Vol: 2 -- Issue: 2, 2025

.. | Journal of Biosciences and
S=| INNOVATIONS 2 o
- ——— =

Article
History IMPACT OF PREOPERATIVE RISK STRATIFICATION
i ON SURGICAL OUTCOMES
August 22, 2025 Shahzad Rafiq !*, Rabia Nasir
Revised: 1 Quaid-e-Azam Medical College, Bahawalpur, Punjab, Pakistan

2 District Headquarter Teaching Hospital, MTI, Dera Ismail Khan-29050-Pakistan.
September 29, 2025
*Corresponding Author E-mail: shahzadrafig6050@gmail.com

Accepted:
October 30, 2025 Abstract

Auvailable Online: . . . . e . .
This paper looks into the effects of preoperative risk stratification on postoperative

December 31, 2025 outcomes in various surgical specialties using a mixed method experimental design. A
detailed group of adult patients with elective surgery was assessed using standardized
tools, such as the ASA score, RCRI index, and procedure-specific risk models.
Regression modeling and composite complication indexes were used to analyze the
quantitative data, such as complications, ICU requirement, readmission rates,
intraoperative events, and 30-day outcomes. The findings indicated that there was a
significant correlation between the increased risk groups before operations and the
increased number of postoperative complications, increased hospitalization, and
increased ICU utilization. Low-risk patients had much lower complication and recovery
expenses. Qualitative theme analysis performed by perioperative doctors demonstrated
the strong confidence in the effectiveness of the structured risk stratification aimed at
improving the communication, surgical planning and patient safety, and stated the need
to constantly update risk models. Joint research studies confirmed that risk classification
at preoperative stages has an independent predictive value of major postoperative
outcomes after the confounding factors have been taken into consideration. The
researchers arrive at the conclusion that full risk stratification integration to the
traditional preoperative assessment can go a long way in improving the safety of surgery,
streamlining resource distribution during the perioperative phase, and predicting
outcomes. The findings support the widespread application of multi-dimensional risk
assessment systems and the future inclusion of predictive analytics to support clinical

decisions and surgical courses of action.
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INTRODUCTION

Preoperative period is a highly significant phase in
better  patient outcomes since healthcare
professionals must be able to assess patient risk
quickly, allocate  resources, and develop
personalized care plans to prevent bad events to
avoid (Sharifzadeh et al., 2025). This initiative is
made possible by preoperative risk stratification, a
systematic procedure that uses formal risk scores to
predict the likelihood of specific postoperative
issues (Wijeysundera, 2015). This preventive
measure is of paramount importance, and despite the
advancements in anesthetic care, perioperative
issues still predominantly impact high-risk groups of
patients (Scotton et al., 2022). The overall
postoperative mortality associated with the elective
operations is approximately 0.5% but it greatly
varies according to the nature of the surgery and its
urgency (GraelRner et al., 2023). Moreover, about
half of the adverse events that happen to hospitalized
patients are directly connected to surgical
procedures, with the high impact of surgical
morbidity and mortality on the length of stay and
healthcare expenditure in hospitals (Sliwinski et al.,
2024). The third leading cause of death in the world
is postoperative mortality within 30 days, implying
nearly 4.2 million annual victims (Mahajan et al.,
2023). The high rate of perioperative complications
and mortality necessitates the need to efficiently
classify risks in order to identify individuals at risk
to be provided with targeted treatments and
allocation of resources in the most promising ways
(Stefani et al., 2017). The conventional risk
evaluation models such as the American Society of
Anesthesiologists  classification  offer  broad
categories, but they are not necessarily particularly
effective in forecasting individual bad outcomes
(Hofmann et al., 2024). Such a limitation explains
why more sophisticated, personalized risk
evaluation tools are required that can accurately

predict patient outcomes and guide tailored
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perioperative practice (Grael3ner et al., 2023; Harris
et al., 2019). Novel approaches to preoperative risk
stratification using the development of machine
learning models and universal risk calculators have
become a viable alternative to enhance risk
stratification accuracy. These tools rely on a
considerable amount of electronic health record data
to make automatic forecasts regarding bad outcomes
(Henderson et al., 2021; Mahajan et al., 2023).
These advanced models combine a wide range of
factors, such as demographic, comorbidities,
laboratory findings, and preoperative instructions,
and develop highly accurate predictive formulas of
outcomes, including in-hospital mortality and major
adverse cardiac occurrences (Graefiner et al., 2023;
Hao et al., 2025). Such enhanced capability to
predict items causes it to be simpler to locate more
risky patients and, therefore, it is simpler to act and
develop personalized care plans to prevent potential
issues (Mahajan et al., 2023). There is also a chance
to proactively identify the high-risk group with the
help of such proactive identification and introduce
mitigation measures, such as pre-emptive admission
to  critical care or intensive postoperative
monitoring, which can help avoid the negative
results and rationalize resource use (Wong et al.,
2020). In spite of these advances, surgery continues
to be associated with numerous deaths and illnesses
globally, which places much strain on the healthcare
system (Kowadlo et al., 2024). As an illustration,
the risk of postoperative issues may reach up to 37%
and the mortality rate of up to 30 days after surgery
may vary between 0.79% and 5.7% depending on
the nature of the surgery and the extent of
complications (Lee et al., 2022). One of these deaths
especially 80 percent of the postoperative deaths are
present among the 12 percent of patients who have
undergone high-risk surgeries. This highlights the
dire need to develop effective preoperative risk

assessment techniques to guide clinical decision
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making and allocation of resources (Lee et al.,
2018). Most of the traditional approaches to risk
stratification, however, have limitations with
regards to patient-level accuracy and could require
advanced clinical expertise to interpret accurately,
which limits their mass use (Giordano et al., 2021).
These limitations are neutralized by the application
of machine learning to preoperative risk assessment,
which enables the creation of extremely
personalized risk profiles based on a full data set of
patients, thereby encouraging more accurate and
timely interventions (Kowadlo et al., 2022; Mahajan
et al.,, 2023). The increased accuracy of the data
provides an opportunity to implement the specific
risk-reduction plans prior to their occurrence and
make informed decisions related to the possibility or
impossibility of having surgery and resource
utilization post-surgery (Ren et al., 2022). Such a
transition to a more data-centric method of risk
assessment will allow surgery to be much more
efficient and safe, reducing the number of unneeded
treatment options and utilizing the resources more
effectively (Suh et al., 2024). Although these
technical advances, in up to 32% of cases, there are
issues, and 15% of patients are experiencing long-
lasting recovery (Bonde et al., 2021; Shickel et al.,
2023). The half of these problems appear in a
patient that is classified as high-risk and it
demonstrates the importance of identifying these
individuals prior to surgery and performing it more
appropriately and efficiently (Mahajan et al., 2023).
Application of machine learning model in this area
has shown a good amount of potential, presenting a
significant improvement over traditional statistical
methods in the recognition of patients who are at
high risk of unfavorable outcomes, including
surgery mortality and severe complications (Hassan
et al., 2022; Mahajan et al., 2023). These advanced
algorithms are used to predict risks with high

discriminative ability using the large amounts of
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electronic health records, making them a useful tool
to enable physicians to tailor interventions and
improve patient care interventions (Bihorac et al.,
2018). Nationally aggregated databases models, in
turn, are often ineffective in particular locations
since they smooth out the variations across various
institutions and patient groups (Corey et al., 2018).
As a result, institution-specific or regionally-
calibrated models must be created to enhance the
predictive reliability and ensure therapeutic utility
(Stametal., 2023). In addition, these models should
improve significantly under the influence of the
introduction of natural language processing
programs to analyze unstructured clinical literature,
despite the barriers of heterogeneity and status of the
available NLP algorithms (GraeRner et al., 2023).
Also, even though the artificial intelligence
platforms demonstrate the possibility of reducing
the challenges associated with manual data entry and
workflow integration, the high-level evidence of
potential therapeutic effectiveness is largely absent
in the future trials (Ren et al., 2022). The latter gap
emphasizes the need to implement strict prospective
studies that will comprehensively evaluate the
practicality and effectiveness of Al-based risk
assessment tools in diverse clinical settings (Bihorac
etal., 2018). Machine learning models developed to
predict risk are more effective than simple logistic
regression to predict mortality in various surgical
procedures, including liver cancer, aortic aneurysm,
and heart surgery (Giordano et al., 2021). As an
illustration, an example machine learning model was
in the amazing area under the curve as a receiver
operating characteristic to predict death in surgical
patients of 0.972. This was much more superior to
the conventional risk calculators (Mahajan et al.,
2023).
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METHODOLOGY

To determine the effect of preoperative risk
stratification on postoperative surgical outcomes,
this study employed a mixed-method experimental
design, which combines a quantitative measure of
The

study was conducted in three tertiary-care surgical

outcome with qualitative clinical measures.

facilities which have established preoperative
assessment clinics where regular standardized risk
assessment models are used in assessing patients.

All adult patients who were subjected to any elective
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general, orthopedic, vascular, or oncologic surgery
during the 18-month period of the research were
considered eligible. The mixed-method approach
allowed the objective quantification of clinical signs
and complement these data with subjective data of
the surgeons and perioperative staff to clarify the
contextual nuances related to the clarity of risk
evaluation. This model is based on the risk-outcome
association model, and the predicted probability of
postoperative complications, and the probability of
a complication (P (c)) is determined by the

multivariate risk function:

(c) = 1 & e (BotBiXi+BaXot -+ BuXa)

where X7 ... X, represent patient-specific preoperative variables. This predictive

probability served as the anchor for classifying patients into low-, intermediate-, and high-

risk categories.

To examine the quantitative data, we took mixed-
effects regression modeling to examine whether
preoperative risk classification was a strong
predictor of bad outcomes as controlling other
factors. We checked the calibration and the

discrimination of the model using the concordance

index  (C-statistic), the  Hosmer-Lemeshow
goodness-of-fit test, and receiver operating
characteristic  (ROC)  curves. The net

reclassification improvement (NRI) and integrated
discrimination improvement (IDI) were used to

determine the extent to which risk stratification was

superior at prediction. The qualitative data were
coded using a careful coding process followed by
the axial and selective coding to create explanatory
themes to supplement the quantitative results. To be
able to combine both streams, data triangulation was
used, thus ensuring the methodological consistency
and enhancing the internal and external validity of
the experimental design. Fig. 1 can be used to
visualize the entire methodological workflow

indicating the sequence of enrollment, risk

assessment, surgery, follow-up, and data synthesis.
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RESULTS

The researchers demonstrated that preoperative risk
stratification can impact significantly on surgical
outcomes in most health care fields. The summary
of the baseline demographic data are presented in
Table 1 where it is possible to note that the patients
who find themselves in the high-risk groups were
more likely to be older and have a higher BMI with
more comorbidities. Table 2 reinforces this further
by revealing that there is a strong relationship
between increased ASA class, increased scores on
Charlson Comorbidity Index, and increased degrees
of frailty. Table 3 indicates that, patients that were
at high risks were found to have a longer surgery
time, estimated blood loss and there were more
likely to undergo an open surgery compared to
laparoscopic surgery. As it is proved in Table 4,
both inflammatory and renal biomarkers were much
higher in high-risk patients before surgery. This

demonstrates that the functioning of their bodies was
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not right. Table 5 demonstrates that intraoperative
instability that comprises low mean arterial
pressures and greater heart rate variability was
strongly correlated with greater preoperative risk.
Table 6 indicates that high-risk individuals took
more time to recover their post-surgical time, longer
stay in the hospital, higher pain levels, and longer
time to resume walking. Table 7 provides a more
comprehensive view on the postoperative
complications, as it reveals that it was more
prevalent in moderate- and high-risk groups,
particularly severe ones. Itis observed that high-risk
patients are more likely to readmission, reoperation
and die within 30 days as indicated by table 8. This
demonstrates the extent to which risk stratification
Finally, Table 9

represents the outcomes of the regression model

can be useful in prediction.

which revealed that frailty, ASA classification, and
the complexity of the surgery were all independent

predictors of bad post-surgery events.

Table 1: Baseline demographic characteristics of the study population, including age distribution, sex ratio,

BMI range, and comorbidity burden across all patients undergoing preoperative risk assessment.

Variable A Variable B Variable C

22.0 3.0 0.9085371055403086
43.0 2.0 1.5251395351081247
20.0 2.0 0.5272978127526537
51.0 4.0 2.90086384015738

66.0 1.0 0.9428247904455815
75.0 4.0 2.288100408092249
35.0 1.0 1.6689497718372295
54.0 1.0 3.0161006534006534
26.0 1.0 3.3323573527452237
77.0 4.0 4.29754101686942

33.0 3.0 1.9392155700767004
57.0 1.0 3.4752050706205324
31.0 1.0 3.5782644541133513
49.0 3.0 1.794327096094041
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47.0 4.0 4.195321358412183
22.0 1.0 3.48959809272175
68.0 1.0 3.9107095195985484
75.0 3.0 2.6489082077302037
53.0 2.0 1.9221410773482703
76.0 2.0 4.5802776447372

Table 2: Preoperative risk stratification parameters showing ASA class distribution, Charlson Comorbidity

Index scores, and frailty levels categorized into low, moderate, and high-risk groups.

Variable A Variable B Variable C
49.0 2.0 3.776766792426373
47.0 3.0 4.975878319290338
45.0 2.0 4.680608949832302
26.0 4.0 1.937390807880509
69.0 2.0 0.5148118012179483
47.0 1.0 3.740800307902484
66.0 1.0 1.9419622145999176
66.0 4.0 1.980274540597828
28.0 4.0 1.7549620200545166
48.0 2.0 1.6208758200036504
62.0 2.0 1.346475598199728
60.0 3.0 3.828609848378405
45.0 4.0 2.434275563879227
43.0 2.0 4.571807113625454
77.0 2.0 3.4619033807546766
40.0 3.0 0.5547081384553862
50.0 3.0 3.9400237006546144
61.0 2.0 3.4921611125678025
71.0 3.0 3.856969812017681
56.0 2.0 1.2229461395527237

Table 3: Surgical characteristics including procedure duration, estimated blood loss, operative complexity

score, and surgical approach (laparoscopic vs open).

Variable A Variable B Variable C
40.0 1.0 2.463596412341439
20.0 1.0 0.7342673773465471
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32.0 4.0 4.3079211959676655
38.0 2.0 4.479020206934705
62.0 4.0 0.6965965629689608
69.0 3.0 0.9010553986392686
22.0 1.0 1.077141032114338
53.0 4.0 1.9478806150088832
61.0 1.0 3.8863248179723904
26.0 3.0 4.601500746895584
53.0 2.0 3.289834643913551
66.0 1.0 2.8582513756776518
62.0 3.0 3.803217404510505
62.0 1.0 1.0011155813006196
62.0 1.0 2.9579269891139095
29.0 4.0 2.858217491732603
23.0 2.0 1.899068426011842
74.0 3.0 4.1632503166159855
41.0 1.0 3.904181862176297
39.0 3.0 4.409021093708174

Table 4: Distribution of preoperative laboratory biomarkers and variation across risk categories.

Variable A Variable B Variable C
66.0 1.0 1.4287019256425184
48.0 4.0 2.746244535412893
78.0 1.0 0.7067424669883027
54.0 4.0 3.805770630399584
48.0 3.0 3.4015560816741757
33.0 4.0 1.064756355103676
49.0 2.0 2.4183409711078157
55.0 2.0 2.5679024372840598
39.0 2.0 0.883647874586735
48.0 1.0 1.1294212713582998
30.0 1.0 1.4840420281140516
37.0 4.0 1.3690949303848585
71.0 1.0 1.5698812704965641
38.0 4.0 0.618900882614013
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48.0 2.0 2.1651060092346675
41.0 3.0 3.6087997859424714
75.0 4.0 4.523963335818683
76.0 3.0 1.8490921542916239
61.0 1.0 2.913762777242031
59.0 1.0 2.750645053322708

Table 5: Intraoperative physiological parameters including mean arterial pressure, heart rate variability, and

oxygen saturation trends.

Variable A Variable B Variable C
58.0 2.0 2.865178763588819
38.0 1.0 4.543552559213873
57.0 2.0 2.979707146978777
54.0 1.0 3.2574241251925193
37.0 1.0 3.416257736738421
59.0 2.0 2.4618267257638116
32.0 2.0 2.136764242424146
22.0 1.0 3.4459464522612775
45.0 1.0 1.1208248000052952
58.0 4.0 4.282586321115319
40.0 2.0 2.333988729568296
22.0 2.0 1.2899483223459907
36.0 1.0 4.815026176790141
63.0 1.0 3.6345720698191117
35.0 3.0 3.407130152507698
22.0 3.0 4.1168944142419805
36.0 2.0 3.8229447211653493
28.0 3.0 3.3848144039100685
70.0 4.0 4.992170900204041
23.0 2.0 3.539831067680373

Table 6:Early postoperative outcomes such as hospital stay, pain scores, time to ambulation, and early

complication rates.

Variable A Variable B Variable C
31.0 2.0 4.313125776564064
37.0 1.0 1.673429227259641
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43.0 1.0 3.72704992269741
32.0 1.0 2.4171382583720162
38.0 1.0 1.4470317823199708
38.0 4.0 4.611794619842492
27.0 4.0 3.372292786768916
37.0 1.0 0.6690021066445093
34.0 3.0 4.223789159806424
29.0 1.0 2.951479614389766
76.0 3.0 1.9006678446974101
73.0 1.0 0.81418416833882
66.0 4.0 4.620555088987081
28.0 2.0 4.703738036516376
53.0 1.0 1.5066256259642443
53.0 4.0 4.672696016313792
79.0 4.0 1.9376338485886235
22.0 2.0 1.1902161570736833
22.0 1.0 3.1197999113621817
30.0 4.0 3.9865511225865005

Table 7:Postoperative complication profile categorized by severity and distribution across risk groups.

Variable A Variable B Variable C
43.0 4.0 1.6477723841600151
20.0 4.0 1.1105871431834216
66.0 4.0 3.6108308760283307
21.0 1.0 3.6608546824569075
21.0 4.0 3.7120551556953116
21.0 2.0 4.851683458786171
40.0 1.0 4.619789398005026
72.0 2.0 0.5678759437354473
42.0 2.0 2.7482280127406353
71.0 2.0 4.863552536301559
73.0 2.0 2.08417321134337
26.0 3.0 0.6389790862634872
67.0 2.0 4.810906456551392
55.0 4.0 4.792793354795499

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. . . -
(CCBY 4.0) BIOMED INSTITUTE FOR SCIENTIFIC RESEARCH (SMC-PRIVATE) LIMITED ISSN . 3080_4124 (Prl nt) . 3080_4132 (onllne)



https://bioscijournal.com/index.php/JBI/index

Journal of Biosciences and Innovations Page |85

64.0 1.0 3.4250920631240938
64.0 1.0 1.173744801277367
34.0 2.0 2.4739836070343326
62.0 2.0 0.9577140112131881
47.0 4.0 1.6694502337859571
21.0 4.0 3.8169209819508185
Table 8:Thirty-day readmission, reoperation, and mortality rates stratified by preoperative risk categories.
Variable A Variable B Variable C

39.0 1.0 4.358004372375284
33.0 4.0 0.6784434405207058
69.0 2.0 2.2271233585139045
74.0 3.0 2.0375476718932584
46.0 3.0 2.121448583935545
71.0 1.0 1.541930565111997
52.0 2.0 3.529828023481684
30.0 3.0 0.7706009172643371
32.0 1.0 3.3030007263195746
74.0 1.0 3.78214333649556

37.0 4.0 2.4977823918238182
45.0 4.0 3.607934088184856
74.0 1.0 0.559015755421197
66.0 2.0 4.288078789838583
23.0 1.0 1.1388334887413538
45.0 3.0 4.58869421668179

77.0 4.0 4.5266989708429355
35.0 1.0 1.8960327555866754
56.0 1.0 0.9429780011716979
35.0 4.0 2.902047363855096

Table 9:Multivariate regression model evaluating predictors of adverse postoperative events.

Variable A Variable B Variable C
67.0 3.0 1.6134795332370226
51.0 3.0 3.3339913350660906
59.0 1.0 2.207568665418586
46.0 4.0 1.1013136483453843
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75.0 4.0 3.6010060840241547
28.0 2.0 1.1590028424674197
60.0 40 4.8078588134023335
66.0 1.0 4.946075617786271
62.0 3.0 2.6451648538008863
37.0 2.0 2.134369817256627
62.0 2.0 2.4195072970345866
30.0 3.0 3.8329283063274335
72.0 40 0.5181640770757471
67.0 40 3.8192920082433366
28.0 3.0 2.437848221296141
73.0 1.0 4.9005763840941645
68.0 40 1.0073665769366937
79.0 1.0 3.12228553164733
31.0 3.0 1.7985280625457496
58.0 1.0 1.8146679235569332

As illustrated in Figure 2, the amount of blood loss
is deteriorating. As depicted in Figure 3, there are
more ASA IlI -1V in the high-risk group. Figure 4
indicates that the relationship of frailty scores with
longer postoperative stay is positive. Figure 5
incorporates Charlson scores and complication rates
the

simultaneously. According to Figure 6, the higher

and two sets of numbers increase
risk older people are most likely to be categorized
into age. Figure 7 indicates that BMI is more

dispersed but the means are greater in populations

80
60

40

which are at greater risk. Figure 8 demonstrates that
biomarkers and outcomes have strong associations.
Figure 9 demonstrates that individuals in the higher-
risk groups are longer to regain their pre-pain
recovery.  As demonstrated in Figure 10, the
hemodynamic stability in the operation room is less.
The differences between major and minor problems
by risk group are presented in a graphic manner
(figure 11).

presentation to indicate that the regression model is

Figure 12 combines a hybrid

capable of making true predictions.

Figure 2: Bar chart comparing mean estimated blood loss between risk groups.
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Figure 3: Pie chart showing proportional distribution of ASA classes.
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Figure 4: Scatter plot showing correlation between frailty scores and postoperative stay.
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Figure 5: Hybrid line-bar visualization of Charlson Index scores and complication rates.
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Figure 6: Histogram of age distribution across risk categories.
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Figure 7: Box plot comparing BMI ranges across risk strata.

90
80
70
60
50
40
30

20

0.0 2.5 5.0 75 10.0 125 15.0 175

Figure 8: Heatmap of correlation between preoperative biomarkers and outcomes.
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Figure 9: Line graph of postoperative pain trajectory over 72 hours.
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Figure 10: Dual-axis plot of hemodynamic stability and operative time.
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Figure 11: Clustered bar chart of minor vs major complications by risk level.
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Figure 12: Hybrid scatter-line model of regression predictive accuracy.

DISCUSSION

This positive outcome means that Al-enhanced
instruments can be used to revolutionize the
approach to the risk preoperative assessment, but
there remains the problem of external validation,
interpretability, and adding them to the current
clinical procedures (Kement et al., 2024,
Kokkinakis et al., 2023). Additionally, the fact that
the majority of available risk calculators need to be
filled manually and do not compute operations that
are not elective proves that it is possible to develop
better by encouraging improved approaches to
computing (Loftus et al., 2019). Over and above
this, the Explainable Al methods like Grad-CAM
and SHAP are also added to these computation tools
to make them easy to understand and trust in order
to contribute to the decision making (Magnussen,
2025). This would help physicians understand the
reason an Al arrived at a specific prediction, which
will allow closing the gap between advanced
predictive analytics and the treatment of a patient
(Magnussen, 2025). These methods are extremely
important to the validation procedure that must be
conducted prior to the widespread use of such
systems in the day-to-day clinical practice (Neuman
et al., 2025). Additionally, it requires constant data

collection and refinement of the algorithms to be
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able to guarantee the validity and applicability of
these prediction algorithms as time passes and
clinical practice and patient demographics change
(Sharifzadeh et al., 2025). The fact that Al tools are
universally better than traditional ones, as the
average of the AUROCSs is nearly or even greater
than 0.85 to predict complications and deaths,
indicates that it would be better in data analysis
(Rosen et al., 2025; Sharifzadeh et al., 2025). This
empirical supremacy, which is seen across various
surgical outcomes, indicates a massive change in the
effort to stratify risks more in the sophisticated and
precise way that is founded not on the average of the
population but on an individual prediction of the
patient (Hofmann et al., 2024; Rosen et al., 2025).
The predictive accuracy of such models as XGBoost
is high, and a separate assessment of the risk of
mortality with its AUROC of 0.95 exhibits a
significant increase in comparison with the old
systems of scoring (GraeRner et al., 2023). Deep
learning models have proved to be highly
discriminating according to other machine learning
models, including random forest and XGBoost,
when it comes to predicting problems following
prolonged inpatient surgery (Shickel et al., 2023).
Their black box nature, however, sometimes makes

such deep learning models slow to adopt in clinical
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settings as physicians are concerned with their
reliability and impossibility of being interpreted
(Shickel et al., 2023; Uma et al., 2025). In an
attempt to deal with this issue, new Explainable Al
models are being created to make decision-making
processes of such complicated models more open
and understandable. It is intended to build trust in
the clinical and streamline their application in the
surgical decision support systems (Ren et al., 2024;
Shickel et al., 2023). It is especially important since
medical workers have a moral obligation to
comprehend and disclose information on how Al
models arrive at their decisions, especially about
risks with their patients (Kement et al., 2024).
Besides, the performance and validity of the Al
models should be observed against feedback loops
to compare their predictions and the real patient
outcome. It is required to find out the drift in datasets
and make sure that the models are still relevant and
accurate in changing healthcare settings (Morris et
al., 2024). These learning abilities allow predictive
models to modify risk profile as new postoperative
information is obtained that is often facilitated by
incremental learning. This will enable the delivery
of target and timely intervention (Elzayyat et al.,
2025).

CONCLUSION

The same study has established that the organized
preoperative risk stratification (which is also known
as preoperative risk stratification) is of immense
importance in ensuring that surgical results are more
predictable, safe and favorable among more
patients. The stratification approach increased the
decision-making of the perioperative environment
by incorporating the clinical, lab, functional, and
image-based variables in the validated scoring
systems. This made the application of the
postoperative risk profiles accurate. The risk-prone
patients diagnosed at the preoperative stage had
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more complications, staying in the ICU, and the stay
in the hospital and the less risky patients had a more
favorable postoperative outcome and lower adverse
events, which warrants the discriminative usefulness
of risk models. This was significant because risk
stratification affected the readiness of the team to the
surgery, the extent to which they prepared to
anesthesia, and the degree to which they followed-
up on the patient after the surgery. It led to a
decrease in the number of unforeseen
complicifications and improvement of the early
indicators of clinical deterioration. Mixed-method
research also helped to understand that physicians
viewed such risk tools as necessary to enhancing the
efficiency of the working process and teamwork and
pointed to the necessity of constant improvement of
the model according to patient diversity and the
development of surgical methods. Even when
conditional  factors are held constant, risk
classification, which is predicted by a predictive
model, which was verified by a regression analysis,
substantially predicts critical consequences that they
do so. These findings are cumulative because they
provide support to the notion that patient-centered
care can be improved with the help of preoperative
risk classification since it can assist in the creation
of a particular perioperative plan and determine the
distribution of resources and minimize variation in
surgery outcomes. This study hence shows that
integration of applying multi faceted risk assessment
model to regular surgical operations is necessary to
enhance patient safety, enhance clinical decision
making, and achieve improved short and long-term
outcomes. The second avenue of future research
will be the addition of machine-learning-based
predictive analytics, adaptive real-time scoring and
more detailed physical indicators of patients to
ensure the accuracy and clinical utility is

maximized.
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