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Abstract

Purpose: Cardiovascular diseases remain a major cause of morbidity and mortality and are currently a significant strain on the
healthcare system. Knowledge of the predictors of LoS is important to streamline care, resource utilization and the outcomes of the
patients. The purpose of this study was to determine socio-demographic factors that could be used to predict LoS among patients with
heart-related conditions in the Greater Accra Region in Ghana using machine learning methods. Methods: A retrospective study was
done through the hospital records of patients with heart related diseases admitted between January 1% 2022 and December 31%, 2023
from the District Health Information Management System (DHIMS?2). Three predictive models, the Decision Tree, Random Forest,
and the Linear Regression, were used to assess the determinants of the LoS. Results: The average LoS was 5.5 days. The highest
prevalence of diagnoses was hypertensive heart disease (56%) and heart failure (31%) in both genders. Age, educational attainment,
and occupational status were found important determinants of LoS. Tertiary-educated and formally employed patients had the longest
admissions. Interaction effects showed lower LoS in younger employed patients, and highly educated in the informal economy.
The decision tree model yielded the best prediction (R?= 37.97%). Conclusion: Decision trees may serve as an effective machine
learning model to point at the complicated and non-linear predictors of LoS of cardiac patients. These results stress the significance

of developing a resource planning and discharge plan based on the socio-demographical characteristics of the patients.

Keywords: Cardiovascular diseases; Length of Stay; Machine
Learning; Age; Educational Attainment; Occupation

Introduction

Cardiovascular Diseases (CVDs) refer to a set of heart and
blood vessel conditions. They are: coronary heart diseases,
cerebrovascular diseases, peripheral arterial diseases, rheumatic
heart diseases; congenital heart diseases; deep vein thrombosis
and pulmonary embolism [1-4]. CVDs are the primary cause of
death worldwide and it is estimated that 17.9 million individuals
died due to CVD in 2019, constituting 32 percent of all global
mortalities. Among them, 85 percent was attributed to heart attack
and stroke and that more than three quarters of CVD deaths occur
in low- and middle-income countries [1].

In Ghana, both Korle-bu Teaching Hospital (KBTH) and Komfo
Anokye Teaching Hospital (KATH) have reported that CVD and
risk factors including hypertension, diabetes and obesity are on

the rise, particularly in middle-aged Ghanaians [5]. A systematic
review conducted by Doku et al (2024) [6], a Pooled Prevalence
of 10.34% for CVD and Compelling interventions to prevent and
manage the high burden of CVD and its risk factors were reported.
Hypertension is a major public health problem in Ghana and it
represents the main cause of hospitalization and fatalities in Ghana
[7,8]. CVD hospitalization like any other health condition causes
direct healthcare cost since such a condition will require the use
of clinical resources to deal with the condition and quality of care.

Length of stay (LoS) refers to the number of days an inpatient
will remain in the hospital in a single admission event, or the time
between admission and discharge (i.e., total bed-days of patient
stay). LOS is the time spent in a hospitalization event and varies
according to various factors, both inside and outside the hospital,
which are connected to capacity management and resource
planning [9-13]. The metric is therefore regarded as a significant
indicator used to measure quality of care, which is important in
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measuring the use of resources in hospitals and the performance
of the hospitals. LoS may be applied to difficult to measure study
endpoints like mortality and illness severity [14,15]. LoS is also
significant in a patient flow that describes the way a patient
moves through a sequence of procedures [16,17]. Although CVD
is increasingly becoming a burden and economically significant
in developing nations such as Ghana, limited or disparate data
are available on the LOS and its factors among patients. When
considering an intervention to minimize the LOS of hospitalized
patients with heart diseases, it is important to consider the risk
factors of the individual patients with prolonged LOS and begin
with addressing those risk factors. Several studies have found that
a wide range of factors affect LoS, such as socio-demographic,
medical, social, and institutional ones [18-23]. It can also assist in
making accurate predictions that can aid in determining patients
that might need extended hospital stays so that the necessary action
can be taken to help improve patient care. Consequently, the LoS
of hospitalized patients with a specific disease contributes to the
morbidity and mortality of the disease in the population.

The benefit of machine learning algorithms is the availability
of a highly flexible predictive tool based on a large volume of
Electronic Health Records (EHR) [24,25]. Over the past few
years, models of machine learning such as the decision tree (DT),
logistic regression (LR), random forest (RF), Naive Bayes (NB)
and support vector machine (SVM) models have been found to
equally perform in the disease prediction [26-27] and in the LOS
prediction in hospitals [10, 28-31].

Despite the growing burden and economic impact of CVD in
developing countries including Ghana, overall studies on LoS
based on a general and entire hospital population are rare. The
main gap in the literature is that most methods focus on predicting
the LoS only for specific condition or restrict their analysis to data
from specific hospitals. Daghistani, et al., Corra, et al. and Hachesu,
et al., developed a machine learning model to predict length of
stay for cardiac patients; a meta-analysis of existing literature on
factors influencing length of stay of cardiac surgery patients was
studied [32]; other studies, [30, 33 - 35] were on the assessment
of factors influencing hospitalization length of admissions due to
hypertension and heart failure, and another study looked at the
LoS at medical wards, [36]. Mostly, LoS is unknown at the time
of admission and there is the need to investigate the prediction of
the patients’ LoS from variables collected at the time of admission
to build a predictive model through machine learning techniques.
Providing an intervention to reduce the LOS of hospitalized
patients with heart diseases identifying and targeting the individual
patients’ risk factors for LOS is the beginning and it would provide
data for clinicians on which factors they should target in reducing
the LOS of their patients. Therefore, this study was conducted to
explore the application of ML techniques for classifying the LOS

of patients with various and freely available data on cardiovascular
diseases into socio-demographic categories and to account for
interaction effects, not just main effects, in accurately analyzing
and modeling LOS. The authors employed Random Forest,
decision tree and linear regression models on a data-set obtained
from the DHIMS?2 in the Greater Accra region.

Methodology and Data Processing
Study setting and sampling

This is a descriptive retrospective study on patients admitted
between January 1st, 2022 and December 3 1st, 2023 with confirmed
heart related conditions admitted to various health facilities in the
Greater Accra region of Ghana. The study employed data from
District Health Information Management System (DHIMS?2) of the
Ghana Health Service which is the nation’s most comprehensive
database on routine health data. The DHIMS2 data-set contains,
among other items, the facility name, year of admission, date
admitted and discharged, age of patient, gender, educational level,
occupation, principal diagnosis, additional diagnosis, insurance
status, and outcome of admission (discharged or death). The length
of stay variable was obtained as a result of subtracting admitted
date from the discharged date.

Study variables
Dependent variable

Length of hospital stay (days) was the dependent variable and
described as the duration of a single episode of hospitalization,
calculated by subtracting the date of admission from the date of
discharge or death.

Independent variables

The independent variables were the patients’ Socio-demographic
variables: Age, occupation, gender, educational level, diagnosis,
and insurance status. Morbidity and diagnosis are represented
by the chapters of the International Statistical Classification of
Diseases (ICD) and Related Health Problems created by the World
Health Organization (WHO) to universally standardize diseases.

Performance Measures

To assess the performance of the models, diverse evaluation
metrics were employed, such as R-squared (R2), for classification
tasks, Mean Absolute Error (MAE), Mean Squared Error (MSE),
and Root Mean Squared Error (RMSE) for regression tasks. MAE
evaluates the average absolute deviation between actual and
predicted data, the MSE measures the average squared variance
between observed data and predicted data as seen in equation
2. Whiles R? quantifies the proportion of total variance in the
dependent variable that is attributable to the independent variables.
The RMSE metric quantifies the degree of agreement between
predicted values and actual results.
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According to Géron, the RMSE is the performance metric
generally used for regression models; however, in some contexts,
it is preferable to use the MAE due to its low sensitivity for atypical
data. It is also noteworthy the predominance of the use of R? in
articles that perform the LOS-P prediction [37].

Statistical analysis

Descriptive statistics were conducted for all the variables, both

independents and dependent. Frequency distribution in the form of
count and percentages were recorded for the categorical dependent
variable. Mean, standard deviation, skewness and histograms were
computed and built for the continuous variables. Furthermore,
regression tree model was developed for the prediction of length
of hospital stay for heart-related patients. Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), Mean Squared Error
(MSE), and R-Square values were used to access the performance
of the regression tree and compared them with traditional
regression model and random forest model. The statistical analysis
in this study were done using the statistical environment R version
4.5.0 and R-Studio version 2024.12.1+563.

Results

Socio-demographic information for all the participants is shown
in Table 1. Out of all the patients who were hospitalized, women
formed 51.1% and men 48.9%. This balance helps to justify
the gender neutrality of the study sample and allows gender-
based, comparative analysis of results. A large percentage of the
participants have no formal education 40.7% and only 9% having
tertiary education. The majority of the participants were retirees
33.2%, as well as those with healthcare insurance, 67.2%. Such
distribution implies that the population consists of older people or
economically inactive people, which might affect the healthcare
usage and stay.

Frequency N = 1044 Percentage (%)

Occupation Formal Workers 68 6.5
Informal Workers 237 22.7

Pupil/Child 87 8.3
Retired 347 332

Student 11 1.1

Unemployed 84 8.0

Unspecified 210 20.1
Gender Male 511 48.9
Female 533 51.1

Educational Level Basic School 230 22
JHS/Middle School 104 10
None 425 40.7
Senior High Sch 164 15.7

Technical/Vocational 26 2.5

Tertiary 95 9.1
Insurance Status Insured 702 67.2
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Not Insured | 342 32.8

Table 1: Descriptive Characteristics of the Study Participants.

Figure 1 presents a comparative analysis of the distribution of heart-related diagnoses across male and female patients, expressed as
percentages. It illustrates that Hypertensive Heart Disease (I11.9) is the most prevalent condition in both genders, accounting for 57.4%
of diagnoses among females and 54.6% among males, indicating a slightly higher burden among women. Heart Failure (150.9), Acyanotic
Congenital Heart Disease (Q24.9) and Disease Rheumatic Heart (109.9) show slightly higher percentages among males compared to
females. This result indicated in figure 1 suggests hypertensive and heart failure conditions dominate the diagnostic landscape for both
genders and subtle gender differences in the prevalence of less common heart conditions. This pattern or realization underscores the need
for gender-sensitive approaches in cardiovascular disease prevention and management.

Figure 1: Gender-based Distribution of Heart Disease Diagnoses.

The violin plot in figure 2 presents the distribution of patient age across various heart-related diagnoses, integrating density curves with
embedded boxplots to convey both the spread and central tendency of age within each diagnostic group. It shows that age distribution
varies considerably by condition and underscores age as a significant factor differentiating the burden and nature of cardiovascular
conditions, offering visual insight into age-related trends in disease presentation. For instance, Q24.9 — Acyanotic Congenital Heart
Disease is strongly associated with younger patients, whereas 111.9 — Hypertensive Heart Disease and 150.9 — Heart Failure affect older
individuals. Furthermore, 138 — Valvular Heart Disease is seen to affect those in the middle age.

4 Volume: 09; Issue: 04

J Community Med Public Health, an open access journal
ISSN: 2577-2228



Citation: Mensah AC, Asante LS, Darkoh E (2025) Predictors of In-Hospital Length of Stay among Cardiac Patients: A Machine Learn-
ing Approach. J] Community Med Public Health 9: 535. DOI: https://doi.org/10.29011/2577-2228.100535

Figure 2: Age Distribution Patterns across Heart Disease Diagnoses.

From figure 3, heart-related patient had a mean age of approximately 54.53 years (S.D.+21.67), indicating a moderate spread around
the mean age. The age distribution exhibited a slight negative skewness = -0.79, suggesting that while most patients were middle-aged
to older adults, there were some younger patients who pulled the distribution slightly to the left. Length of hospital stay demonstrated a
mean of 5.54 days (S.D.+ 8.92), reflecting a wide variation in stay duration among patients. The skewness was 5.38, indicating a highly
positively skewed distribution. This suggests that while the majority of patients had short hospital stays, a small number experienced
much longer stays, significantly stretching the distribution to the right.

Figure 3: Distribution of Patient’s Hospital Length Stay and Age.
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A heat-map visualization in figure 4 demonstrates the average length of stay (LoS) in hospital by different educational attainment level
and different cardiac diagnoses combinations. Gradient of color indicates an average LoS, whereas the color shades of deeper red
indicate considerable periods of hospitalization duration. The analysis shows high LoS heterogeneity across stratification in education,
patients with tertiary education had the highest mean LoS of 13.5days among I51.9 - Heart disease (unspecified). Conversely, individuals
with less formal education (those with no schooling and basic education) consistently exhibited shorter hospitalization periods across
the majority of cardiac diagnoses examined. These disparities may reflect variations in health literacy levels, care-seeking behaviors,
treatment adherence, or differential access to comprehensive cardiac management protocols. This pattern deserves consideration of
underlying mechanisms that may influence care utilization and clinical outcomes, and may inform targeted interventions to optimize
care delivery across diverse educational populations.

Figure 4: Mean Length of Stay by Educational Level and Diagnosis.

The results from figure 5 indicates that formal workers exhibited the longest mean stays across several diagnostic categories, peaking
at 12.5 days for patients diagnosed with 151.9 - Heart disease (unspecified). Retirees also experienced prolonged hospitalizations,
especially in 109.9 rheumatic heart and 151.9 - Heart disease (unspecified), with stays of 8.5 and 7.1 days respectively, likely reflecting
age-related vulnerabilities. In contrast, unemployed and Pupil/Child groups tend to have shorter average stays, with minimum duration
as low as 1 day for Q24.9 — Acyanotic Congenital Heart Disease among the Unemployed. The relatively brief stays in these groups may
reflect either milder disease presentations or differences in healthcare access and admission thresholds. Overall, occupation is associated
with hospital length of stay among patients with heart-related diagnoses. These patterns highlight the need to consider socioeconomic
and demographic factors when planning healthcare resource allocation and discharge planning.
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Figure 5: Mean Length of Stay by Occupation and Diagnosis.

The regression decision tree model identifies key factors associated with the length of hospital stay (LoS) among patients admitted
with heart-related conditions. The most significant predictor at the root of the tree was occupation, which separated patients into two
groups: informal workers (including pupils, children, retired individuals, students, unemployed, and unspecified occupations) and formal
workers (Figure 6).
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Figure 6: Regression Tree for Heart-Related Patient Hospital Length of Stay.

Among informal workers, educational level further differentiated LoS outcomes. Patients with at least senior high school education had
a mean LoS of approximately 4.6 days, whiles those with basic or no formal education had longer mean LoS of 5.4 days. Within this
group, retired individuals were particularly notable; retired patients with no formal education had an average LoS of 6.6 days, while
those with junior high/middle school education experienced the longest hospitalizations, averaging 13 days.
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Although gender and insurance status were included during model
development, they did not emerge as significant splitting variables
in the final tree structure, suggesting they were not primary
determinants of hospital LoS in this cohort.

The results in table 2 reveals interesting differences in performance
across the various metrics, where for all the measures, Decision
Tree model always performs better than the Linear Regression
and the Random Forest models. Notable amongst them is the
Decision Tree model best explained the variance of Length of
Stay (R? = 37.97%), by far outweighing the explanatory capacity
of both the Random Forest (R? = 16.55%) and Linear Regression
(R* = 3.81%). Combined these results indicate that the Decision
Tree can not only most accurately predict the outcome but it also
characterizes the underlying variability in Length of Stay better
than the other models.

Model MAE MSE RMSE R-squared
Linear 4719968 | 72.63925 | 8.522866 | 0.038109
Regression
Decision Tree | 4.446082 | 56.47933 | 7.515273 | 0.379699
Random 4.628285 | 65.99046 | 8.123451 | 0.165495
Forest

Table 2: Comparison of Model Performance.

In this study, segmented analysis was conducted across the three
variables found to be most significant in predicting Length of
Stay (LoS) among heart-related admissions: Age, Occupation,
and Educational Level. By analyzing these variables individually
and in combination, it helps to reveal important patterns in patient
hospitalization duration. Focusing on RMSE, which quantifies the
average magnitude of prediction errors, the lower RMSE suggests
that the factors influencing Length of Stay for individuals in this
category are more consistent and better captured in the data-set,
allowing for more accurate predictions.

Educational Level Specific Segmented Model Performance
Using RMSE

From figure 7, those with basic level of education shows the lowest
RMSE, indicating better model performance for this education
level than the Tertiary group which exhibits the highest RMSE,
signalling the model’s poor performance in predicting Length of
Stay for individuals with tertiary education.

Figure 7: Root Mean Square Distribution of Education Specific
Segmented Model Performance.

Age Specific Segmented Model Performance Using RMSE

The RMSE values across different age groups show notable
variations in the model performance in figure 8. The least (4.38)
and the highest (10.58) RMSE in the age category was in the 70+
and the 30-49 age groups respectively. Thus, the model provides
the most accurate predictions for individuals in above 70 age group
as against the 30-49 age group.

Figure 8: Root Mean Square Distribution of Age Specific
Segmented Model Performance.

Occupation Specific Segmented Model Performance Using
RMSE

Figure 9 presents the Root Mean Square Error (RMSE) values
of predictions stratified by occupation categories. Among all
occupational groups, the prediction error is highest for formal
workers, with an RMSE of 20.71, significantly higher than any
other category. Overall, figure 9 highlights the importance of
occupation as a stratifying factor in model accuracy and suggests
that more attention may be needed in modeling for formal workers.
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Figure 9: Root Mean Square Distribution of Occupation Specific
Segmented Model Performance.

Discussion

This study focused on patients diagnosed of heart related diseases
and have been hospitalized. Despite the increase in CVDs and a
growing burden on the health care systems, very few studies have
attempted to identify the factors associated with longer lengths of
hospital stay, across all ages, occupation and educational level.
This discussion is based on studies aimed at factors influencing
LoS whether for a specific disease or admission department.

The descriptive results revealed a mean age of approximately
54.53 years and the overall mean duration of hospital Length
of stay was 5.54 days. Hypertensive Heart Disease is the most
prevalent condition in both genders, accounting for 57.4% and
54.6% of diagnoses among females and males, followed by Heart
failure with 32.7% of male and 29.8% of female patients affected.
However, gender did not emerge as significant splitting variable
in the final tree structure, suggesting they were not primary
determinants of hospital LoS in this cohort. This result is consistent
[23], but inconsistent with [14,19,21]. The results found that, age
as a significant factor [22,23] and a differentiator in the burden
and nature of cardiovascular conditions. For instance, Acyanotic
Congenital Heart Disease is strongly associated with younger
patients, in contrast, hypertensive Heart Disease and Heart Failure
affect older individuals.

LoS is heterogeneous across education level, with highest mean
LoS of 13.5days among patients with tertiary qualification and
diagnosed of Heart disease.

The application of decision tree model to the data set found age,
occupation and educational level as significant factors that are
related to the length of stay in the health facilities in the Greater
Accra Region. The analysis on interaction effects employed
machine learning algorithms among age, education and occupation
showed that among informal workers, patients with at least senior

high school education had a mean LoS (4.5) less than those with
basic or no formal education (5.4) days. Retired patients with no
formal education had an average LoS less than those with junior
high/middle school education. Patients aged less than 33years and
in formal employment exhibited mean LOS of 3.5 days as against
4.6 days for patients aged 33 years and above and also in formal
employment. This means LoS increases with advancement in age,
[19,21-23,28].

Among the 3 models, Decision Tree model always performs better
than the Linear Regression model and the Random Forest model.
The Decision Tree had smallest Mean Absolute Error, the lowest
Mean Squared Error and the best Root Mean Squared Error. In
addition, the Decision Tree model best explained the highest
variance of Length of Stay (R? = 37.97%), signifying that the
Decision Tree can not only most accurately predict the outcome
but it also characterizes the underlying variability in Length of
Stay better than the other models. Linear Regression performed
the worst with the highest RMSE and the lowest R?, depicting a
very insufficient fit of the data and that the fundamental patterns
are not well transferred into the linear assumptions.

Conclusion

Demographic factors such as age, occupation and level of education
were important factors that needed to be considered to reduce the
length of stay of patients diagnosed of heart related diseases. It
is possible to formulate a machine learning model to predict the
anticipated length of stay in the hospital for each patient. Among
the three models evaluated, the Decision Tree model demonstrated
superior performance and is therefore recommended for predicting
the target variable. Its relatively higher explanatory power and
lower prediction errors make it the most suitable model for this
analysis. Further model optimization and cross-validation may
enhance predictive accuracy. This can be used in clinical bed
management and resources allocation.

In terms of policy, prioritize early discharge planning and follow-
up care for patients with predictors of longer LoS (e.g., elderly,
highly educated and formal employment). Introduce age- and
education-sensitive interventions, such as counseling, social
support, youth-friendly health services etc. there is also the need to
leverage the regression tree model for hospital resource planning
and patient risk stratification.
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