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Abstract

Accurate prediction of postoperative care requirements following elective surgical procedures is of
central importance from both medical and organizational perspectives. Although machine learning
(ML) methods have been developed to support such predictions, clinical decisions regarding
postoperative care levels are still predominantly based on the individual judgment of surgeons and
anesthesiologists. This retrospective, single-center observational study was conducted at the
University Hospital Augsburg and includes 35,488 elective surgical cases documented between
August 1, 2023, and January 31, 2025. For each case, the preoperative care level prediction made by
surgical and anesthesiology teams was compared to the actual postoperative care provided. The
predictive performance of clinical assessments was further benchmarked against ML-based
approaches described in the current literature. While overall prediction accuracy was high (surgical
assessments: 91.17%; anesthesiology assessments: 87.12%), the sensitivity for identifying patients
requiring intensive care remained markedly lower than that reported for ML-based models. This
discrepancy was particularly pronounced for patients ultimately admitted to the Intensive Care Unti
(ICU) postoperatively. Despite good overall accuracy, clinical predictions by physicians show limited
sensitivity in identifying high-risk patients in need of postoperative intensive care. This study
presents, for the first time, a data-driven framework to support and enhance current preoperative
decision-making through the integration of ML techniques.

Keywords: elective surgery; postoperative care requirements; prediction; artificial intelligence;
machine learning

1. Introduction

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.0050.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 August 2025 doi:10.20944/preprints202508.0050.v1

2 of 11

The accurate prediction of postoperative care requirements following elective surgical
procedures plays a central role, both from a medical and an economical perspective [1]. For instance,
if a patient is mistakenly assumed to require only PACU (Post-Anesthesia Care Unit) followed by
timely transfer to a general ward, this can lead to last-minute scheduling changes with significant
consequences for operating room and intensive care resources [2], ultimately compromising patient
safety [3-5]. On the other hand, planning for intensive care resources that are not actually needed can
also have negative medical and economic consequences [6], for example delay of surgeries that by
local protocol require postoperate transfer to an ICU. Numerous risk factors and scoring systems
have already been described for general [7-9] and specific postoperative complications [10], such as
respiratory complications [11] or acute kidney injury [12], which may necessitate postoperative
admission to a unit with advanced monitoring and therapeutic capabilities. A predictive model titled
“SURPAS” [13] identified several risk factors for the necessity of advanced postoperative monitoring
such as the ASA classification, preoperative functional status, and surgical specialty. The machine
learning (ML)-based model for predicting ICU admission presented by Chiew et al. demonstrated a
specificity of 98%, a sensitivity of 50%, and an AUROC of 0.96. Despite the existence of such models
in literature, there are currently no clearly defined recommendations for clinical practice. No
standardized guidelines currently exist that call for routine ICU admission based on preoperative
variables or planned surgical procedures —neither from surgical, anesthesiological, nor intensive care
perspectives [14,15]. In practice, the preoperative assessment of the required level of care —whether
ICU, Intermediate Care (IMC) [16], prolonged PACU, or PACU —is still primarily based on internal
hospital protocols and the individual judgment of physicians. The absence of widespread adoption
of promising data-driven and ML-based approaches can also be attributed to the lack of direct
performance comparisons with subjective clinical decision-making [3]. The aim of this study is to
evaluate a real-world dataset to generate robust insights into the performance of subjective physician
decision-making, thereby enabling practical recommendations for the integration of modern ML
approaches.

The data-driven concept in this work aims to improve the prediction of postoperative care
requirements and thus optimize the management of elective surgical procedures.

2. Materials and Methods

This retrospective analysis was conducted using an anonymized dataset from the University
Hospital Augsburg and was previously reviewed by the Ethics Committee of Ludwig Maximilian
University of Munich (Nr 25-0377-KB).

To classify the postoperative care requirements of elective surgery patients, four levels were
defined:

e A patient assigned to Level 0 requires standard postoperative care in the recovery room
followed by timely transfer to a general ward (= standard care) when transfer criteria are met.
This corresponds to the international standard of a PACU. This level was set as the system
default.

e Level 1 patients are expected to stay in the PACU for an extended period of at least 4 hours,
e.g., including overnight monitoring. Level 2 patients are monitored at the IMC during the
postoperative phase.

e  For Level 3 patients, postoperative care in an ICU is assumed to be necessary.

In daily clinical practice at University Hospital Augsburg, the initial prediction of the required
postoperative level of care was made by the responsible surgical team during the scheduling of the
operation. This was later reassessed during the anesthesiological consultation and preoperative

evaluation by anesthesiology physicians (see Figure 1). Typically, the anesthesiologist was aware of
the surgical team’s initial level-of-care prediction prior to making their own assessment.
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Figure 1. Current process for elective procedures and level designation: OR: Operating room; Level 0: Recovery
room stay followed by prompt transfer to the general ward (PACU); Level 1: Recovery room stay followed by
delayed transfer to the general ward (prolonged PACU); Level 2: Postoperative transfer to the IMC; Level 3:
Postoperative transfer to the ICU;.

The performance of the decision-making process was retrospectively evaluated based on a
cohort of 35,488 interdisciplinary elective surgical procedures conducted between August 1, 2023,
and January 31, 2025. For each case, both the surgical and anesthesiologic preoperative predictions,
as well as the actual postoperative level of care provided, were taken into account.

2.1. Statistics

To assess the predictive accuracy of the physicians’ classifications, both disciplines —surgery and
anesthesiology —were analysed individually and comparatively. Evaluation metrics included
accuracy, sensitivity, specificity, balanced accuracy, and precision. To evaluate the quality of the
level-of-care predictions, several performance metrics were employed. Accuracy represents the
overall proportion of correctly classified patients across all categories. Sensitivity measures the
proportion of true positives correctly identified for each care level, whereas specificity reflects the
model’s ability to correctly exclude patients who did not require a particular level of care. Given the
imbalanced distribution of care levels in the dataset, balanced accuracy was additionally calculated,
as it incorporates both sensitivity and specificity and thus provides a more robust measure. Precision,
defined as the proportion of correctly predicted positive cases among all positive predictions,
indicates the likelihood that a predicted care level matches the level actually required. This approach
allows for a nuanced evaluation of subjective clinical decision-making and its potential alignment—
or divergence —from actual postoperative needs.

Cohen’s Kappa was used to quantify the interrater agreement between the two medical
assessments, correcting for agreement expected by chance. To test whether the performance of the
assessments differed significantly, a Chi-square test was conducted. Statistical analyses were
performed using R (version 2024.04.2 www.r-project.org)and Python (version 3.12.11).

3. Results

In the following sections, the performance of the surgical and anesthesiological assessments is
analysed separately. This is followed by a comparative evaluation of the predictions made by both
disciplines.

3.1. Surgical-Based Predictions

Overall, the surgeons show an accuracy of 91.17%, meaning that in approximately 9% of cases,
the surgical assessment did not match the level of care actually provided postoperatively. For 2,008
patients, a postoperative care level higher than Level 0 was predicted. Among patients who
ultimately required Level 3 care, 656 (38.05%) were correctly identified preoperatively. Table 1
compares the surgical prediction with the actual postoperative observation.
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Table 1. Surgical-based prediction and actual level (Kappa = 0.0263, p-value < 0.001).

actual surgical-based prediction
postoperative level of care | Level 0 Level 1 Level 2 Level 3 total
Level 0 31,480 (98.21%) 296 (0.92%) 125(0.39%) 152 (0.47%) | 32,053
Level 1 736 (86.59%) 84 21 (247%) 9 (1.06%) | 850

(9.88%)
Level 2 492 (57.14%) 41 (4.76%) 324 (37.63%) 4 (0.46%) 861
Level 3 772 (44.78%) 28 (1.62%) 268 (15.55%) 656 (38.05%) | 1,724
total 33,480 449 738 821 35,488

Patients requiring Level 0 care were identified with a sensitivity of 98.21%. The sensitivities for
Level 1, Level 2, and Level 3 patients were 9.88%, 37.63%, and 38.05%, respectively. The specificity
for the Level 0 group was 41.78%, while specificities for Levels 1 through 3 were 98.95%, 98.80%, and
99.51%, respectively. For patients ultimately requiring Level 3 care, the surgical assessment achieved
a balanced accuracy of 68.78%. When a surgeon predicted Level 3 care, this was correct in 79.9% of
cases. The precision for Level 0 predictions was 94.03%.

3.2. Anesthesiological-Based Predictions

Overall, the anesthesiologic prediction showed an accuracy of 87.12%, meaning that in
approximately 13% of cases, the anesthesiologic assessment did not match the actual postoperative
level of care. The overall performance is influenced by the high number of patients requiring only
Level O care. For 5,227 patients, a higher level of postoperative care than standard care (Level 0) was
predicted. Among these, 1,717 (32,85%) cases were overestimated, and 1,049 (20,07%) cases were
underestimated in terms of care level. Within the group of patients who ultimately required Level 3
care, 980 (56.84%) were correctly classified. Table 2 compares the anesthesiologic care level
predictions with the levels that were actually realized.

Table 2. Aanesthesiological-based prediction and actual level in 35,488 cases (Kappa = 0.0408, p-value < 0.001).

Actual  postoperative level of | anesthesiological-based prediction
care Level 0 Level 1 Level 2 Level 3 total
Level 0 29,212 1,544 532 765 32,05
(91.14%) (4.82%) (1.66%) (2.39%) 3
Level 1 517 (60,82%) 226 85 22 850
(26,59%) (10,00%) (2,59%)
Level 2 197 (22.88%) 78 498 88 861
(9.06%) (57.84%) (10.22%)
Level 3 335 (19.43%) 64 345 980 1,724
(3.71%) (20.01%) (56.84%)
total 30,261 1,912 1,460 1,855 35,48
8

With a sensitivity of 91.14%, the Level 0 patient group demonstrated the highest sensitivity. In
contrast, sensitivities for Level 2 and Level 3 patients were 57.84% and 56.84%, respectively, while
the identification of Level 1 patients showed the lowest sensitivity at 26.59%. The relatively low
specificity for Level 0 (69.46%) indicates that patients are often incorrectly classified as requiring only
standard care. Specificity increases for higher levels of care.
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The balanced accuracy of the anesthesiological assessment for Level 3 patients was 77.12%,
although Level 0 remained the most reliably predicted category. Overall, the positive predictive
values for Level 1 through 3 (11.82%, 34.11%, and 52.83%, respectively) indicate limited precision in
predicting higher care levels.

3.3. Comparison of Predictions

A direct comparison between the two disciplines —anesthesiology and surgery —reveals that the
surgical assessments demonstrated slightly higher overall accuracy (87.12% vs. 91.17%, x?=2252.32,
p <0.001).

Figure 2 provides detailed information on the different predictions, stratified by the actual
postoperative level of care. It Level 0 was the most frequently predicted category —even in cases
where the actual postoperative care requirement corresponded to Level 1 through 3. In 28,976
instances, both specialties predicted Level 0 care, which was subsequently confirmed by the observed
outcome. However, among these presumed low-risk patients, a relevant number ultimately required
a higher level of care (Level 1: n = 485; Level 2: n = 114; Level 3: n = 161), indicating potential
underestimation of postoperative needs or the occurence of unexpected intraoperative complications.
Discrepancies between surgical and anesthesiologic assessments were also evident. For example, 405
cases were classified as Level 0 by surgery but as Level 3 by anesthesiology, whereas 127 cases
showed the inverse outcome. Although the total number of patients jointly predicted to require
intensive postoperative care (Level 3) by both disciplines was comparatively low (n=502), this group
showed a high concordance with actual outcomes.

Prediction: Surgery vs. Anesthesiology
Stratified by actual postoperative level of care
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Figure 2. Comparison of surgical- and anesthesiology-based predictions, grouped by the actual level of care.

Figure 3 compares the sensitivities and specificities. While surgical clinicians achieved higher
sensitivity for Level 0 patients, anesthesiology physicians demonstrated significantly higher
sensitivities across all other care levels. The conclusions regarding specificity are vice versa.
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Figure 3. Comparison of specialties with regard to sensitivity (left) and specificity (right).

Figure 4 presents an aggregated comparison: all levels of care exceeding standard recovery
(Level 1-3) were combined and contrasted with PACU (Level 0). This visualization allows for
assessment of how well patients requiring enhanced postoperative care were identified. The
comparison highlights that anesthesiologic assessments resulted in fewer patients being incorrectly
classified as Level 0, thereby ensuring that critical resources were more appropriately utilized.
However, this approach also led to a higher proportion of false positive classifications.
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Figure 4. Comparison of the percentage distribution of anesthesiology-based (left) and surgery-based

predictions (right) in cases with aggregated elevated postoperative care requirements.

4. Discussion

Our study shows that both anesthesiologic and surgical predictions demonstrate a high, though
not perfect, concordance with the care that was ultimately provided. In approximately 11% of cases,
an incorrect prediction was made. Only about half of the patients who ultimately required
postoperative intensive care were correctly identified as such during the preoperative assessment by
either the surgical or the anesthesiology team, resulting in a large number of patients requiring an
unplanned ICU admission. Since ICUs are commonly required to have a high bed utilization due to
economic reasons, multiple unplanned ICU admissions of elective cases can pose major challenges.

As outlined in the introduction, Chiew et al. proposed a ML-algorithm for predicting
postoperative ICU admission. The authors highlight the absence of a clinical prognostication
benchmark as a key limitation in objectively evaluating the algorithm’s performance [3]. This analysis
provides insights into the quality of preoperative clinical assessments regarding postoperative care
requirements from a practical point of view. The results highlight the challenges associated with
preoperative assessment of postoperative care requirements in the real world. According to the
findings of this study, integrating an appropriate upstream ML-model into the clinical decision-
making process would particularly enhance the sensitivity for the most critical patient group - those
requiring Level 3 postoperative care.

Using ten preoperative parameters, Chiew et al. trained multiple ML models that demonstrated
superior sensitivity and, to a lesser extent, specificity compared to the physician-based predictions
reported in the present study [3]. However, it must be noted that different ML methods yield varying
performance metrics. For practical implementation, a nuanced evaluation of the respective models is
essential. In the referenced study, the gradient boosting model showed the highest overall
performance (AUROC 0.97). Nevertheless, the support vector machine (SVM) model (AUROC 0.94)
would be preferable for practical application in this context. Although the SVM model demonstrated
slightly lower specificity compared to the gradient boosting model (94% vs. 97%), it outperformed in
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terms of sensitivity (70% vs. 50%) [3]. Another key consideration for clinical implementation is that
preoperative risk stratification primarily aims to ensure optimal patient care and only secondarily to
support resource-efficient planning. Therefore, the presence of false positives should be regarded as
an undesirable, yet comparatively acceptable, trade-off in a patient-centered risk evaluation [6].
While overestimation of care levels may result in inefficient use of limited intensive care resources,
underestimation poses potential threats to patient safety [17]. Taking these requirements into
account, Figure 5 outlines a data-driven concept developed from the findings of this study, aimed at
guiding practical implementation in real-world clinical settings. The proposed approach could thus
improve overall sensitivity without negatively affecting specificity. In practical terms, this would
allow for more accurate preoperative planning of ICU bed allocation —at least for elective procedures.
Over the approximately one-year observation period, this concept could lead to a maximum increase
of 1,309 correctly predicted ICU admissions.

Level 0 '- Level 0 '- Level 0 Level 0*
— | o — | @ (0 o g
2 evel 2 evel 2 evel
Level 3 o Level 3 o Level 3 Level 3

ML Surgical Clinic Anesthesiology OR ?

Time

Figure 5. Data-Driven Process for Elective Procedures and Level Classification: ML: Machine-learning OR:
Operating Room; Level 0: Recovery room stay followed by prompt transfer to the general ward (PACU); Level
1: Recovery room stay followed by delayed transfer to the general ward (prolonged PACU); Level 2:

Postoperative transfer IMC; Level 3: Postoperative transfer to ICU.

This study is subject to some limitations: the overall performance of physician-based predictions,
particularly accuracy, is influenced by the high proportion of patients classified as Level 0. This effect
is further amplified by the system’s default setting to Level 0. Moreover, the training level of the
participating physicians was not systematically recorded. Therefore, differences in the proportion of
residents, board-certified specialists, and senior physicians across both disciplines may have biased
the results. Additionally, the need for a higher level of postoperative observation is influenced by
center-specific protocols, where patients undergoing certain procedures are always transferred to an
ICU postoperatively, regardless of their assumed risk.

In addition, the reasons for the actual level of postoperative care realized were not available. It
remains unclear whether the observed care levels were based solely on medical necessity or also
influenced by organizational factors such as limited bed availability in IMC/ICU units. Consequently,
no judgment could be made regarding the medical appropriateness of the care allocation observed
in this dataset.

Furthermore, current ML models only predict the need for ICU admission - corresponding to
Level 3 in our methodology [3]. Looking ahead, the development and prospective validation of ML
models capable of predicting care needs across all levels—including Levels 1 and 2 - would be a
desirable advancement.

A key strength of this study lies in the use of a large, real-world dataset comprising over 35,000
elective surgical procedures from a tertiary care center. This allows for robust, practice-oriented
insights into current clinical decision-making processes. By incorporating both surgical and
anesthesiologic assessments and comparing them to the actual postoperative level of care, the study
offers a comprehensive evaluation of current practice patterns. The dual-perspective design adds
depth and realism, reflecting interdisciplinary workflows in perioperative planning.

Moreover, the classification system employed - differentiating between four distinct
postoperative care levels (PACU, prolonged PACU, IMC, ICU) - closely mirrors commonly applied
structures in many European hospitals. Despite the inherent heterogeneity in how observation units
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are defined and utilized across institutions, the applied model is broadly representative and thus
enhances the generalizability of findings.

Finally, the study provides a valuable reference benchmark for evaluating future ML-based
prediction models. By quantifying the performance of human clinical judgment, it enables a
meaningful comparison and helps guide the development and implementation of data-driven
decision support systems.

5. Conclusions

This study offers real-world insights into the preoperative prediction of postoperative care
requirements following elective surgical interventions.

Both anesthesiological and surgical assessments demonstrated a high degree of concordance
with the actual level of care provided —averaging approximately 89%. The data-driven concept
introduced here shows potential to enhance existing clinical decision-making processes. As
demonstrated, early findings from the literature indicate that ML-based approaches can provide
meaningful support in this context [3]. Through the present analysis, this potential has, for the first
time, been objectively quantified in a real-world clinical setting.

Looking ahead, future interdisciplinary research should prioritize the development of data-
driven decision support systems that effectively bridge the interface between human expertise and
algorithmic assistance. The goal must be to create actionable, user-centered tools that deliver
measurable value for both patients and clinicians in anesthesiology and surgery.

The framework developed in this study represents a promising foundation for such efforts. It
illustrates a pragmatic approach to optimizing resource allocation in perioperative care.

The key challenge for future research lies in translating the predictive performance of ML-based
models into clinical practice —while navigating the regulatory, ethical, and organizational constraints
inherent to healthcare systems.
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The following abbreviations are used in this manuscript:

ICU Intensive care unit

ML Machine learning

PACU Post-Anesthesia Care Unit
MC Intermediate Care

SVM Support vector machine
OR Operating Room
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