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Abstract

surgical outcomes after colorectal surgery is provided.

Background Machine learning (ML) has been introduced in various fields of healthcare. In colorectal surgery, the
role of ML has yet to be reported. In this systematic review, an overview of machine learning models predicting

Methods Databases PubMed, EMBASE, Cochrane, and Web of Science were searched for studies using machine
learning models for patients undergoing colorectal surgery. To be eligible for inclusion, studies needed to apply
machine learning models for patients undergoing colorectal surgery. Absence of machine learning or colorectal
surgery or studies reporting on reviews, children, study abstracts were excluded. The Probast risk of bias tool was
used to evaluate the methodological quality of machine learning models.

Results A total of 1821 studies were analysed, resulting in the inclusion of 31 articles. A vast proportion of ML
algorithms have been used to predict the course of disease and response to neoadjuvant chemoradiotherapy.
Radiomics have been applied most frequently, along with predictive accuracies up to 91%. However, most studies
included a retrospective study design without external validation or calibration.

Conclusions Machine learning models have shown promising potential in predicting surgical outcomes after col-
orectal surgery. However, large-scale data is warranted to bridge the gap between calibration and external validation.
Clinical implementation is needed to demonstrate the contribution of ML within daily practice.
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Introduction

Colorectal cancer is estimated to have approximately 2
million new cases and 1 million deaths per year [1].
Appendicitis cases appeared to be approximately 18 mil-
lion in the last few years [2]. Performing colorectal surgical
procedures come with several risks, such as postoperative
bleeding, anastomotic leakage, or fistulas [3]. These com-
plications could become a burden for surgeons because
they lead to readmissions of patients and require revision
surgery. Additionally, in patients with colorectal cancer,
tumor recurrence or metastasis are commonly discovered,
causing a decrease in survival for these patients [4].
Although chemotherapy has already demonstrated
improvements in survivability for colorectal cancer
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patients, it is still difficult to predict which patients will
completely respond to chemotherapy [5]. Therefore, risk
stratification of patients with colorectal cancer remains
challenging. Artificial Intelligence (AI) could support sur-
geons with this risk stratification by predicting postopera-
tive complications, response to chemotherapy, and overall
survival of colorectal cancer patients.

Recently, machine learning (ML), an essential branch of
Al has already been used for several complex tasks within
healthcare. Examples of these tasks are the detection of
tumors on radiologic images and prediction of biomarkers
[6]. Due to its ability to train on large datasets and rec-
ognize patterns within data, machine learning algorithms
are able to improve the accuracy of their prediction model
[7]. Based on this capacity, machine learning models could
be used to predict surgical outcomes prior to colorectal
surgery [8]. By assessing several surgical outcomes with
Al surgeons could preoperatively decide the most efficient
clinical pathway for patients undergoing colorectal surgery
[9]. Currently, there are several machine learning algo-
rithms available to make these predictions, an overview of
algorithms is presented in Table 1.

Although machine learning algorithms have shown
major potential to improve surgical outcomes, the current
status and quality of machine learning models within col-
orectal surgery have not been evaluated in recent literature.
However, it is essential to bridge this gap in order to
understand the extent of predicted surgical outcomes,
generalizability, and validity of current machine learning
algorithms applied in colorectal surgery. Therefore, this
systematic review aims to provide a comprehensive

Table 1 Terminology of Al subsets

overview of machine learning algorithms that have been
used to predict any surgical outcome after general col-
orectal surgery. This review also evaluates the area under
the curve and/or accuracy of included machine learning
models.

Materials and methods

Literature was retrieved and systematically reviewed in
accordance with the Cochrane Handbook for Systematic
Reviews of Interventions version 6.0 and PRISMA
guidelines.

Literature search strategy

A systematic search was performed in the databases:
PubMed, Embase.com, Clarivate Analytics/Web of Sci-
ence Core Collection and the Wiley/Cochrane Library. The
timeframe within the databases was from inception to the
7th of July 2021 and conducted by G.L.B. and M.B. The
search included keywords and free text terms for (syn-
onyms of) ’machine learning’ combined with (synonyms
of) ’digestive system surgical procedures’. This search
strategy was peer-reviewed by an information specialist
(G.L.B.), using the PRESS checklist. A full overview of the
search terms per database can be found in the supple-
mentary information (see Appendix 1 as ESM). No limi-
tations on date were applied in the search. Studies reporting
on conference proceedings, book chapters, editorials,

Machine learning (ML)
Decision tree

Algorithms that are able to improve the prediction accuracies by training on large data [10]

A model that consists of nodes and branches, representing variables and related outcomes. Various

combinations of outcomes give several predictions. The end model will be the smallest tree that fits the data

best [11]

Gradient boosting (GBM)
model is formed [12]

Random forest

Support vector machine
(SVM)

Atrtificial neural networks
(ANNSs)

Convolutional neural
networks (CNNs)

Deep learning

Builds models that focus on inaccuracies of preceding models and improves these parts until the most accurate

Combines multiple decision trees to build the final accurate prediction model [13]

Finds the optimal border in the dataset to classify outcomes in two groups [14]
Trains by using various processing layers to automatically find relevant features for the prediction.
Additionally, weights of the extracted features are adjusted to form the most accurate model [15]

Similar to ANNSs, except these models use filters instead of weight for extracted features [16]

Deep learning algorithms function similarly to neural networks, however, deep learning models have more

layers or depth than neural networks [17]

Radiomics
predicted medical outcomes [18]

Extracts quantitative features of clinical images to construct predictive or prognostic associations with the

ML machine learning, SVM support vector machine, GBM gradient boosting machine, RF random forest, ANN artificial neural networks, CNN

convolutional neural networks
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errata, letters, notes, surveys, or tombstones were excluded
from the search.

Eligibility criteria

Studies were only eligible if they specifically met the fol-
lowing criteria: (i) described machine learning methods,
(ii) involved patients undergoing any type of colorectal
surgery, (iii) reported predictive performance of the
machine learning model, (iv) clinical study. Regression
models could be seen as machine learning. Nonetheless,
regression models have existent in healthcare for many
years. As this review is addressing new machine learning
models only, regression models are therefore excluded
from this review. In addition, appendectomy procedures
were considered as colorectal surgery. Studies were
excluded if they (i) were not written in English, (ii)
reported on reviews, editorials, letters, or study abstracts.
No specific study design or setting was preferred in the
inclusion criteria.

Study selection

Two reviewers (M.B. & J.C.P.) independently performed
the title and abstract screening in conformity with the
inclusion and exclusion criteria. Eligible articles were read
in full text, and duplicate studies were eliminated. The full-
text screening of the retrieved articles was performed by
the same two reviewers (M.B. & J.C.P.) to secure they
comply with the inclusion criteria. Disagreements were
resolved by discussions between two reviewers, resulting
in consensus.

Risk of bias assessment

The Probast risk of bias tool was independently applied to
each study by two reviewers (M.B. & J.C.P.) to assess the
methodological quality of included machine learning
models [19]. This tool is able to evaluate the overall risk of
bias based on four bias domains: participant selection,
predictors, outcomes, and analysis.

Data collection process

A table was formed for the extraction of all data. All data
aspects were independently extracted and double-checked
by two of the authors (M.B. & J.C.P.). Conflicts were
resolved by consensus between the two authors. No addi-
tional processes were required for this data.

@ Springer

Data items

An inventory of data items was formed according to the
Cochrane guidance for data collection, and the CHARMS
checklist [20]. The following information was extracted
from each study: first author, publication year, country of
research, number of patients, mean age, study design,
surgical procedure, intervention, surgical outcome, internal
validation method, external validation, predictive perfor-
mance (discrimination, and calibration). For studies
involving multiple machine learning models, predictive
performance of each model was described separately.

Data synthesis

A descriptive summary was used to represent the type of
machine learning models, predicted surgical outcomes, risk
of bias assessment, and model validation. To illustrate the
predictive performance of machine learning models, results
of machine learning studies were reported for each pre-
dicted outcome. To represent the discriminative ability, the
range of mean accuracy (ACC) and area under the curve
(AUC) was described for machine learning models of each
predicted outcome. Additionally, the proportion of
machine learning models that have applied calibration was
described, along with the calibration method. A compara-
tive meta-analysis of machine learning models was not
possible, due to heterogeneity in study methodology, and
the report on outcomes.

Results

The search strategy provided a total of 1821 studies after
removal of duplicates (Fig. 1). Therefore, 1821 studies
were screened for eligibility based on the title and abstract.
After excluding 1763 studies, 58 studies remained for a
full-text assessment. In the end, 31 studies were included in
this systematic review.

Machine learning models

Various machine learning algorithms have been applied to
patients undergoing colorectal surgery. The frequencies of
applied machine learning models were as follows: radio-
mics (n = 13), neural networks (n = 7), multiple machine
learning (n = 6), random forest (n = 4), gradient boosting
(n=1).

Surgical outcomes

Surgical outcomes of these machine learning models pre-
dominantly included prediction of the clinical staging and
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Fig. 1 PRISMA flow chart of the study selection

prognosis (n =9), chemoradiotherapy response (n = 7),
and postoperative complications (n = 7). Remaining stud-
ies involved prediction of diagnosis (n = 4), success of
intervention (n = 2), and pre-and postoperative manage-
ment (n = 2). An overview of key study characteristics is
presented in Table 2.

Methodological quality assessment

Based on the Probast tool, the majority of studies received
a low risk of bias score for the predictors and outcome
domains. For most studies, the participants and analysis
domains have received unclear or high risk of bias scores
due to inappropriate inclusion criteria or measures to

@ Springer



World J Surg (2022) 46:3100-3110

3104

asuodsax
uornepIfeA Kderayjowayd NND UOISIOXd 110Y0D)
ON €L 0/~ ON -$S01D) JO uonoIpaIg $SOTWIOTPEY [e10010soW [BJ0],  QAndadsonoy +S IS vSn 0202 T’ 1 ng
asuodsarx
Aderoyowrayo 11010)
SAx 80/~ oN Surddensjoog JO uondIpaIg Id Awoyoe[0)  aAndadsonoy +9 SLET ®peURD (T0T [B 1@ Qukog
asuodsarx
jaseep Jjo Aderoyjowrayo UOISTOX? 11040D)
ON —/%8°0 oN 11ds wopuey JO uondIpaIg SoTwoTpe Y [e10010SaW [el0],  QAndadsonay 96 16 vSn 0202 ‘Te 30 uenx
9suodsarx
jaseep jo Kderoyowraydo T UOISIOXd J1040D)
ON 98°0/— OoN Mds wopuey Jo uonoIparg {SOTIOIPRY [e10910SqW [e10],  2Anoadsonay S9 SS A 6107 T 10 LRI
asuodsarx
uorjepIfeA Kderoyjowrayo T J1040D) & 10
ON 1L°0/1L°0 ON -$S0ID) Jo uonoIpald {SOTWIOTPEY Awo031091001d  2A10adsonay €9 01 VSN 0202 soumuy
spoyjow
Surures)
6°0/~dd uonepIeA [BAIAINS suryorw 11040D) ‘e 19
ON S6'0/-INAS ON -Ss0ID JO uonosIpald srdnmpy Awops[o)  sandadsonay L9 €LI1 AN 8I10¢ norjrui
uonepIeA sIse)sejowl WAS 110Y0D)
ON £€8°0/€L°0 ON -Ss01) JO uonosIpald ‘sorworpey Awo3o90)  eAnoadsonay 9 LOT BUIYD  0C0C Te L I
uorjepIfeA sIsejsejow WAS UOISIOXd J1040D)
ON €8°0/2L°0 ON -$S0ID) JO uonoIpald {SOTIOIpERY [e10010SW [BJO],  QAnddsonay SS 801 BUIYD GI07  [B 10 Suery
uornepIeA NN ANRI WAS 11040D)
ON L8°0/98°0 ON -SS0ID JO uonosIpald ‘sorworpey Awo3os[0)  eAndadsonay 19 8 BUIYD  610C Te R I
SIse)sejow UOISIOXd 110Y0D) e 19
SOx 16°0/ sox Surddensjooqg JO uonoIpaIg soTworpey [e10010SoW [BJ0],  QAndadsonoy 09 L¥T ueder (0z0C YsTueRYeN
uonepIfea sIsejsejow WAS 11040D)
ON €8°0/— ON -$S0ID) Jo uonoipaig {SOTIoIpERY Awo0jo9[0)  2Anoadsonay €9 06€ VSN 0207 B 19 udsarg
uornepIeA NN ANGRI 11040D)
EEIN 880/~ ON -SS0ID JO uonosIpald SOIoIpey SN eanoadsonay 8¢ 76 euly) 007 [e 3 Sueyz
uornjepIfeA sIsejsejow 11040))
ON 0L°0/- ON -$S01D) JO uonoIpalg A CNND Awo3o9[0)  dAndadsonoy 79 610C BAIOY  0Z0C ‘Te 30 99
UONBNUAIJIP ‘&1
uonepIeA Inown) UOISIOXd 11010D) ZuauwiIf
ON €L 0/~ SOx -$S01D) JO uonoIpaIg soTworpey [e10010SoW [BJO],  QAndadsonoy ) 6 vSn 0202 -ZOIRATY
(1opowr
(ouysak) poylow Surure9[
(ouysak) (ONV/DDV) uonepiea uornepIeA Neliitekinle] uryoew) (ueaw)
uoneIqie)  UOTIRUTWILIOSI [euIaIXyq [euIou] [eo131ng uonuaAIu]  sampaooid [eo1ding  uTisop Apmg a8y  suened Anuno) Iedx oypny

SQIpNIS papN[oUl JO SONSLIAJOBIRYD A9Y T d[qeL

pringer

A's



3105

World J Surg (2022) 46:3100-3110

—/S9°0 NNV
—/08'0 WAS
s spoyjow
/€6°0 44 Surureay
—/S6'0NdD jo8EIED JO sisougerp quyorw 3IoyoD LR
ON —/18°01d ON 1ds wopuey Jo uonoiparg srdnmy Awoyoopuaddy  2anoadsonoy SN 8C1 Aoyl 0z0T AsoUy
uonepIeA Aypejowr Aw0309100 11040
ON €6°0/18°0 ON -$S01D) Jo uonoIpalg 14 Kouadrowyg  oAndadsonay 9L LS] udpams§ 0Z0¢ ‘Te 32 08D
UOISIOX9
suoneordwod [B10210SW
uorjepIeA aaneradojsod [e10], + UOT)O3sAI J1040D)
ON 680/~ SOA -$s0ID JO uonsipaid J4d TouRyuy  eAndadsonay 6S 0ces vsn 1c0¢ e 19 oM
suoneordwod
jaserep jo aaneradosod J104y0D)
ON 680/~ sof  J[ds wopuey Jo uonarpaid NNV SN eanoadsonoy 19 75 2N €10 [ 1 swepy
“()/— spoyjow
S0 INAS suoneordwod Surure9|
960/~ 198818p JO aaneradoisod suryoew 11040
ON £6'0/-INdD ON ids wopuey JO uonsipaid o[dnmp Awoyoopueddy  sanoadsoney oy viceee vsn 0c¢oc  [e e uung
—/88°0 NNV
. spoyjow
/T8 ONAS suoneordwod Surures]
—/€6'0d4d aaneradoisod surgoeur 11040D
ON —/98°0Ld oN Surddensjoog Jo uonorparg ordnmny Awoe[o)  aanoadsonay 8¢ 80¢C VSN 020T  Te 30 munzy
suonjeordwod
uonepIeA aaneradojsod 11040oD
ON 80/~ ON -$s01D) Jo uonarpaid WgD SN eanoadsonoy 8C  66€£°€l vSn 610¢ JLECRCLO)
“()/— spoyjow
SY0FNAS suoneordwod Surures]
9°0/dd uonepreA aaneradoisod surgoeur 11040D
ON ¥9°0/-INED ON -$s0ID JO uondipaid s[dnmpn SN anoadsonay SN ELLY vSn 8I0C 'Te 39 I9[lom
asuodsar
jaselep Jo Kderoyjowayd UoISIOXd 110Y0D)
ON 16°0/— oN 1ds wopuey JO uonoIpaIg SoTworpey [e100108oW [eJ0], QAndadsomoy S €l euly) 6107 TR 101X
asuodsax
uonepIeA Kderoyjowayd UoISIOXd 11040
ON 08°0/- ON -$S01D) JO uondIpaIg SoTworpey [e100108oW [eJ0],  QAndadsomoy €9 €1 VSN 00T TB 3@ ysreys
(1opowr
(ouysak) poyiouw Surure9|
(ouysak) (ONV/DDV) uonepiea uornepIfeA SOW0JIN0 uryorwW) (uedwr)
uoneiqie)  UONBUIWLIOSI [euIIXH [euI)uy [eo13Ing uonuaaru]  sampaooid [eording  uJisop Apmig a8y  sjuened Anuno) Iedx Joyny

ponunuod g Jqel,

pringer

A



World J Surg (2022) 46:3100-3110

3106

payroads jou g ‘d[qeoridde jou YA ‘9AIND Iy} I9pUN BAIR )Y ‘KovInose DOV

Juowageurw
aaneradojsod
jaseIep JO pue 11010
ON SLO/~ ON [ds wopuey -a1d jo uonorpaid NNV SN eAnoadsonay SN SLT N SI0C  [e e SuRL
JjuowaSeurw
aaneradolsod
uonepIeA pue 110Y0D
ON 980/~ ON -sso1)  -o1d jo uondIpalg NNV SN 2Anoadsonay 0L 899 AN 610C  [B 19 snINy
$5900NS
jasejep jo UOTUIAIIUL 11040 ‘e 1
ON SN ON ds wopuey Jo uonarpaid a9 Aw0199]10001001d  9Andadsonay 8¢ $SLE vSN Z7I0T UOI[IUBIA
$5900NS
jaselep Jo UOTIUQAIIUT Iredar 11010 BLRE
ON —/€6°0 ON ds wopuey Jo uonarpaid NNV 101ouryds Jouuy  9Andadsonay SN L M0 00T JouipIen
jaseIep Jo sisougeip 11040 ‘e 1
ON —/86°0 ON  J[ds wopuey JO uonarpaid NNV SN 2Anoadsonay 4 09 2N LO0C  Tesopnyqeld
JaseIRp JO sisougerp 11010
ON S6°0/~ ON Jds wopuey JO uonsipaid NNV SN Andadsonoy 0¢ 961 AoymIL T10T e 10 SEP[OX
. . spoyjout
16'0/16'0 NNV Sururea]
96'0/€6'0 INAS uonepreA sisougerp suryoeur 11040
ON 86°0/96°0 44 ON -$S01D Jo uonarpaid ordnny SN eAnoadsonay ov 081 uemle], (QI0C '[® 10 YaIsH
(opow
(ouysak) poylowr Surures|
(ouysak) (ONV/DDV) uonepiea uonepifea SOUWI0JINO uryoew) (ueowr)
uoneIqIe)  UONBUIWLIOSIJ [euIdIXy [euIalu] [eo13ing  uonuaalo]  sampaodold oG uSisop Apmg a3y  swened Anuno) IeOX loymy

penunuod 7 dqe],

pringer

A's



World J Surg (2022) 46:3100-3110

3107

account for overfitting and missing data. Therefore, a low
overall bias was given for 29% of the studies, whereas 48%
of the studies received an unclear overall bias. Addition-
ally, a high overall bias was decided for 23% of the studies
(Fig. 2).

Model validation

For internal validation of machine learning models, most
studies used cross-validation (n = 17), a random split of the
dataset (n = 11), or bootstrapping (n = 3). External vali-
dation was performed in four studies (13%), including two
radiomics, one ANN, and one random forest model. The
discriminative ability (AUCs) of these models ranged
between 0.64 and 0.9, and the calibration was reported for
one machine learning model.

Predictive performance

The AUCs of machine learning models for predicting
clinical staging and prognosis have ranged between 0.7 and
0.95, whereas the accuracies were discovered to be
between 72 and 86% [21-29]. For the prediction of
chemotherapy response, AUCs between 0.71 and 0.91 were
discovered, accuracies varied between 71 and 84%
[30-36]. In the machine learning group for prediction of
postoperative complications, AUCs have ranged from 0.6
and 0.96, additionally, accuracies were found to be
between 81 and 93% [37-43]. For machine learning
models predicting appendicitis cases, AUCs varied from
0.91 to 0.95, and accuracies ranged between 65 and 98%
[44—47]. In the group for prediction of intervention success,
AUCs were up to 0.93 [48, 49]. For prediction of pre-and

postoperative management, machine learning models
showed AUCs up to 0.86 [50, 51]. Calibration was
described for three models (10%), in which two studies
used a Hosmer-Lemeshow test, and one study used a cal-
ibration plot only. Additionally, one study did not use AUC
or accuracies to describe predictive performance of the
machine learning model.

Discussion

This review illustrates the capabilities of machine learning
in predicting several surgical outcomes for patients
undergoing colorectal surgery. In this study, promising
discriminative abilities of applied ML models have been
discovered, especially for radiomic models.

Nine studies have used machine learning algorithms to
predict the course of disease with accuracies ranging
between 70 and 90%. Radiomics models have shown
highest accuracies in these predictions. Theoretically, the
use of ML could improve pre-operative decision-making
for patients undergoing colorectal surgery, eventually
enabling individualized surveillance for patients. For
patients with high risks of metastasis, treatment decision
such as minimal or aggressive surgery could be reconsid-
ered for optimal surgical outcomes. However, most studies
included small cohorts, this might give rise to the problem
of overfitting, in which the ML model is overly adjusted to
the training dataset and is unable to perform well on the
test set [52, 53]. Although measures such as cross-valida-
tion and feature selection might help, this problem could be
solved by including an external validation cohort [54].

Fig. 2 Methodological -

assessment of ML models, .
according to the Probast risk of ~ 1-Partidpants
bias tool i
2. Predictors
3. Outcome
4. Analysis
Risk of Bias
L]
0% 20%
Low Risk
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L] T L] 1
40% 60% 80% 100%
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Seven studies have applied machine learning to predict
response to neoadjuvant chemoradiation therapy (nCRT)
with accuracies between 71 and 91%. Radiomics appeared
to perform this prediction with the highest accuracies.
Although chemoradiotherapy has already shown improved
outcomes for patients with advanced rectal cancer,
incomplete therapy response and overtreatment of nCRT
could occur [55]. Surgeons experience difficulties in
determining patients who would completely respond to
nCRT [56]. By using machine learning, surgeons could
improve risk stratification, and decide to tailor therapy to
patients with predicted nCRT response. This might even-
tually enable personalized decision-making for every
patient, preventing unnecessary hospital stays and costs.

Seven studies have attempted to predict postoperative
complications. Accuracies of ML models have ranged from
47 and 96%, in which random forests had the best pre-
dictive performance. Ideally, colorectal surgeons could use
machine learning models to accurately predict postopera-
tive complications for every patient. Subsequently, early
discharge, enhanced monitoring or prophylactic steps could
be implemented based on the predicted risk of complica-
tions. In addition, one study developed a predictive model
for mortality in patients undergoing acute abdominal sur-
gery [43]. This could potentially be helpful for clinical
decision-making in acute surgery. Nonetheless, these ML
studies have primarily included preoperative risk factors
for postoperative complications. Previous studies have
already indicated that postoperative complications are
dependent upon several preoperative, intraoperative, and
postoperative risk factors [57]. Therefore, more datasets
are required to reveal essential intraoperative and postop-
erative factors for the prediction of postoperative
complications.

For predicting patients with acute appendicitis, ML
models have performed with accuracies up to 98%.
Akmese et al. have demonstrated that ML could be applied
with web-based interfaces, with internet as the only nec-
essary criteria. Prabhudesai et al. have discovered that
neural networks are able to predict appendicitis cases better
than clinicians. These two findings may suggest that ML
models could be practical and accurate tools for improving
surgical decision-making. With proper use, surgeons could
diagnose faster and prevent unnecessary appendectomies.

Although high accuracies have been found for machine
learning models within this review, it seems that some
uncertainties are still present. External validation was
missing in most of the studies (87%), indicating that most
machine learning models have not been applied to data
from external hospital settings. However, external valida-
tion is crucial to demonstrate the generalizability of
machine learning models [58]. Additionally, calibration
was not reported in most studies (90%), while calibration

@ Springer

reflects the similarity between predicted risks and the true
observed risks [59]. Poor calibration indicates that the
machine learning model is under- or overestimating the
desired outcome.

This review has some limitations. Due to the hetero-
geneity in methodologies of studies, a comparative meta-
analysis of ML models was not possible. Additionally, a
number of studies have not described predictive perfor-
mances of ML models in ACC or AUCs, possibly leading
to an over- or underrepresentation of actual discriminative
abilities.

Future studies should focus on the external validation of
ML models. Since external validation is important for the
generalizability of machine learning algorithms, gaining
this validation could facilitate the introduction of machine
learning in daily clinical practice. However, large-scale
datasets are required for this external validation, existing
patient databases could be used to fulfill this need [60].
With proper use of these data, surgeons may achieve per-
sonalized decision-making for patients undergoing col-
orectal surgery. In addition, the calibration of machine
learning models should be demonstrated in future studies to
represent the extent of consensus between predicted out-
comes and outcomes in the clinics.

In conclusion, this review shows the promising potential
of ML in predicting various surgical outcomes for patients
undergoing colorectal surgery. However, clinical imple-
mentation is required to demonstrate the contribution of
ML within daily practice. The use of large patient data-
bases may be required to fulfill the need for calibration and
external validation.

Supplementary Information The online version contains
supplementary material available at https://doi.org/10.1007/s00268-
022-06728-1.
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