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Abstract

Introduction: Surgery and prolonged admission in intensive care units (ICU) can 
introduce complications such as sepsis, iatrogenic infections and other adverse 
events. Early recognition of serology laboratory markers by AI-assisted tools could 
identify high-risk patients to guide proactive decision-making. This study aimed 
to develop and evaluate no-code AI prediction models to estimate postoperative 
survival in ICU-admitted patients. 

Materials and Methods: Open-source, de-identified ICU data from The Zigong 
Fourth People’s Hospital, China, available on Physio.net2 were analysed using 
risk-ratios to identify a basket of high-risk serological markers. These markers 
were then used as features to develop self-learning decision-tree models to predict 
patient survival outcomes based on their serological data. 

Results: Multiple laboratory markers were associated with mortality outcomes. 
Our initial Decision-Tree model had a prediction accuracy of 56%, with similar 
results across Neural Networks (58.0%) and Random Forest models (57.9%). 
Performance across all models was consistent (~58.0%) against the Boston-
Symile-MIMIC-database. 

Conclusion: This assessment of AI learning models demonstrated only modest 
accuracy (56-58%) in clinical prediction, limiting its clinical applicability. This study, 
however, did not leverage larger cloud architectures like Amazon Web Services or 
Google Cloud which could allow significantly larger feature selection. Predictive 
performance could be improved in future studies by scaling to large-scale cloud 
computing resources so that feature sets are not limited by on-site infrastructure 
constraints. 
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Postoperative infection and delayed tissue healing continue 
to pose substantial challenges in postoperative care, 
contributing significantly to morbidity, prolonged intensive 
care unit (ICU) admission, and mortality.¹–4 Postoperative 
complications may progress to severe systemic 
manifestations-including systemic inflammatory response 
syndrome (SIRS), sepsis, and multiorgan dysfunction-that 
worsen patient outcomes and impose a considerable 
burden on health care systems.5–8 Early recognition of the 

physiological factors and laboratory markers that precede 
such severe complications is therefore critical to improving 
prognosis.6,9

Although various risk assessment frameworks are in use, 
their utility is often constrained by the requirement for 
expert clinical interpretation. In practice, the increasing 
volume and complexity of patient data place considerable 
cognitive demands on physicians, resulting in variability 
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in decision making and limiting the reliability of these 
traditional tools.¹0

Advances in artificial intelligence (AI) may offer 
unprecedented capacity to interrogate large-scale datasets 
and generate more accurate, dynamic, and personalized 
risk stratification models. With the rapid evolution of both 
AI methodologies and the availability of open-source data, 
the development of AI-assisted predictive tools could assist 
many physicians in the clinic. AI diagnostic tools may also 
fundamentally enhance decision making by enabling earlier 
identification of high-risk patients and guiding targeted, 
proactive management strategies.¹²

This study aimed to develop and assess a preoperative, AI-
assisted clinical prediction model to estimate postoperative 
survival in ICU-admitted surgical patients. Such a model 
could be a useful clinical tool to assess whether surgical 
intervention leads to a higher risk of death (poorer outcomes) 
or survival (better outcomes) in high-risk patients.

We hypothesized that an AI training model could accurately 
and definitively predict survival or death outcomes for a 
patient who underwent surgical intervention (based on the 
patient’s health records). Under the null hypothesis, our AI 
model’s predictive performance is no better than chance, 
indicating that the observed results are consistent with a 
random distribution.

Materials and Methods

Public hospital data were sourced from the open-source 
website Research Resource for Complex Physiologic Signals 
(physio.net).2-4 Amongst this data, we identified pathology 
serum lab tests as the richest source of data which could be 
positively linked with death and alive outcomes of patients. 
We initially examined risk ratios associated with death and 
survival in this subcohorts of patients in our first analysis 
which is displayed in Suppl. File 1. Next, we manually 
abbreviated this dataset and uploaded this as training 
data to build a decision-tree machine learning model in 
the platform ‘Orange Data Mining’.9,13 We then assessed 
this model’s performance against positively confirmed 
death and survival hospital outcomes (Suppl. File 2). Next, 
we compared this Tree model with two other AI-machine 
learning models, namely Neural Networks, and Random 
Forest and assessed the performance differences across the 
models (Suppl. File 3). Finally, using the same models we 
requested prediction outcomes using patient data, from a 
different hospital and geographic region, to assess whether 
the model’s results were generalisable to other geographic 
regions and demographics (Suppl. File 4).4,14,15   

The anonymised electronic healthcare records of ICU 
patients with the diagnosis of infection was analysed from 
the open-source research group physio.net. Physio.net is a 
collaborative working group comprising over 200 hospitals 
from 140 countries and 50,000 registered researchers. 
Within this collection was a critical care database comprising 
2,790 ICU patients with infection at Zigong Fourth People’s 

Hospital Sichuan, China from January 2019 to December 
2020. ICU patient data is frequently closely monitored 
with high-granularity data and thus is appropriate for our 
research question.

Importantly, the Zigong Hospital database comprises 
extensive blood pathology data linked to patient outcomes. 
Since our scope of research specifically wanted to look at 
a subcohort of these patients that underwent surgery. We 
further filtered this database by International Classification 
of Disease (ICD) codes. These ICD codes are linked to 
each patient record. In our case we filtered patients to 
only those with 5,383 surgical-associated codes of all 
35,686 ICD descriptions, this identified 2,124 unique 
patient ID numbers. Using Microsoft Excel, death and 
survival outcomes were then extracted for all these patient 
ID numbers. Laboratory tests for each of these patients 
with approximately ninety-five serological lab results (i.e. 
Creatine, Platelet, Urea) was classified into high, normal 
or low categories according to the pathology dataset’s 
laboratory’s healthy and pathological reference ranges. 
Frequency counts were then obtained for each group 
for each laboratory test (some patients had missing test 
values). The conversion of the quantitative lab values (i.e. 
90,91,92) into ordinal values (i.e. low, normal, high) was 
necessary and reflective of standard pathological practice. 
The reason being that small quantitative differences in a 
patient’s blood values (i.e. 90-100) may have significant 
clinical differences while (i.e. 80-90) may be normal. 
Therefore, serological data necessitated the differentiation 
into high, normal, low categorisation which would embed 
the homeostatic physiological normal ranges. From this 
reclassification we could compare four distinct sub-groups:  

1.	 Survived with surgical intervention and high laboratory 
test value, 2) Deceased with surgical intervention with 
high laboratory test value 3) Survived with surgical 
intervention with normal or low specific laboratory test 
value 4) Deceased with surgical patients with normal or 
low specific laboratory marker value. Risk ratios were 
subsequently calculated from the categorised dataset to 
assess the association between laboratory markers and 
patient outcomes, and the resulting Risk Ratios were 
sorted. Standard errors for each laboratory finding 
and their ninety-five percent confidence intervals were 
calculated with the following formula. In general, 
higher frequency of observations narrowed confidence 
intervals, and rarer events increased standard error.    
The specific risk ratio and formula for standard error 
and confidence interval are provided in Supplementary 
File 6. 

The Orange Data Mining (v3.40.0) application was utilized 
in this study to make a predictive model. A modified dataset 
with nine laboratory values for creatinine, potassium, urea, 
cholinesterase, eosinophil ratio, haematocrit, platelet, 
platelet haematocrit, and total protein, from a sample of 
1,202 patients in a CSV file was imported as training data. 
Due to the nature of our database involving ordinal data, 
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we chose the Decision Tree Model as the first prototype to 
work with. Due to several limitations, not all 95 laboratory 
values were uploaded as training data, and we were 
restricted to nine features. Local RAM resource limitations 
and the large training set meant we were constrained in 
the number of features we could use. From a re-iterative 
troubleshooting process, we established that the standard 
workstation could train on ~10 features before an Out-of-
Memory Error occurs in the application. We chose to limit 
the training to available local resources, and features found 
in 4.1, rather than establish a methodology that required 
more powerful servers but were unpracticable/unavailable 
in healthcare settings. 

Within the Orange interface, these nine laboratory values 
were selected as features, and the outcome of death 
or survival was selected as the target. We requested the 
platform to ignore values with missing information, or 
irrelevant columns (i.e., missing or not missing, INP_N01). 

We allocated ninety percent of patient data for training and 
allocated ten percent for prediction requests. The prediction 
request had outcome (death/alive) values manually 
removed for prediction requests, and we manually verified 
the accuracy of the prediction model after its predictions 
were provided. The snapshot of the workflow is shown 
below in Supplementary File 2. The widget ‘CSV File Import’ 
on the top left was used to upload our training data of 
1081 patient records in the form of a.CSV file. The widget 
‘CSV File Import (1)’ shown on the middle bottom was used 
to upload our prediction request of 120 patients (outcomes 
removed).

We then investigated whether prediction outcomes could 
be improved by using other machine learning models. Two 
other models, Random Forest and Neural Networks were 
suitable for analysing ordinal data and were trained in the 
same manner as above. The Random Forest model is an 
improvement on the Decision Tree architecture by using 
the average of hundreds of different trees to reduce error, 
while the Neural Network model uses multiple layers of 
mathematical weights to find deep, non-linear patterns. A 
similar workflow to the above process was used; however, 
the ‘data sampling’ widget was utilised to select the split 
between ninety percent training and ten percent prediction 
and the ‘test and score’ widget which provided an automatic 
way to compare confusion matrices, F1, Precision and 
Recall values.

We then assess the model’s performance against a 
separate demographic to ensure that there is not overfitting 
for patients in Zigong, China. To do this, we searched for 
a dataset that had similar ICU data and blood serology 
data and assessed the model’s prediction performance. 
The hospital database from Beth Israel Deaconess Medical 
Center, Symile-MIMIC from Physio.net was chosen, as it 
featured lab data comprising fifty blood laboratory values 
recorded within twenty-four hours of admission. Despite this 
abundance of lab values, only six columns of the original 
nine training features (from the above methods) were 

matching; nevertheless, we assessed whether our models 
could predict patient outcomes with these six lab features. 
Training data was modified to delete columns that were 
not present in our prediction file. The resultant workflow is 
shown as follows in Supplementary File 4. The data sampler 
widget was not compatible in this workflow as the datasets 
were from two different patient cohorts. Prediction results 
were saved and then true survival and mortality values were 
assigned correct and incorrect values. The accuracy of each 
of the three models against real survival data from Symile-
MIMIC was then plotted and graphed. 

To gain credentialed access to PhysioNet, registration 
followed by the completion of CITI Program ethics course 
was completed. A credentialing application was completed 
with a statement of research intent and the contact details 
of a research supervisor. Local Human Ethics Institutional 
approval was granted under identifier 2023/HE000829. A 
Data Use Agreement was signed to protect patient privacy 
and prohibit the sharing of data with unauthorized third 
parties. Original consent from patients at Zigong China 
Hospital was waived due to the retrospective design of 
the study and compliance with ethics approvals for a low-
risk study with patient anonymisation. The original data 
collection was compliant with the Declaration of Helsinki 
and approved by the ethics committee of Zigong Fourth 
People’s Hospital (Approval Number: 2020-065). Data 
from MIMIC were derived from MIMIC-IV, MIMIC-IV-
ECG, and MIMIC-CXR-JPG databases. The Symile-MIMIC 
database was fully de-identified and obtained under a 
PhysioNet Credentialed Health Data Use Agreement. The 
authors assert that all procedures contributing to this work 
comply with the ethical standards of the relevant national 
and institutional committees on human experimentation 
and with the Helsinki Declaration of 1975, as revised in 
2013.

Results 

This project comprises four main results. Firstly, the manual 
analysis of patient data identified high risk blood values 
which can serve as biomarkers of sepsis and death. We then 
endeavoured to make a Decision Tree Machine Learning 
model which could receive and predict a patient’s outcome 
prior to surgery. The performance of this Decision Model 
Tree model, however, was only slightly above average at 
fifty-six percent, whilst False Positives were forty-four percent 
(Figure 3). To determine if this result could be improved 
by a different mode, we trained two other ordinal data 
models (specifically Random Forest and Neural Networks). 
Coincidentally by doing this we also improved the Decision 
Tree’s performance accuracy by two percent (fifty-eight 
percent) via the data sampling widget and a process called 
random seeding. The F1 performance of each model was 
similar with Neural Networks (0.625), Random Forest 
(0.650) and Decision Tree (0.663). Finally, we wanted to 
assess whether these models were generalisable to other 
demographic patients. We used a demographically distant 
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population (Symile-MIMIC database) to predict patient 
outcomes; this final result showed remarkably similar results 
with Decision Tree (fifty-eight percent), Neural Network (fifty-
eight percent), Forest Model (fifty-eight percent) accuracy. 
Further details of each main result are described below.  

Of ninety-two laboratory test values, fifty-four blood tests 
were statistically relevant to either an elevated risk of death 

or were protective for patients. Forty-five lab tests were 
statistically significant in increasing Risk Ratios above 1. 
Nine lab tests were statistically significant in lowering risk 
of death (protective). While thirty-six blood values were 
not statistically relevant to death or survival. For concision, 
only the first ten lab values with the greatest Risk Ratios are 
shown in Figure 1, and all nine of the protective lab values 
are shown in Figure 1. 

Figure 1: Laboratory test values associated with higher risks of mortality in ICU (top) and survival (bottom).

Figure 2: First three levels of generated decision tree on most important laboratory test values. 

http://journals.iosat.org/index.php/mjiosat
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Figure 3: Output snapshot of decision tree prediction outcomes from Orange Data Mining platform (top) and accuracy 
of decision tree prediction outcomes compared against real patient outcomes(bottom). 

Figure 4: Performance differences between models, showing, AUC, confusion matrices and F1 scores. 

http://journals.iosat.org/index.php/mjiosat
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Figure 5: Accuracy of outcomes in Tree, Neural Network and Random Forest Models on Boston-Symile patient 
demographics. 

Supplementary File 1:  Feature and Outcome Selection in the Training of Decision Tree Model. 

Supplementary File 2:  Workflow Snapshot of Decision Tree Development. 

http://journals.iosat.org/index.php/mjiosat
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Supplementary File 3:  Workflow Snapshot Comparing Three Different Machine Learning Models. 

Supplementary File 4:  Workflow Snapshot Using Boston Demographic Data for Patient Predictions. 

http://journals.iosat.org/index.php/mjiosat
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Supplementary File 5:  Snapshot of first ten prediction outcomes in Tree, Neural Network and Random Forest Models. 

Supplementary File 6:  Formulas used for Risk Ratio calculations. 

A Decision Tree learning model was successfully generated 
with the training data comprising a 9 levels depth, 115 nodes, 
and 61 leaves. Each node delineates a data split based on 
feature values, while leaves representing terminal nodes 
provide final outcome prediction. For brevity, only the first three 
levels of the visualised decision tree are shown in Figure 2.   
An abbreviated snapshot of 24 of the 120 prediction 
outcomes are shown below. The second column describes 
two probability scores for alive and death respectively 
separated by a ratio symbol “:”, right-sided probabilities 
over 0.5 are treated as a prediction for a death outcome, 
whereas a left-sided probabilities over 0.5 is considered a 
prediction for an alive outcome (Figure 3). All one-hundred-
twenty results were fully tabulated and compared against 
real outcomes in Figure 3.

When Decision Tree outcomes were saved and compared 
against the original real patient outcomes, only fifty-six 
percent of outcomes were correctly predicted. Correct 
predictions comprised correct predictions for survival 
twenty-four percent, correct predictions for mortality thirty-
two percent, incorrect predictions for death nineteen 
percent, and incorrect predictions for survival twenty-five 
percent.   

Discussion

The introduction of the random sampler widget in the 
workflow appears to have improved training and prediction 
outcomes by an effect called random seeding, as opposed 
to the fixed seeding initially used in 5.2. Random seeding 

http://journals.iosat.org/index.php/mjiosat
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randomly selects ninety percent of patient data for training 
and randomly selects ten percent for prediction requests. 
This result appears to improve decision tree prediction 
outcomes by two percent. Development of two other 
training models, Neural Networks and Random Forests 
shows similar prediction accuracy rates with Neural 
Networks (fifty-eight percent) and Random Forest (fifty-
seven point nine percent). An averaged F1 score (averaged 
target class Alive and Death) was also automatically 
generated for each model. The F1 score is a more robust 
metric for an imbalanced dataset with higher survivals, like 
ours. Overall, the alternative models (Neural Networks and 
Random Forests) have not significantly improved prediction 
accuracy, and F1 scores declined.

One would expect large differences due to the geographic 
and demographic differences between patient data in 
Zigong, China, and Boston, Massachusetts; however 
accuracy rates were remarkably similar. For brevity, the 
snapshot of the first ten Prediction Outputs of each model is 
shown (Suppl. File 11). The Boston-Symile-MIMIC-database 
represents a much larger patient database with 11622 
patient records. This workflow did not require data sampling 
or a training/testing split, as all training was performed on 
the Zigong China database and all prediction requests 
were performed on the Boston-Symile-MIMIC database. All 
11622 outcomes were then compared against true patient 
outcomes, and their accuracy was plotted on a stacked bar 
chart (Figure 5).

All 11622 prediction outcomes were compared against 
original true patient outcomes, and their accuracy 
was plotted on a stacked bar chart in Figure 5. Overall 
accuracy (Sensitivity Survival + Sensitivity for Mortality) of 
the Decision Tree model on Boston patients was fifty-eight 
percent, a plus two percent improvement over the original 
model, but the same as when the data sampling widget 
was integrated in the third part (5.3) of our study. Similarly, 
the Neural Network model and the Forest model’s accuracy 
float at roughly fifty-eight percent. The largest difference 
can be seen in the False Positive Death and False Positive 
Alive outcomes across the three models. Whilst sensitivity 
for survival and mortality is self-explanatorily important, 
the clinical significance of False Positives is worth exploring. 
Understanding that a patient could be at a true high risk 
of mortality could influence medical interventions and 
treatments (i.e., being more conservative with surgery or 
increasing monitoring). However, a False Positive for Death 
(when the patient actually survives) may also mean that 
beneficial surgical interventions are withheld, or similarly 
excessive medical resources may be allocated to this patient 
when they have a low risk of dying. Nevertheless, from a 
purely risk-avoidance perspective, a model like the Forest 
Model with Sensitivity + False Positives (Death) = seventy-
six percent may be a more useful model than the Decision 
Tree model. If all deaths are trying to be avoided, regardless 
of resource availability. 

The persistence of false positive classifications in the study 

highlights the critical trade-off between sensitivity and 
specificity in mortality prediction. False positive predictions 
(of death) may lead to unnecessary resource utilisation in 
the context of staffing, cost of technology, and diagnostic 
resources. However, prioritising sensitivity may still be 
justified in high-risk surgical settings where consequences 
of missed mortality are substantial.

Other future improvements are likely to come through 
licensing and confidentiality agreements with larger 
compute services and consensus in health care data 
regulations. As described earlier, there are significant 
legal and ethics hurdles preventing the use of hospital 
data sets in noncompliant browser AI models or larger-
scale online AI models; however, with future developments 
and inevitable API agreements established, we anticipate 
significant generational changes in the quality and utility of 
these clinical tools.17,18

Comparisons of our ML model’s performances against 
the literature on Acute Physiology and Chronic Health 
Evaluation II (APACHE II) and Sequential Organ Failure 
Assessment (SOFA) score shows major differences. Whilst 
some individual APACHE II studies have reported excellent 
sensitivity rates of 92.8% for detection of non-survivors19, 
other systematic reviews have indicated that AI models 
have demonstrated higher AUCs (0.82-0.90) compared to 
APACHE II (0.70-0.78).20 Whereas, our study has explored 
a niche subgroup of the dataset, namely post-surgery 
patients, our results have not been able to replicate these 
higher sensitivity and specificity rates.   

Limitations of our study

This study was an exploration of whether machine learning 
models could be used to predict patient outcomes. Whilst 
our initial exploration of Risk-Ratios found a number of 
useful risk factors, the ordinal data prediction models have 
an unusually low accuracy level (fifty-eight percent), F1 
(0.625-0.663), which may preclude their use in the clinical 
setting. 

Paradoxically, while advanced data scientists may have 
reasoning models nearing ninety-five to ninety-nine 
percent in their prediction models, we speculate a number 
of reasons for why we observed this disparity. Firstly, our 
choice of platform, Orange Data Mining, is compliant for 
ethical data analysis on local computer systems (not sent 
to a third party). Conversely, the international trend is to 
move all compute into GPU-accelerated instances hired 
from the Google Cloud Platform or Amazon Web Services. 
This meant that we were unable to utilise all ninety-five 
laboratory test values in our training data to better develop 
our model. 

Secondly, the authors of this study are training health-care 
clinicians, we were limited by software coding expertise 
and therefore used the no-coding application Orange 
Data Mining. A more unique coding architecture for our 
model may have produced better prediction outcomes. 

http://journals.iosat.org/index.php/mjiosat
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Conclusion

Thus far, the accuracies of our machine learning models 
were modest, with performance ranging from fifty-six to fifty 
eight percent. While these were statistically robust results, 
their lower accuracies preclude their use in the clinic until 
higher accuracy is achieved. Interestingly, the consistency 
across multiple modelling approaches suggests that 

outcome prediction may be constrained by the size of our 
dataset rather than model choice alone. In future studies, 
the utilization of commercial compute services like Google 
Cloud Compute or Amazon Web Services can extend 
feature size selection and therefore produce higher fidelity 
in prediction performance.  

Nevertheless, despite this lower accuracy rate, when our 
models are trained on the Chinese ICU cohort and then 
applied to a North American population, a very similar 
performance was observed. 
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