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ABSTRACT

BACKGROUND: This study aimed to develop and validate an artificial intelligence model using machine learning (ML) to predict
hospital mortality in patients with acute mesenteric ischemia (AMI).

METHODS: A total of 122 patients diagnosed with AMI at Sakarya University Training and Research Hospital between January 201 |
and June 2023 were included in the study. These patients were divided into a training cohort (n=97) and a validation cohort (n=25),
and further categorized as survivors and non-survivors during hospitalization. Serum-based laboratory results served as features.
Hyperfeatures were eliminated using Recursive Feature Elimination (RFE) in Python to optimize outcomes. ML algorithms and data
analyses were performed using Python (version 3.7).

RESULTS: Of the patients, 56.5% were male (n=69) and 43.5% were female (n=53). The mean age was 71.9 years (range 39-94 years).
The mortality rate during hospitalization was 50% (n=61). To achieve optimal results, the model incorporated features such as age, red
cell distribution width (RDWV), C-reactive protein (CRP), D-dimer, lactate, globulin, and creatinine. Success rates in test data were as
follows: logistic regression (LG), 80%; random forest (RF), 60%; k-nearest neighbor (KN), 52%; multilayer perceptron (MLP), 72%; and
support vector classifier (SVC), 84%. A voting classifier (VC), aggregating votes from all models, achieved an 84% success rate. Among
the models, SVC (sensitivity 1.0, specificity 0.77, area under the curve (AUC) 0.90, Confidence Interval (95%): (0.83-0.84)) and VC
(sensitivity 1.0, specificity 0.77, AUC 0.88, Confidence Interval (95%): (0.83-0.84)) were noted for their effectiveness.

CONCLUSION: Independent risk factors for mortality were identified in patients with AMI. An efficient and rapid method using
various ML models to predict mortality has been developed.
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INTRODUCTION toms makes diagnosis difficult, significantly impacting mortal-
ity rates. Currently, contrast-enhanced computed tomography

Acute mesenteric ischemia (AMI) is a condition characterized (CT) is utilized for its diagnosis.? Despite advancements in
by interrupted blood flow to the intestine, leading to ischemia surgical techniques and endovascular treatments, mortality
and subsequent inflammation. Although it is rare, its incidence  rates can climb as high as 50% if treatment is delayed.®! Con-
increases with age, accounting for approximately 0.09-0.2% of  sequently, some studies have focused on identifying high-risk
all acute surgical cases."! The non-specific nature of its symp- patients early by analyzing risk factors associated with hospital
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mortality from AMLM® However, the determinants of early
mortality and prognosis in AMI are not completely under-
stood, and the risk of hospital death remains difficult to pre-
dict accurately. Therefore, improving mortality prediction in
AMI patients could provide more accurate clinical information
for patients and their families, optimize treatment manage-
ment, and inform future research. Accurate predictions may
also help manage medical costs more effectively and maximize
the allocation of medical resources.

Machine learning (ML) algorithms analyze historical data, ex-
tract useful information, and learn from patterns to make di-
agnoses and predictions.’! Increasingly, ML is applied in medi-
cine to derive insights from data and facilitate predictions./®!
These algorithms can analyze growing amounts of biological
data, identify treatment targets, and design new therapeutic
compounds.P”! Additionally, ML can diagnose diseases and pre-
dict risk factors and mortality rates.['*!%

Our goal is to develop and compare models utilizing various
machine learning classification algorithms to predict hospital
mortality among AMI patients and to validate the perfor-
mance of these models.

MATERIALS AND METHODS

This study was approved by the Local Ethics Committee (No.

71522473/050.01.04/318692-404; date: 28. 12.2023). It includ-
ed all 122 patients diagnosed with AMI at our center between
January 201 | and June 2023. AMI diagnosis was confirmed us-
ing angiography-computed tomography. At diagnosis, features
such as serum-based laboratory results (hemogram, C-reactive
protein (CRP), albumin, D-dimer, fibrinogen, lactate, globulin,
creatinine, International Normalized Ratio (INR)), age, and the
Charlson Comorbidity Index (CCIl) were collected. Patients
were categorized into two groups: survivors and non-survi-
vors during hospitalization. They were further divided into a
training cohort (n=97) and a validation cohort (n=25). In Py-
thon, hyperfeatures were eliminated using Recursive Feature
Elimination (RFE) to achieve optimal results. Models created
included logistic regression (LG), random forest (RF), k-near-
est neighbors (KN), multilayer perceptron (MLP), support vec-
tor classifier (SVC), and voting classifier (VC).

Statistical Analysis

Traditional statistical methods were employed to identify dif-
ferences between survivors and non-survivors of AMI. The
conformity of variables to normal distribution was assessed
using the Kolmogorov-Smirnov and Shapiro-Wilk tests. De-
scriptive statistics were applied, utilizing mean and standard
deviation for normally distributed variables, and median and
interquartile range for non-normally distributed variables.
To detect significant differences between survivors and non-

Table I. Comparison of characteristics of survivors and non-survivors
Patient characteristics Survivors (n=61) Non-survivors (n=61) p-value
Age 69.68+13.39 7421£12.02 <0.05™
Gender

Male 37 (53.6%) 32 (46.4%) 0.46™

Female 24 (45.3%) 209 (54.7%)
Charlson comorbidity index 4 (0-8) 5.00 (0.0-10.0) <0.05
Neutrophil (K/uL) 15.73+8.60 15.59+8.57 0.92"
Platelet (K/uL) 247.21481.12 251.77+100.89 0.78
Lymphocyte (K/uL) 1.35+1.05 1.25+1.35 0.65"
Mean platelet volume (fl) 9.34+1.80 9.64+2.37 0.43"
Red cell distribution width (%) 15.4 (11.4-33.8) 16.9 (11.75-30.70) <0.05
White blood cell (K/uL) 18.34+9.109 17.88+8.96 0.77
Monocyte (K/uL) 0.99+0.56 0.96+0.78 0.81™
C-Reactive protein (mg/L) 110 (0.53-458) 196.00 (2.40-519) 0.12°
Albumin (g/dL) 3.15£0.63 3.08+0.86 0.66"
Globulin (g/dL) 2.73+0.40 2.8140.59 0.46"
D-Dimer (ugFEU/L) 1385 (257-7550) 3670 (869-18200) <0.05
Fibrinogen (g/L) 6.31 (3.05-497) 7.46 (0.32-415) 0.88"
Lactate (mmol/L) 2.40 (0.90-11.3) 6.7 (1.30-19.0) <0.001"
Creatinine (mg/dL) 1.07 (0.46-3.32) 1.51 (0.44-6.29) <0.001"
INR 1.24 (0.85-12) 1.41 (0.87-12) <0.001"

“Mann-Whitney U Test. “Independent Samples T-Test.
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Chi-square Test.

Ulus Travma Acil Cerrahi Derg, June 2024, Vol. 30, No. 7



Harmantepe et al. Machine learning for predicting mortality in acute mesenteric ischemia

Table 2. Comparison of models

Models Sensitivity Specificity AUC Confidence Interval (95%)
Logistic regression 1.0 0.72 0.88 0.79-0.80

Random forest 0.71 0.55 0.74 0.58-0.60
K-Nearest neighbor 1.0 0.33 0.85 0.51-0.52

MLP 0.71 0.72 0.76 0.71-0.72

svC 1.0 0.77 0.90 0.83- 0.84

Voting classifier 1.0 0.77 0.88 0.83- 0.84

survivors of AMI, the Independent Samples t-test or Mann-
Whitney U-test was used for numerical variables, and the
Chi-square test for categorical variables. Statistical analysis
was conducted using IBM SPSS (Statistical Package for the
Social Sciences) Statistics (Version 25.0, Armonk, NY: IBM
Corp). A p-value less than 0.05 was considered statistically
significant.

The performance of each ML model was evaluated using a
confusion matrix. ML algorithms and data analysis were con-
ducted using Python (Version 3.7, Wilmington, Delaware,
USA: PSF).

RESULTS

Among the patients, 56.5% were male (n=69) and 43.5%
were female (n=53). The mean age was 71.9 years (range
39-94 years). The mortality rate during hospitalization was
50% (n=61). Significant differences were observed between
survivors and non-survivors in terms of age, CCl, red cell
distribution width (RDW), D-dimer, lactate, creatinine, and
INR (Table I).

Recursive Feature Elimination identified age, RDW, CRP, D-
dimer, lactate, globulin, and creatinine as the most relevant
features for optimal results. The coefficients were as follows:
-0.41 for age, -0.44 for RDW, -0.24 for CRP, -0.33 for D-
dimer, -0.53 for lactate, 0.05 for globulin, and -0.75 for creati-

ROC Curve Comparison
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Figure 1. Receiver operating characteristic (ROC) curve of mod-
els.
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nine. The success rates in the test data were: 80% for logistic
regression (LG), 60% for random forest (RF), 52% for k-near-
est neighbor (KN), 72% for multilayer perceptron (MLP), 84%
for support vector classifier (SVC). The voting classifier (VC),
which integrated all models, also achieved an 84% success
rate. Among the models, SVC demonstrated high effective-
ness with a sensitivity of 1.0, a specificity of 0.77, and an area
under the curve (AUC) of 0.90, with a confidence interval of
95% (0.83-0.84), and VC showed a sensitivity of 1.0, a speci-
ficity of 0.77, and an AUC of 0.88 with a confidence interval
of 95% (0.83-0.84) (Table 2, Fig. I).

DISCUSSION

This study utilized various ML models to predict hospital
mortality in patients with acute mesenteric ischemia. Our
findings indicate that ML models can accurately predict hospi-
tal mortality in AMI patients.

Increases in age, RDW, CRP, D-dimer, lactate, and creatinine,
along with a decrease in globulin, were identified as indepen-
dent risk factors for mortality in AMI. Literature recognizes
age as a risk factor for mortality in AMI cases,!'>'] which sup-
ports the findings of our study. Additionally, lactate is an im-
portant parameter often associated with hypoxia, necrosis,
and inflammation. Consistent with our findings, other studies
have identified lactate as a risk factor for mortality in AML*!4]
Similarly, elevated serum creatinine levels have been linked to
increased mortality in AMI cases.['” In our research, we also
found that elevated RDWV was a risk factor. Although previ-
ous studies have associated elevated RDW with AMI prog-
nosis, it has also been linked to sepsis in other research.!'®]
This may be due to damage to the intestinal mucosa, which
compromises its resistance to bacteria and leads to sepsis.
This could explain the poor prognosis in AMI patients with
elevated RDW. Destek S. et al. identified CRP as a potential
prognostic biomarker in AMLI'! and Gorla et al. reported
that D-dimer served as a prognostic marker in patients with
aortic syndrome.l'®l Contrarily, the literature reports that
globulin levels increase in chronic inflammation, with elevated
globulin levels associated with poor prognosis, especially in
cancer patients.'? Among the features selected by RFE,
only globulin differs from those commonly reported in the
literature. In studies involving acute ischemic stroke patients,
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elevated globulin levels were also linked to a poor prognosis.
21 However, there are no comprehensive studies using globu-
lin in the context of AMI or sepsis for comparison. In our
study, the most potent feature was creatinine, while globulin
was the least effective.

RFE operates by eliminating redundant and weak features
to minimize training errors. It is an independent and power-
ful technique that enhances the model's generalization per-
formance. It starts by building a model with all features,
ranking each according to its importance. The process then
involves removing the least essential feature, rebuilding the
model, and recalculating its importance. This method quickly
calculates the combination of all features until the best per-
formance is achieved.”® RFE has been used in numerous
medical studies?¢! and selects the most potent features. It
improves model performance by ranking many features based
on a specific ML method./?”!

Our study utilized well-established basic classifier algorithms
commonly referenced in medical research.?*3 However,
each algorithm has its advantages and disadvantages. RF and
KN require large datasets. As the number of independent
variables increases, KN’s performance significantly slows, ad-
versely affecting its accuracy. In RF, each tree makes a predic-
tion, and these predictions are collectively voted on to derive
the final result. This method tends to perform slowly and may
not yield optimal outcomes with complex datasets. It is more
effective with larger datasets and in image analysis.’2%3l On
the other hand, MLP are versatile and applicable to different
datasets, but they may underperform due to overfitting in the
training data. Additionally, there is a risk of getting stuck in
local minima during optimization.B* SVC performs well with
clear separation margins and in high-dimensional spaces, of-
fering faster predictions and greater accuracy. However, they
are unsuitable for large datasets due to slow learning times.
B4 LG is easy to implement and interpret, and performs well
if the dataset can be linearly separated. It is less prone to
overfitting but can still overfit in large datasets.?*!

To evaluate the predictive performance of our models, we
used accuracy, sensitivity, and specificity metrics, calculated
through a confusion matrix that includes True Negative, False
Negative, True Positive, False Positive values. The receiver
operating characteristic (ROC) curve was used to assess the
models. The discriminative power of the prediction models
was evaluated by the area under the curve (AUC), accom-
panied by a 95% confidence interval (Cl). The methods we
employed to evaluate the model are frequently used and have
been validated in the literature.[?33¢3

To our knowledge, no specific scoring system exists for
AMI. The Acute Physiology and Chronic Health Evaluation
(APACHE) score, Simplified Acute Physiology Score (SAPS),
and Sequential Organ Failure Assessment (SOFA) score are
employed to predict outcomes in intensive care patients.
However, they are insufficient for predicting the prognosis
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in AMI cases. In a study involving 82 AMI patients, Yilmaz
A. et al. found that APACHE, SAPS, and SOFA scores were
inadequate for predicting prognosis.?® In this context, six dif-
ferent ML predictive models were developed, among which
the SVC demonstrated the highest performance (sensitivity:
1.0, specificity: 0.77, AUC: 0.90, Confidence Interval (95%):
0.83-0.84).

The limitations of our study include its retrospective nature
and the restriction to a single center. Additionally, data re-
garding the duration of symptoms and vital signs at the time
of diagnosis were not available in our digital data system.

CONCLUSION

In conclusion, by utilizing conventional statistical methods
and routine blood tests, we identified increased age, CCl,
RDW, D-Dimer, lactate, creatinine, and INR as risk factors
for mortality in AMI. Additionally, we developed an inexpen-
sive, accurate, and fast artificial intelligence model to predict
hospital mortality in AMI cases. We believe this model can
offer significant clinical benefits. Moreover, ML methods can
be utilized in the diagnosis and prognosis prediction of vari-
ous other diseases. Therefore, there is a need for prospective
multicenter studies.

Ethics Committee Approval: This study was approved by
the Sakarya University Faculty of Medicine Ethics Committee
(Date:28.12.2023, Decision No: 71522473/050.01.04/318692-
404).

Peer-review: Externally peer-reviewed.

Authorship Contributions: Concept: A.T.H., E.D,; Design:
A.T.H.; Supervision: A.T.H., E.G.; Resource: A.T.H., U.C.D;
Materials: A.T.H., E.E;; Data collection and/or processing:
A.T.H., U.C.D.; Analysis and/or interpretation: A.TH., E.G;
Literature search: A.TH., E.D.,, A.S.; Writing: A.T.H.; Critical
review: A.TH., E.D, E.E.

Conflict of Interest: None declared.
Use of Al for Writing Assistance: Not declared.

Financial Disclosure: The author declared that this study
has received no financial support.

REFERENCES

1. Bala M, Catena F Kashuk ], De Simone B, Gomes CA, Weber D, et al.
Acute mesenteric ischemia: updated guidelines of the World Society of
Emergency Surgery. World ] Emerg Surg 2022;17:54. [CrossRef ]

2. Menke ]. Diagnostic accuracy of multidetector CT in acute mesenteric
ischemia: systematic review and meta-analysis. Radiology 2010;256:93—
101. [CrossRef]

3. Chang RW, Chang JB, Longo WE. Update in management of mesenteric
ischemia. World ] Gastroenterol 2006;12:3243—7. [CrossRef ]

4. Acosta-Merida MA, Marchena-Gomez ], Hemmersbach-Miller M,
Roque-Castellano C, Hernandez-Romero JM. Identification of risk fac-
tors for perioperative mortality in acute mesenteric ischemia. World J
Surg 2006;30:1579—-85. [CrossRef ]

5. WuW, Yang L, Zhou Z. Clinical features and factors affecting postopera-

tive mortality for obstructive acute mesenteric ischemia in China: a hos-

Ulus Travma Acil Cerrahi Derg, June 2024, Vol. 30, No. 7


https://doi.org/10.1186/s13017-022-00443-x
https://doi.org/10.1148/radiol.10091938
https://doi.org/10.3748/wjg.v12.i20.3243
https://doi.org/10.1007/s00268-005-0560-5

Harmantepe et al. Machine learning for predicting mortality in acute mesenteric ischemia

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

pital- based survey. Vasc Health Risk Manag 2020;16:479-87. [CrossRef |
Frandsen AJ. Machine Learning for Disease Prediction [Internet].
2016;Available from: https://search.proquest.com/openview/a5451f
2b96¢22ed52a265563686fad20a/12pq-origsite=gscholar&cbl=18750
&diss=y&casa_token=sAfwAilCiQcAAAAA:MFjlonf8soy4Jx3XCt
DXoRT1QZnUPSIPMOOmMTBhHBbZujv_yDO_oocFdPuOIWbec-
n4EcRu7PbaXQ. Accessed Jun 12,2024.

Kononenko I. Machine learning for medical diagnosis: history, state of
the art and perspective. Artif Intell Med 2001;23:89-109. [CrossRef]
Mooney SJ, Pejaver V. Big data in public health: terminology, machine
learning, and privacy. Annu Rev Public Health 2018;39:95-112. [CrossRef ]
Dlamini Z, Francies FZ, Hull R, Marima R. Artificial intelligence (AI)
and big data in cancer and precision oncology. Comput Struct Biotechnol
J2020;18:2300—11. [CrossRef]

Malakouti S, Hauskrecht M. Predicting patient’s diagnoses and diagnos-
tic categories from clinical-events in EHR data. Artif Intell Med Conf
Artif Intell Med (2005-) 2019;11526:125-30. [CrossRef |

Kawaler E, Cobian A, Peissig P, Cross D, Yale S, Craven M. Learning
to predict post-hospitalization VTE risk from EHR data. AMIA Annu
Symp Proc 2012;2012:436-45.

Hou N, Li M, He L, Xie B, Wang L, Zhang R, et al. Predicting 30-days
mortality for MIMIC-III patients with sepsis-3: a machine learning ap-
proach using XGboost ] Transl Med 2020;18:462. [CrossRef]

Wu W, Liu ], Zhou Z. Preoperative risk factors for short-term postopera-
tive mortality of acute mesenteric ischemia after laparotomy: a systematic
review and meta-analysis. Emerg Med Int 2020;2020:1382475. [CrossRef |
Akyildiz HY, Séziier E, Uzer H, Baykan M, Oz B. The length of necrosis
and renal insufficiency predict the outcome of acute mesenteric ischemia.
Asian ] Surg 2015;38:28-32. [CrossRef]

Nuzzo A, Maggiori L, Ronot M, Becq A, Plessier A, Gault N, et al.
Predictive factors of intestinal necrosis in acute mesenteric ischemia:
prospective study from an intestinal stroke center. Am J Gastroenterol
2017;112:597-605. [CrossRef]

Jandial A, Kumar S, Bhalla A, Sharma N, Varma N, Varma S. Elevated
red cell distribution width as a prognostic marker in severe sepsis: a pro-
spective observational study. Indian J Crit Care Med 2017;21:552-62.
Destek S, Yabaci A, Abik YN, Giil VO, Deger KC. Predictive and prog-
nostic value of L-lactate, D-dimer, leukocyte, C-reactive protein and
neutrophil/lymphocyte ratio in patients with acute mesenteric ischemia.
Ulus Travma Acil Cerrahi Derg 2020;26:86—-94. [CrossRef]

Gorla R, Erbel R, Kahlert P, Tsagakis K, Jakob H, Mahabadi AA, et
al. Diagnostic role and prognostic implications of D-dimer in different
classes of acute aortic syndromes. Eur Heart ] Acute Cardiovasc Care
2017;6:379-88. [CrossRef]

LiJ, Zhu N, Wang C, You L, Guo W, Yuan Z, et al. Preoperative albumin-
to-globulin ratio and prognostic nutritional index predict the prognosis of
colorectal cancer: a retrospective study. Sci Rep 2023;13:17272. [CrossRef ]
Zhang Y, Zhu JY, Zhou LN, Tang M, Chen MB, Tao M. Predicting the
prognosis of gastric cancer by albumin/globulin ratio and the prognostic
nutritional index. Nutr Cancer 2020;72:635-44. [CrossRef |

Li C, Yang C, Zhu J, Huang H, Zheng ], Hu X, et al. Predictive value of
globulin to prealbumin ratio for 3-month functional outcomes in acute
ischemic stroke patients. Dis Markers 2022;2022:1120192. [CrossRef ]
Escanilla NS, Hellerstein L, Kleiman R, Kuang Z, Shull JD, Page D.

Ulus Travma Acil Cerrahi Derg, June 2024, Vol. 30, No. 7

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Recursive feature elimination by sensitivity testing. Proc Int Conf Mach

Learn Appl 2018;2018:40—7. [CrossRef]

. Misra P, Yadav AS. Improving the classification accuracy using recur-

sive feature elimination with cross-validation. Int ] Emerg Technol
2020;11:659-65.

Karthik KV, Rajalingam A, Shivashankar M, Ganjiwale A. Recursive
feature elimination-based biomarker identification for open neural tube
defects. Curr Genomics 2022;23:195-206. [CrossRef ]

Benjamin KJM, Katipalli T, Paquola ACM. dRFEtools: dynamic recursive
feature elimination for omics. Bioinformatics 2023;39:1-3. [CrossRef]
Han Y, Huang L, Zhou F. A dynamic recursive feature elimination frame-
work (dRFE) to further refine a set of OMIC biomarkers. Bioinformatics
2021;37:2183-9. [CrossRef]

Bommert A, Welchowski T, Schmid M, Rahnenfiihrer J. Benchmark of
filter methods for feature selection in high-dimensional gene expression
survival data. Brief Bioinform 2021;23:bbab354. [CrossRef ]

Silva GFS, Fagundes TP, Teixeira BC, Chiavegatto Filho ADP. Machine
learning for hypertension prediction: a systematic review. Curr Hyper-
tens Rep 2022;24:523-33. [CrossRef ]

Harmantepe AT, Dikicier E, Géniillii E, Ozdemir K, Kamburoglu MB,
Yigit M. A different way to diagnosis acute appendicitis: machine learn-
ing. Pol Przegl Chir 2023;96:38—43. [CrossRef]

Akmese OF, Dogan G, Kor H, Erbay H, Demir E. The use of machine
learning approaches for the diagnosis of acute appendicitis. Emerg Med
Int 2020;2020:7306435. [CrossRef]

Ahsan MM, Luna SA, Siddique Z. Machine-learning-based disease di-
agnosis: a comprehensive review. Healthcare (Basel) 2022;10:1-30.
Sklearn Ensemble. Random Forest Classifier [Internet]. Available from:
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
RandomForestClassifier.html?source=post_page----- 0790d45ac0
dd . Accessed May 9, 2024.

Louppe G. Understanding random forests: from theory to practice. arXiv
[stat. ML]2014;Available from: http://arxiv.org/abs/1407.7502. Ac-
cessed July 12,2024,

Zanaty EA. Support vector machines (SVMs) versus multilayer percep-
tion (MLP) in data classification. Egyptian Informatics ] 2012;3:177-83.

Westreich D, Lessler ], Funk MJ. Propensity score estimation: neural net-

works, support vector machines, decision trees (CART), and meta-classi-
fiers as alternatives to logistic regression. ] Clin Epidemiol 2010;63:826—
33. [CrossRef]

Nicora G, Rios M, Abu-Hanna A, Bellazzi R. Evaluating point-
wise reliability of machine learning prediction. J Biomed Inform
2022;127:103996. [CrossRef]

Goetz JN, Brenning A, Petschko H, Leopold P. Evaluating machine
learning and statistical prediction techniques for landslide susceptibility
modeling. Comput Geosci 2015;81:1-11. [CrossRef ]

Yilmaz AS, Yasar NF, Badak B, Sendil AM, Salis M, Oner S. Are the con-
ventional scoring systems efficient in predicting mortality of acute mes-
enteric ischemia?: Mortality estimation in patients with AMI. Medicine
2022;101:e32619. [CrossRef]

491


https://doi.org/10.2147/VHRM.S261167
https://doi.org/10.1016/S0933-3657(01)00077-X
https://doi.org/10.1146/annurev-publhealth-040617-014208
https://doi.org/10.1016/j.csbj.2020.08.019
https://doi.org/10.1007/978-3-030-21642-9_17
https://doi.org/10.1186/s12967-020-02620-5
https://doi.org/10.1155/2020/1382475
https://doi.org/10.1016/j.asjsur.2014.06.001
https://doi.org/10.1038/ajg.2017.38
https://doi.org/10.4103/ijccm.IJCCM_208_17
https://doi.org/10.14744/tjtes.2019.61580
https://doi.org/10.1177/2048872615594500
https://doi.org/10.1038/s41598-023-43391-5
https://doi.org/10.1080/01635581.2019.1651347
https://doi.org/10.1155/2022/1120192
https://doi.org/10.1109/ICMLA.2018.00014
https://doi.org/10.2174/1389202923666220511162038
https://doi.org/10.1093/bioinformatics/btad513
https://doi.org/10.1093/bioinformatics/btab055
https://doi.org/10.1093/bib/bbab354
https://doi.org/10.1007/s11906-022-01212-6
https://doi.org/10.5604/01.3001.0053.5994
https://doi.org/10.1155/2020/7306435
https://doi.org/10.3390/healthcare10030541
https://doi.org/10.1016/j.eij.2012.08.002
https://doi.org/10.1016/j.jclinepi.2009.11.020
https://doi.org/10.1016/j.jbi.2022.103996
https://doi.org/10.1016/j.cageo.2015.04.007
https://doi.org/10.1097/MD.0000000000032619

Harmantepe et al. Machine learning for predicting mortality in acute mesenteric ischemia

ORIJINAL CALISMA - 6Z

492

Akut mezenter iskemisinde mortaliteyi tahmin etmeye yonelik bir yontem:
Makine 6grenimi
Ahmet Tarik Harmantepe,' Ugur Can Dulger,2 Emre Gonullu,' Enis Dikicier,2 Adem S$entiirk,® Erhan Er6z*

'Sakarya Universitesi Tip Fakiiltesi, Gastroenteroloji Cerrahisi Bilim Dali, Sakarya, Tiirkiye

2Sakarya Universitesi Tip Fakiiltesi, Genel Cerrahi Anabilim Dali, Sakarya, Tiirkiye

3Sakarya Universitesi Tip Fakiiltesi, Onkoloji Cerrahisi Bilim Dali, Sakarya, Tiirkiye
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AMAC: Bu ¢alisma, akut mezenterik iskemi (AMI) hastalarinda hastane 6limini tahmin eden bir yapay zeka modeli gelistirmek ve dogrulamak igin
makine 6grenimi (ML) modellerini kullanmayi amagladi.

GEREC VE YONTEM: Ocak 201 | -Haziran 2023 tarihleri arasinda Sakarya Universitesi Egitim ve Arastirma Hastanesi'nde AMi tanisi alan 122 has-
tanin tamami ¢alismaya dahil edildi. Hastalar bir egitim kohortu (n=97) ve bir dogrulama kohortu (n=25) olarak ikiye ayrildi. Tiim hastalar Slenler
ve hayatta kalanlar olarak 2 gruba ayrildi. Parametre olarak serum bazli laboratuvar sonuglari kullanild. En iyi sonucu elde etmek igin Python'da Re-
cursive Feature Elimination (RFE) ile hiperparametreler ortadan kaldirildi. ML algoritmalari ve veri analizi Python (3.7) programlama dilinde yapildi.
BULGULAR: Hastalarin %56.5’i erkek (n=69), %43.5’i kadin (n=53) idi. Hastalarin yas ortalamasi 71,9 (39-94) idi. Hastaneye yatista mortalite orani
%50 (n=61) idi. Optimum sonuglara ulagsmak icin model yalnizca yag, RDW, C reaktif protein (CRP), D-dimer, laktat, globulin ve kreatin ozelliklerini
secti. Test verilerindeki basari orani lojistik regresyonda (LG) %80, random forest’” de %60, k-en yakin komsulugunda (KN) %52, ¢ok katmanli sinir
aginda (MLP) %72, destek vektor makinelerinde (SVC) %84 idi. Tim modellerin oylanmasiyla olusturulan voiting classifier’ de (VC) %84 basari orani
elde edildi. Modeller arasinda SVC (duyarlilik |.0 6zgulltik 0.77 AUC 0.90 Giiven Araligi (%95): (0.83- 0.84)) ve VC (duyarlilik 1.0 &zgillik 0.77 AUC
0.88 Gliven Araligi (%95): (0.83- 0.84)) gosterdi.

SONUC: Hastalarin %56.5'i erkek (n=69), %43.5'i kadin (n=53) idi. Hastalarin yas ortalamasi 71,9 (39-94) idi. Hastaneye yatista mortalite orani
%50 (n=61) idi. Optimum sonuglara ulagsmak icin model yalnizca yag, RDW, C reaktif protein (CRP), D-dimer, laktat, globulin ve kreatin ozelliklerini
secti. Test verilerindeki basari orani lojistik regresyonda (LG) %80, random forest’” de %60, k-en yakin komsulugunda (KN) %52, ¢ok katmanli sinir
aginda (MLP) %72, destek vektor makinelerinde (SVC) %84 idi. Tim modellerin oylanmasiyla olusturulan voiting classifier’ de (VC) %84 basari orani
elde edildi. Modeller arasinda SVC (duyarlilik 1.0 6zgiillik 0.77 AUC 0.90 Giiven Araligi (%95): (0.83-0.84)) ve VC (duyarlilik 1.0 6zgtillik 0.77 AUC
0.88 Gliven Araligi (%95): (0.83-0.84)) gosterdi.

Anahtar sézclikler: Makine 6grenimi; mezenter iskemisi; prognoz; tahmin.
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