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Abstract

Perioperative respiratory risk represents a major interdisci-
plinary challenge, as postoperative pulmonary complications
(PPCs) are associated with increased mortality, prolonged hos-
pital stay, and higher healthcare costs. Heterogeneity in the
definitions of complications complicates the interpretation
of the literature; initiatives such as Standardised Endpoints
in Perioperative Medicine (StEP) and the European Society
of Anaesthesiology working group on European definitions
have proposed harmonised definitions and severity grading
systems, thereby improving comparability across studies and
clinical applicability of results. This narrative review synthe-
sises data on the epidemiology of PPCs, patient- and proce-
dure-related risk factors, methods of risk stratification and
prevention, and presents contemporary prognostic models
ranging from clinical risk scores to machine learning algo-
rithms, with particular emphasis on validation requirements
and reporting standards. Practical implications include the
need to apply StEP definitions with severity grading alongside
discrete registry-based outcomes according to the NSQIP
(National Surgical Quality Improvement Program) classifi-
cation, to perform external validation of predictive models,
and to implement bundled preventive strategies throughout
all phases of perioperative care in high-risk populations. Inte-
gration of standardised outcomes, validated risk models, and
multistage preventive interventions, including the use of ma-
chine learning algorithms, provides a foundation for reducing
the incidence of PPCs and improving long-term outcomes.
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Pegpepam
NepvionepaLMOHHbIi pecnMpaTOpHbIA PUCK — Cepbe3Has
MeXAMCuMnAnHapHaa npobnema,  nocneonepauyoHHble

pecnMpaTopHble  OC/IOXHEHUA MOBLIWAOT  /1eTa/bHOCTb,
A/MTENbHOCTb FOCMMUTaANN3aLUM U CTOUMOCTb /1e4eHua. le-
TEPOreHHOCTb OMpefeneHna OCNOXHEHWUIN 3aTPYAHAERT WH-
TeprpeTaumio anMTepaTypsl; HMumatneel Standardised End-
points in Perioperative Medicine (StEP) u pa6ouyeit rpynnbi
eBporneinckoro obljectsa aHecTe3nonoros no paspaboTtke
€BPONenNCcKmX AePpUHNLNA NPeASOKUAN COrNIacoBaHHbIe je-
GUHNLIMM 1 LIKaNY TAXECTW, NOBbILWAKOLWMe CONOCTaBUMOCTb
NcCneA0BaHNM N KNIMHNYECKYIO MPUMEHNUMOCTb Pe3yNbTaTos.
B HacToALleM HappaTMBHOM 0630pe CMHTE3MPOBaHbI aHHbIe
06 3nugemMmonornmM nocaeonepaLoHHbIX pecrpaTopHbIX
OC/IOXHEHWN, CBA3AHHbIX C MaLMEHTOM U BMeLlaTeNbCTBOM,
daKTOopax pucka, MeTogax CTpaTUdMKaLum 1 NpoPuUaaKTu-
Ke, a TaKXe npe/AcTaB/ieHbl COBPEMEHHbIe MOAe/IM MPOrHo3a
OT K/JMHWYECKMX LWKan A0 anropuTMOB MallMHHOro obyye-
HWA C aKLLeHTOM Ha TpeboBaHMA K BaAMAALMUM N OTHETHOCTY.
lNpaKTUYeCcKMe BbIBOAbI BKIOYAIOT HEOOXOAMMOCTb UCMO/b-
30BaTb AeduHMLMM StEP crpagaumen TAxecTn n ANCKpeTHble
peructposble cobbiTus no knaccudmrayum NSQIP (National
Surgical Quality Improvement Program), npoBoAWTb BHeLu-
HIOIO BaNMAaLMIoO MOAeNein 1 BHeAPATb NaKeT NpodunaxTm-
YeCKMX MepornpuATUIA Ha BCeX 3Tamnax nepuonepaLmoHHOro
nepuoja B rpynnax pucka. MIHTerpauua ctaH4apTM30BaHHbIX
NCXO/0B, BaMAVPOBAHHbIX MOAE/1e PUCKA M MHOMO3TamnHbIX
NpodUNAKTUYECKMNX BMELLATENbCTB, B TOM YUC/IE C UCMO0/1b30-
BaHWEM a/rOpPUTMOB MaLIMHHOIO 0Byy4eHnsA, co34aeT OCHOBY
ANA CHUKEHMA 4acTOTbl NOC/e0NepaLMOHHBIX pecnupaTop-
HbIX OC/IOMHEHWI 1 YAy4LleHNA OTAaNeHHbIX Pe3y/bTaToB.

K/TFOMEBbIE CJ/TIOBA: oLieHKa pycKa, nocieonepaLMoHHble
OC/IOHEHWA, IerOYHble OCIOKHEHMSA, NepuonepaLMoHHasn
MOMOLLb, MaLUIMHHOE 0DYYeHWe, NCKYCCTBEHHBIN MHTENNEKT
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Introduction

Perioperative respiratory risk remains one of the lead-
ing causes of adverse outcomes in contemporary surgery,
anesthesiology, and intensive care medicine. Postoperative
pulmonary complications (PPCs) are associated with in-
creased in-hospital and early postoperative mortality,
prolonged hospitalization, and higher healthcare expendi-
tures [1-4]. Consequently, assessment and prevention of
PPCs have become strategic priorities for multidisciplinary
perioperative care teams.

The COVID-19 pandemic further highlighted the clini-
cal significance of this problem. Patients with perioperative
SARS-CoV-2 infection demonstrated substantially higher
rates of PPCs and mortality compared with the pre-pan-
demic era, prompting expansion of preoperative screening
protocols and reconsideration of perioperative manage-
ment strategies [5, 6].

Interpretation of available evidence is complicated
by the heterogeneity of PPC definitions. The joint task
force of the European Society of Anaesthesiology and the
European Society of Intensive Care Medicine proposed the
European Perioperative Clinical Outcome (EPCO) defi-
nitions to standardize terminology and severity grading.
Nevertheless, significant variability persists in the interpre-
tation of terms such as “pneumonia,” “respiratory failure,”
and other pulmonary outcomes across published studies
[1, 7]. In this context, harmonized definitions and validated
severity scales are increasingly important not only for inter-
study comparability but also for the development of repro-
ducible predictive models.
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Importantly, both short- and long-term consequenc-
es of postoperative complications should be considered.
Differences in surgical mortality between hospitals are
determined not only by complication rates but also by
the ability to prevent death once complications occur [8].
Postoperative complications independently worsen long-
term survival [9]. In a large international multicenter co-
hort, development of postoperative complications nearly
doubled 1-year mortality, with respiratory failure demon-
strating the strongest association with death [10]. Similar
findings have been reported in thoracic surgical cohorts fol-
lowing lung resection [11]. Collectively, these data under-
score the central role of respiratory complications as major
determinants of adverse postoperative outcomes [8-11].

The aim of this analytical narrative review is to inte-
grate epidemiology, standardized outcome measures, pre-
dictive risk models, and preventive interventions into a uni-
fied, practice-oriented concept of perioperative respiratory
risk. Preparation of the manuscript was guided by the Scale
for the Assessment of Narrative Review Articles to improve
transparency and reproducibility. The conceptual frame-
work of this review was based on the narrative review by
Zabolotskikh (2024), which proposed a systems-based ap-
proach to perioperative risk assessment; its structural and
methodological principles informed the architecture of the
present review [12].

This review sequentially addresses contemporary defi-
nitions and standardized outcomes of PPCs, clinical and
statistical models for perioperative respiratory risk assess-
ment, machine-learning approaches to complication pre-
diction, modifiable risk factors, and evidence-based strat-
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egies for prevention of PPCs throughout the perioperative
period.

Objective

The aim of the study was to substantiate the concept of
perioperative respiratory risk based on an analysis of con-
temporary approaches to the definitions, classification, and
prediction of adverse respiratory outcomes.

Materials and methods

A targeted literature search was conducted in
MEDLINE/PubMed, Embase, and the Cochrane Library
covering the period from January 2000 to November 5,
2025. The following keywords and their combinations were
used: “postoperative pulmonary complications,” “periop-
erative respiratory risk,” “ARISCAT,” “Arozullah,” “Gupta
respiratory failure,” “LAS VEGAS risk score,” “SPORC-2,”
“StEP endpoints,” “lung protective ventilation,” “prehabili-
tation,” “pneumonia,” “machine learning,” and correspond-
ing Russian-language terms.

Eligible publications included original observation-
al studies and clinical trials, systematic reviews and me-
ta-analyses, as well as professional society guidelines ad-
dressing postoperative pulmonary complications (PPCs)
and perioperative respiratory risk. Non-peer-reviewed
materials (including conference abstracts and preprints
without subsequent full publication) and studies lacking
quantitative data on PPCs or predictive models were ex-
cluded.

Literature screening and selection were independent-
ly performed by two authors, with disagreements re-
solved by consensus. For the section dedicated to ma-
chine-learning approaches, the methodological checklists
Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis for artificial intelli-
gence (TRIPOD+AI) and Prediction Model Risk of Bias
Assessment Tool for artificial intelligence (PROBAST+AI)
were additionally considered as methodological quality
benchmarks.

Studies involving pediatric patients (< 18 years of age)
were excluded from the analysis.

Systematic reviews, meta-analyses, and professional
society guidelines were used primarily as navigational re-
sources for identifying key primary studies and consensus
definitions. Within the analytical synthesis, priority was
given to original studies, including derivation and valida-
tion cohorts as well as randomized clinical trials, whereas
reviews and guidelines were used mainly for contextualiza-
tion, comparison of findings, and assessment of the evolu-
tion of clinical approaches. This strategy reduced the risk of
data duplication and ensured that conclusions were primar-
ily based on original sources of evidence.

» «
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Adverse perioperative respiratory outcomes:
definitions and classifications

Perioperative respiratory risk is defined as the prob-
ability of developing postoperative pulmonary and airway
complications resulting from the interaction of patient-,
surgery-, and anesthesia-related factors.

Epidemiology of perioperative pulmonary complications

Postoperative respiratory failure and pulmonary com-
plications occur in 5-88 % of patients, depending on the
type of surgery and patient population studied [13]. The
development of postoperative pulmonary complications
(PPCs) increases mortality by 3-5-fold, particularly in pa-
tients with chronic obstructive pulmonary disease (COPD),
heart failure, and COVID-19 [13]. PPCs prolong hospital
stay by 2-3 times and substantially increase healthcare costs
[14].

Contemporary international guidelines emphasize the
need for comprehensive assessment of PPCs, encompass-
ing not only respiratory failure but also a broad spectrum of
pulmonary disorders [15]. The following complications are
commonly included within the PPC spectrum:
atelectasis (20 %);
aspiration pneumonitis (1-3 %);
bronchospasm (1-3 %);
laryngospasm (1.5 %);
acute respiratory distress syndrome (ARDS) (2-5 %);
tracheal reintubation (3-10 %; up to 25-30 % in high-
risk patients);
postoperative respiratory failure (5-10 %);
pleural effusion (3-8 %);
pneumonia (1-3 %);
pneumothorax (0.5-2.0 %).

Each of these complications significantly affects sur-
gical outcomes, the need for mechanical ventilation, and
duration of hospitalization [16, 17]. Importantly, the cu-
mulative effect of several “moderate” complications (e.g.,
atelectasis, bronchospasm, or oxygen requirement) may
be comparable to that of a single severe event such as pro-
longed mechanical ventilation or ARDS.

The Problem of PPC definitions: what should be
considered a complication and why does it matter?

EPCO: A Unified Approach to Perioperative Outcomes
(European Perioperative Clinical Outcome), 2015

In 2015, a joint task force of the European Society
of Anaesthesiology (ESA) and the European Society of
Intensive Care Medicine (ESICM) proposed a standardized
set of clinical outcomes known as European Perioperative
Clinical Outcome (EPCO) definitions [7]. The primary
objective was to establish consensus terminology and stan-
dardized rules for reporting perioperative outcomes in clin-
ical research.



The EPCO document describes 22 adverse events, in-
cluding pneumonia, acute respiratory failure, reintubation,
mechanical ventilation lasting > 48 h, and ARDS, while also
introducing severity grading based on the impact on patient
management (e.g., supplemental oxygen therapy, noninva-
sive ventilation, invasive mechanical ventilation) [7]. Thus,
EPCO records not only the occurrence of a complication
but also its clinical severity.

In essence, EPCO functions as a standardized taxon-
omy and reporting framework designed to improve com-
parability between centers and studies. EPCO does not
impose a mandatory composite PPC endpoint; rather, in-
vestigators may define their own composite outcomes while
applying harmonized terminology and severity scales [7].
This framework subsequently served as the foundation for
later standardization initiatives.

StEP: Standardised Endpoints in Perioperative Medicine and
Composite PPC Outcomes, 2018

In 2018, the international Standardised Endpoints in
Perioperative Medicine (StEP) consortium published con-
sensus recommendations for pulmonary outcome mea-
sures, emphasizing the need for harmonized definitions in
perioperative clinical trials [18].

The initiative introduced a clearly defined PPC com-
posite endpoint (“presence/absence of PPC”) based on
one or more predefined pulmonary events, together with
severity assessment according to therapeutic consequences,
ranging from supplemental oxygen therapy to noninvasive
ventilation, invasive mechanical ventilation, and reintuba-
tion. This approach improves both preventive strategy eval-
uation and standardization of outcome reporting [18].

In 2025, the international Delphi-based PrECiSIOn
project (Postoperative Pulmonary Complications:
Evaluation for Consensus on Standardised Outcomes) was
launched with the aim of achieving consensus regarding
the composition of PPC composite endpoints, observa-
tion windows, and severity weighting of individual compo-
nents (BMJ Open protocol, 2025; ClinicalTrials.gov) [19].
Concurrently, updated StEP-COMPAC reviews have pro-
vided a contemporary perspective on outcome standardiza-
tion and its applicability to predictive modeling [20].

Studies adopting StEP recommendations generally re-
port both the occurrence of PPC composites and their se-
verity grading, thereby facilitating comparison across stud-
ies and meta-analyses [18].

ACS NSQIP: Registry-Based Postoperative Outcome
Assessment (American College of Surgeons National
Surgical Quality Improvement Program), 2011

The ACS NSQIP program is the largest surgical quali-
ty registry in which respiratory complications are recorded
as discrete 30-day postoperative events using strict opera-
tional definitions, including pneumonia, unplanned intuba-
tion/reintubation, prolonged mechanical ventilation (> 48
hours), and others [21].

Concept of perioperative respiratory risk: a narrative review

These definitions are continuously maintained and up-
dated annually. Such methodological consistency has made
NSQIP one of the principal data sources for the develop-
ment and external validation of perioperative respiratory
risk models.

Contemporary reviews emphasize that standardized
outcome frameworks (StEP/EPCO) and stable regis-
try-based definitions (NSQIP) represent two complemen-
tary approaches whose combined use improves both re-
search quality and clinical decision-making [20].

Particular attention should be paid to the recently
published consensus statement of the French Society of
Anaesthesia and Intensive Care Medicine (SFAR), which
proposed a set of key indicators for severe perioperative
complications associated with anesthesia [22]. Based on a
literature review covering 2010-2021, the authors identified
68 clinical outcomes grouped into 34 candidate indicators,
from which 26 final indicators with explicit definitions were
selected through a multistage Delphi process.

These indicators were categorized into eight domains:
cardiovascular, respiratory, infectious (including sepsis),
renal, neurologic, medication-related, gastrointestinal, and
miscellaneous complications. The respiratory domain spe-
cifically included ARDS, pulmonary embolism, broncho-
and laryngospasm, pneumonia, aspiration pneumonitis,
pneumothorax, atelectasis, difficult or failed airway intuba-
tion, and unintentional extubation.

The proposed SFAR framework essentially represents
a standardized set of quality and safety indicators for an-
esthesiology and critical care practice and may be used
both for internal clinical auditing and scientific research.
Importantly, it complements EPCO and StEP initiatives by
expanding the spectrum of clinically relevant respiratory
outcomes suitable for monitoring and investigation.

Why does this matter? Three key points

1. Frequency. When PPCs are assessed using the StEP
composite endpoint approach (i.e., the occurrence of any
predefined pulmonary event combined with severity grad-
ing), the reported incidence is inevitably higher than when
only isolated outcomes such as “mechanical ventilation
> 48 hours” are considered. This does not represent over-
estimation but rather reflects the broader, prospectively de-
fined set of clinically relevant events.

Composite endpoints capture important but less severe
manifestations, such as the need for supplemental oxygen
or noninvasive ventilation, which are often missed by tra-
ditional isolated outcomes used in NSQIP-based analyses.
Within the StEP methodology, this strategy was intention-
ally designed to improve the sensitivity of clinical trials eval-
uating PPC prevention and to standardize reporting across
institutions [23].

2. Severity. Both EPCO and StEP require explicit re-
porting of complication severity, including not only the
occurrence of pulmonary complications but also their con-
sequences for patient management: supplemental oxygen

m

| ANNALS OF CRITICAL CARE | 2026 | 3

BECTHMK MHTEHCMBHOW TEPAMNI MMEHIN A.N. CAITAHOBA



| ANNALS OF CRITICAL CARE | 2026 | 3

BECTHMK MHTEHCMBHOW TEPAMI MMEHIN A.N. CAITAHOBA

RESPIRATORY SUPPORT

therapy, noninvasive ventilation, invasive ventilation, rein-
tubation, and related interventions.

Such severity stratification is critical for accurate in-
terpretation. For example, pneumonia requiring only sup-
plemental oxygen and respiratory failure requiring reintu-
bation represent fundamentally different risks, resource
utilization profiles, and prognostic implications.

Registries such as ACS NSQIP typically record discrete
30-day outcomes without a unified severity grading system,
which is advantageous for stable large-scale data collection
but requires investigators to independently construct com-
posite outcomes and integrate severity scales derived from
EPCO or StEP methodologies [7, 18, 21].

3. Comparability. An ideal contemporary publication
should simultaneously: a) report PPC composite outcomes
and severity according to StEP criteria; b) provide key reg-
istry-based NSQIP outcomes to facilitate reproducibility
across databases; and c) transparently describe the meth-
odological rules used for endpoint construction and inter-
pretation.

This combined reporting strategy substantially im-
proves interstudy comparability and facilitates translation
of findings into clinical practice and risk prediction tools.
Ongoing initiatives such as PrECiSIOn are specifically
aimed at standardizing composite endpoint composition,
observation windows, and severity weighting of individual
PPC components, thereby addressing one of the major un-
met needs in perioperative outcome research [19, 20].

Perioperative respiratory risk: assessment
methodology

Risk factors for PPCs represent a complex interaction
between patient characteristics, surgical and anesthetic
variables, findings of laboratory and instrumental investiga-
tions, and external conditions [24].

According to the recently developed Postoperative
Pulmonary Complications Risk Factor Knowledge Base,
which systematized data from 403 studies and identified
915 potential risk factors, these variables may be broadly
categorized into 11 groups: lifestyle and behavioral factors,
demographic characteristics, clinical status, surgical and an-
esthetic factors, pharmacotherapy, laboratory and imaging
findings, psychosocial factors, genetic determinants, and
other variables.

Preventive strategies targeting perioperative respira-
tory complications are inconceivable without a systematic
approach to modifiable risk factors. Unlike nonmodifiable
variables such as age, sex, and genetic predisposition, these
factors may be corrected during preoperative optimization,
thereby offering opportunities to reduce morbidity, mortal-
ity, and healthcare expenditures.

Contemporary studies and clinical guidelines consis-
tently emphasize that timely intervention targeting smoking
cessation, anemia, nutritional deficiencies, and metabolic
disorders may substantially reduce postoperative respirato-

12

ry events. Modification of these factors requires a multidis-
ciplinary approach involving surgeons, anesthesiologists,
internists, dietitians, and, in selected cases, psychiatrists.

Risk factors for PPCs may be stratified into three prin-
cipal categories: patient-related factors, surgery-related fac-
tors, and additional predictors incorporated into validated
prognostic models, laboratory biomarkers, and findings ob-
tained from instrumental and clinical assessment.

Patient-related risk factors

= Age and functional status. Aging is associated with re-
duced respiratory reserve and impaired cough reflex.
Frailty, functional dependence, and higher American
Society of Anesthesiologists (ASA) physical status clas-
sification increase the risk of PPCs [1].

m Pulmonary disease and smoking. COPD, bronchial
asthma, active smoking, and recent respiratory tract in-
fection increase the risk of atelectasis, pneumonia, and
respiratory failure [1, 16].

= Hypoxemia, anemia, and malnutrition. Low preoper-
ative arterial oxygen saturation, anemia, and hypoalbu-
minemia are associated with increased PPC incidence;
these variables are incorporated into the ARISCAT
(Assess Respiratory Risk in Surgical Patients in Catalonia)
score [16].

= Obstructive sleep apnea, heart failure, and sepsis.
These conditions increase respiratory workload and the
risk of reintubation or prolonged mechanical ventilation
[1,25].

Surgery-related risk factors

s Type and surgical approach. Thoracic and upper ab-
dominal procedures, prolonged operations, and emer-
gency surgery are among the strongest predictors of
PPCs [1, 16].

= Ventilatory strategy. Elevated driving pressure is asso-
ciated with increased PPC incidence. Lung-protective
ventilation strategies generally include low tidal volume,
adequate positive end-expiratory pressure (PEEP), and
efforts to minimize driving pressure [26, 27]. However,
randomized controlled trials suggest that ventilation
strategies specifically targeting driving pressure do not
necessarily reduce PPCs compared with already estab-
lished protective ventilation protocols [27-29].

= Neuromuscular blockade and emergence. Residual
neuromuscular blockade impairs ventilation and cough
clearance. Quantitative neuromuscular monitoring and
adequate reversal reduce respiratory adverse events
[30, 31]. The impact of reversal agent selection (sugam-
madex versus neostigmine) on PPC incidence remains
controversial: while meta-analyses frequently demon-
strate benefits with sugammadex, large retrospec-
tive cohort studies have yielded inconsistent results.
Current evidence therefore supports individualized
decision-making guided by neuromuscular monitoring
[31, 32].



= Role of functional testing and instrumental assess-
ment. Spirometry allows identification of obstructive
and restrictive ventilatory disorders. A forced expiratory
volume in 1 second (FEV,) below 60 % predicted sub-
stantially increases complication risk [33]. The 6-minute
walk test provides additional prognostic information: re-
duced walking distance (< 350-400 m) and exercise-in-
duced desaturation indicate increased perioperative
risk. Cardiopulmonary exercise testing (CPET) remains
one of the most informative methods for functional as-
sessment. Peak oxygen consumption (VO, peak) below
10-12 mL/kg/min and elevated ventilatory equivalent
for carbon dioxide (VE/VCO,) are associated with high-
er complication rates.

Arterial blood gas analysis is essential for detecting re-
spiratory insufficiency. Key indicators include arterial ox-
ygen tension (Pa0,) < 60 mmHg, arterial carbon dioxide
tension (PaCO,) > 45 mmHg, and pH < 7.35. Advanced
metabolic monitoring techniques permit assessment of gas
exchange, respiratory quotient, and energy expenditure.
Diaphragm ultrasonography is increasingly important for
evaluating diaphragmatic dysfunction and predicting post-
operative respiratory failure.

Chest radiography and computed tomography are used
to identify structural abnormalities, atelectasis, pneumonia,
and pleural complications.

Assessment of modifiable risk factors (Table 1) is criti-
cally important for prevention of chronic diseases because
these variables can be altered and therefore provide an ef-
fective means of reducing morbidity and mortality. Current
evidence indicates that behavioral and physiological fac-
tors — including nutrition, physical activity, smoking, al-

Concept of perioperative respiratory risk: a narrative review

cohol consumption, and body weight control — are major
determinants of cardiovascular and metabolic disease risk
[34, 35].

Comprehensive evaluation of such factors not only al-
lows identification of individual risk profiles but also facil-
itates development of targeted educational and behavioral
preventive programs [36]. Furthermore, control of mod-
ifiable risk factors has major socioeconomic implications
because it may reduce healthcare expenditures associated
with chronic diseases while improving population quality
of life [37].

Accordingly, assessment and management of modifi-
able risk factors constitute a central component of contem-
porary preventive medicine aimed at prolonging healthy
lifespan and reducing the burden of chronic disease.

The large number and heterogeneity of PPC risk fac-
tors raise an important clinical question: how should these
variables be evaluated collectively? To address this chal-
lenge, predictive tools based on statistical modeling have
been developed. The development of perioperative risk
scores generally follows several sequential steps: first, a
clear definition of the target outcome (e.g., composite
PPCs, respiratory failure, or pneumonia) and the obser-
vation window is established; subsequently, predictors
are selected within a large cohort, a statistical model is
constructed, and its performance is evaluated in terms of
discrimination, calibration, and robustness in external val-
idation cohorts. Contemporary methodological guidelines
emphasize that the area under the receiver operating char-
acteristic curve (AUC-ROC) alone is insufficient; calibra-
tion plots, external validation, and assessment of clinical
utility are also required, while reporting standards should

Table 1. Modifiable/changeable (preoperative) risk factors

~

Factor Characteristics

Impact on risk Recommended intervention

Smoking Significant reduction in mucociliary

clearance, bronchial hyperreactivity

OR 1.3-1.7 (variable) Smoking cessation at least 4-8

weeks before surgery

Anemia (hemoglobin < 110 g/L)
blood

Reduced oxygen-carrying capacity of

Correction of anemia before
surgery

Significantly increases
pulmonary complication risk

Hypoalbuminemia (albumin
<30g/L)

Marker of nutritional deficiency and
inflammation

Increased risk of infectious
complications

Nutritional support, protein
supplementation

Obesity (BMI > 35 kg/m?) Impaired respiratory mechanics and

hypoventilation

OR approximately 1.4 for
respiratory complications

Preoperative weight reduction

Recent respiratory tract infection
(< 30 days)

Impaired drainage function and
persistent airway inflammation

Significant increase in
respiratory complication risk

Treatment of infection, airway
sanitation

Diabetes mellitus,

decompensation wound healing

Increased risk of infection and impaired

Elevated risk of pneumonia Optimization of glycemic control

and nutrition

Increased risk of infectious
complications

Immunodeficiency, corticosteroid
therapy

Increased risk of ARDS and
pneumonia

Optimization of therapy,
reduction of corticosteroid dose
where possible

Psychoemotional disorders,
cachexia

strength

Reduced overall resistance of the body,
immunodeficiency, decreased muscle

Significantly increased risk Multidisciplinary rehabilitation
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comply with TRIPOD/PROBAST recommendations (or

their Al-oriented extensions) [38-40].

Modern machine-learning (ML) models, including
logistic regression, random forest, gradient boosting algo-
rithms (e.g., XGBoost), and deep neural networks, have
demonstrated superior predictive accuracy compared with
traditional clinical risk scores [41].

In medicine, machine learning refers to computational
methods capable of learning from large datasets in order to
predict clinical outcomes in individual patients.

In the context of PPC prediction, ML algorithms use
sets of predictors — including preoperative variables, intraop-
erative surgical and anesthetic parameters, and early postop-
erative indicators — to estimate the individual probability of
adverse respiratory outcomes. Unlike traditional risk scores,
ML models can account for nonlinear relationships and com-
plex feature interactions. However, their clinical applicability
depends not only on discrimination metrics such as AUC but
also on calibration, i.e., the agreement between predicted
and observed event rates within a specific population.

For successful implementation of ML-based models
into routine clinical practice, several issues are critically im-
portant for clinicians:

m understanding which specific outcome is being pre-
dicted (composite PPCs, pneumonia, reintubation, pro-
longed mechanical ventilation, etc.);

= knowledge of the datasets used for model training and
validation and the degree to which those populations are
comparable with the target clinical setting;

= availability of predefined risk thresholds that trigger
changes in management strategy (e.g., intensified pre-
ventive measures, escalation of postoperative monitor-
ing, or altered patient triage);

= provision of clinically interpretable explanations regard-
ing predictor contribution (e.g., feature ranking or local
explanation methods), which improves transparency, cli-
nician confidence, and decision controllability.

When ML models are transferred between institutions,
local calibration assessment and, if necessary, recalibration
are often required.

Updated reporting standards are now available in the
form of TRIPOD+AI, which provides a detailed checklist
for transparent development and validation of Al-based
predictive models, and PROBAST+AlI, a tool for assess-
ing methodological quality and risk of bias [39, 40]. These
frameworks currently represent the gold standard for rigor-
ous model development and implementation.

Commonly used algorithms

The following modeling approaches are most common-
ly applied in the development of perioperative predictive
tools (Table 2):

m Regularized logistic regression (L1/L2 regularization).
This approach performs well when large numbers of pre-
dictors are available and some variables are redundant
[39].

m Decision trees and ensemble methods, including
Random Forest and gradient boosting algorithms such
as XGBoost and LightGBM. These methods effectively
capture nonlinear relationships and feature interactions
and frequently demonstrate superior predictive perfor-
mance compared with conventional statistical approach-
es. Reviews of ML applications in anesthesiology and
perioperative medicine consistently identify this as a ma-
jor trend [20].

= Support vector machines (SVMs) and neural networks
are used less frequently and are generally reserved for
very large datasets or particularly complex relationships
between variables [20].

= AutoML approaches, which automate model and hyper-
parameter selection, are increasingly used for rapid pro-
totyping. However, they require careful validation and
assessment of explainability before clinical implementa-
tion [42].

Table 2. Machine learning algorithms used for prediction of postoperative pulmonary complications

Algorithm Characteristics

Advantages Limitations

Classical statistical model with L1/
L2 regularization

Logistic regression (with
regularization)

High interpretability, stable
performance with moderate sample
sizes

Limited ability to model complex
nonlinear interactions

Random Forest Ensemble of multiple decision trees

Robust to overfitting, effective
handling of nonlinear relationships

Reduced interpretability,
computationally intensive

Gradient boosting (XGBoost,
LightGBM)

Sequential ensemble learning with
error correction

High predictive accuracy, effective
modeling of complex interactions

Requires hyperparameter tuning,
risk of overfitting

Support vector machine (SVM)  Classification based on optimal

separating hyperplanes

Effective in high-dimensional datasets

Limited interpretability, lower
scalability in very large datasets

Deep learning / neural networks ~ Multilayer neural network

architectures

Ability to process highly complex and
nonlinear data structures

Requires very large datasets,
“black-box" effect

AutoML Automated selection of algorithms

and hyperparameters

Rapid prototyping and optimization

Requires careful validation and
explainability assessment
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To avoid transforming predictive models into a “black
box” system — one of the principal limitations of such ap-
proaches, in which internal decision-making processes re-
main opaque to the observer — modern ML frameworks
increasingly incorporate explainability techniques. For
example, SHAP (SHapley Additive exPlanations) plots vi-
sually demonstrate which individual variables increase or
decrease predicted risk in a specific patient [43].

High respiratory risk: epidemiology and patient
identification

Patients at high respiratory risk are defined as individ-
uals with a high probability of developing postoperative
pulmonary complications (PPCs) or postoperative respira-
tory failure according to validated predictive instruments,
including the ARISCAT score, the Arozullah and Gupta
postoperative respiratory failure (PRF) indices, and ACS
NSQIP registry-based models [16, 25, 44].

In the original ARISCAT cohort, the incidence of PPCs
was 1.6 % in the low-risk group (< 26 points), 13.3 % in the
intermediate-risk group (26-44 points), and 42.1 % in the
high-risk group (= 45 points), indicating that a predicted
complication risk exceeding approximately 10-15 % should
already be considered indicative of high perioperative respi-
ratory risk [16].

In the Arozullah PRF index, the probability of postop-
erative respiratory failure increased from 0.5 % in class I
(< 10 points) to approximately 30 % in class V (> 40 points),
underscoring the steep escalation of risk in upper score cat-
egories [44].

Using ACS NSQIP data, Gupta et al. reported an over-
all incidence of postoperative respiratory failure of approx-
imately 3 %; however, 30-day mortality among patients
who developed respiratory failure was 25.6 %, compared
with only 0.98 % in patients without respiratory failure.
Importantly, the predictive model demonstrated excellent
discrimination with a c-statistic of 0.90 [25].

From a practical perspective, these findings suggest
that a predicted PPC or respiratory failure risk > 10-15 %
according to any validated model should reasonably define
a patient as belonging to the high respiratory risk category.

Clinically, PPCs represent one of the principal deter-
minants of early postoperative mortality and healthcare
resource utilization. Large cohort studies and systematic
reviews have demonstrated that the incidence of PPCs in
surgical patients varies from approximately 2 % to 40 %,
depending on surgical type and baseline patient risk, while
even moderate complications are associated with prolonged
hospitalization, increased intensive care unit admission
rates, and higher treatment costs [3, 45].

In the multicenter study by Fernandez-Bustamante et
al., at least one PPC occurred in approximately one-third
of ASA physical status III patients undergoing noncardio-
thoracic surgery lasting > 2 h. The occurrence of PPCs was
independently associated with increased early postopera-
tive mortality as well as longer hospital and ICU stay [3].

Concept of perioperative respiratory risk: a narrative review

Taken together with the findings of Gupta et al., these data
indicate that development of severe PPCs or respiratory
failure shifts the patient into a short-term mortality risk cat-
egory of approximately 20-25 %, compared with an average
baseline postoperative mortality near 1 % despite otherwise
comparable clinical characteristics [3, 25].

Importantly, the impact of high respiratory risk extends
well beyond the first 30 postoperative days. In the landmark
NSQIP-VA analysis, Khuri et al. demonstrated that the oc-
currence of any major postoperative complication, includ-
ing pulmonary complications, was a stronger determinant
of long-term survival than baseline preoperative risk itself.
Patients who experienced complications showed marked-
ly reduced median survival and lower 5-year survival rates
compared with patients without complications [9].

Similarly, in a more contemporary pooled analysis of
two prospective cohorts, Fowler et al. reported a 1-year
mortality rate of 7.5 % in patients with postoperative com-
plications compared with 2.3 % in patients without compli-
cations (adjusted hazard ratio 1.94) following elective sur-
gery [46].

Comparable findings have been demonstrated specifi-
cally for respiratory complications after lung resection sur-
gery. In the study by Shinohara et al., 5-year survival was
58.1 % in patients with postoperative complications (pre-
dominantly PPCs) versus 78.0 % in patients without com-
plications, while postoperative complications remained
an independent adverse prognostic factor (HR 1.67) [47].
Accordingly, patients with a predicted PPC risk > 10-15 %
or postoperative respiratory failure risk > 10-15 % accord-
ing to validated predictive models should be regarded as a
high respiratory risk population requiring priority preha-
bilitation, lung-protective ventilation strategies, intensified
postoperative monitoring, and long-term follow-up.

Several predictive scoring systems for PPCs are current-
ly used in clinical practice (Appendix 1 of the online version
of the article). Some models predict PPCs as a composite
endpoint, whereas others focus on individual outcomes,
most commonly postoperative respiratory failure according
to specific definitions or postoperative pneumonia.

Predictive scores for postoperative respiratory failure

Arozullah PRF. The history of respiratory risk as-
sessment tools is closely linked to the emergence of large
clinical databases. The Arozullah PRF (NSQIP-VA) score
remains one of the earliest and most widely cited preopera-
tive tools for predicting postoperative respiratory failure. It
was developed using data from the United States Veterans
Affairs National Surgical Quality Improvement Program
and published in Annals of Surgery in 2000 [44].

Using a prospective cohort from 44 centers (~81,700
patients), the authors developed and validated a risk index
for postoperative respiratory failure after noncardiac sur-
gery [44]. The primary endpoint was defined as the need
for mechanical ventilation for more than 48 h after surgery
or unplanned intubation within 30 days — a definition sub-
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sequently adopted in numerous reviews and guidelines
[44, 48].

The final model incorporated seven independent pre-
dictors: type of surgery (with the greatest contribution
from abdominal aortic aneurysm repair, thoracic, neu-
rosurgical, upper abdominal, and vascular procedures),
emergency surgery, hypoalbuminemia (< 30 g/L), elevat-
ed blood urea nitrogen (> 30 mg/dL), dependent func-
tional status, COPD, and age (60-69 years and > 70 years)
[44, 49]. The cumulative score is converted into risk classes
associated with estimated event probability (e.g., ~0.5 % for
class I versus ~26.6 % for class V) [44].

The practical value of the index lies in its simplicity as
a preoperative bedside stratification tool for planning post-
operative monitoring intensity (including ICU admission),
discussing perioperative risk, and initiating preventive
strategies. Its conceptual framework substantially influ-
enced later registry-based models, including the NSQIP-
derived Gupta PRF calculator [25].

However, several limitations should be acknowledged.
Development and validation were performed predomi-
nantly in a veteran population characterized by male pre-
dominance and high comorbidity burden, which may lim-
it generalizability to mixed or female populations [44]. In
addition, changes in perioperative practice — including
enhanced recovery pathways, quantitative neuromuscular
monitoring, and lung-protective ventilation — may impair
model calibration over time, necessitating external valida-
tion and, when appropriate, local recalibration [26].

Overall, the Arozullah PRF score remains a historically
important and clinically useful tool for preoperative respira-
tory risk stratification when its limitations are appropriately
recognized [44].

Gupta PRF (Postoperative Respiratory Failure). The
Gupta PRF score was derived from the multicenter pro-
spective ACS NSQIP registry (2007-2008) [25]. The model
predicts 30-day postoperative respiratory failure, defined as
prolonged postoperative mechanical ventilation (> 48 h) or
unplanned intubation/reintubation within 30 days.

Model development used the 2007 derivation cohort
(211,410 patients), in which respiratory failure occurred in
6,531 patients (3.1 %), while validation was performed us-
ing an independent 2008 cohort (257,385 patients). Thirty-
day mortality was dramatically higher among patients who
developed respiratory failure compared with those who did
not (25.62 % vs 0.98 %).

Initially, the investigators constructed a comprehen-
sive logistic regression model incorporating multiple pre-
operative variables and detailed surgical categories (21
predictors). Subsequently, the model was simplified into
a clinically practical version including five preoperative
predictors: type of surgery, emergency surgery, functional
status, preoperative sepsis, and higher ASA physical status
class.

Importantly, all variables are available before induction
of anesthesia, making the calculator suitable for preopera-
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tive clinical decision-making, including planning the level
of postoperative monitoring, estimating the likelihood of
postoperative ventilation, and discussing perioperative risk
with patients.

The model demonstrated excellent discrimination,
with c-statistics of 0.894 in the derivation cohort and 0.897
in the validation cohort. Calibration across risk deciles also
showed close agreement between predicted and observed
risk.

PERISCOPE-PRF. The PERISCOPE-PRF score was
designed for preoperative stratification of postoperative re-
spiratory failure risk in adult patients undergoing noncardi-
ac surgery. Because it relies on simple bedside clinical and
anamnestic variables (including pulse oximetry and phys-
ical examination findings), it is applicable in both elective
and emergency surgical settings.

The model includes seven predictors integrating pa-
tient- and procedure-related characteristics: low preoper-
ative oxygen saturation, presence of at least one respiratory
symptom, heart failure, chronic liver disease, open intra-
thoracic or upper abdominal surgery, operative duration
> 2 h, and emergency surgery [49].

The cumulative score stratifies patients into three cat-
egories: < 12 points: low risk (~1.1 %); 12-22 points: in-
termediate risk (~4.6 %); > 23 points: high risk (up to
~18.8 %).

From a practical standpoint, the scale can be easily in-
tegrated into routine preoperative evaluation and assists in
identifying patients who may benefit from intensified respi-
ratory optimization, more protective anesthetic strategies,
enhanced postoperative monitoring, and early ICU plan-
ning.

The derivation study demonstrated good discrimina-
tion (AUC 0.82) and satisfactory calibration (Hosmer-
Lemeshow Xz =7.08; p = 0.253). However, validation was
internal only (bootstrap validation), and therefore external
validation and, if necessary, local recalibration are required
before widespread implementation in other populations
[49].

Predictive scores for postoperative pneumonia

Arozullah PN. In a prospective cohort study, Arozullah
et al. developed and validated a multifactorial preoperative
risk score for postoperative pneumonia following major
noncardiac surgery within the Veterans Affairs healthcare
system.

The derivation cohort included 160,805 patients (1997~
1999), while the validation cohort included 155,266 patients
(1995-1997), encompassing approximately 100 centers
overall. Patients with preoperative pneumonia, preexisting
ventilator dependence, or pneumonia developing after es-
tablished respiratory failure were excluded [50].

The outcome was defined according to Centers for
Disease Control and Prevention (CDC) criteria. The inci-
dence of postoperative pneumonia was 1.5 % (2,466 cases),
with 30-day mortality reaching 21 %.



The index was based on multivariable logistic regres-
sion and incorporated the following predictors: type of
surgery, age, functional status, weight loss, COPD, general
anesthesia, impaired sensorium, prior stroke, blood urea
nitrogen level, transfusion volume, emergency surgery,
chronic steroid therapy, smoking, and alcohol use [50].

The cumulative score stratified patients into five risk
classes ranging from 0.2 % (0-15 points) to 15.3 % (> 55
points). Model discrimination was high, with c-statistics of
0.805 in the derivation cohort and 0.817 in the validation
cohort. Calibration according to the Hosmer-Lemeshow
test was satisfactory in both datasets (p > 0.1).

Nevertheless, the model shares limitations common to
other respiratory failure scores derived from older veteran
populations, including cohort-specific characteristics and
historical practice patterns. Therefore, it should currently
be viewed primarily as a stratification tool and guide for
preventive planning requiring validation in contemporary
patient populations.

Gupta PN. The Gupta postoperative pneumonia score
was derived from the national surgical quality improvement
registry (ACS NSQIP) for 2007-2008 and was designed to
predict 30-day postoperative pneumonia according to stan-
dardized registry criteria.

The study included a 2007 derivation cohort (211,410
patients; pneumonia in 3,825 patients, 1.8 %) and an in-
dependent 2008 validation cohort (257,385 patients) [51].
Pneumonia was associated with a marked increase in 30-day
mortality (17.0 % vs 1.5 % in patients without pneumonia).

Multivariable analysis identified seven preoperative
predictors: age; physical status; COPD; dependent func-
tional status; preoperative sepsis; smoking history (typical-
ly within the previous 12 months); type of surgery [51]. All
predictors are available during preoperative assessment and
do not require intraoperative variables. The model demon-
strated excellent discrimination (AUC 0.860 in the deri-
vation cohort and 0.855 in the validation cohort) together
with good calibration across risk deciles. An interactive cal-
culator based on the prediction equation was subsequently
developed to estimate individual pneumonia risk and sup-
port patient stratification, targeted prevention strategies
(e.g., intensified respiratory physiotherapy, COPD optimi-
zation, smoking cessation counseling), and informed con-
sent discussions. The tool has been widely implemented in
publicly accessible online calculators.

Russotto Model. Russotto et al. developed a predictive
model for postoperative pneumonia using data from the
large prospective European PERISCOPE cohort [52].

The study included 5,094 patients from 63 European
hospitals over a 7-day recruitment period. Patients under-
went surgery under general and/or regional anesthesia, and
postoperative pneumonia served as the primary endpoint.
Pneumonia was defined as respiratory infection accom-
panied by at least one of the following: change in sputum
characteristics; new or progressive infiltrates on chest radi-
ography; temperature > 38.3°C; leukocytosis > 12,000/uL,
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requiring antibiotic therapy. The incidence of postoperative
pneumonia was 2.4 % (120/5,094). ICU admission was sub-
stantially more frequent among patients with pneumonia
(68.3 % vs 8.0 %; p < 0.001), highlighting the severity and
resource burden associated with this complication.

Multivariable analysis identified five independent pre-
dictors: functional status (OR 2.28; 95% CI 1.58-3.12);
preoperative room-air oxygen saturation (OR 0.83; 95% CI
0.78-0.84; protective at higher values); intraoperative col-
loid administration (OR 2.97; 95% CI 1.94-3.99); intraop-
erative blood transfusion (OR 2.19; 95% CI 1.41-4.71); sur-
gical site, particularly open upper abdominal surgery (OR
3.98; 95% CI2.19-7.59) [52].

The model demonstrated high predictive performance
(c-statistic 0.89) and good calibration (Hosmer-Lemeshow
p = 0.572). Although potentially useful for risk stratification
and preventive planning, external validation remains neces-
sary before widespread implementation.

Kawasaki Nomogram. Kawasaki et al. proposed a no-
mogram-based predictive model for individualized assess-
ment of postoperative pneumonia risk after major abdomi-
nal surgery [53].

The retrospective study included 1,050 patients oper-
ated on between 2012 and 2013; postoperative pneumonia
developed in 56 patients (5.3 %).

The model was constructed using multivariable logistic
regression. The final nomogram incorporated five indepen-
dent predictors: age; male sex; history of cerebrovascular
disease; Brinkman index > 900 (reflecting heavy smoking
exposure); upper midline laparotomy as the surgical ap-
proach.

The principal performance metric was the concor-
dance index (C-index), which reached 0.77, indicating good
discriminatory ability for distinguishing patients who sub-
sequently developed pneumonia from those who did not.
Internal validation was performed using bootstrap tech-
niques; however, no external validation in independent
cohorts has been reported. Accordingly, contemporary re-
views generally describe the model as demonstrating good
discrimination but lacking proven generalizability to other
populations.

Predictive scores for postoperative pulmonary
complications (PPCs)

ARISCAT. The ARISCAT (Assess Respiratory Risk in
Surgical Patients in Catalonia) score is a classic preoperative
tool for assessing PPC risk, developed from a prospective
multicenter study involving 59 Spanish hospitals and pub-
lished in 2010 [16]. In the original study, PPCs were defined
as a composite endpoint including respiratory infection,
respiratory failure, bronchospasm, atelectasis, pleural ef-
fusion, pneumothorax, and aspiration pneumonia. The
model includes seven predictors: low preoperative SpO,;
recent upper respiratory tract infection; age; anemia; up-
per abdominal or thoracic surgical approach; operative
duration > 2 h; emergency surgery. These variables were
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converted into a point-based index demonstrating high
discrimination (AUC approximately 0.90 in the derivation
cohort). ARISCAT is highly valued because of its practi-
cality: all predictors are available before surgery, and the
resulting risk estimate is convenient for perioperative dis-
cussion and planning of preventive strategies and postop-
erative monitoring. Validated online calculators reproduc-
ing the original model are widely available (e.g., MDCalc,
QxMD) [16,54,55]. External validation studies suggest that
the scale is generally transferable, including in emergency
abdominal surgery and elderly populations, although risk
thresholds and calibration may require local adjustment
[56]. Therefore, ARISCAT is best used as a rapid preoper-
ative screening instrument followed by external validation
and, when necessary, local recalibration — particularly giv-
en ongoing changes in perioperative practice, including en-
hanced recovery protocols and lung-protective ventilation
strategies, as well as the dependence of some composite
endpoint components on clinical decision-making (e.g., di-
agnosis and treatment of respiratory infection) [16, 57, 58].

LAS VEGAS Risk Score. The LAS VEGAS risk score
was the first predictive model to systematically incorpo-
rate intraoperative ventilation and anesthetic management
parameters into PPC prediction [26]. Based on a large in-
ternational observational study involving more than 6,000
patients from 29 countries, the investigators identified 13
perioperative characteristics — including driving pressure,
operative duration, and additional perioperative factors —
and demonstrated moderate-to-good discrimination. The
score is particularly useful for auditing ventilation practic-
es and early perioperative risk stratification. However, its
broader implementation is currently limited by the obser-
vational study design and the need for external validation
before widespread clinical adoption [26]. The model is in-
tended to predict overall PPC risk.

Other outcomes

SPORC-2. The SPORC-2 model [23] addresses a high-
ly practical early postoperative question: what is the risk
of early reintubation or need for postoperative mechanical
ventilation within the first 1-3 postoperative days? Unlike
purely preoperative scores, SPORC-2 combines both pre-
operative and intraoperative variables and has undergone
external validation, making it a convenient tool for periop-
erative logistical decision-making, including ICU admission
planning, estimation of postoperative respiratory support
requirements, and allocation of monitoring resources. Its
principal limitation is equally evident: the model focuses
on severe early respiratory events rather than the broad-
er spectrum of postoperative pulmonary complications
(PPCs) [23].

Current recommendations increasingly emphasize that
perioperative studies and clinical prediction models should
report both: a composite PPC outcome with severity grad-
ing according to StEP criteria; and discrete NSQIP regis-
try-defined respiratory events. Such an approach improves
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comparability across studies and facilitates translation into
clinical practice. In 2018, the StEP consortium proposed
standardized definitions and severity grading for PPCs,
while in 2025 the international Delphi-based PrECiSIOn
initiative was launched to harmonize composite endpoint
composition, observation windows, and weighting of indi-
vidual outcome components — effectively moving toward a
contemporary “gold-standard framework” for perioperative
respiratory outcome research and clinical decision-making
[19, 23].

LIPS (Lung Injury Prediction Score). The Lung Injury
Prediction Score (LIPS) was designed for early prediction
of acute lung injury (ALI) and acute respiratory distress
syndrome (ARDS) at the time of hospital admission, before
clinical manifestation of the syndrome develops. The orig-
inal version was developed by the Mayo Clinic group using
retrospective derivation followed by prospective validation
in an independent cohort [58]. LIPS incorporates variables
available during the first hours after admission, including:
predisposing conditions (sepsis, shock, pneumonia, aspi-
ration, pancreatitis, high-risk surgery, trauma); and risk
modifiers (alcohol use, smoking, hypoalbuminemia, tachy-
pnea, oxygen requirement, recent chemotherapy, diabetes
mellitus). The cumulative score reflects the probability of
subsequent ALI/ARDS development [58]. Both derivation
and prospective validation studies demonstrated good pre-
dictive performance (AUC 0.84) together with satisfactory
calibration [58].

The practical purpose of LIPS is early identification
of patients with preventive potential before development
of overt ALI/ARDS. The score can be rapidly calculated
and has been incorporated into clinical calculators such as
MDcCalc [59].

Several adaptations and validations have subsequently
been published: ED-LIPS for emergency department set-
tings [60]; applications in surgical and ICU populations em-
phasizing the importance of external validation [61]; eval-
uation according to Berlin ARDS criteria, demonstrating
population-dependent threshold and calibration variability
[62]; dynamic modifications incorporating biomarkers such
as C-reactive protein [63]; specialized variants including
c-LIPS for COVID-19-associated ARDS [64]. Limitations
of LIPS include concerns regarding transportability and
the need for multicenter external validation and recalibra-
tion. In addition, some modifying variables reflect clinical
decision-making rather than intrinsic biological risk, while
intraoperative ventilatory parameters are not incorporated.
Therefore, in perioperative settings LIPS is best combined
with models that include intraoperative predictors [58].

STOP-BANG. STOP-Bang is a practical preoperative
screening tool for identifying patients at high risk of obstruc-
tive sleep apnea (OSA), which is associated with perioper-
ative hypoxemia, upper airway obstruction, and postopera-
tive reintubation. Guidelines from the American Society of
Anesthesiologists and the Society of Anesthesia and Sleep
Medicine recommend use of the STOP-Bang questionnaire



during preoperative evaluation to guide decisions regarding
postoperative monitoring intensity, analgesic strategies, and
respiratory support in patients with confirmed or suspected
OSA [65-67]. A recent meta-analysis further demonstrated
that high STOP-Bang scores are associated with increased
postoperative complication rates, making the questionnaire
a useful perioperative risk marker even in the absence of
formal polysomnography [68]. The original STOP ques-
tionnaire (Snoring, Tiredness, Observed apnea, high blood
Pressure) was validated in surgical patients in 2008 [69].
The expanded STOP-Bang version additionally incorpo-
rates: BMI > 35 kg/ m?; age > 50 years; neck circumference
> 40 cm; male sex. The total score ranges from 0 to 8 and
is interpreted as low-, intermediate-, or high-risk for OSA
[66]. A threshold > 3 provides high sensitivity for detection
of moderate-to-severe and severe OSA, albeit with only
moderate specificity, whereas scores of 5-8 indicate a high
probability of clinically significant OSA. For the “gray zone”
of 3-4 points, a two-step algorithm based on combinations
of specific features has been proposed to improve predic-
tive probability [66, 70, 71]. In surgical cohorts, high STOP-
Bang scores have been associated with: early postoperative
hypoxemia; increased need for respiratory support; upper
airway obstruction; postoperative reintubation [68, 72, 73].
Clinically, a high STOP-Bang score should be interpreted as
a signal for intensified preventive strategies, including: opi-
oid-sparing analgesia and cautious sedation; optimized pa-
tient positioning; early application of positive airway pres-
sure therapy; continuous pulse oximetry and capnography
during the first postoperative day; caution regarding ambu-
latory surgery; appropriate postoperative observation unit
planning [65,67,74]. Importantly, STOP-Bang is not a diag-
nostic tool, and its specificity remains limited; therefore,
positive screening results require clinical contextualization
and, whenever feasible, confirmatory testing. Furthermore,
associations with mortality and length of hospitalization ap-
pear less consistent, and in large cohorts the score did not
independently predict 30-day mortality or hospital stay du-
ration after adjustment for confounding variables [75].

Recent integrative reviews recommend: explicit defi-
nition of target outcomes (composite PPCs, respiratory
failure, pneumonia); reporting not only discrimination but
also calibration metrics; performing external validation
and, when feasible, recalibration for specific populations or
healthcare systems; adopting stepwise prediction strategies
that combine preoperative models (e.g., ARISCAT, Gupta)
with perioperative approaches (e.g., SPORC-2 and intraop-
erative predictors); and effectively “speaking two outcome
languages” by simultaneously reporting StEP composite
outcomes and discrete NSQIP events to maximize transfer-
ability between centers.

Machine learning and artificial intelligence in risk
prediction

Both universal platforms and narrowly specialized pre-
dictive models have been developed.

Concept of perioperative respiratory risk: a narrative review

s MySurgeryRisk — a large-scale platform based on elec-
tronic health record data that uses ensemble learning and
boosting algorithms to simultaneously predict multiple
complications and mortality. The platform demonstrated
high predictive accuracy across tens of thousands of sur-
gical procedures and subsequently underwent additional
large-scale validation studies [76, 77]. This architecture
readily incorporates respiratory outcomes as one of sev-
eral prediction targets.

m Specialized ML models for PPC prediction. A bicenter
study demonstrated that boosting algorithms and ran-
dom forest models provide good predictive accuracy
while identifying clinically intuitive predictors such as
age, surgical duration/type, and ventilation parameters
[78]. For thoracoscopic surgery, an explainable ML mod-
el with strong performance and clinically interpretable
risk factors has also been published [43]. In thoracic on-
cology, an AutoML framework for complications after
lung resection demonstrated superior performance on
decision curve analysis (DCA) compared with baseline
predictive models [42].

Contemporary algorithms for prediction of surgical
complications are increasingly becoming key instruments
of personalized perioperative medicine, enabling individu-
alized management strategies (Figure 1).

Pythia is an innovative neural network-based arti-
ficial intelligence system. The name refers to the ancient
Greek oracle, symbolizing the algorithm’s ability to “pre-
dict” perioperative risk. The system analyzes preoperative
patient information, including demographic characteris-
tics, medical history, laboratory findings, and physiologic
parameters. Using large training datasets, the algorithm
identifies complex interactions between variables that are
frequently overlooked by traditional predictive models. For
example, the system may recognize combinations of labo-
ratory abnormalities and age-related characteristics asso-
ciated with elevated postoperative complication risk. The
principal advantages of Pythia include: high sensitivity and
specificity; ability to predict both general and complica-
tion-specific outcomes; capacity for continual self-learning
as additional data become available. The system can be inte-
grated into clinical workflows and may assist surgeons and
anesthesiologists in advance perioperative risk assessment
and individualized treatment planning.

MySurgeryRisk is an advanced predictive platform that
uses data extracted from electronic medical records. The
algorithm automatically processes information regarding:
prior hospitalizations; prescribed medications; laboratory
results; interdepartmental consultations; surgical history.
By training on very large datasets, MySurgeryRisk identi-
fies hidden patterns that enable highly accurate prediction
of postoperative risk. Unlike Pythia, this algorithm evalu-
ates not only isolated measurements at a single time point
but also the dynamics of parameter changes over time. Its
major advantages include: real-time data integration; in-
dividualized risk prediction; seamless incorporation into
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clinical workflows. MySurgeryRisk enables clinicians to
rapidly identify high-risk patients and adjust preoperative
optimization, anesthetic management, and postoperative
monitoring accordingly.

The Big Data approach involves analysis of massive
datasets to identify hidden relationships and develop per-
sonalized treatment strategies.

In medicine, Big Data integrates information from mul-
tiple sources, including: electronic health records; laborato-
ry and imaging studies; genomic data; physiologic monitor-
ing systems; socioeconomic variables. Using ML algorithms
such as random forests and gradient boosting, Big Data
systems analyze multidimensional relationships capable of
predicting complications long before clinical manifestation.
For example, such systems may identify combinations of
age, laboratory abnormalities, and genetic predisposition
associated with increased postoperative sepsis risk. The
advantages of Big Data approaches include: integration of
diverse information sources; high predictive accuracy; ear-
ly risk identification; development of individualized treat-
ment protocols. These systems are already being applied for

strategic healthcare planning, development of novel diag-
nostic algorithms, and optimization of healthcare resource
allocation.

Thus, Pythia, MySurgeryRisk, and Big Data represent
three distinct yet complementary approaches to compli-
cation prediction, opening new horizons for personalized
medicine. Collectively, they enable clinicians to make more
informed decisions, minimize patient risk, and improve
healthcare efficiency.

Potential clinical applications of predictive scoring sys-
tems are presented in Figure 1.

How should predictive models be properly validated?

At present, the minimum acceptable standard for pre-
dictive model validation is temporal validation, in which
models are trained on earlier datasets and tested on subse-
quent cohorts. Ideally, validation should also be performed
in an independent institution or healthcare network (exter-
nal validation). Importantly, model evaluation should not
rely solely on predictive accuracy metrics such as AUC/
AUROC (area under the receiver operating characteristic

Instruments for Stratification of Perioperative Respiratory Risk

@ PPC (composite) O Pneumonia @ ALI/ARDS

Composite PPC

[ Wide external validation

@ Respiratory failure O OSA-related risk

i Limited validation / specific cohort

Respiratory failure ML-mogenu |

ARISCAT

PPC; general /
emergency
surgery;
preoperative
risk assessment

LAS VEGAS
risk score
Intraoperative
factors, driving
pressure; PPC

SPORC-2

Prediction
of respiratory
complications based
on preoperative
risk factors

PERISCOPE-
PRF

Arozullah
PRF
(NSQIP-VA)

Gupta
PRF
(ACS-NSQIP)

Population: men/veterans, major surgery;
30-day outcome: need for MV / reintubation /
refractory respiratory failure

Pneumonia Lung Injury
Arozullah Gupta Russotto et
PN PN al., Kawasaki
nomogram

OSA and Sleep-Related
Respiratory Events

PRODIGY

STOP-|
Bang | ! (risk of opioid-induced

I\ respiratory depression)

'
'
’

Big Data

MySurgeryRisk
(PPC, PRF and
others: outcomes,
EHR data)

Pythia (identification
of high-risk
patients using
EHR)

Preoperative Clinic

>

Intraoperative Period

PPC — Postoperative Pulmonary Complications; PRF — Postoperative Respiratory Failure; MV — Mechanical Ventilation;

EHR — Electronic Health Record; OSA — Obstructive Sleep Apnea; ALI — Acute Lung Injury; ARDS — Acute Respiratory Distress Syndrome

Fig. 1. Application of various scales for predicting postoperative pulmonary complications

Note: ACS — American College of Surgeons; ALl — acute lung injury; ARDS — acute respiratory distress syndrome; ARISCAT — Assess
Respiratory Risk in Surgical Patients in Catalonia; c-LIPS — modified version of Lung Injury Prediction Score; ED-LIPS — Emergency
Department Lung Injury Prediction Score; EHR — electronic health record; ICU — intensive care unit; LAS VEGAS — Local Assessment of
Ventilatory Management during General Anaesthesia for Surgery; LIPS — Lung Injury Prediction Score; ML — machine learning; MV — me-
chanical ventilation; NSQIP — National Surgical Quality Improvement Program; OSA — obstructive sleep apnea; PN — postoperative pneu-
monia; PPC — postoperative pulmonary complications; PRF — postoperative respiratory failure; PRODIGY — PRediction of Opioid-induced
respiratory Depression In patients monitored by capnoGraphY; SPORC-2 — Score for Prediction of Postoperative Respiratory Complications;
STOP-Bang — Snoring, Tiredness, Observed apnea, Pressure, BMI, Age, Neck circumference, Gender; VA — Veterans Affairs.
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curve). Equally important are: calibration, i.e., whether
a predicted “25 % risk” truly corresponds to an observed
25 % event rate; and clinical utility, commonly assessed
using decision curve analysis (DCA), which determines
whether model-guided decisions provide net clinical bene-
fit across different intervention thresholds [39]. For formal
assessment of methodological quality and risk of bias, the
PROBAST+AI framework is currently recommended [40].

How should predictive models be implemented in clinical
practice?

Experience from leading research groups suggests that
implementation should proceed in stages. Initially, mod-
els are launched in a “silent” or background mode, where
predictions are generated without influencing clinical de-
cision-making. Their performance is then compared with
physician assessment, while user interfaces and workflow
integration are optimized. Subsequently, prospective im-
pact evaluation is performed to determine whether imple-
mentation actually reduces PPCs, reintubation rates, hos-
pital length of stay, and related outcomes. Examples include
pilot studies using MySurgeryRisk in simulated real-time
clinical environments [76, 79]. Continuous monitoring for
data drift is also essential, since patient characteristics and
clinical practice patterns evolve over time. Consequently,
periodic recalibration of predictive models may become
necessary [39, 80]. To improve comparability across insti-
tutions, outcome definitions should ideally use a “common
language,” such as standardized StEP and NSQIP defini-
tions [81].

Discussion of predictive methodology

The incidence of PPCs and the contribution of indi-
vidual risk factors vary substantially across studies, large-
ly because of differences in: outcome definitions; surgical
case mix; and patient population characteristics. Particular
attention should be paid to sex-related differences. In some
cohorts, especially within specific healthcare systems, male
patients substantially predominate, potentially biasing both
baseline risk estimates and the relative contribution of pre-
dictors. As a consequence, predictive models may lose cal-
ibration when transferred to populations with different sex
distributions or comorbidity profiles. A practical solution is
to perform external validation with calibration assessment
separately in male and female subgroups. If systematic
bias is identified, local recalibration (e.g., updating model
intercept and slope) followed by outcome auditing should
be undertaken.

Comparison of results across studies is further com-
plicated by heterogeneity in PPC definitions. Some inves-
tigations use broad composite outcomes that include atel-
ectasis, pneumonia, and respiratory failure, whereas others
focus on narrow endpoints such as reintubation or pro-
longed mechanical ventilation. These methodological dif-
ferences alter baseline event rates and reduce transferability
of risk thresholds.

Concept of perioperative respiratory risk: a narrative review

Even models demonstrating acceptable discrimination
(AUC) may remain clinically unsuitable without adequate
calibration in the target population. Therefore, imple-
mentation priorities should include: external validation;
calibration assessment; and evaluation of clinical utility
at predefined intervention thresholds. A practical imple-
mentation pathway includes: selecting a predictive model
appropriate for the specific clinical question; defining ac-
tionable intervention thresholds; applying preventive bun-
dles to high-risk patients; and performing regular outcome
audits. This iterative cycle of “prediction - intervention >
outcome assessment” improves reproducibility of preven-
tive effects and reduces variability in quality of care.

High risk identified — what next?

Prevention of PPCs requires an integrated strategy
spanning the entire perioperative pathway: preoperative
patient optimization (smoking cessation, COPD treatment,
prehabilitation, etc.); optimized anesthetic and surgical
management (lung-protective ventilation, individualized
fluid balance, opioid-sparing strategies, neuromuscular
monitoring and adequate reversal); and early mobilization
together with postoperative respiratory support when in-
dicated. Importantly, the greatest reduction in respiratory
risk is achieved not by isolated interventions but by com-
bined multimodal preventive strategies [82] (Figure 2).

Smoking cessation. Preoperative smoking cessation re-
mains one of the most effective and accessible interventions
for reducing perioperative respiratory risk. Contemporary
systematic reviews demonstrate that structured preopera-
tive smoking cessation programs increase abstinence rates
and are associated with lower postoperative complication
rates, including PPCs. In most studies, clinically relevant
benefit becomes evident after at least 4 weeks of cessation,
while programs lasting 6-8 weeks produce even greater ef-
fects, partly because of reduced airway inflammation and
recovery of mucociliary clearance. Recent reviews and
meta-analyses published between 2023 and 2025 further
confirmed the superiority of intensive interventions — in-
cluding behavioral counseling and nicotine replacement
therapy — compared with minimal “advice-only” strategies
[83-85]. Thus, active smoking remains one of the most im-
portant yet modifiable risk factors for PPCs, and smoking
cessation 6-8 weeks before surgery represents a simple and
highly effective preventive measure.

Optimization of COPD and other comorbidities.
In patients with chronic obstructive pulmonary disease
(COPD), several components of perioperative optimization
are critically important: appropriate inhaled bronchodilator
therapy (long-acting B,-agonists and/or anticholinergics);
reassessment of indications for inhaled corticosteroids;
control of exacerbations; and optimization of inhaler tech-
nique. The updated GOLD-2025 recommendations em-
phasize the importance of vaccination against respiratory
viral infections, particularly in elderly patients and those
with chronic respiratory failure [86], together with individ-
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Conceptual Framework for Perioperative Respiratory Risk
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muscle training
« Screening for OSA (e.g., STOP-Bang)
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« Smoking cessation, lifestyle modification  Lung-protective ventilation « Early mobilization and active physiotherapy
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« Pulmonary rehabilitation and respiratory + Optimization of oxygenation (FiO,) « Early detection and management

* Goal-directed fluid therapy

« Optimization of anesthesia « Continuous respiratory monitoring
and neuromuscular blockade

of high-risk patients

Fig. 2. Scheme for modifying perioperative respiratory risk

Note: ACS — American College of Surgeons; Al — artificial intelligence; ALl — acute lung injury; ARDS — acute respiratory distress syn-
drome; Big Data — big data; c-LIPS — modified Lung injury prediction score; ED-LIPS — Emergency Department lung injury Prediction Score;
EPCO — European Perioperative Clinical Outcome; ESA — European Society of Anaesthesiology; ESICM — European Society of Intensive Care
Medicine; FiO, — fraction of inspired oxygen; HFNO — high-flow nasal oxygen; LIPS — Lung Injury Prediction Score; ML — machine learn-
ing; NIV — noninvasive ventilation; NMB — Neuromuscular blockade; NSQIP — National Surgical Quality Improvement Program; OSA —
obstructive sleep apnea; PEEP — positive end-expiratory pressure; PN — postoperative pneumonia; PPC — postoperative pulmonary com-
plications; PRF — postoperative respiratory failure; PROBAST+Al — Prediction model Risk Of Bias ASsessment Tool for Artificial Intelligence;
SHAP — shapley additive explanations; StEP — Standardised Endpoints in Perioperative Medicine; StEP-COMPAC — StEP classification/
grading framework for perioperative respiratory complications; TRIPOD+Al — Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis for Artificial Intelligence; VT — tidal volume.

ualized maintenance therapy and patient education. These
measures reduce the risk of infections and exacerbations
that may precipitate PPCs [87, 88]. Accordingly, COPD
substantially increases perioperative respiratory risk; how-
ever, optimization of bronchodilator therapy and symptom
control may partially mitigate this risk.

Respiratory rehabilitation and prehabilitation.
Inspiratory muscle training, breathing exercises, and pre-
operative aerobic and resistance training reduce the risk of
atelectasis and pneumonia while shortening hospital stay.
Meta-analyses and large randomized controlled trials in
abdominal and thoracic surgery have demonstrated reduc-
tions in PPC incidence ranging from 30 % to 60 %, togeth-
er with improvements in respiratory muscle strength and
functional capacity [89-91]. The effect appears particular-
ly pronounced in high-risk patients and when moderately
intensive respiratory training protocols are applied for 2-4
weeks before surgery [92]. Overall, prehabilitation rep-
resents a promising strategy for reducing PPC incidence,
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especially in high-risk populations, despite ongoing hetero-
geneity in protocols and evidence quality.

Eradication of chronic upper airway infection and
infection prevention. When signs of active infection are
present before surgery, treatment according to established
standards is recommended, taking into account local mi-
crobiological epidemiology and appropriate antimicrobial
therapy.

Lung-protective ventilation during surgery. Contem-
porary consensus recommendations support the use
of: low tidal volumes based on predicted body weight
(6-8 mL/kg); at least moderate positive end-expiratory
pressure (PEEP), typically > 5 cmH,O; limitation of driv-
ing pressure; and avoidance of routine aggressive recruit-
ment maneuvers. This lung-protective ventilation strategy
consistently reduces PPC incidence compared with con-
ventional ventilation approaches and is currently regarded
as the standard intraoperative ventilation strategy during
general anesthesia, particularly in high-risk patients [27].



Therefore, lung-protective ventilation with limitation of
driving pressure and individualized PEEP remains a corner-
stone of intraoperative PPC prevention.

Adequate analgesia, opioid-sparing strategies, and
regional anesthesia. Multimodal analgesia — including
paracetamol/acetaminophen, nonsteroidal anti-inflamma-
tory drugs, dexamethasone, local anesthetics, a,-agonists,
and related techniques — reduces opioid consumption and
thereby decreases hypoventilation, hypoxemia, and im-
paired secretion clearance. Regional anesthetic techniques
such as epidural anesthesia and peripheral nerve blocks
further improve ventilation by facilitating mobility and ef-
fective coughing. Contemporary reviews confirm the safety
and efficacy of opioid-sparing approaches while emphasiz-
ing the importance of tailoring analgesic strategies to surgi-
cal type and enhanced recovery protocols [75, 93, 94].

Perioperative fluid management. Fluid overload con-
tributes to pulmonary interstitial edema and PPCs, where-
as excessively restrictive fluid strategies may result in hy-
poperfusion.

The most balanced approach is goal-directed fluid/he-
modynamic therapy (GDFT/GDHT) using dynamic indi-
ces of fluid responsiveness. Meta-analyses and randomized
controlled trials associate this strategy with reduced post-
operative morbidity and, in some populations undergoing
abdominal or thoracic surgery, a trend toward lower PPC
incidence, particularly within enhanced recovery after sur-
gery (ERAS) pathways [95, 96]. Recent consensus state-
ments emphasize individualized fluid management aimed
at avoiding both hypovolemia and fluid overload [97].

Monitoring and early detection of respiratory com-
plications. Enhanced postoperative monitoring using con-
tinuous pulse oximetry and capnography in high-risk pa-
tients facilitates early detection of respiratory depression
on surgical wards. The international prospective PRODIGY
study proposed a validated risk score for identifying pa-
tients who may benefit from continuous respiratory mon-
itoring [98, 99]. In high-risk patients after extubation, early
application of noninvasive ventilation (NIV) reduces the
likelihood of reintubation, whereas in moderate-risk pop-
ulations high-flow nasal oxygen (HFNO) has demonstrated
comparable effectiveness [100-102].

Safe neuromuscular blockade management. Residual
neuromuscular blockade is an underrecognized contributor
to PPCs, including upper airway obstruction, hypoxemia,
and aspiration. Updated educational materials and contem-
porary reviews emphasize two principal preventive strate-
gies: quantitative neuromuscular monitoring, with a target
train-of-four (TOF) ratio > 0.9-0.95 before extubation;
complete pharmacologic reversal of neuromuscular bloc-
kade.

Current evidence suggests that sugammadex, com-
pared with neostigmine, is associated with lower rates
of pneumonia, atelectasis, noninvasive ventilation, and
reintubation, although consistent reductions in hospital
length of stay have not always been demonstrated [31, 103].

Concept of perioperative respiratory risk: a narrative review

Consequently, adequate neuromuscular monitoring and
complete reversal of blockade are critically important for
reducing early postoperative respiratory complications.

Early mobilization and postoperative respiratory
care. Early postoperative mobilization — including sitting
upright, ambulation within the first postoperative hours,
head-up positioning, and controlled deep breathing exercis-
es — reduces dependent pulmonary changes and lowers the
risk of atelectasis. ERAS-based studies and perioperative
reviews consistently demonstrate that early mobilization
accelerates recovery and reduces postoperative complica-
tions, with even greater benefit observed when combined
with structured respiratory exercise instruction [104].
Figure 3 presents preventive measures for PPCs together
with their relative importance ranking.

Conclusion

Postoperative pulmonary complications (PPCs) re-
main one of the leading causes of adverse outcomes and in-

Ranking of Interventions After Identification of High Risk
for Postoperative Pulmonary Complications (PPCs)

Three Levels of Intervention

/A. MANDATORY (for all patients at high risk) h

* Lung-protective ventilation
e Limitation of excessive sedation
* Opioid-sparing analgesia
» Early mobilization and respiratory physiotherapy
* Neuromuscular monitoring and reversal
\- Aspiration prevention (positioning, antiseptics)
(B

%
~

. DESIRABLE (when specific factors are present)

e Optimization of bronchial obstruction (COPD)

 Correction of anemia / nutritional deficiencies

* Management of obstructive sleep apnea
(e.g., continuation / selection of CPAP)

» Prehabilitation before major surgery

NG
AN

C. OPTIONAL (resource-dependent /
based on indications)

* Enhanced monitoring
» Consultation with subspecialists
» Additional functional testing

/

Fig. 3. Approaches to the prevention of postoperative pulmonary
complications

Note: COPD — chronic obstructive pulmonary disease; CPAP —
continuous positive airway pressure.
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creased healthcare costs after noncardiac surgery. The key
to risk reduction lies in combining standardized outcome
definitions (StEP/EPCO), validated risk stratification tools,
and bundled preventive interventions in patients identi-
fied as high respiratory risk. These interventions include
smoking cessation, optimization of COPD management,
prehabilitation, lung-protective ventilation, opioid-sparing
analgesia, goal-directed fluid therapy, respiratory monitor-
ing, and rational management of neuromuscular blockade.
Emerging predictive models and machine-learning ap-
proaches are highly promising; however, their implemen-
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