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Chronic rhinosinusitis represents a major healthcare burden with recurrence rates after functional endoscopic sinus
surgery ranging from 6 % to 65 %. Machine learning approaches offer superior predictive capabilities compared to traditional
statistical methods. This retrospective study analyzed 426 CRS patients who underwent functional endoscopic sinus surgery during
2019-2025. Seven machine learning algorithms were applied, and an ensemble model was developed. A simplified clinical risk
score was created based on the most significant predictors for routine clinical use. Recurrence occurred in 157 patients (36.9 %)
during 32.8+9.4 months follow-up. The ensemble model demonstrated the highest performance with AUC=0.94 and accuracy
=89.2 %. Key predictors included previous surgery (OR=3.24), olfactory cleft obstruction >2 points (OR=2.87), blood eosinophilia
>6 % (OR=2.34), and Lund-Mackay index >16 (OR=1.89). The simplified clinical risk score showed acceptable predictive ability
(AUC=0.89) for routine practice. A two-tier prediction approach combining high-accuracy ML models for specialized centers and
simplified clinical scores for routine practice can optimize personalized treatment strategies.
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BATATO®AKTOPHUIA AHAJII3 IIPOT HO3YBAHHA PEHUAUBY XPOHIMYHOTI'O
PAHOCHHYCHUTY HICJIA @YHKIIOHAJIBHOI EHIOCKOITYHOI XIPYPI'TI
3 BUKOPUCTAHHSM KOMBIHALIII METOAIB MAIIMHHOI'O HABYAHHS

XPpOHIYHUH PUHOCHHYCHUT CTAHOBHUTH CEPHO3HE HABAHTAXKCHHS HA CHCTEMY OXOPOHHM 3/10pOB’sl, 1[0 0OYMOBJICHO B TOMY
YHCITi, YaCTOTOO PELMAUBIB Micis (yHKIIOHAIBHOT €HA0CKOIIYHOT Xipyprii masyx Hoca, sika KOJMBAEThCSA B Mexax Bix 6 % 10
65 %. BukopucraHHS MAaIIMHHOTO HAaBYAHHS JO3BOJISIE MOKPAIIUTH IPOTHOCTHYHI MOMJIMBOCTI HOPIBHSHO 3 TPamgUIiHHUMU
CTaTHCTUYHMMH METOJlaMU B BH3Ha4eHHI pu3uKy peuunusy XPC. B maHoMy peTpoCreKTHBHOMY IOCIIPKEHHI IIPOaHaIi30BaHO
426 nauientiB 3 XPC, siki nepeHecnu (QyHKI[IOHATIbHY €HIOCKOMIYHY Xipyprito masyx Hoca mpotsiroM 2019-2025 pokis. st
MOPiBHSHHS OyJI0 BUKOPUCTAHO CiM alITOPUTMIB MAIIMHHOTO HaBYaHHS Ta po3po0IieHo KoMOiHOBaHy Mozenb. CrpolieHa KiliHi9Ha
OLliHKAa PU3UKy Oyna CTBOpEHAa HAa OCHOBI HaWOLIBII «SIKICHUX» (haTOpiB PU3HKY IUISI PYTUHHOTO KITIHIYHOTO BHKOPHUCTAHHS.
Penuaus cnocrepirascs y 157 mnanientis (36,9 %) mporsrom 32,849,4 wMicauis crnocrepexenHs. KombiHoBaHa Monenb
IIPOAEMOHCTpYBala HalBUIy IpoxykTuBHicTs 3 AUC=0,94 ta TounicTio =89,2 %. KirtouoBuMu mpeuxropamu Oyiiu rmorepeHe
xipypriune Brpydanus (OR=3,24), obctpyxkuis HIoxoBoi mituau >2 Gamu (OR=2,87), eo3uHodinis kposi >6 % (OR=2,34) ta
ingeke Jlanp-Maxkkes >16 (OR=1,89). Cnpomiena kiiHiYHa IMIKalda PU3MKY IMOKa3aja MPUHAHATHY HPOTHOCTHYHY 3/aTHICTDH
(AUC=0,89) mns xiiHigHOI MpakTUKK. JIBOpiBHEBUH MigXiA X0 NPOTHO3YBAHHS, IO MOEJHY€E MOAENI MAIIMHHOTO HABYaHHS Ta
KJIIHIYHI IIKaIM MOXKYTh OITHUMI3yBaTH CTpaTerii JTiKyBaHHS KO)KHOTO OKPEMOTO IaIli€HTa.

KurouoBi ci10Ba: XpoHiYHMI PUHOCHHYCHUT, MAIIMHHE HABYAHHSI, IPOTHO3YBaHHs, PELU1B, KOMOIHOBaHI Mozelti.

The study is a fragment of the research project “Innovative approaches to the diagnosis and treatment of acute and
chronic pathologies of the ear, upper respiratory tract, and adjacent areas,” state registration No. 0123U100921.

Chronic rhinosinusitis (CRS) is one of the most prevalent chronic diseases worldwide, which
according to recent epidemiological studies affects from 4.72 % (1980-2000) to 19.40 % (2014-2020) of
the adult population, demonstrating an almost 4-fold increase in prevalence over the past 40 years [3].
According to the European Position Paper on Rhinosinusitis and Nasal Polyps 2020 (EPOS 2020), CRS is
characterized by prolonged inflammation of the nasal and paranasal sinus mucosa with typical
symptomatology that significantly reduces patients' quality of life [4]. The economic burden of the disease
is enormous, amounting to more than 60 billion dollars annually in the United States alone [5].

Functional endoscopic sinus surgery (FESS) remains the gold standard treatment for CRS patients
who are resistant to conventional (basic) conservative therapy [4]. However, the recurrence rate after FESS
remains high, varying from 6 % to 65.8 % depending on the population and recurrence assessment criteria
[6]. Studies show that in patients with eosinophilic chronic rhinosinusitis with nasal polyps and asthma,
recurrence rates can reach 95.6-96.1 % during 5-year follow-up, which further reveals this problem in
terms of treatment [7].

The modern concept of CRS endotyping, proposed by the EPOS 2020 expert group, emphasizes
the importance of a personalized approach to treatment with the identification of three main types of
inflammation (Type 1, Type 2, Type 3), which are based on corresponding pathogenetic mechanisms [8].
However, predicting recurrence still remains a complex task that requires comprehensive analysis of
numerous clinical, laboratory, and imaging data.
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Traditional statistical methods have limited ability to analyze complex nonlinear relationships
between various clinical factors [9]. At the same time, new algorithms in the form of machine learning
(ML) provide new opportunities for creating more accurate prognostic models. Numerous studies
demonstrate the high effectiveness of machine learning algorithms in medicine, especially combined
methods that combine the advantages of several different algorithmic structure ML algorithms [10].

In otolaryngology, ML is beginning to be actively used for diagnosis and prognosis of head and
neck diseases [11]. A systematic review demonstrated significant potential for deep machine learning in
otolaryngology, but prognostic models for predicting CRS recurrence after FESS remain limited [12].
Particularly relevant is the development of comprehensive prognostic algorithms using modern clinical
metrics to optimize treatment strategies and improve long-term CRS treatment outcomes.

The purpose of the study was to develop and validate a comprehensive prognostic model for
predicting chronic rhinosinusitis recurrence after functional endoscopic surgery using combined machine
learning methods.

Materials and methods. A retrospective analysis of a cohort of patients with chronic rhinosinusitis
who underwent functional endoscopic surgery at the bases of the Department of Otorhinolaryngology of
Bogomolets National Medical University from January 2019 to December 2025 was conducted. Inclusion
criteria: confirmed diagnosis of chronic rhinosinusitis according to EPOS 2020 criteria [4], patient age
from 18 to 75 years, performed functional endoscopic sinus surgery, minimum observation period of 24
months after surgery, availability of complete clinical, laboratory, and imaging data before and after
surgical intervention.

The work was carried out within the framework of the Scientific Research Work of the Department
of Otorhinolaryngology of the Bogomolets National Medical University on the topic «Innovative
approaches to the diagnosis and treatment of acute and chronic pathology of the ear, upper respiratory tract
and adjacent areasy, state registration number 0123U100921, implementation period 2023-2025.

The study was conducted in accordance with the principles of the Helsinki Declaration. Written
informed consent for participation in the study was not required, as the study was retrospective and analyzed
existing patient data. We ensured complete anonymization of patient data after their inclusion in the study.
No personal patient information is mentioned in the database or in the article. The study was approved by the
Bioethics Committee of Bogomolets National Medical University, protocol No. 183 dated 25.03.2024.

Exclusion criteria: malignant neoplasms of the nose and paranasal sinuses, immunodeficiency
states, cystic fibrosis, incomplete medical records or absence of treatment outcome data. Chronic
rhinosinusitis recurrence was defined as the return of characteristic disease symptomatology combined with
otolaryngological examination data, nasal endoscopy, and CT scan of paranasal sinuses.

For each patient, demographic data (age, gender, body mass index), medical history data on disease
duration, number of previous surgical interventions, presence of comorbidities, and allergological history
were collected. Clinical parameters included the presence of polyps in the nasal cavity, inflammatory
process extent, and olfactory cleft obstruction. Laboratory parameters: complete blood count with
leukocyte formula, total immunoglobulin E level (when available), and vitamin D level (when available)
in blood serum.

Imaging parameters were assessed using computed tomography of paranasal sinuses with
calculation of the Lund-Mackay index, osteitis index according to Global Osteitis Scoring Scale (GOSS),
sinus filling coefficient, and Assessment of Pneumatization of the Paranasal Sinuses (APPS) scale.

Statistical analysis was performed using Python 3.9 software with pandas, scikit-learn, numpy,
matplotlib, seaborn, and statsmodels libraries. Group comparisons were conducted using Student's t-test
for continuous variables and y>-test for categorical variables.

For developing prognostic models, seven different machine learning algorithms were applied:
logistic regression with L2-regularization, Random Forest, Support Vector Machine (SVM) with radial
basis function, Gradient Boosting, multilayer perceptron (MLP), Naive Bayes classifier, and combined
model (Ensemble model), which combined the best methods using the stacking principle.

Considering the complexity of implementing ML algorithms in routine clinical practice, a
simplified clinical risk scale for recurrence was developed based on the most significant predictors from
multivariate analysis for use by physicians without the need for special software.

The dataset was randomly divided into training sample (70 %) and test sample (30 %). For each
algorithm, hyperparameter optimization was performed using grid search method with five-fold cross-
validation. Model quality was assessed using area under the ROC curve (AUC), accuracy, sensitivity,
specificity, positive and negative predictive values. Mean values are presented as M=+m. Statistical
significance was set at p<0.05.
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Results of the study and their discussion. The study included 426 patients with chronic
rhinosinusitis who met all inclusion criteria. The mean age of patients was 44.1+£13.2 years (range: 18-75
years). Among included patients, males predominated — 251 persons (58.9 %), while females comprised
175 persons (41.1%). The mean body mass index was 26.1+4.4 kg/m?>.

During the mean follow-up period of 32.8+9.4 months, chronic rhinosinusitis recurrence was
diagnosed in 157 patients, which comprised 36.9 % of the total number of patients included in the study.
The mean time to recurrence development was 19.8+10.7 months.

Patients with CRS recurrence were statistically significantly older (47.8+12.1 years vs. 41.6=13.1
years, p<0.001), had higher body mass index (27.2+4.5 vs. 25.4+4.2 kg/m?, p=0.001), and longer disease
duration before surgery (61.4+36.3 vs. 34.1£29.8 months, p<0.001).

To assess the impact of each evaluated parameter on CRS recurrence probability, multivariate
logistic regression analysis was performed, which revealed nine independent prognostic factors for chronic
rhinosinusitis recurrence. The strongest predictor was previous surgical interventions with odds ratio 3.24
(95 % CI: 2.1-4.8, p<0.001). The second most significant factor was olfactory cleft obstruction >2 points
with odds ratio 2.87 (95 % CI: 1.9-4.2, p<0.001). Detailed results of multivariate analysis are presented in
Table 1. It should be noted that blood eosinophilia >6% showed odds ratio 2.34 (95 % CI: 1.6-3.4,
p<0.001), which is especially important in "Type 2" inflammation, and Lund-Mackay index >16 points
was associated with odds ratio 1.89 (95 % CI: 1.3-2.7, p=0.001), reflecting the significance of imaging
severity in predicting recurrence.

Table 1
Results of multivariate logistic regression analysis
Factor Coefficient SE OR (95 % CI) p-value
Previous FESS 1.176 0.204 3.24(2.1-4.8) <0.001
Olfactory cleft obstruction >2 1.054 0.198 2.87 (1.9-4.2) <0.001
Eosinophilia >6 % 0.851 0.187 2.34 (1.6-3.4) <0.001
Lund-Mackay >16 0.637 0.178 1.89 (1.3-2.7) 0.001
Bilateral process 0.584 0.165 1.79 (1.2-2.7) 0.003
Age >45 years 0.523 0.154 1.69 (1.1-2.5) 0.011
APPS >12 0.498 0.149 1.65 (1.1-2.4) 0.018
Bronchial asthma 0.467 0.145 1.60 (1.0-2.4) 0.034
Allergic rhinitis 0.445 0.141 1.56 (1.0-2.3) 0.041

Note: SE — standard error of regression coefficient; OR — odds ratio.

We also conducted a comparative analysis of the effectiveness of seven different machine learning
algorithms for predicting chronic rhinosinusitis recurrence based on our database. The results of evaluation
on the test sample are presented in Table 2. The highest efficiency was demonstrated by the combined
model, which combined the best characteristics of several algorithms using the stacking principe.

Table 2
Comparison of machine learning algorithm effectiveness
Algorithm AUC Accuracy Sensitivity Specificity PPV NPV
Logistic regression 0.86 81.7 % 76.2 % 85.1 % 76.2 % 85.1 %
Random Forest 0.91 852 % 81.0 % 87.8% 81.0 % 87.8 %
SVM 0.88 83.5% 78.6 % 86.5 % 78.6 % 86.5 %
Gradient Boosting 0.92 87.0 % 83.3 % 89.2 % 83.3 % 89.2 %
MLP 0.89 84.3 % 80.9 % 86.5 % 80.9 % 86.5 %
Naive Bayes 0.82 78.3 % 73.8% 81.1 % 73.8 % 81.1 %
Combined model 0.94 89.2 % 85.7 % 91.9 % 85.7 % 91.9 %

Note: PPV — positive predictive value; NPV — negative predictive value.

Thus, the combined model showed an area under the ROC curve of 0.94 (95 % CI: 0.91-0.97),
which is a good result specifically for medical ML prognostic models. The model's accuracy was 89.2 %,
sensitivity — 85.7 %, and specificity — 91.9 %. The positive predictive value was 85.7 %, meaning that out
of every 100 patients for whom the model predicted recurrence, 86 will actually develop disease recurrence.
Gradient Boosting was the second most effective algorithm with AUC 0.92 and accuracy 87.0 %. The
Random Forest algorithm demonstrated stable results with AUC 0.91 and more balanced sensitivity and
specificity indicators. Traditional logistic regression showed acceptable results with AUC 0.86, but was
the worst compared to modern machine learning methods.

Feature importance analysis from the studied combined ML model allowed establishing the
hierarchy of chronic rhinosinusitis recurrence risk factors. Previous surgical interventions had the greatest
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"weight" (weight=0.187), confirming clinical observations about increased recurrence risk in patients with
repeated/revision surgical interventions. Olfactory cleft obstruction took second place (weight=0.156),
which is explained by the critical role of this anatomical structure in ensuring ventilation and drainage of
the upper ethmoid labyrinth divisions. The Lund-Mackay index received third place in importance
(weight=0.134), reflecting the significance of CT PNS severity changes in disease course prognosis. Blood
eosinophilia had a weight of 0.129, confirming the role of Type 2 inflammation in recurrent chronic
rhinosinusitis pathogenesis. Disease duration (weight=0.098) and patient age (weight=0.087) also showed
significant influence on prognosis.

Therefore, based on multivariate analysis results and "feature importance" analysis of the combined
ML model, we developed a simplified clinical risk scale for chronic rhinosinusitis recurrence (CRRS -
Chronic Rhinosinusitis Recurrence Score), with the following risk factors with a maximum sum of 12
points: Previous FESS (3 points), Olfactory cleft obstruction >2 points (3 points), Eosinophilia >6 % (2
points), Lund-Mackay >16 (2 points), Bilateral process (1 point), Age >45 years (1 point). The scale
includes the most significant and easily accessible factors in clinical practice for recurrence prediction with
weight coefficients proportional to their prognostic value.

Internal validation of the combined ML model was performed using five-fold cross-validation,
which showed stability of results with mean AUC 0.93+0.02, while the CRRS scale demonstrated AUC
0.89 (95 % CI: 0.85-0.92) when validated on an independent test sample, indicating good generalization
ability of the model. Model calibration was assessed using the Hosmer-Lemeshow test, which did not reveal
statistically significant deviations from ideal calibration (p=0.341 for CRRS scale). The concordance index
was 0.87, indicating high agreement between predicted and observed results.

Thus, applying the CRRS scale to the entire cohort allowed stratifying patients by recurrence risk.
173 patients (40.6 %) fell into the low-risk group, 167 patients (39.2 %) — into the moderate risk group,
and 86 patients (20.2 %) — into the high-risk group. The actual recurrence rates in these groups were 11.6 %,
32.3 %, and 68.6 % respectively, which correlates well with predicted indicators.

The study results demonstrate high effectiveness of combined machine learning methods for
predicting chronic rhinosinusitis recurrence after functional endoscopic sinus surgery. Our obtained area
under the ROC curve of 0.94 for the combined ML algorithm model somewhat exceeds the indicators of
published prognostic systems in otolaryngology, head and neck surgery [9]. We note that previous studies
in the field using machine learning methods or neural networks in Ukraine have already been conducted
by a group of researchers who also showed good results in X-ray segmentation based on binary
classification — «sinusitis» and «normal» [2]. Drawing parallels with European data on general clinical
parameters, we found that the CRS recurrence rate in our study (36.9 %) correlates well with global
indicators and is within the range reported by other researchers [14, 15]. The mean time to recurrence of
19.8 months also agrees with international data [15], so it can be said with high confidence that the
characteristics of CRS course in the Ukrainian population are similar to global patterns.

Our identified CRS recurrence predictors correspond to current understanding of disease
pathogenesis. Previous surgical interventions as the most powerful predictor (OR=3.24) agree with
systematic review results reporting high revision intervention rates [15]. Blood eosinophilia >6 %
(OR=2.34) as a recurrence predictor correlates with the Type 2 inflammation concept proposed in EPOS
2020 [7]. A feature of our study was deep processing of CT PNS data using an extended set of metrics,
including osteitis index and sinus filling coefficient, APPS scale and other metrics, which represents an
important step forward in quantitative assessment of disease severity. These indicators allow more accurate
characterization of pathological changes compared to traditional qualitative assessments and allowed more
correct evaluation of different ML model capabilities, including the combined one, and the developed
CRRS scale based on logistic regression and combined ML data [10]. Moreover, considering significant
individual anatomical variability of head and neck structures, confirmed by modern morphological studies
[1], such a personalized approach to assessing anatomical features and patient medical history becomes
even more relevant for optimizing diagnostic and treatment algorithms.

The developed combined ML model and simplified CRRS scale have different practical
applications. The combined ML model with AUC 0.94 provides the highest prediction accuracy and can
be used in specialized centers with appropriate technical support for the most accurate risk stratification.
Meanwhile, the CRRS scale (AUC 0.89) is designed for daily use, not requiring special software or
complex calculations.

The clinical significance of both approaches lies in the possibility of personalizing treatment
strategies according to current EPOS/EUFOREA recommendations [5]. High-risk patients may be offered
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more aggressive therapy, including biological therapy, prolonged topical corticosteroid administration, and
intensive monitoring. Low-risk patients may receive standard treatment with less frequent observation.

The main limitation of our study is its retrospective nature and its single-center design, which may
affect the generalizability of the results to other patient populations. The developed machine learning model
also needs to be tested on patients from other clinics to definitively confirm its effectiveness in different
settings, which may be the subject of future research.

Conclusions

1. The combined machine learning model provides the highest accuracy for predicting chronic
rhinosinusitis recurrence after functional endoscopic surgery with an area under the ROC curve of 0.94,
significantly surpassing traditional statistical methods.

2. Previous surgical interventions, olfactory cleft obstruction, blood eosinophilia, and Lund-
Mackay index are the most significant recurrence predictors with odds ratios from 1.89 to 3.24.

3. The developed simplified clinical CRRS scale allows effective stratification of patients into three
risk groups with actual recurrence rates of 11.6 %, 32.3 %, and 68.6 % respectively, providing acceptable
accuracy (AUC=0.89) for routine clinical use.

4. The chronic rhinosinusitis recurrence rate in the Ukrainian population is 36.9 % during a mean
follow-up period of 32.8 months, which aligns well with global trends.

5. A two-step approach to predicting CRS recurrence, combining a highly accurate combined ML
model and a simplified clinical scale for routine practice, allows for the optimization of personalized
treatment strategies and the identification of patients who require biological treatment and frequent
monitoring.

6. Comprehensive assessment of radiological data using an expanded set of radiological scales in
combination with clinical and laboratory parameters provides a more accurate quantitative characterization
of disease severity and improves the predictive ability of machine learning models compared to traditional
qualitative assessments.
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