensible decisions that identify the length of hospital stays.

4 Conclusion

In conclusion, the study’s findings indicated that the GLM
Zero Truncated Negative Binomial is the best model for LOS
data. All predictors were significant when compared to their
reference group for both models except for unknown marital
status and patients diagnosed with other diseases of respira-
tory system but were significant for ZTNB. The demographic
factors, such as age, marital status, and ethnicity contribute to
increased log LOS when compared to their reference group.
This resulted in a longer stay length being recorded, which
resulted in increased hospital expenses for this group of pa-
tients. This implies that these groups will stay in the hospital
for longer periods, hence they will incur higher healthcare ex-
penses when being admitted. But female patients had a shorter
log LOS when hospitalized, lower hospital costs were imposed
compared to male patients. As for clinical factors, the deceased
patients will have the higher length of stay if compared to the
patients that were discharged home, patients diagnosed with
other respiratory diseases principally affecting the interstitium
and suppurative and necrotic conditions of the lower respira-
tory tract have greater log LOS if compared to patients with
Influenza, pneumonia and other acute lower respiratory infec-
tions. These groups of patients will incur more costs as they
will be contributing to longer stays in the hospital. As the GLM
Zero Truncated model provided a better fit to the studied data
hence it would be better for the health care field to use this
model in predicting the log length of stay so that hospitals are
well equipped with the facilities and prepare for the expendi-
tures and resources.
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