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ABSTRACT 

Several factors must be considered when predicting mortality in patients with hematological malignancies. These factors and characteristics complicate the ability of 
doctors’ and nurses to predict the prognosis of these diseases. This study aimed to develop a mortality prediction model for leukemia patients using artificial intelligence 
and a nearest-neighbor genetic algorithm. This retrospective study used the medical records of 235 patients with leukemia at the Ahvaz Oncology Center from 2016 
to 2019. To provide a mortality prediction model, a genetic algorithm and nearest neighbor were used. A genetic approach was employed to identify the determinants 
of mortality, and the nearest-neighbor technique was utilized to enhance model accuracy. Ultimately, the diagnostic power of the mortality prediction model was 
assessed using accuracy, sensitivity, and specificity criteria. The laboratory values and variables incorporated into the genetic algorithm revealed that mechanical 
ventilation, hemodialysis, neutropenia, and bone marrow transplantation significantly influenced the mortality rate of patients with leukemia. The diagnostic accuracy 
of the genetic algorithm introduced in this study was 77.4%, with a sensitivity of 78.2% and specificity of 82%. The results showed the artificial intelligence 
algorithm in predicting mortality in leukemia patients. 
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Introduction 

The intensive care of patients represents a 
particularly complex and sensitive medical 
issue [1]. Despite the presence of sophisticated 
monitoring equipment and substantial medical 
resources within an intensive care unit (ICU), 
the mortality rate remains notably elevated. 
Moreover, decisions within these units are 
rendered amidst an environment characterized 
by instability and considerable complexity [3]. 
Indeed, even the most experienced personnel 
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in ICUs may need to correct their assessments 
of patients' mortality risk, relying solely on their 
personal experience [4]. 

Given that patients with leukemia are usually 
hospitalized in ICU/department oncology 
during the acute phase of the disease [5], it is 
imperative to have tools that can assess 
prognosis at various stages of the disease [6]. 
Cancers are among the most critical issues in 
the healthcare system, necessitating a 
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substantial number of resources and treatment 
facilities. The introduction of prediction 
models that are highly accurate in predicting 
the survival of these patients can assist in the 
identification of the factors that influence 
survival and, ultimately, the reduction of 
treatment costs [7]. 

Numerous efforts have been undertaken in 
this field, resulting in the development of acute 
and chronic health physiology models, 
including acute physiology and chronic health 
evaluation II (APACHE II), the simplified 
acute physiology score (SAPS II), and the 
mortality probabilities model (MPM) [8]. All of 
these models have undergone several updates, 
and prolonged and frequent utilization reveals 
that they continue to exhibit limitations [9]. 
The outcomes are varied if used in populations 
for whom the mortality prediction model was 
not intended [10]. Therefore, selecting 
variables and predicting factors in statistical 
modeling and artificial intelligence models are 
crucial [11]. 

In many instances, selecting the appropriate 
variable enhances model performance while 
simultaneously optimizing the data-gathering 
procedure and reducing costs [12]. Boxet et al. 
proposed that neural networks are appropriate 
for simulating complex departments, such as 
ICUs. Dybowski et al. discovered that their 
neural network approach had superior 
diagnostic accuracy in predicting mortality 
compared to existing technologies [13]. 

It is important to note that the outcomes of 
existing techniques vary according to the 
complexity and nature of the disease, as well as 
geographical location [14]. These models have 
great sensitivity; however, their positive 
predictive value is relatively insignificant. By 
including essential and pertinent factors using 
artificial intelligence (AI) algorithms, their 
ability to predict mortality and clinical 
deterioration levels can be further enhanced 
[15]. 

The genetic algorithm seeks the optimal 
solution by selecting potential responses to the 
relevant issues. Based on the value of each 
response, this subset of potential responses 
constitutes the initial population. The selection 

procedure from the initial population is 
conducted for the second generation. Selecting 
more prudent responses will yield a more 
precise estimate of the ultimate result [16]. 

Chen et al. utilized nine variables from the 
SAPS II tool, integrating them with a genetic 
algorithm, achieving an area under the curve of 
94%, compared to the SAPS II tool's area 
under the curve of 72% [10]. Numerous studies 
indicate that customized models exhibit 
superior performance in terms of both 
discrimination and calibration, thereby 
necessitating the construction of mortality 
prediction models with optimal efficacy [17]. 
This study aimed to propose a strategy utilizing 
significant factors to predict mortality and 
death rates among leukemia patients through 
an AI algorithm.  

 

Materials and Methods 

 This was a Part of a retrospective study in an 
Intensive care oncology center in Baqaee     
teaching hospital in Khuzestan province. This 
center comprises 238 beds designated for 
leukemia patients, while its adult oncology ICU 
contains 14 beds. The data from the patient's 
paper medical records was documented from 
21 June 2016 to 20 April 2019. This study 
abides by the ethical code 
IRLUMS.REC.1399.130 from Lorestan 
University of Medical Sciences. 

Data were gathered from the medical records 
of individuals over the age of 16, all of whom 
had a confirmed diagnosis of leukemia based 
on pathology tests and the assessment of an 
oncology specialist. The details of the medical 
record were documented during the initial 
hospitalization. Medical records lacking 
comprehensive information and containing 
diagnoses not pertinent to leukemia treatment, 
as well as instances of patient mortality within 
the initial 24 hours of admission, were not 
documented in the oncology ICU. The 
collected data encompassed 1- demographic 
variables such as age and gender. 2- Variables 
about disease status, including the type of 
cancer, blood type, stage of cancer, treatment 
stage/phase, reasons for admission, and the 
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patient's condition upon admission. 3- 
Laboratory values encompassing 
concentrations of calcium, phosphorus, lactate, 
and albumin within the serum, the neutrophil 
to lymphocyte ratio, hemoglobin 
concentration, erythrocyte sedimentation rate 
(ESR), C-reactive protein (CRP), red cell 
distribution width (RDW), red blood cell 
(RBC) count, and bilirubin levels. 

Four variables associated with the patient's 
admission status in the oncology ICU, 
including the necessity for receiving 
mechanical ventilation, the administration of 
vasopressor medications, the requirement for 
hemodialysis, and the provision of 
cardiopulmonary resuscitation within the initial 
24 hours of admission to the oncology ICU. 
The descriptive variables were explained 
through their mean values and frequency 
distributions. The K-nearest neighbor 
algorithm was employed for the statistical 
analysis of the AI algorithm, with the 
significance of the variables assigned weights 
within the intervals 0 and 1. Furthermore, the 
criteria of accuracy, sensitivity, and specificity 
were utilized to assess the validity and 
performance of the proposed AI model. 

 

Results  

      Among 513 medical records of leukemia 
patients admitted to the oncology ICU 
between 1 December 2015, and 31 April 2018, 
235 patients met the criteria for inclusion in the 
study. A total of 148 individuals, comprising 
63% men, exhibited an average age of 55.25 
years, with a standard deviation of 18.78 years. 
A total of 112 individuals were discharged, 
representing 48% of the cases, while the 
mortality rate within the ICU remained at 
51.9%.  

Initially, 30 distinct variables or attributes were 
organized. The attributes encompass age, 
gender, occupation, duration of 
hospitalization, family history, type of 
leukemia, stages of the disease upon admission 
to the oncology ICU, reason for admission to 
the oncology ICU, and the duration of prior 

hospitalization, Stem cell transplantation, 
duration of hospitalization prior to transfer to 
the oncology ICU, kidney replacement therapy, 
blood type, treatment stage/phase, mechanical 
ventilation status, age at the time of cancer 
diagnosis, presence of concurrent 
cancers/malignancies, cardiopulmonary 
resuscitation prior to transfer to the oncology 
ICU, presence of neutropenia, requirement for 
vasopressor administration, lactate, 
phosphorus and calcium concentrations within 
the serum, hemoglobin level as well as the 
values of ESR, CRP, RDW, RBC.  

In the next step, the genetic algorithm 
determines the optimal classification value for 
each variable by the evaluation function. 
Initially, the population was established, with 
the values of the chromosomes representing 
the weights of the features being randomly 
initialized. We would then conceptualize the 
structure of the chromosome, represented as 
binary strings. As illustrated in Figure 1, the 
length of each chromosome is expressed as 
14*k bits, with k denoting the number of 
variables. The rationale for employing 14 bits 
is to encompass the range of values between 
one and zero. 

Each variable was assigned 14 bits, which were 
then indexed to a numerical range spanning 
from 0 to 1. The conversion process started by 
transforming the 14-bit string into a base-ten 
numeral, which was subsequently divided by 
(1-2^14) to yield a value from 0 to 1. Upon the 
generation of the initial population, the system 
executed the KNN algorithm, utilizing the 
weight assigned to each chromosome. 
Subsequently, the performance of each 
chromosome was assessed through the 
evaluation function inherent to the genetic 
algorithm. The number of classification errors 
when applying the KNN algorithm was 
derived from the evaluation dataset. In the next 
step, based on the assessment of the evaluation 
function, the value of each feature or variable 
was calculated and assigned a weight. The 
figure below delineates the weight attributed to 
each variable (Figure 2). 
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Figure 1 - Gene structure 

 

Figure 2- Examining the most effective weights in predicting mortality using a genetic algorithm 

 

The figure clearly illustrates that within the 
variables incorporated in the genetic algorithm, 
variables such as the period of hospitalization, 
the reason for admission to the oncology ICU, 
kidney replacement therapy, blood type, 
requirement for vasopressor administration, 
mechanical ventilation, and presence of 
neutropenia exhibited greater weight and were 
correlated with increased mortality rates.  

Upon acquiring the weight of each variable, the 
k-nearest neighbor algorithm was employed 
for recovery, dividing the data into three 
components. One component was designated 
for error measurement, while the remaining 
two were utilized for model fitting. In order to 
execute the algorithm, the dataset was 
partitioned into two training groups, 
comprising 165 patients, representing 70% of 
the data, and a test group of 70 patients, 

accounting for the remaining 30% of the data. 
This process was iteratively conducted until all 
three components were utilized for error 
assessment (Figure 3). The resultant errors 
were those associated with the estimated 
model. Figure 4 presents an illustration of the 
algorithm. 

Upon determining the error derived from the 
model's test data, evaluated through accuracy, 
specificity, and sensitivity indicators, it was 
observed that in the absence of a genetic 
algorithm for variable weighting and under the 
assumption that all variables hold equal 
significance in predicting the mortality risk, the 
number of errors stood at 37. The diagnostic 
accuracy of the algorithm was recorded at 
47.88, with specificity at 67.56 and sensitivity at 
74.44. In the case involving weighting through 
the genetic algorithm, the number of errors of 

45 



Mahdavi et al. / AI Mortality Prediction in Patients with Leukemia 
 

                                            Interdisciplinary Journal of Acute Care/ Volume 2, January/June 2021, Issue 1 
 

the variables amounted to 16, the diagnostic 
accuracy of the model reached 77.46%, the 

specificity was recorded at 81.25%, and the 
sensitivity stood at 72.22%. 

 

 

 

Figure 3- Dividing the dataset 

 

 
Figure 4- Combination of Genetic Algorithm and K-nearest Neighbor 

 

Discussion 

This study presents an algorithm for 
predicting disease severity and mortality among 
patients diagnosed with leukemia. The 
algorithm demonstrated a diagnostic accuracy 
of 77.4%, suggesting that enhancing the 
volume of data over time could further elevate 
its predictive precision. The variables requiring 
calculation are easily accessible. In the field of 
mortality prediction models within Intensive 
care departments, a persistent inquiry emerges 

regarding the identification of mortality and 
the factors associated with an elevated risk of 
mortality, as well as strategies to mitigate these 
risks. 

On the other hand, the advancement and 
execution of death prediction models are not 
easy, and the pursuit of precise and scientific 
measurement presents considerable challenges, 
as certain variables might escape 
quantification, and some data necessitate 

70% 

30% 

Datas
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continual updates within specific time intervals 
[18]. 

 The results of Setareh et al.'s study on cancer 
patients showed that alongside AI 
methodologies, the selection of variables and 
their relevance to the study's purpose 
significantly influence the algorithm's accuracy 
[19]. Consequently, it is imperative to utilize 
pertinent characteristics and variables to ensure 
the model's precision. 

The present investigation identified 31 
variables previously linked to elevated 
mortality rates in other research projects. 

The algorithm designed for predicting 
mortality incorporated variables such as 
mechanical ventilation, neutropenia, the 
necessity for dialysis, and the execution of 
bone marrow transplantation, all of which are 
assigned greater weight. Button's review study 
corroborated these findings, identifying the 
same variables as contributors to elevated 
mortality rates [20].  

Furthermore, factors including the 
occurrence of leukaemia, the utilization of 
mechanical ventilation, and the administration 
of haemodialysis were documented as 
correlating with the heightened mortality rates 
observed in Vijenthira's study [21].  

Therefore, it is prudent to consider these 
variables, as cancer patients admitted to 
intensive care face an elevated risk of mortality. 
Given that the risk of hospital mortality in 
patients with leukemia is two to three times 
greater than that of patients with other 
diagnoses, it is essential to refine and enhance 
mortality assessment systems for this specific 
patient population within intensive care units.  

The proposed algorithm entails selecting 
features or variables, weighing these features, 
and developing a model to predict mortality 
guided by accuracy, sensitivity, and specificity 
indicators. In the suggested literature, it is 
advised that the dataset should be maximized 
for the application of genetic algorithms. In 
that regard, a notable study demonstrated that 
by augmenting the data from two thousand to 
4804 entries, a prediction accuracy of 97% was 
achieved [22].  

The implementation of artificial intelligence 
networks is significantly influenced by the 
specific algorithms and design choices 
employed, which affect the accuracy of 
predictions. Rahmani et al. determined the 
neural network weights by applying a genetic 
algorithm, successfully predicting the incidence 
of diabetes. The analysis encompassed a 
comprehensive dataset comprising 768 
individuals, utilizing 8 distinct variables as 
inputs for the network, ultimately achieving a 
predictive accuracy of 92% regarding the 
incidence of diabetes [23]. 

 In our study, the fold crosses method was 
employed to mitigate the bias of the variables, 
thereby minimizing errors and enhancing the 
model's fit. Conversely, minimizing variables is 
a crucial prerequisite in optimizing inputs 
within the genetic algorithm, significantly 
enhancing both the evaluation of the algorithm 
and the precision of its predictions. In Hosseini 
Teshnizi's study, introducing a significant 
variable, such as platelets, in predicting 
leukemia patients resulted in a neural network 
prediction accuracy of 78.9%, in contrast to the 
50% accuracy achieved by the Cox regression 
method [24]. Shanbehzadeh's study aimed to 
enhance the precision of mortality predictions 
for COVID-19 patients by reducing 54 
influential variables to 17. The nearest 
neighbor algorithm achieved a prediction 
accuracy of 93.7%, surpassing other machine 
learning algorithms [25]. A notable strength of 
their research lies in the comparative analysis 
of prediction accuracy against other artificial 
intelligence algorithms, including random 
forest and support vector machine, which 
represents a limitation in the current study.  

The current study is constrained by a limited 
dataset and the fact that it is based on a single-
center database. It may prove advantageous for 
the broader applicability of data and findings. 
Meanwhile, the presence of specific vacant and 
incomplete information fields, which resulted 
in data deletion, contributed to the diminished 
volume of data. To enhance the precision of 
mortality predictions for leukemia patients, it is 
recommended that studies that incorporate a 
larger dataset be undertaken and alternative 
artificial intelligence algorithms explored. 
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Conclusion 

This paper introduced an algorithm designed 
to predict the mortality rates of patients 
diagnosed with leukemia. Our proposed 
methodology employed the genetic algorithm 
with the nearest-neighbor approach. The 
significance of laboratory values and various 
factors, including disease status upon 
admission to the oncology ICU, utilization of 
mechanical ventilation, administration of 
vasoconstrictor medications, the reason for 
admission to the oncology ICU, duration of 
hospitalization oncology ICU, and the 
application of hemodialysis, underscores the 
relevance of these variables and the algorithm 
in question. The genetic factors were identified, 
followed by the assessment of various variables 
based on their significance and influence on 
mortality. They ultimately employ the k-nearest 
neighbor algorithm, which allows for 
identifying the model that provides the most 
precise and reliable predictions regarding 
mortality. Accurate prediction of mortality 
presents an opportunity for improved patient 
outcomes and facilitates more effective 
management of intensive care unit resources. 
The results obtained can be utilized to discern 
the most significant variables influencing the 
survival of patients with leukemia, and the 
application software can be employed. It will 
also contribute to a streamlined system for 
healthcare professionals to efficiently assess 
the results of a patient's hospitalization in the 
specialized department by inputting essential 
variables, facilitating a more reasoned clinical 
evaluation, and timely decision-making 
concerning treatment protocols. 
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