
Alnajjar et al. BMC Surgery          (2025) 25:218  
https://doi.org/10.1186/s12893-025-02959-w

RESEARCH Open Access

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if 
you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or 
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To 
view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

BMC Surgery

Assessing artificial intelligence ability 
in predicting hospitalization duration for pleural 
empyema patients managed with uniportal 
video‑assisted thoracoscopic surgery: 
a retrospective observational study
Issa Alnajjar1, Baraa Alshakarnah2, Tasneem AbuShaikha1, Tareq Jarrar1*, Abed Al‑Raheem Ozrail1 and 
Yousef Abu Asbeh2* 

Abstract 

Background  This retrospective observational research evaluates the potential applicability of artificial intelligence 
models to predict the length of hospital stay for patients with pleural empyema who underwent uniportal video-
assisted thoracoscopic surgery.

Methods  Data from 56 patients were analyzed using two artificial intelligence models. A Random Forest Regres-
sor, the initial model, was trained using clinical data unique to each patient. Weighted factors from evidence-based 
research were incorporated into the second model, which was created using a prediction approach informed 
by the literature.

Results  The two models tested showed poor prediction accuracy. The first one had a mean absolute error of 4.56 
days and a negative R2 value. The literature-informed model performed similarly, with a mean absolute error of 4.53 
days and an R2 below zero.

Conclusions  While artificial intelligence holds promise in supporting clinical decision-making, this study demon-
strates the challenges of predicting length of stay in pleural empyema patients due to significant clinical variability 
and the current limitations of AI-based models. Future research should focus on integrating larger, multi-center data-
sets and more advanced machine learning approaches to enhance predictive accuracy.

Keywords  Artificial Intelligence, Machine Learning, Length of Stay, Pleural Empyema, Uniportal Video-Assisted 
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Background
Lower respiratory tract infections, including pneumonia, 
pose significant concerns as they rank among the leading 
causes of mortality and can lead to serious postopera-
tive complications [1]. Parapneumonic effusion, caused 
by bacteria, viruses, fungi, mycoplasmas, or tuberculosis, 
affects 2–12% of children with pneumonia, increasing to 
28% for hospitalized children [2, 3]. Such effusions, which 
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are usually sterile at the onset, can progress to empyema 
as a result of bacterial invasion and fibrin deposition 
[4]. Pleural empyema is a rare disease, affecting 5–10% 
of parapneumonic effusion cases. It progresses through 
simple, complicated, and empyema, with advanced treat-
ments aimed at mitigating conditions like trap lung. 
Recent treatments include ultrasound-assisted drainage, 
antibiotics, and fibrinolytic agents [5].

Video-assisted thoracoscopic surgery (VATS) effec-
tively treats various thoracic pathologies with minimal 
invasiveness and operative trauma, but contraindications 
include severe adhesions, large tumors, or single lung 
ventilation inability [6]. In patients with primary empy-
ema, VATS has been shown to be more effective than 
open decortication, with less postoperative pain, fewer 
complications, and shorter hospital stays, all while 
achieving comparable resolution rates [7]. The guidelines 
put forth by the European Association for Cardio-Tho-
racic Surgery suggest the use of VATS in the manage-
ment of stage II-III empyema, except for those stage III 
who presented with symptoms for more than 5 weeks 
[7, 8]. A study comparing VATS and thoracotomy for 
chronic stage III empyema found comparable mortality, 
recurrence, and complication rates, with VATS offer-
ing shorter postoperative stay [9]. Recent meta-analyses 
support VATS as the preferred surgical method due to its 
lower morbidity, fewer septic complications, and shorter 
operative time compared to open surgery [10].

The length of hospital stay (LOS) is crucial for assessing 
hospital performance and patient recovery. Prolonged 
LOS can lead to negative outcomes like increased health-
care costs, increased risk of infections, and bed shortages. 
Predicting LOS after pulmonary surgery is challenging 
due to patient responses, complications, surgical tech-
niques, and postoperative recovery rates. Surgeon-spe-
cific practices also complicate LOS prediction. Research 
aims to improve perioperative care and optimize hospital 
capacity by examining LOS determinants [11]. There are 
various patient-related factors that influence LOS. Old 
age is a significant factor linked to increased LOS due to 
compromised physiological reserves and increased risk 
of complications [11–16]. Gender is another variable that 
has been found to affect the LOS, but the studies on the 
subject are inconclusive [11, 16]. The nutritional state is 
crucial as preoperative malnourishment, like low albu-
min levels, can hinder recovery [11]. Pulmonary function 
tests like forced expiratory volume 1 and diffusion capac-
ity predict LOS, with lower values indicating longer stays 
[12, 14–16]. Smoking status does not significantly impact 
LOS, but active smoking hinders healing and recovery, 
thereby prolonging LOS [13]. Multiple comorbidities lead 
to a more complicated postoperative course that impacts 

LOS significantly [12, 17, 18]. Moreover, the choice of 
surgical technique significantly impacts LOS, with mini-
mally invasive approaches like VATS reducing LOS due 
to less surgical injury and quicker recovery [16, 17]. 
Nevertheless, the development of postoperative compli-
cations, especially prolonged air leaks and infections, is 
still the most important reason for a longer LOS [12, 17, 
18]. The complexity and duration of surgical procedures 
significantly influence patient stays in the hospital [14, 
16]. Poor pain relief may not only impair healing rates 
but also increase the risk of complications and finally 
result in an increased LOS [12, 13]. In addition, several 
postoperative parameters have been shown to impact 
LOS. For example, the duration of chest tube insertion, 
in particular, is important with regard to the LOS [13, 
17]. Blood loss in operative management also influences 
recovery; drastic loss of blood results in increased recov-
ery times [13, 16]. Postoperative practices like remov-
ing the endotracheal tube, initiating physiotherapy, and 
enduring short periods of starvation reduced the dura-
tion of in-hospital treatment [13, 17]. On the other hand, 
an extended period of monitoring in the Post-Anesthesia 
Care Unit (PACU) postoperatively refers to a more com-
plicated recovery, which often leads to a longer LOS in 
the hospital [13].

Artificial intelligence (AI) is revolutionizing health-
care by improving prediction, diagnosis, and manage-
ment through advanced machine learning and big data 
analysis. AI models, like random forests and gradient-
boosting decision trees, accurately predict diabetes 
occurrence and identify individuals for early interven-
tion [19]. AI systems and motion sensors enable cost-
effective, simple, and non-invasive dementia detection 
in large dormitory-based mobile screening, crucial for 
handling sensitive information [20]. For hip fractures, 
AI-assisted diagnostic tools are sensitive and specific, 
but their postoperative outcome prediction parameters 
are similar to conventional methods, aiding in risk man-
agement and health resource allocation [21]. According 
to ventilator-associated pneumonia, AI models increase 
predictive power due to better integration of clinical, 
demographic, and laboratory information and thus 
prompt patients to take measures earlier than expected 
[22]. As a result, Artificial intelligence enhances predic-
tion quality, operational efficiency, reduces diagnosis 
time, and allows for personalized patient care in medi-
cal, surgical, and radiological practices.

This study aims to explore the potential of AI models 
in predicting post-operative LOS for pleural empyema, 
using patient data and literature-based instructions. 
The aim is to improve perioperative patient care, 
healthcare resource allocation, and ultimately enhance 
thoracic surgery patient outcomes.
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Methodology
Study design and population
The retrospective observational design was employed 
to evaluate the ability of AI and Machine Learning (ML) 
models to predict hospital stay duration in patients 
diagnosed with thoracic empyema of benign etiologies 
who underwent uniportal VATS through two experi-
ments on different mathematical models. This study 
was conducted in Al-Ahli Hospital in Hebron-Palestine 
on a total of 56 participants who were selected through 
convenience sampling based on the following inclusion 
criteria: Patients who underwent VATS for empyema 
management, operated on by the same surgeon, and 
their complete preoperative clinical, laboratory, and 
imaging data are available in the hospital archive. On 
the other hand, patients who were discharged against 
medical advice, transferred to other centers to complete 
management, had malignant empyema, died in the hos-
pital, and patients who stayed postoperatively longer 
than 30 days or less than 3 days were all excluded.

Data source and variables
This study utilized data collected from the hospi-
tal’s special software system. The variables included 
age, sex, smoking status, presence of fever, recur-
rence of empyema, past medical history, past surgi-
cal history, result of pleural culture, computerized 
tomography stage according to the American Thoracic 
Society stages of empyema which includes the exuda-
tive, fibrinopurulent, and organizing phases [23], white 
blood cells, hemoglobin, platelets, C-reactive protein, 
serum sodium, serum chloride, serum creatinine, blood 
urea nitrogen, and post-operative LOS. The following 
independent variables were presented as numeric val-
ues according to a grading system as follows: smoking 
status (unknown, non-smoker, smoker), presence of 
fever (fever presented upon admission, the patient had 
no fever upon admission), recurrence of empyema (the 
patient had at least one previous episode of empyema, 
the patient didn’t have previous episodes of empyema), 
past medical history (free, the patient had a localized/
limited disease, the patient has at least one non-respir-
atory systemic disease, the patient has a positive past 
medical history that includes at least a respiratory dis-
ease), past surgical history (free, the patient underwent 
a non-chest surgery, the patient underwent a previ-
ous chest surgery), the result of pleural culture (null, 
negative, positive), CT stage (Stage 1: no loculations 
appeared on CT but may show minimal pleural thick-
ening on imaging, Stage 2: Septations visible on CT 
with possible enhancement of pleural layers in Contrast 
CT and may show pleural thickness or consolidation 

in adjacent lung tissue, Stage 3: thickened pleura with 
thick wall cavities and calcifications or fibrosis in 
chronic cases.

Study sample
Fifty-six patients’ data were collected. The follow-
ing variables were available for all patients: age, gender, 
past medical history, past surgical history, fever pres-
ence, recurrence of empyema, laboratory tests, and CT 
grades. Patients were stratified by CT grades as follows: 
13 patients in Stage 1, 23 patients in Stage 2, and 20 
patients in Stage 3. However, the following variables were 
missed for some patients: smoking status (unknown for 
13 patients) and pleural culture result (unknown for 18 
patients). In addition, one patient was deleted from the 
data collection in experiment #2 after considering it an 
outlier.

Written Commands for Experiment #1
Cleaning, arranging, and grading -for some variables- 
were performed on the collected data, the patients’ data 
was then collected in an Excel file. We created our own 
GPT model named “Predictor” using the indirect pro-
gramming model by providing the following instruc-
tions: Two groups of patients will be provided to the 
model. The first group, the “training group,” will consist 
of 28 patients with all data provided, including the date 
of VATS performing and the discharge date. This group 
aims to enable our model to do its data analysis to dis-
cover the significant relationships between the variables 
and the post-operative LOS, and then use them in build-
ing its algorithmic equations that will be employed in 
predicting postoperative LOS for a second group. In the 
second group, the “test group” (which contains another 
28 patients), data will be provided to the model without 
the discharge date.

Written Commands for Experiment #2
Data was prepared, cleaned, graded, and arranged in an 
Excel file. We assessed the significance of each element in 
predicting hospital stay duration based on prior research 
and extant literature to furnish this information to Chat-
GPT [24–26]. We provided ChatGPT o1 with the follow-
ing command (in short): “Use the patients’data, including 
lab values, imaging, and demographic variables. Analyze 
the data based on numeric encoding for the categorical 
variables. Use variable significance percentages when 
predicting post-operative LOS: CT Grade (20%), Pleu-
ral Culture Result (15%), Recurrent Empyema (12%), 
CRP Levels (10%), Fever Presence (8%), WBC Count 
(8%), Smoking (7%), Platelets (6%), Past Medical History 
(6%), Hemoglobin (5%), Sex (3%). Consider the following 
averages for hospital stay [26, 27]: Mean post-operative 
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LOS (all patients): 9.00 ± 5.59 days, adults (<70 years): 
6.44 ± 2.35 days, elderly (≥70 years): 12.29 ± 9.70 days. 
Avoid extreme or unrealistic predictions. Ignore miss-
ing or unavailable data. Be proficient in handling Excel 
(.xlsx) files for data analysis”. Following that, we com-
manded ChatGPT o1 to create a predictive algorithm 
model based on the above criteria. Afterward, we copied 
the model algorithm and equations and provided them to 
ChatGPT 4o in addition to the data Excel file, and com-
manded him to apply the model equations in predicting 
the post-operative LOS for each patient alone. Figure  1 
shows the score of each variable in affecting the length of 
hospital stay.

Statistical analysis
The accuracy of ChatGPT in predicting the post-oper-
ative LOS for our patients depends on the following 
metrics:

1.	 Mean Absolute Error (MAE): explains the average 
absolute difference between the predicted and actual 
post-operative LOS.

2.	 Root Mean Square Error (RMSE): The square root 
of the average squared errors, indicating larger 
deviations.

3.	 Mean Absolute Percentage Error (MAPE): The aver-
age percentage error compared to actual post-opera-
tive LOS.

4.	 R-squared (R2) and Explained Variance Score (EVS): 
To assess the proportion of variance the model 
explains and its overall explanatory power.

5.	 Median Absolute Error (MedAE): To evaluate the 
typical extent of errors, less influenced by outliers.

6.	 Accuracy Percentage (AP): To give a comprehensive 
idea about the model’s predicting abilities.

Mathematical Formulation for Experiment #1
ChatGPT 4o developed a Random Forest Regressor 
model and trained it (according to the 28 patients of 
the training group) to predict the post-operative LOS 
for empyema thoracic patients undergoing uniportal 
VATS surgery. The model begins its work by collecting 
relevant information about each patient. These features 
form a set of input variables called X. For each patient, 
the model uses this data to predict post-operative LOS. 
The first mathematical process occurs when the model 
creates decision trees. Each tree acts as a set of if-then 
rules. For example, a tree might split patients based on 
whether their white blood cell count exceeds a certain 

Fig. 1  Feature Importance in Tax Model. This bar chart illustrates the relative importance of various features used in the Tax model to predict 
postoperative length of stay (LOS) for pleural empyema patients."Sex"has the highest influence, followed by"Creatinine,""Chloride,"and other clinical 
and demographic factors. These importance scores were calculated using the reduction in prediction error attributable to each feature, highlighting 
the most impactful variables in the model’s decision-making process
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threshold or if creatinine is too high. Each split deci-
sion follows a condition like:

If: White Blood Cells > 10,000 and Creatinine > 1.2
Then: Predict longer hospitalization (e.g., 12 days).
Else: Predict shorter hospitalization (e.g., 5 days).

These rules are created by analyzing the training data 
and learning how features relate to the actual LOS. 
Each tree makes its prediction independently.

After making predictions, the model evaluates how 
accurate these predictions are using the Mean Squared 
Error (MSE) equation:

Where:

•	 m : is the number of patients (samples) processed by 
the tree.

•	 yi : is the actual post-operative LOS for patient i.
•	 ŷi : is the predicted value made by the decision tree.

The model calculates this error to improve future 
predictions. Lower MSE means the tree is making bet-
ter predictions.

Once all trees in the Random Forest have made their 
predictions, the"Tax"model combines them by averag-
ing the outputs using this equation:

Where:

•	 y  : is the final predicted post-operative LOS.
•	 N  : is the number of decision trees.
•	 fi(X) : is the prediction from tree i based on the 

input data X

This averaging reduces individual errors from each 
tree, creating a more accurate and stable prediction.

After making the final prediction, the"Tax"model ana-
lyzes how much each feature contributed to reducing 
prediction errors. This is calculated using the Feature 
Importance Equation:

Where:

MSE =
1

m

M∑

i=1

(yi − ŷi)
2

ŷ =
1

N

N∑

i=1

fi(X)

Ik =

T∑

t=1

�MSEt

•	 Ik : is the importance score for feature k.
•	 T  : is the total number of splits where feature k was 

used.
•	 �MSE : is the reduction in MSE after using feature k 

at split t

The features that reduce prediction errors the 
most are considered more important. For example, 
if "Creatinine"frequently helps the model make better 
predictions, its importance score increases. The follow-
ing is a detailed chart showing each variable’s weight 
(importance score).

Mathematical formulation for experiment #2
The core formula for the predicted LOS is:

Baseline LOS is 6.44 days if the patient is <70 years old 
and 12.29 days if ≥70 years old.

The weight is the fractional weight of the item variable, 
and the score is the score assigned to the item variable 
based on the patient’s clinical values; both are defined in 
Table 1.

This table lists the features used in the model with 
their assigned weights and scoring criteria. Each feature, 
such as"CT Grade"or"Pleural Culture,"has specific score 
ranges based on patient data, contributing to the overall 
LOS prediction

Ethical considerations
This study procedure was approved by the research ethics 
committee at Al-Quds University (Ref#:484/REC/2025), 
in (Jan 22, 2025). The necessity for individual informed 
consent was waived due to the study’s retrospective 
nature. All patient data were anonymized and securely 
stored in accordance with institutional data protection 
requirements.

Results
Results for experiment #1
Talking about the performance of the model in predict-
ing post-operative LOS for patients with pleural empy-
ema undergoing uniportal VATS, several findings were 
observed:

As seen in Fig.  2, this box plot compares the actual 
and predicted postoperative LOS for patients. The actual 
LOS shows a wider distribution, with some patients stay-
ing significantly longer. On the other hand, the predicted 
LOS is more clustered, showing the model’s tendency to 
provide consistent but less varied predictions. While the 
model predicts the median LOS well, it has a narrower 
range of predictions.

PredictedLOS = BaselineLOS × [1+�(weighti × Scorei)]
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Figure  3 shows how individual decision trees in the 
model predict the post-operative LOS for a single 
patient. Most predictions are located between 7 and 
10 days, reflecting strong agreement among the trees, 
while a few outliers predict significantly shorter or 
longer stays (e.g., 5 or 20 days). The dashed line rep-
resents the model’s final prediction, calculated as the 
average of all tree predictions.

The model showed suboptimal performance across 
multiple statistical metrics. The average prediction 
error (Mean Absolute Error, MAE) was 4.56 days, 
showing that, on average, the predicted LOS differed 
from the actual LOS by over four days. The Root Mean 
Square Error (RMSE) was 6.16 days, emphasizing the 

effects of large errors on the model’s performance. 
The Mean Absolute Percentage Error (MAPE) showed 
that the predictions deviated from the actual LOS by 
more than half of the true value on average. This refers 
to a  prediction accuracy of only 46.21%. The Median 
Absolute Error (MedAE) demonstrated that typical 
prediction errors were between 3 and 4 days, excluding 
outliers. Additionally, the R-squared (R2) showed that 
the model performed worse than a simple mean-based 
prediction. The Explained Variance Score (EVS) was 
also negative indicating that the model failed to capture 
any meaningful variance in the target variable. All sta-
tistical metrics for experiment #1are listed in Table 2.

Results for experiment #2
Upon reviewing the model’s efficacy in predicting post-
operative LOS for patients with pleural empyema under-
going uniportal VATS, we came up with the following 
results:

The box plot in Fig. 4 shows how actual and predicted 
the LOS values differ. Each box covers the middle half of 
the data, with a line marking the median. The “whiskers” 
stretch out to points within one and a half times the box 
range, and anything beyond that counts as an outlier. The 
predicted LOS values are more tightly clustered, suggest-
ing the model’s results are less scattered. While both sets 
have outliers, the actual LOS values spread out more, 
hinting that real-world conditions produce a wider vari-
ety of outcomes than the model alone can reflect.

The following bar plot in Fig.  5 shows the abso-
lute errors—calculated as the difference between each 
patient’s predicted and actual LOS—with each bar cor-
responding to a single patient and its height representing 
the error magnitude in days. While many patients show 
relatively moderate gaps, a few stand out as outliers with 
notably greater errors. The uneven spread of these errors 
suggests that the model’s accuracy is inconsistent across 
different people.

We discovered the model showed poor performance 
across multiple statistical metrics as seen in Table 3. On 
average, the model’s predictions didn’t get the actual 
LOS by more than four days. The RMSE reached 6.02 
days. The MAPE indicates that the forecasts deviated by 
around fifty percent of the actual LOS value. Convert-
ing this error into an approximate accuracy measure 
suggests that the model’s predictions were only about 
49.47% accurate. Additionally, the median absolute error 
(MedAE) indicated that errors ranged from 3 to 4 days 
without the inclusion of outliers.

Both R-squared (R2) and explained variance were 
negative, indicating that the model performed below 
the baseline method that assumes each patient’s LOS 
equals the average. The model was unable to identify 

Table 1  Variable Weights and Scoring System

Variable Weight_i Category/Range Score

CT Grade 0.20 Stage 1 0.3

Stage 2 0.6

Stage 3 1.0

Pleural Culture 0.15 Unknown 0.5

No Growth 0.0

Positive 1.0

Recurrent Empyema 0.12 No 0.0

Yes 1.0

CRP (mg/L) 0.10 <50 0.3

50–100 0.6

>100 1.0

Fever 0.08 No 0.0

Yes 1.0

WBC (x10^9/L) 0.08 ≤11 0.3

>11–20 0.6

>20 1.0

Smoking 0.07 Unknown 0.5

Nonsmoker 0.0

Smoker 1.0

Platelets (x10^9/L) 0.06 ≤150 0.3

150–400 0.0

>400–800 0.6

>800 1.0

Past Medical History 0.06 Free 0.0

Local Non-Resp. Disease 0.3

Systemic Non-Resp. Disease 0.6

Chronic Respiratory 1.0

Hemoglobin (g/dL) 0.05 <10 1.0

10–<12 0.6

12–<14 0.3

≥14 0.0

Sex 0.03 Male 0.3

Female 0.0
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any significant correlations between the inputs’weights 
(as instructed from the literature) and the LOS. 
Despite the median absolute accuracy being relatively 
improved, the overall accuracy metrics were adversely 
affected by substantial outliers.

This table shows the performance results for the lit-
erature-informed model. Metrics such as MAE, RMSE, 
and R-squared are included, demonstrating the model’s 
prediction accuracy and comparison to Experiment #1

Fig. 2  Box Plot of Actual vs. Predicted LOS. This box plot compares the distribution of actual postoperative LOS values with those predicted 
by the model. The actual LOS demonstrates greater variability, with some extreme values, whereas the predicted LOS is more tightly clustered 
around the median. The narrower range of predictions reflects the model’s limitations in capturing the full spectrum of clinical variability

Fig. 3  Tree Predictions Distribution for Sample 1. This histogram visualizes the distribution of LOS predictions made by individual decision trees 
in the Tax model for a single patient. The majority of predictions fall within a narrow range of 7 to 10 days, while a few trees predict significantly 
shorter or longer stays. The red dashed line indicates the average prediction, representing the model’s final output
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Discussion
Discussion for experiment #1
The Random Forest Regressor model displayed signifi-
cant error rates, expressed by a large Mean Absolute 
Error (MAE) of 4.56 days and a considerable RMSE of 
6.16 days. These findings indicate that the model’s pre-
dictions fail to correspond with actual clinical outcomes. 
Similar difficulties in achieving accurate postoperative 
LOS predictions using ML have been highlighted, under-
scoring the difficulty of this issue [28].

Both R2 and Explained Variance Score (EVS) were 
negative, demonstrating that the model could not exceed 
basic baseline predictions. This result shows the absence 
of important relationships identified by the model. Other 
research has also found difficulty in finding relevant 

patterns from patient data to predict LOS, pointing out 
that complex clinical variables limit the prediction effec-
tiveness of basic ML models [29].

The predictions were narrower than the actual LOS val-
ues, suggesting insufficient responsiveness to the variabil-
ity associated with patient scenarios. Comparable studies 
illustrate that patient heterogeneity, including comorbidi-
ties and varying postoperative courses, impairs reliable 
LOS prediction [30]. This limited variance in model out-
put fails to correspond to the actual world variability.

The model identified a focus on certain features but 
could not translate these weights into better accuracy. 
Other experiments have demonstrated that basic feature 
weighting without solid clinical understanding rarely 
improves surgical LOS prediction [31]. This highlights 
the necessity of better clinical variable selection and 
enhanced modeling methodologies.

Discussion for experiment #2
Despite using literature-based instructions and weighted 
variables, the model could not reach adequate predict-
ing accuracy, with an MAE over 4 days and an RMSE 
over 6 days. According to Rajkomar et  al, adding writ-
ten instructions from the literature does not enhance the 
model if the underlying data complexity is not addressed 
[31].

Assigning specified significance percentages to each 
feature did not improve performance measurements, 
including negative R2 and EVS. Studies have demon-
strated that static, literature-driven weight allocations 

Table 2  Statistical metrics for experiment #1

This table summarizes the performance of the Random Forest model in 
predicting LOS. Metrics include Mean Absolute Error (MAE), Root Mean Square 
Error (RMSE), and R-squared (R2), indicating the model’s accuracy and limitations

Metric Value

MAE (days) 4.56

MRSE (days) 6.16

MAPE (%) 53.79%

RR −0.09

EVS −0.09

MedAE (days) 3.29

AP (%) 46.21%

Fig. 4  Box Plot: Predicted vs. Actual LOS. This box plot provides a detailed comparison of actual and predicted LOS distributions. The actual LOS 
data shows a broader spread, including several outliers, while the predicted LOS is more condensed. The median values differ slightly, highlighting 
the model’s tendency to underestimate extreme cases
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generally do not capture individual patient variability, 
making it difficult to raise LOS estimates [28].

The bar plot of absolute errors revealed differing lev-
els of accuracy among patients. Such inconsistent error 
patterns have been observed in previous LOS predic-
tion attempts, where unique patient characteristics are 
particularly difficult to forecast [30]. This discrepancy 
highlights the necessity for more precise, patient-spe-
cific modeling methods.

The model’s inability to capture the large distribution 
of actual LOS lowers its practical utility. Research on 
LOS prediction frequently points out that models must 
accurately capture the complete result range to inform 
decision-making and resource allocation [31]. Without 

this feature, the model’s usefulness in a clinical situa-
tion remains seriously limited. AI in thoracic surgery 
has the potential to improve significantly by integrat-
ing larger, diverse datasets and promoting collaboration 
across multiple centers. These steps can help improve 
predictions and make AI tools more reliable for clini-
cal use​. AI can help plan resources better by predicting 
longer hospital stays.

Regarding the study limitations, it is worth mention-
ing that the sample size was small and collected from a 
single hospital, which restricts the ability to apply the 
findings to other populations. Some variables, includ-
ing smoking status and pleural culture results, were 
missing, means that the data wasn’t fully complete. Var-
iables like albumin levels were only available for a few 
patients, which prevented the inclusion of additional 
variables in the study. Additionally, the extreme outli-
ers, who had a hospital stay extending to two months or 
less than one day, were excluded, further reducing the 
sample size.

A further limitation is the omission of critical AI-
related characteristics associated with high-risk patient 
identification and the prediction of postoperative compli-
cations. Clinical indicators, such as complication staging 
were excluded from the model and search parameters.
This may diminish the model’s efficacy in identifying 
early problems and constrains its practical clinical use.

Fig. 5  Absolute Errors by Patient. This bar chart represents the absolute error for each patient, calculated as the difference between actual 
and predicted LOS. While most errors are moderate, a few outliers exhibit significantly larger deviations, underscoring inconsistencies in the model’s 
accuracy across different cases

Table 3  Statistical Metrics for Experiment #2

Metric Value

MAE (days) 4.53

MRSE (days) 6.02

MAPE (%) 50.53

RR −0.10

EVS −0.10

MedAE (days) 3.50

AP (%) 49.47
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Conclusion
This study evaluates the potential applicability of AI 
and ML models in predicting the LOS for patients 
with pleural empyema treated with uniportal VATS. 
Both the Random Forest Regressor and the literature-
informed model demonstrated poor predictive accu-
racy, with Mean Absolute Errors exceeding four days 
and negative R-squared values. These results indicate 
that the current AI approaches and variable weighting 
strategies can be still inadequate for accurately pre-
dicting postoperative LOS in this patient group. Con-
sequently, our research questions and hypotheses were 
not supported, underscoring the complexity of LOS 
prediction in clinical settings. However, we believe this 
study shows a promising future for incorporating AI 
and ML in the field of medical-care disciplines. Future 
studies should employ larger collections acquired from 
more than one hospital, assure inclusive data collec-
tion, and apply advanced modeling approaches.
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