ISSN 2079-8334. Céim meouyunu ma odionozii. 2025. Ne 1 (91)

10. Lipsky BA, Senneville E, Abbas ZG, Aragén-Sanchez J, Diggle M, Embil JM, et al. International Working Group on the
Diabetic Foot (IWGDF). Guidelines on the diagnosis and treatment of foot infection in persons with diabetes IWGDF 2019
update). Diabetes Metab Res Rev. 2020 Mar;36 Suppl 1:€3280. doi: 10.1002/dmrr.3280.

11. Mieczkowski M, Mrozikiewicz-Rakowska B, Kowara M, Kleibert M, Czupryniak L. The Problem of Wound Healing in
Diabetes-From Molecular Pathways to the Design of an Animal Model. Int J Mol Sci. 2022 Jul 19;23(14):7930.
doi: 10.3390/ijms23147930.

12. Polyovyy V, Khorshani B, Petrynych V, Kyfyak V, Tkachuk O, Sydorchuk R. Features of the early process in diabetic foot
syndrome. Kharkiv Surgical School. 2020;4:21-25. doi:10.37699/2308-7005.2.2020.04.

13. Raja JM, Maturana MA, Kayali S, Khouzam A, Efeovbokhan N. Diabetic foot ulcer: A comprehensive review of
pathophysiology = and management modalities. World J Clin Cases. 2023 Mar 16;11(8):1684-1693.
doi: 10.12998/wjcc.v11.i8.1684.

14. Schaper NC, van Netten JJ, Apelqvist J, Bus SA, Hinchliffe RJ, Lipsky BA. INGDF practical guidelines on the prevention
and management of diabetic foot disease (2019), https://iwgdfguidelines.org/wp—content/uploads/ 2021/03/IWGDF-2019—
final.pdf [Access January 2024]. doi: 10.1002/dmrr.3266. 0

15. Zhang P, Lu J, Jing Y, Tang S, Zhu D, Bi Y. Global epidemiology of diabetic foot ulceration: a systematic review and meta-
analysis. Ann Med. 2017 Mar;49(2):106-116. doi: 10.1080/07853890.2016.1231932.

Crarrs Hagiimoma 12.01.2024 p.

DOI 10.26724/2079-8334-2025-1-91-90-96
UDC 616.831-002-005.4(075.8).

L.R. Rahimova
Azerbaijan Medical University, Baku, Azerbaijan

PREDICTION OF ADVERSE OUTCOMES IN HYPOXIC-ISCHEMIC ENCEPHALOPATHY
IN TERM NEWBORNS

e-mail: mic_amu@mail.ru

The purpose of the study was to identify and predict adverse outcomes in term neonates diagnosed with hypoxic-ischemic
encephalopathy a total of 120 children, aged from birth to one year. The study cohort was divided into two groups: the main group
(90 patients with hypoxic-ischemic encephalopathy), and the control group (30 healthy children without a history of asphyxia). To
develop a predictive model, logistic regression analysis was employed, a robust statistical method designed to explore and quantify
the relationships between dependent and independent variables. A total of 67 independent variables (predictors) were identified,
encompassing anamnestic, clinical, and laboratory-instrumental parameters. Using multiple variable selection methods (Enter,
Forward, Backward, and Wald-based approaches), we identified key predictors that contribute significantly to the prognosis of
these neonates. The high classification accuracy achieved across all methods (ranging from 93.3 % to 96.7 %) demonstrates its
potential in clinical settings for predicting neonatal outcomes.

Key words: neonates, hypoxic-ischemic encephalopathy, predictive model, logistic regression analysis, outcomes.

JI.P. ParimoBa

MPOIrHO3YBAHHS HECIIPHUATIMBUX HAC/IIIKIB ITPA TTMOKCHUYHO-TIHEMIYHIA
EHHE®AJIOIIATII Y JOHOWEHUX HOBOHAPOIKEHUX

3 METOI0 JIOCTI/KEHHSI 3 BUSIBJICHHS Ta [POTHO3YBaHHS HECIPUSITIMBUX HACIIJIKIB Y JOHOILICHUX HOBOHAPOIKCHHX 3
JIIarHO30M TilTOKCUYHO-ileMiuHa eHiedanonaris, Oymno obctexeno 120 miTeid BIKOM BiJ HApODKEHHS JO OTHOTO POKY.
JlocmimkyBana Koropra Oyiia po3aijieHa Ha JBi Tpymnu: ocHOBHY (90 MaIfieHTIB 3 TiMOKCHYHO-IMIEMIYHOIO CHIC(aIonarier) Ta
koHTposbHY (30 310poBHX AiTel 6e3 acdikcii B anamue3i). Jl1st po3poOKu IpOrHOCTHYHOT Moziei Oys10 BAKOPUCTAHO JIOTICTHYHUI
perpeciiiHuii aHani3 — HaAIiHUIA CTAaTUCTUYHHUN METO[, IPH3HAYCHHUI U BUBYCHHS Ta KUTBKICHOI OL[IHKH B3a€MO3B'S3KIB MiXK
3aJICKHUMHU Ta HE3aJeKHUMHU 3MIHHUMH. YChOTO OyJIO BHSBICHO 67 HE3aJNe)KHHX 3MIHHUX (IPEAMKTOPIB), IO OXOIUTIOIOTH
aHAMHECTHYHI, KJIIHIYHI Ta JabOpaTOpHO-IHCTPYMEHTAbHI apaMeTpH. BUKOPHCTOBYIOUH METOIM MHOXHHHOTO BiZOOPY 3MiHHHAX
(Enter, Forward, Backward ta Wald-based migxoaun), Mi BUSBIIIN KJIFOUOBI MIPEAUKTOPH, SIKi BHOCSTH 3HAYHUI BHECOK y TPOTHO3
IIMX HOBOHApOJUKCHUX. BHcoka TouHicTh Kinacu¢ikamii, mocarHyta BciMa Meromamu (Bim 93,3 mo 96,7 %), memonctpye ii
HOTEHLiaN y KIHIYHUX yMOBAaX JUlsl IPOrHO3YBaHHS HEOHATAJIBLHUX PE3yJIBTATIB.

KirouoBi cioBa: HOBOHapOKCHI, TIMOKCHMYHO-IIIEMiYHa eHIledanonarisi, MPOTHOCTHYHA MOJCIb, JIOTICTUYHUIA
perpeciiiHuii aHasi3, pe3yabTari.

Hypoxic-ischemic encephalopathy (HIE) is a leading contributor to neonatal mortality and long-
term morbidity. Approximately 25 % of neonates diagnosed with HIE develop severe and irreversible
neurodevelopmental impairments, such as intellectual disabilities, cerebral palsy, epilepsy, and
sensorineural deficits. The primary etiology of neonatal HIE is perinatal asphyxia, often resulting from
complications such as umbilical cord entanglement or abnormalities in amniotic fluid, which can lead to
fetal distress, asphyxia, and hypoxia [2, 10].

The global incidence of hypoxic-ischemic encephalopathy is estimated to range from 1 to 3 per
1,000 live births in developed countries and from 2.3 to 30.6 per 1,000 live births in developing countries.
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Other reports suggest an incidence of approximately 1.5 per 1,000 live births. However, significant
discrepancies exist between figures reported in population-based and hospital-based studies, with estimates
ranging from 1 to 8 per 1,000 live births. HIE represents a complex, multisystem pathological condition
requiring intensive therapeutic management to monitor both cerebral function and dysfunction in non-
central nervous system organs [1, 5, 7].

It is estimated that approximately 6,700 neonates die each day, accounting for 47 % of all deaths
in children under five years of age—an increase from 40 % in 1990 [11]. Among neonates diagnosed with
hypoxic-ischemic encephalopathy, 20 % to 30 % succumb during the neonatal period, while 33 % to 50 %
of survivors experience lasting neurodevelopmental impairments, including cerebral palsy and intellectual
disabilities [3, 4]. Mortality serves as a critical metric for assessing the performance of healthcare systems;
however, accurately predicting it remains a complex challenge [9]. Reliable mortality prediction in the
intensive care unit has the potential to significantly improve administrative, organizational, public health,
and epidemiological planning, as well as therapeutic and diagnostic strategies.

The purpose of the study was to identify and predict adverse outcomes in term neonates diagnosed
with hypoxic-ischemic encephalopathy.

Materials and methods. According to purpose, we determined risk factors: investigated clinical
and demographic variables associated with increased mortality and morbidity in neonates with HIE;
identified key predictors of long-term neurodevelopmental impairments (e.g., cerebral palsy, intellectual
disability) and try to create the predictive model using logistic regression.

The work was performed on the basis of Azerbaijan Medical University. A total of 120 children,
aged from birth to one year, were examined. The study cohort was divided into two groups: the main group
included 90 patients with HIE of varying severity, all of whom had experienced perinatal asphyxia, while
the control group consisted of 30 healthy children without a history of asphyxia or central nervous system
(CNS) pathologies.

The main group was further stratified based on HIE severity into three subgroups: group I
comprised 10 newborns (11.1 %) with mild HIE (grade I), group Il — 46 newborns (51.1 %) with moderate
HIE (grade II), and group I1II consisted of 34 newborns (37.8 %) with severe HIE (grade III).

To develop a predictive model, logistic regression analysis was employed, a robust statistical
method designed to explore and quantify the relationships between dependent and independent variables.
The core principle of logistic regression is the partitioning of the conditional space of the dependent
variable into distinct classes by optimizing the likelihood of classification through maximum likelihood
estimation. The analysis separates the data into categories in a manner that maximizes the probability of
correctly assigning the initial value to a specific class.

Comparative analysis between surviving and deceased patients was performed using Student’s t-
test for independent samples. Predictive variables for outcomes in hypoxic-ischemic encephalopathy were
identified by assessing statistically significant differences between surviving and deceased patients using
Pearson’s chi-square and Mann-Whitney U tests for independent samples. Only variables demonstrating
statistically significant differences between these groups (p<0.05) were included in the predictive model
for mortality. Model performance was assessed using a contingency table, receiver operating characteristic
(ROC) curve analysis, and the area under the curve (AUC) score. The construction of the logistic regression
model involved a structured, stepwise process.

Results of the study and their discussion. Data analysis revealed that 77 patients achieved a
favorable disease outcome, while 13 patients succumbed to the condition. To construct a logistic
regression model, it was necessary to verify and satisfy a series of assumptions. This verification process
was conducted in two stages: initially during data preparation prior to analysis, and subsequently during
and after model construction. A total of 67 independent variables (predictors) were identified,
encompassing anamnestic, clinical, and laboratory-instrumental parameters. These variables were
subjected to comparative analytical assessments, focusing on statistically significant differences
(p<0.05). Quantitative characterization of these parameters facilitated the identification of the most
critical factors contributing to accurate diagnosis.

Predictive variables for outcomes in hypoxic-ischemic encephalopathy were summarized in
Table 1.

Comparative analysis revealed significant differences between these groups across several
parameters, including the number of deliveries, type of nutrition, clinical condition at admission, level of
consciousness, the shape of eye slits and nasolabial folds, eyeball movement patterns, and pupil condition
with photoreactive response (P,2<0.05, Py<0. 05).
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Characteristics of outcome measures in HIE, were as following: sO; for survived children was
88.3+1.2; 95 %CI1:85.9-90.7 (52-99.9); for died children was 77.2+3.5; 95 %CI1:69.6-84.8 (50-94);
P,»=0.001; Py=0.003. IR for survived children was 0.655+0.019; 95 %CI:0.616—0.693 (0.34—1) and
for those who died was 0.55240.043; 95 %CI:0.458-0.645 (0,42—1); P,,=0.044; Py=0.014. The liver
right lobe for survived children was 62.3+1.1; 95 %CI1:60.2-64.4 (44-86) and for died children was
55.842.0; 95 %CI:51.5-60.1 (45—69). The liver left lobe was 37.3+0.8; 95 %CI:35.7-38.8 (24-61) and
32.2+2.1; 95 %CIl:27.6-36.8 (19-43); P,»,=0.0188; Puy=0.036, respectively. FTOE was 0.1+0.0;
95 %CI1:0.1-0.2 (0.02-0.30) for survived children and 0.1+0.0; 95 %CI: 0.0-0.1 (0.02-0.10);
P,»<0.001; Py<0.001.

Table 1
Characteristics of indicators predictors studied
Result Py
Survived Died Py Mann-Whitney
Count N % Count N % test
Childbirth Primiparous 48 62.3 % 4 30.8% 0.033 0.034
Multiparous 29 37.7% 9 69.2 %
Feeding Natural 26 33.8% 1 7.7 % 0.01 0.002
Mixed 23 29.9 % 1 7.7 %
Artificial 27 351 % 10 76.9 %
Parenteral 1 1.3% 1 7.7 %
Existence 40 51.9% 5 385%
Condition Satisfactory 0 0.0 % 0 0.0 % p<0.001 p<0.001
Moderate 10 13.0 % 0 0.0 %
Serious 34 44.2 % 0 0.0 %
Extremely 33 42.9 % 0 0.0 %
serious
Died 0.0 % 13 100.0 %
Consciousness Clear 0.0 % 0.0 % 0.001 p<0.001
Medication 10 13.0 % 0.0 %
sleep
Stupor 34 44.2 % 0 0.0 %
Coma 33 42.9 % 13 100.0 %
Eye slits Symmetric 71 92.2 % 8 61.5% 0.002 0.002
Asymmetric 6 7.8 % 5 38.5%
Eye movements Full movement 6.5% 1 7.7 % 0.003 0.013
Floating 67 87.0 % 7 53.8%
Paresis 5 6.5% 5 38.5%
Pupils Norm 41 532 % 2 15.4 % 0.022 0.006
Miosis 28 36.4 % 7 53.8%
Mydriasis 8 10.4 % 4 30.8 %
Photoreaction yes 26 33.8% 4 30.8 % 0.001 0.106
of pupils Weak 47 61.0 % 4 30.8 %
No 4 52% 5 38.5%
Nasolabial folds Symmetric 77 100.0 % 10 76.9 % p<0.001 p<0.001
Asymmetric 0 0.0 % 3 23.1%

Note: Py2 — Pearson's criterion, Pu — Mann-Whitney test.

The results of the descriptive data analysis revealed statistically significant differences in several
parameters among patients with a fatal outcome, including lower blood oxygen saturation, increased liver
size, resistance index in the anterior cerebral artery, and FTOE values (Py?<0.05, Py<0.05).

The final predictive model included 14 variables. The next step involved constructing receiver
operating characteristic (ROC) curves for the prognostically significant indicators. This approach was used
to evaluate the clinical relevance of the predictors and to determine the optimal threshold values for the
test, maximizing both sensitivity (the probability of correctly identifying deceased patients) and specificity
(the probability of correctly identifying surviving patients).
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Fig. 1 presents the ROC curve, illustrating the predictive accuracy of mortality at varying threshold
levels for the following parameters: blood oxygen saturation, liver size, resistance index in the anterior
cerebral artery, and FTOE value.
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Fig. 1. Receiver operating characteristic (ROC) curve for the prognostic predictors. A) sO2- blood oxygen saturation; B) IR—
resistance index in the anterior cerebral artery; C) Liver size: rl-right lobe, ll-left lobe; D) FTOE—Fractional tissue oxygen extraction

The area under the curve (AUC) values were as follows: 0.24340,067; 95 %CI: 0.111-0.375;
p=0.003 for blood saturation (sO2), 0.286+0.079; 95 %CI: 0.132-0.440; p=0.014 for the resistance index
(RI), 0.293+0.072; 95 %CI:0.151-0.435; p=0.018 for the size of the right liver lobe, 0.318+0.089;
95 %CI:0.144-0.492; p=0.037 for the size of the left liver lobe, and 0.129+0.041; 95 %CI: 0.048-0.210;
p<0.001 for FTOE. These findings highlight the high predictive accuracy of the model in estimating the
likelihood of mortality in hypoxic-ischemic encephalopathy.

Consequently, these parameters may serve as reliable early-stage predictors of outcomes in HIE,
enabling timely and targeted therapeutic interventions.

Cut-off points (threshold values) were calculated to establish levels that differentiate between
positive and negative test results. These thresholds — sO2 at 1.432, IR at 1.405, right liver lobe size at 1.38,
left liver lobe size at 1.368, and FTOE at 1.688 — offer critical benchmarks for clinical decision-making
and enhance the precision of early-stage prognostication in HIE management.

The analysis of the informativeness of significant indicators revealed that several variables,
including the type and nature of nutrition, level of consciousness, liver size as assessed by ultrasound,
anterior cerebral artery resistance index measured through neurosonography, and FTOE values determined
by cerebral spectroscopy, demonstrate a notably high degree of diagnostic significance. Among these,
consciousness and FTOE values exhibit the highest sensitivity at 100 %, while nutrition, IR, and liver size
show sensitivity levels of 84.6 %, 76.9 %, and 69.2 %, respectively. However, the specificity of these
indicators is relatively low, with values of 63.6 % for nutrition, 57.1 % for consciousness, 68.8 % for liver
size, 63.6 % for IR, and 68.8 % for FTOE. The overall diagnostic value (ODV) for all indicators exceeds
60 %, indicating their utility in distinguishing between positive and negative outcomes.

The high negative predictive value (NPV) of these factors highlights the reliability of a negative
test result in accurately ruling out the presence of the condition or factor of interest. While these indicators
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demonstrate good sensitivity, their specificity remains limited, reducing the diagnostic utility of positive
test results. Consequently, these factors are most reliable for ruling out the presence of a condition when
test results are negative, rather than confirming its presence with positive results.

To improve the accuracy of the model and avoid unnecessary complexity, we analyzed predictors
for multicollinearity. The Spearman rank correlation coefficient (p) was calculated for this purpose.
Predictors with p values exceeding 0.70 were excluded from the study. Table 4 provides a subset of the
correlation analysis of predictors. A positive correlation was observed between lethality and nutritional
types (p=0.325, p<0.05), as well as between lethality and consciousness level (p=0.386, p<0.05).
Conversely, a negative correlation was identified between lethality and liver size (p=0.252, p<0.05).
Furthermore, blood oxygen saturation exhibited a negative correlation with both the PMA resistance index
(p=0.261, p<0.05) and FTOE (fractional tissue oxygen extraction) (p=—0.452, p<0.05). These findings
provide a deeper understanding of the factors influencing outcomes in hypoxic-ischemic encephalopathy
and highlight key variables to consider when developing a prognostic model.

Correlation analysis plays a pivotal role in identifying relationships between independent and
dependent variables. This process is critical for understanding data structure and selecting the most
significant predictors for inclusion in logistic regression models. To construct the predictive model, three
variable selection methods — Enter, Forward, and Backward — were applied, each tailored to logistic
regression.

The Enter method adds variables to the model in a single step based on their statistical significance.
In this analysis, nine predictors were incorporated. The classification accuracy of the resulting model was
96.7 %, indicating that it correctly identified the status (survivor or deceased) of 96.7 % of all patients in
the sample. This high value underscores the model's strong predictive capability. Classification accuracy,
while a straightforward measure of model performance, provides an intuitive understanding of how well
the model distinguishes outcomes within the data (Table 2).

Table 2
Logistic Regression, Forward
Variables not in the Equation
Score df P

Step 1 Variables Childbirth 1.715 1 0.190
Feeding 5.016 1 0.025
Consciousness 5.900 1 0.015
Eye movements 4.871 1 0.027
Pupils 5.510 1 0.019
Liver (rl) 5.749 1 0.016
Liver (11) 3.096 1 0.078
sO2 17.240 1 0.000
IR 3.018 1 0.082
Overall Statistics 27.052 9 0.001
Step 2 Variables Childbirth 0.426 1 0.514
Feeding 1.846 1 0.174
Consciousness 1.829 1 0.176
Eye movements 2911 1 0.088
Pupils 1.381 1 0.240
Liver (1) 6.344 1 0.012
Liver (11) 2.841 1 0.092
IR 3.270 1 0.071
Overall Statistics 12.615 8 0.126
Step 3 Variables Childbirth 0.993 1 0.319
Feeding 3.223 1 0.073
Consciousness 0.459 1 0.498
Eye movements 1.781 1 0.182
Pupils 0.248 1 0.618
Liver (11) 0.705 1 0.401
IR 2.843 1 0.092
Overall Statistics 8.130 7 0.321
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The Forward method, similar to the Enter method, evaluates variables for inclusion using additional
criteria to optimize model performance. This method was conducted in three stages:

— Step 1 included nine predictors.

— Step 2 excluded one predictor.

— Step 3 retained seven predictors.

Despite the exclusion of two variables, the percentage of correct classifications remained high at
93.3 %. This retention of seven predictors suggests that the model prioritizes these variables as the most
informative for classification, maintaining robust predictive accuracy.

The Forward Wald method, an extension of the Forward method, automates variable selection by
evaluating the statistical significance of model coefficients using the Wald test. After three stages, this
method yielded a model with six predictors and a classification accuracy of 93.3 %. This result confirms
the efficacy of these predictors in explaining variability in the dependent variable and underscores their
contribution to the model's predictive strength.

The Backward method begins with the inclusion of all variables in the model and sequentially
removes the least significant ones based on a specified criterion, such as the p-value.

— In Step 1, the model started with nine predictors.

— Through an iterative process over five additional steps, the model excluded less informative
variables, ultimately identifying five optimal predictors.

These five variables demonstrated sufficient explanatory power, resulting in a high classification
accuracy of 96.7 %. This performance highlights their significance in predicting outcomes.

The Backward Wald method combines the backward elimination approach with the Wald test to
refine variable selection further. Variables with the lowest statistical significance (highest p-value) are
sequentially removed until an optimal set of predictors is identified. Over six steps, this method retained
four predictors, which were deemed the most informative for classification and predictive modeling.

The model based on five variables demonstrates a high degree of predictive accuracy and may be
valuable for further analysis or practical applications. The final logistic regression equation includes only
the following parameters:

— Feeding (F): breastfeeding — 0, mixed — 1, artificial — 2, parenteral — 3;

— Liver size (right lobe RL);

— Blood saturation (sO);

— Resistance index (IR);

— Fractional tissue oxygen extraction (FTOE).

Pp=40.836+1.008xF — 0.207xRL — 0.272x sO2 — 6.074x IR — 80.334x FTOE

The formula thus calculates the probability (P) of an unfavorable outcome for newborns with HIE
who have experienced perinatal asphyxia.

In the other works the researchers found out that the outcomes in children with HIE might be related
to motor and cognitive abilities [3].

Ramirez A, et al, studying 62 subjects with HIE to understand the features of development after
neurological damages. But compered to our study they conducted the comparable evaluation with 35
subjects with congenital heart disease (CHD) to reveal the differences in the effects of HIE and CHD on
the development of network topological parameters and functional outcomes. According to their findings,
CHD newborns had worse 12—18month language (p<0.01) and 30month cognitive (p<0.01), language
(p=0.05), motor outcomes (p=0.01). However, the other data such as global efficiency, a metric of brain
integration, was lower in CHD (p=0.03) than in HIE, but transitivity, modularity and small-worldness were
similar [8]. We assessed short-term outcomes, and long-term outcomes will be the objectives of our future
studies.

With the purpose to build an evidence-based model to estimate case-specific risk of perinatal
hypoxic ischemic encephalopathy Leith WM, et al (2023) performed a retrospective, cross-sectional study
of all births in some USA, using linked maternal labor/delivery and neonatal birth records. They also used
stepwise logistic regression and ROC-analysis to identify the most predictive ability of the parsimonious
model. The authors revealed that the final model confirmed known risk factors (e.g., sentinel events and
shoulder dystocia) and identified novel risk factors, such as maternal race and insurance status. That study
showed the similar results with our work: the risk of perinatal hypoxic-ischemic encephalopathy can be
estimated with a high degree of reliability [6].
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Conclusion

The study successfully developed a predictive logistic regression model for adverse outcomes in
term neonates diagnosed with hypoxic-ischemic encephalopathy and perinatal asphyxia. Using multiple
variable selection methods, including Enter, Forward, Backward, and Wald-based approaches, we
identified key predictors that contribute significantly to the prognosis of these neonates. The high
classification accuracy achieved across all methods (ranging from 93.3 % to 96.7 %) indicates the
robustness and reliability of the model, demonstrating its potential in clinical settings for predicting
neonatal outcomes.

The variables identified as most informative, including clinical, anamnestic, and laboratory
parameters, offer valuable insights into the factors influencing the prognosis of HIE. These predictors are
crucial for guiding clinical decision-making, particularly in stratifying risk and determining the need for
more aggressive interventions. Furthermore, the model’s ability to accurately predict both mortality and
long-term neurodevelopmental impairments emphasizes its relevance for both immediate and future care
planning.
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