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Short Communication
Predicting Length of Stay in Cardiovascular Patients 
Using Count Regression and Machine Learning 
Approaches

Cardiovascular diseases often involve hospital readmissions and prolonged length of stay (LOS), 
that is a key measure for evaluating efficiency and quality of hospital care. This cross-sectional 
study aimed to predict and identify factors associated with LOS using various count regression 
and machine learning (ML) approaches. A total of 12,752 patients with cardiovascular disease 
were included. They were admitted to 43 hospitals affiliated with Mashhad University of Medical 
Sciences between March 2020 and February 2021. The mean patient age was 62.7±13.6 years, 
with an average LOS of 4.4±5.7 days and a median of 3 days (IQR: 3). Features including age, 
sex, diagnosis type, and percutaneous coronary intervention (PCI) were used to predict LOS. The 
predictive performance of the models was evaluated using mean absolute error (MAE). Although 
zero-truncated negative binomial regression (ZTNBR) outperformed other count regression 
models, support vector machine (SVM) achieved the lowest MAE (2.6), compared to artificial 
neural network (ANN) (MAE: 2.9) and the ZTNBR (MAE: 3.0). The type of cardiovascular 
disease was the most significant predictor of LOS, followed by PCI, age, and sex. These findings 
highlight the importance of patient-specific factors in designing healthcare strategies to optimize 
hospital resource allocation and improve patient outcomes.
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Introduction

ardiovascular diseases remain the leading 
cause of death worldwide, affecting both 
developing and developed countries, with 
over three-quarters of fatalities occurring 
in low- and middle-income regions [1-3]. 
In Iran, the adoption of a Western lifestyle, 
combined with advancements in health-

care services and increased life expectancy, has contrib-
uted to a rise in non-communicable diseases, including 
cardiovascular diseases [1].

Heart failure is often associated with frequent hospi-
tal readmissions and extended length of stay (LOS) [4]. 
LOS is a critical indicator of resource utilization and 
quality of care because shorter hospital stays can reduce 
medical costs and overall social expenses. Although ear-
lier approaches primarily linked LOS to specific medi-
cal conditions, it is now recognized that multiple factors, 
such as demographic features, treatment complexity, 
and social circumstances, affect hospitalization duration. 
Accurate LOS prediction enables hospitals to minimize 
unnecessary delays, which is crucial since patients gen-
erally prefer home recovery. In addition, prolonged hos-
pital stays increase the risk of complications like infec-
tions. The COVID-19 pandemic has further highlighted 
the significance of hospital bed capacity, emphasizing 
the need for reliable models to predict LOS based on ad-
mission data. Consequently, precise LOS prediction is 
essential for managing healthcare costs, optimizing hos-
pital capacity, and improving service efficiency [5-7]. 

Traditional statistical models face challenges when 
applied to response variables, such as LOS. Although 
widely used, ordinary least squares regression is unsuit-
able for positively skewed data because it violates the as-
sumption of normality in the response variable. This of-
ten results in biased coefficient estimates and inaccurate 
standard errors, leading to unreliable conclusions [7, 8]. 
Poisson regression (PR), commonly used for count data, 
assumes that the mean and variance are equal. This con-
dition is rarely met in real-world data. Overdispersion, 
where the variance exceeds the mean, can invalidate PR 
results if unaddressed [7, 9]. To tackle this problem, it 
is recommended to use negative binomial regression 
(NBR) as an alternative [10]. Additionally, zero-trun-
cated PR (ZTPR) and zero-truncated negative binomial 
regression (ZTNBR) provide additional improvements 
when count data do not include zero values [11, 12]. The 
accuracy of the results would be significantly enhanced 
by employing a model that fits the data well.

The issue of overdispersion can also be addressed us-
ing modern data science techniques. While count regres-
sions are commonly applied to model LOS, machine 
learning (ML) methods have gained considerable at-
tention for their predictive capabilities [5, 8]. ML algo-
rithms learn from data to make accurate predictions [13] 
without relying on predefined distributional assumptions 
or strict relationships between variables [14, 15]. In this 
study, support vector machine (SVM) and artificial neu-
ral network (ANN) models were utilized due to their ef-
fectiveness in prediction and classification tasks [8, 14, 
16]. ANN is inspired by the human brain and consists of 
of interconnected nodes that process data and recognize 
patterns through learning, making it ideal for handling 
complex, non-linear relationships, particularly in medi-
cal research. SVM, a supervised learning algorithm, is 
widely used for classification and regression tasks, fo-
cusing on identifying the optimal hyperplane that sepa-
rates different data classes [17]. 

Given the high prevalence of cardiovascular diseases, 
this study aimed to predict LOS and identify key factors 
affecting hospitalization duration in northeastern Iran. 
Various count regression models (PR, NBR, ZTPR, and 
ZTNBR) and ML approaches (ANN and SVM) were ap-
plied to address data overdispersion and improve LOS 
prediction accuracy.

Methods

This cross-sectional study assessed LOS in patients di-
agnosed with cardiovascular disease. Patients were ad-
mitted to 43 hospitals affiliated with Mashhad University 
of Medical Sciences in northeastern Iran between March 
20, 2020, and February 14, 2021. Data were retrospec-
tively extracted from the SEPAS Electronic Health Re-
cord system. As anonymized data were used, informed 
consent was not required.

Variables

Patients aged 18 years and older with a diagnosis of 
cardiovascular disease were included. The exclusion 
criteria comprised patients with LOS<1 day, those who 
were voluntarily discharged, or transferred to other 
medical centers. LOS was defined as the number of days 
from hospital admission to discharge and regarded as the 
dependent variable. 

Features, such as age (years), sex (male/female), percu-
taneous coronary intervention (PCI) status (yes/no), re-
admission (yes/no), and diagnosis, were extracted from 
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the dataset. The diagnosis variable represents the reasons 
for a patient’s hospital admission.

This variable was categorized based on the internation-
al classification of diseases (ICD) codes, with I-codes 
specifically for heart diseases [18, 19]. It was divided 
into five categories: Cerebrovascular diseases (CVD), 
cardiopulmonary and pulmonary circulation diseases 
(CPD and PCD), ischemic heart disease (ISD), hyper-
tension diseases (HTND), and others (including car-
diomyopathy, atrioventricular and left bundle branch 
block, cardiac arrest, conduction disorders, paroxysmal 
tachycardia, heart failure, and ill-defined heart disease 
descriptions).

Statistical analyses

Data preprocessing was performed to minimize the im-
pact of noise on the results. This included the removal 
of duplicate values and a quality check to ensure data 
consistency and integrity. The dataset was complete for 
all investigated variables, and duplicate entries were re-
moved. Quantitative variables were summarized using 
Mean±SD and median (interquartile range [IQR]), while 
qualitative variables were described by frequency and 
percentage. The Kolmogorov–Smirnov test confirmed a 
non-normal distribution of LOS due to its positive skew-
ness. The Mann–Whitney and Kruskal–Wallis tests were 
applied to compare LOS across categories of indepen-
dent variables. Variables with a P<0.05 were selected 
for model fitting. In this study, various count regression 
models and ML methods were fitted. Data were analysed  
using R software, version 4.4.0. The VGAM package 
was used for count regressions, while the radiant. model 
and e1071 packages were employed for ANN and SVM, 
respectively.

Count regressions

LOS was treated as the target outcome variable, and 
it was rounded to the nearest whole number. The initial 
model applied was PR, and the deviance statistics is a 
jargon here and is not plural. By dividing the deviance 
residual by its degrees of freedom, a quantity can be ob-
tained to check the adequacy of the model. The closer to 
one, the assumption of the PR would be met [11]. Over-
dispersion was further tested using the ARE package in 
R. 

Additional count regression models were fitted to 
the data, including NBR, ZTPR, and ZTNBR. Model 
performance was compared using the Akaike informa-
tion criterion (AIC) and Bayesian information criterion 

(BIC) [7, 11]. The model with the lowest AIC and BIC 
values was selected as the best one for predicting LOS in 
cardiovascular disease patients.

ML methods

The dataset was divided into training (70%) and test-
ing (30%) sets using simple random sampling. The 
training set was used to develop the ANN and SVM 
models, while the testing set was employed to evaluate 
their predictive performance. A three-layer feed-forward 
back-propagation ANN was applied with 11 nodes (ex-
planatory variables) in the input layer, 6 to 13 nodes in 
the hidden layer, and one node for the LOS in the out-
put layer. It is recommended that the number of nodes 
in the hidden layer should be between 70% and 90% of 
the input layer’s size, ensuring it does not exceed twice 
the number of nodes in the input layer [14]. Addition-
ally, an SVM model with a Gaussian radial basis kernel 
was used for prediction. During the training process, a 
10-fold cross-validation was employed to determine the 
optimal hyperparameters and also the number of hidden 
layer nodes in the ANN, reducing the risk of overfitting. 
The best architecture for the ANN was selected with 9 
nodes in the hidden layer and a decay of 0.1. The SVM 
model with a cost parameter of one was chosen as the 
best one.

Assessing the models’ performance

Given the extreme skewness of the LOS distribution, 
criteria, such as mean squared error do not perform well 
due to their sensitivity to outliers. The error increases 
rapidly when a long LOS is predicted to be short or vice 
versa [14]. Instead, mean absolute error (MAE) measures 
the mean absolute difference between the predicted and 
observed values (MAE=Σn

i=1|yi-yi|/n)). Therefore, it does 
not have this limitation when dealing with dispersed 
data. In the current study, MAE was used to evaluate the 
predictive performance of the models. The one with the 
lowest MAE was selected as the most suitable model for 
modeling dispersed count data.  

Results

A total of 12,752 patients were included in the study. 
The Mean±SD age was 62.7±13.6 years. The mean LOS 
was 4.4±5.7 days, while the median was 3 days (IQR: 
3). Approximately 9% of patients died before discharge. 
LOS was significantly longer (P<0.001) for patients who 
died (8.7±10.5 days) compared to those who survived 
(4.0±4.9 days). Angiography was performed on 69.6% 
of patients, and 18.3% underwent PCI. Table 1 presents 
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the descriptive statistics for patient characteristics. LOS 
was compared across different patient groups and vari-
ables. Significant features (P<0.05) were selected for 
model fitting.

ISD was the most common reason for admission, with 
2.6% mortality before discharge. The highest percentage 
of deaths was observed in CVD patients (22.4%). Pa-
tients with CPD and PCD, HTND, and other cardiovas-
cular conditions accounted for 19.5%, 9.5%, and 17.2% 
of deaths, respectively.

A standard PR was initially applied to assess overdisper-
sion. The overdispersion test was significant (P<0.001), 
with deviance and dispersion values of 3.3 and 5.1, re-
spectively. Alternative count regression models, including 
NBR, ZTPR, and ZTNBR, were fitted to predict LOS. 
The result showed that ZTNBR and NBR (Table 2).

All variables were significantly associated with LOS in 
the ZTNBR model. A 10-year increase in age was asso-
ciated with a 4% increase in LOS. Men had a 14% longer 
LOS compared to Women. Patients who underwent PCI 
had shorter LOS. The diagnosis was also a significant 

predictor; patients diagnosed with ISD, HTND, and oth-
er heart diseases had shorter LOS than those with CVD.

Model performance was assessed using MAE on the 
test dataset. The SVM model achieved the lowest MAE, 
outperforming ANN and ZTNBR (Table 3). In the SVM 
model, the most important variables were diagnosis, 
PCI, age, and sex, with weights of 1.07, 1.03, 1.01, and 
1.00, respectively. The ANN model identified the same 
variables in the same order of importance: Diagnosis 
(0.11), PCI (0.03), age (0.02), and sex (0.01). 

Discussion

LOS is an indicator of healthcare system efficiency 
and quality, and researchers are actively exploring dif-
ferent methods to improve it [7]. This study aimed to 
predict LOS and identify factors related to the duration 
of hospitalization using a large dataset on patients with 
cardiovascular diseases. This study revealed that LOS 
was highly overdispersed and exhibited significant right 
skewness. Among various count regression and ML 
models, SVM selected as the best model handling over-
dispersed data.

Table 1. Characteristics of patients admitted with cardiovascular diseases in the study sample

P
LOS

No. (%)Variables
Median (IQR)Mean±SD

<0.001*
2.8 (3.5)4.5±5.96848(53.7)Male

Sex
2.6 (3.1)4.3±5.55904(46.3)Female

<0.001**

4.8 (6.4)8.1±10.22226(17.5)CVD

Diagnosis

5.6 (6.4)7.4±6.5133(1.0)CPD and PCD

2.2 (2.4)3.4±3.17691(60.3)ISD

2.1 (2.2)3.1±3.9968(7.6)HTND

3.0 (3.7)4.7±5.41734(13.6)Other

0.437*
2.8 (4.3)4.3±4.61126(8.8)Yes

Readmission
2.7 (3.3)4.4±5.911626(91.2)No

<0.001*
1.8 (1.6)2.4±2.12336(18.3)Yes

PCI
2.9 (3.9)4.9±6.210416(81.7)No

Abbreviations: LOS: Length of stay; ISD: Ischemic heart disease; HTND: Hypertension diseases; CPD and PCD: Cardiopulmo-
nary diseases and pulmonary circulation diseases; CVD: Cerebrovascular diseases; PCI: Percutaneous coronary intervention; 
IQR: Interquartile range.

*Mann–Whitney test, **Kruskal–Wallis test.
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Hachesu et al. examined various ML classification 
techniques for analyzing LOS in cardiac patients and 
identified SVM as the most accurate model [20]. Simi-
larity, count regressions and ML methods were used to 
model ecological count data in a previous study. The re-
sult showed that ANN underperformed data, while SVM 
was recommended as the most suitable model [14]. 
These findings align with our results, which demonstrat-
ed the superior performance of SVM.

After selecting the optimal model, the most important 
variable in predicting LOS was identified. Diagnosis 
emerged as the key predictor for LOS in patients with 
cardiovascular diseases. A previous study reported that 
patients with ISD experienced longer LOS compared to 
those with hypertensive heart disease [4]. In our study, 
ISD was the most common reason for admission, while 
patients with CVD had the longest LOS compared to 
other diagnostic groups.

Table 2. Summary of count regression models

Exp (β) (95% CI)
Variables

ZTNBRZTPRNBRPR

1.004 (1.002, 1.005)†1.001 (1.000, 1.002)†1.003 (1.001, 1.004)†1.001 (1.001, 1.002)†Age (y)

1.157 (1.110,1.206)†1.095 (1.076,1.115)†1.109 (1.078,1.142)†1.088 (1.070,1.107)†Male
Sex

----Female

0.395 (0.374,0.417)†0.461 (0.452,0.471)†0.472 (0.454,0.490)†0.473 (0.463,0.482)†ISD

Diagnosis

0.316 (0.288,0.346)†0.391 (0.375,0.407)†0.406 (0.382,0.433)†0.409 (0.394,0.425)†HTND

0.935 (0.773,1.133)0.934 (0.876,0.995)*0.939 (0.824,1.071)0.933 (0.876,0.995)*CPD and PCD

0.518 (0.483,0.556)†0.579 (0.564,0.595)†0.581 (0.553,0.610)†0.584 (0.569,0.600)†Other

----CVD

0.473 (0.445,0.503)†0.543 (0.525,0.563)†0.610 (0.584,0.636)†0.608 (0.591,0.626)†Yes
PCI

----No

57733.479236.962087.480143.2AIC

57800.579296.662154.580202.8BIC

Abbreviations: ISD: Ischemic heart disease; HTND: Hypertension diseases; CPD and PCD: Cardiopulmonary diseases and 
pulmonary circulation diseases; CVD: Cerebrovascular diseases; PCI: Percutaneous coronary intervention; PR: Poisson regres-
sion; NBR: Negative binomial regression; ZTPR: Zero-truncated Poisson regression; ZTNBR: Zero-truncated negative bino-
mial regression; AIC: Akaike information criterion; BIC: Bayesian information criterion.

*P<0.05, †P<0.001.

Table 3. Evaluation of predictive performance of the models

Model MAE

SVM 2.6

ANN 2.9

ZTNB 3.0

Abbreviations: MAE: Mean absolute error; ANN: Artificial neural network; SVM: Support vector machine; ZTNBR: Zero-
truncated negative binomial regression.
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We found that PCI also played a significant role in pre-
dicting LOS. As a minimally invasive procedure, PCI of-
ten results in faster recovery and shorter hospital stays. If 
stable, patients undergoing successful PCI are typically 
discharged within 48 to 72 hours [8]. Our results cor-
roborate this, showing a reduced LOS among patients 
who underwent PCI, consistent with prior research.

The influence of age and sex on LOS was also evalu-
ated. Bender et al. hypothesized that women experience 
longer LOS due to older age and greater disease sever-
ity, but found no significant association between sex and 
LOS in univariate analysis, whereas age remained a sig-
nificant predictor in the adjusted model [21]. The SVM 
analysis indicated that age was a more important predic-
tor than sex, supporting existing evidence that older pa-
tients tend to have longer hospital stays [22, 23].

This study’s strengths include using a large multi-cen-
ter registry from Khorasan Razavi Province, Iran, which 
enhanced the generalizability of the findings. However, 
several limitations should be acknowledged. The study 
lacked detailed information on hospital-specific factors, 
such as variations in healthcare quality, staffing exper-
tise, and resource availability, which could influence 
LOS. Additionally, our data did not include laboratory 
results, comorbidities, or socio-demographic character-
istics, limiting the ability to control for these potentially 
confounding factors. Other variables, such as hospital 
bed availability, rehabilitation services, and the nature 
of the admission (elective vs. urgent), may also impact 
LOS but were not accounted for in this analysis [24, 25].

Conclusion

Diagnosis emerged as the most important factor in pre-
dicting LOS. These findings offer valuable insights for 
enhancing hospital services and optimizing resource man-
agement. This study also highlighted the importance of 
selecting an appropriate model for data analysis because it 
directly influences the accuracy of the results. ML meth-
ods do not rely on distributional assumptions and can ac-
curately predict outcomes by capturing complex relation-
ships between variables. In this study, SVM demonstrated 
the highest predictive performance among the models 
analyzed, particularly in handling overdispersed data. 
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