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Abstract 

Background  To assess the efficacy of artificial intelligence (AI) models in diagnosing and prognosticating acute 
appendicitis (AA) in adult patients compared to traditional methods. AA is a common cause of emergency depart-
ment visits and abdominal surgeries. It is typically diagnosed through clinical assessments, laboratory tests, and imag-
ing studies. However, traditional diagnostic methods can be time-consuming and inaccurate. Machine learning 
models have shown promise in improving diagnostic accuracy and predicting outcomes.

Main body  A systematic review following the PRISMA guidelines was conducted, searching PubMed, Embase, 
Scopus, and Web of Science databases. Studies were evaluated for risk of bias using the Prediction Model Risk of Bias 
Assessment Tool. Data points extracted included model type, input features, validation strategies, and key perfor-
mance metrics.

Results  In total, 29 studies were analyzed, out of which 21 focused on diagnosis, seven on prognosis, and one 
on both. Artificial neural networks (ANNs) were the most commonly employed algorithm for diagnosis. Both ANN 
and logistic regression were also widely used for categorizing types of AA. ANNs showed high performance in most 
cases, with accuracy rates often exceeding 80% and AUC values peaking at 0.985. The models also demonstrated 
promising results in predicting postoperative outcomes such as sepsis risk and ICU admission. Risk of bias was identi-
fied in a majority of studies, with selection bias and lack of internal validation being the most common issues.

Conclusion  AI algorithms demonstrate significant promise in diagnosing and prognosticating AA, often surpassing 
traditional methods and clinical scores such as the Alvarado scoring system in terms of speed and accuracy.
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Introduction
Acute abdominal pain constitutes 7–10% of all emer-
gency department visits. Acute appendicitis (AA) is a 
prevalent etiology of lower abdominal pain, prompting 
individuals to seek emergency care, and is the predomi-
nant diagnosis in young patients hospitalized for acute 
abdominal conditions [1]. Although the majority of cases 
manifest acutely within a 24-h frame, some can evolve 
into chronic conditions [2]. AA can be further stratified 
into distinct categories, namely simple, perforated, and 
gangrenous forms [3]. Primarily affecting individuals 
between the ages of 5 and 45, appendicitis has an inci-
dence rate of about 233 per 100,000 people. It is slightly 
more prevalent in males, with a lifetime risk of 8.6% com-
pared to 6.7% in females [4].

Traditionally, appendicitis diagnosis has relied on a 
combination of clinical evaluation, laboratory tests, and 
imaging studies, including ultrasound and computed 
tomography (CT) scans [5]. However, these methods are 
fraught with limitations, such as diagnostic inaccuracies 
and time-consuming procedures, which could result in 
severe complications like appendix perforation and sepsis 
[6].

To overcome these challenges, advancements in artifi-
cial intelligence (AI) have begun to augment conventional 
diagnostic frameworks. AI refers to machine capabilities 
that simulate human cognitive processes to perform tasks 
autonomously [7].

The terms AI, machine learning (ML), and deep learn-
ing (DL) represent a nested hierarchy of intelligent sys-
tems, where DL is a specialized subtype of ML, which 
itself falls under the broader category of AI [8]. In some 
studies, ML techniques like support vector machines 
(SVM) and random forests (RF) have been utilized for 
classification tasks. These techniques enhance diagnostic 
precision by learning from data and experience [9, 10]. 
DL involves using multilayer (“deep”) neural networks 
for data-driven computation and processing [11]. DL 
architectures like convolutional neural networks (CNNs) 
have demonstrated superior performance in analyzing 
intricate patterns in imaging data, occasionally surpass-
ing human-level expertise [12]. Natural language pro-
cessing (NLP) algorithms are another AI avenue that 
is applied to extract relevant clinical information from 
electronic health records, aiding in diagnostic and prog-
nostic evaluations [13]. Reinforcement learning models 
have also been explored for their potential to optimize 
treatment strategies, such as deciding between surgical 
intervention and conservative management, by simulat-
ing various clinical scenarios [14]. Furthermore, ensem-
ble techniques that amalgamate various AI models have 
emerged to offer more reliable and robust diagnostic 
solutions [15].

In light of these innovations, there has been an increas-
ing number of studies focusing on the potential of AI in 
the diagnosis and management of appendicitis, exploring 
a multitude of input variables and ML approaches [12]. 
Despite these promising advances, the acute and poten-
tially life-threatening nature of appendicitis underscores 
the necessity for highly reliable and efficacious AI algo-
rithms [6, 16].

In this systematic review, we investigate how AI con-
tributes to diagnosing AA and predicting its outcomes. 
We aim to assess the effectiveness of different AI models 
and compare them to traditional methods in diagnosing 
AA, classifying its types, and forecasting the outcomes 
after surgery.

Methods
Study Design
This study is a systematic review aimed at evaluating 
the applications of AI in the diagnosis and prognosis of 
appendicitis in adult patients. The review follows the 
Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines [17] (Additional 
file  1). Furthermore, the study protocol has been for-
mally registered in the International Prospective Register 
of Systematic Reviews, with the identification number 
CRD42023444627.

Search Strategy
We conducted a thorough systematic search in PubMed, 
Embase, Scopus, and Web of Science databases using a 
set of keywords pertinent to “artificial intelligence” and 
“appendicitis.” The search was designed to include arti-
cles published up to August 2023. A comprehensive 
description of the search strategy for each database can 
be found in Additional file 2.

Study Selection and Eligibility Criteria
Two independent reviewers (M.I. and D.Z.) initially 
screened the search results based on titles and abstracts. 
After this initial screening, full-text articles were care-
fully examined for their relevance. Inclusion criteria 
encompassed original research articles that were peer-
reviewed and focused on the application of any AI-based 
model in diagnosing or prognosticating appendicitis. 
Exclusion criteria included studies specifically deal-
ing with pediatric appendicitis, those relying on pre-
existing external databases, those with insufficient data, 
or those that trained their models only using radiology 
reports or clinicians’ notes. Articles such as case reports, 
reviews, conference proceedings, and editorials were also 
excluded.
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Data Extraction
Data extraction was carried out independently by two 
reviewers (M.I. and D.Z.). In cases where discrepancies 
arose, a third reviewer was consulted to reach a con-
sensus (A.S.). The data points extracted included study 
design, primary objectives, sample size, data sources, 
reference standards, input features used for model 
training, techniques to address data imbalance, types of 
algorithms employed, preprocessing measures, model 
training and validation strategies, comparator models, 
key performance metrics like AUC, sensitivity, specific-
ity, and accuracy, key findings, and limitations.

Risk of Bias Assessment
The studies included in the research were evaluated 
using the Prediction Model Risk of Bias Assessment 
Tool (PROBAST), a tool designed to assess the risk of 
bias across four distinct domains while also evaluating 
the applicability of diagnostic and prognostic models 
within the research context [18]. The quality assess-
ment was conducted independently by two authors 
(M.I. and D.Z.), and any discrepancies were resolved by 
a third author (A.S.). Based on the established criteria 
of the PROBAST tool, the studies were then classified 
into one of three risk categories: low, unclear, or high. 
In this context, a study was considered to have a high 
risk of bias if it received a high-risk classification in any 
one of the four domains assessed by PROBAST.

Data Synthesis and Analysis
Studies were categorized based on their primary focus: 
diagnosis or prognosis. Whenever possible, a meta-
analysis will be conducted; however, if heterogeneity 
or diverse input variables preclude this, findings will be 
presented descriptively and categorically.

Results
Study Selection
Our initial search across multiple databases led to the 
identification of 628 articles. An additional four arti-
cles were included from auxiliary sources. Following the 
removal of duplicates, 382 articles remained for screen-
ing. After a comprehensive review of titles and abstracts, 
84 articles were deemed eligible based on our predeter-
mined criteria. Following an in-depth examination of the 
full texts, 29 articles ultimately met the inclusion stand-
ards. The flowchart in Additional file 3: Figure S1 deline-
ates each step of the article selection process.

Characteristics of the Studies
Among the 29 articles that met the inclusion criteria, 
21 articles (72%) focused on the diagnosis of AA, seven 

(24%) on its prognosis, and one article addressed both 
diagnosis and prognosis [19]. Over half of the studies 
(51%) adopted a cross-sectional research design. Fur-
thermore, a substantial portion of the included stud-
ies, 16 of them (55%), were conducted within the past 
5  years (2019 and later). Remarkably, all prognosis-
related studies were carried out within the last 3 years 
(2021 and later). A comprehensive overview can be 
found in Additional file 4: Figure S2.

Risk of Bias Assessment
Utilizing the PROBAST, our assessment revealed that 
among the reviewed studies, 11 exhibited low risk of bias 
[3, 12, 19–27], while 18 exhibited high risks of bias [28–
45]. The primary factor contributing to a high risk of bias 
was selection bias [30, 32, 33, 36, 39, 42, 44, 45], identified 
in eight studies. Furthermore, seven studies lacked inter-
nal validation and thus were excluded from further qual-
ity assessment [34, 35, 37, 38, 40, 41, 43]. Additionally, 
six studies had issues related to their analyses [29–32, 
42, 44]. In two studies, a high risk of bias was associ-
ated with the outcome or its determination [28, 32]. One 
study had a high risk of bias introduced by their predic-
tors or assessment [32]. The comprehensive evaluation of 
each domain’s quality across the studies is illustrated in 
Fig. 1. For a detailed breakdown of the quality assessment 
and PROBAST domains, please refer to Additional file 5: 
Table S1.

Artificial Intelligence Algorithms
A total of 24 distinct artificial intelligence algorithms 
were applied across the selected articles. These algo-
rithms fell into six main categories: (1) Statistical classi-
fiers, encompassing Logistic Regression (LR) and Naïve 
Bayes (NB); (2) ML classifiers such as SVM, Decision 
Trees (DT), and K-Nearest Neighbors (KNN); (3) Ensem-
ble ML techniques, which include RFs, Pre-clustering 
Ensemble Learning (PEL), and variants of Boosted DT 
like Gradient Boosting (GB), Extreme Gradient Boost-
ing (XGB), and CatBoost; (4) ML Neural Networks, 
including Artificial Neural Networks (ANN) and other 
specialized forms like Multilayer Perceptron (MLP), 
Backpropagation Neural Network (BPNN), Radial Basis 
Function Network (RBFN), Adaptive Resonance Theory 
(ART), Self-Organizing Maps (SOMs), Learning Vec-
tor Quantization (LVQ), Multilayer Neural Network 
(MLNN), Probabilistic Neural Network (PNN), Extreme 
Learning Machines (ELM), and Kernel ELM (KELM); 
(5) DL techniques, particularly CNNs; and (6) other mis-
cellaneous algorithms including fuzzy rule-based and 
neuro-fuzzy approaches.

Over half of the studies (51%) utilized a singular algo-
rithmic model, while the remainder employed multiple 
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models, varying from two [26, 40, 43, 44] to six [25] in 
number. Comprehensive data on the types of models 
employed are outlined in Tables 1 and 3.

The ANN model and its variants were the most com-
monly employed, being featured in 13 studies [21, 24–
27, 32–34, 37, 38, 40, 42, 45]. LR followed in frequency, 
appearing in nine studies [3, 24–26, 28, 30, 32, 42, 43]. 
DT [25, 30, 35, 36, 40, 41, 43] and SVM [23, 24, 28, 30, 37, 
45] were each utilized in seven studies, while RF [23, 24, 
29, 31, 45] was implemented in six studies.

The distribution of algorithms and their subtypes is 
outlined in Fig.  2, and temporal trends are depicted in 
Fig. 3.

Diagnosis of Appendicitis
A total of 22 studies applied algorithms for the diagnosis 
of AA. The detailed information on the included studies 
is summarized in Tables 1 and 2.

Input Features
Each study employed a unique spectrum of input vari-
ables to train their models. A majority of the studies pre-
dominantly utilized the incorporation of demographic 
factors, clinical indicators, and laboratory measure-
ments as the primary features for model training [21, 
24, 26, 34, 35, 37, 39, 42, 44]. Radiological assessments, 
particularly CT images, were the chosen input modal-
ity in three studies [12, 20, 22]. Laboratory data served 
as the exclusive input for four studies [19, 23, 32, 36]. 
Additionally, three studies deployed a combination of 
clinical observations and laboratory data as their input 
features [38, 40, 41]. In one particular study, the input 
comprised a fusion of demographic and laboratory data 

[33]. Infrared thermographic evaluations of the abdo-
men were employed in a single study [31], while another 
study showcased a multivariable approach, incorporating 
demographic, clinical, laboratory, and ultra-sonographic 
data [30].

Performance Metrics
In each study, different measures were used to evaluate 
how well the models performed. The most frequently 
used metrics were sensitivity and specificity, appearing in 
82% of the studies. Next in line was area under the curve 
(AUC) and accuracy, featured in 68% and 64% of studies, 
respectively. Positive predictive value (PPV) was used in 
45% of the studies, and negative predictive value (NPV) 
in 41%. Less commonly, metrics like F1-score, usefulness 
index (UI), and mean squared error (MSE) were each 
used in just one study, making up 5% of all studies.

Performance
The comprehensive performance data for each model can 
be found in Table 2. The models’ performance underwent 
no types of validation in seven studies [34, 35, 37, 38, 40, 
41, 43], underwent solely internal validation in 21 studies 
[3, 19–33, 39, 42, 44, 45], and was subject to both internal 
and external validation in only one study [12].

Numerous AI algorithms were employed in the diagno-
sis of AA, with ANN being the most commonly utilized 
in ten studies. Owing to the diversity in these algorithms, 
a direct performance comparison is not feasible. Regard-
ing ANN and its variants, all studies that disclosed their 
accuracy rates reported figures exceeding 80%, peaking 
at 97.8% [38]. The AUCs ranged from 0.55 [32] to 0.985 
[38].

Fig. 1  Quality assessment of included studies
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In studies employing DT, the accuracy metrics span 
from 78.87 [36] to 84.4% [30] with AUC values rang-
ing from 0.803 [36] to 0.93 [40]. As for studies that 
employed LR, the accuracy metrics were observed 
to vary from 82% [24] to 87.5% [30], and AUC values 

spanning from 0.677 [32] to 0.87 [24]. Regarding DL 
techniques, specifically CNN, accuracy rates were 
found to lie between 72.5 [20] and 97.5% [12]. The AUC 
values for these studies ranged from 0.724 [20] to 0.951 
[22]. Supplementary parameters for these algorithms, 

Fig. 2  Algorithms utilized in studies

Fig. 3  Trends of different algorithms
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as well as other less frequently utilized algorithms, are 
detailed in Table 2.

Prognosis of Appendicitis
Eight articles in the review focused on the prognosis of 
AA. Six articles aimed to differentiate between com-
plicated and uncomplicated cases [3, 19, 25, 27, 43, 45] 
and two studies focused on postoperative outcomes. One 
such study specifically analyzed the post-surgical out-
comes of perforated appendicitis [29], while the other 
scrutinized the likelihood of sepsis following surgery, and 
its impact as a 30-day mortality risk factor [28]. Com-
prehensive information on the studies included in this 
domain is summarized in Tables 3 and 4.

Predicting the Type of Appendicitis
Six studies examined the classification of appendicitis 
into complicated (CA) or uncomplicated (UCA) catego-
ries, all using laboratory results as a key input. Two of 
these investigations employed a blend of demographic, 
clinical, and laboratory data as their input data [3, 45]. 
Another study utilized a mixture of ultrasound obser-
vations alongside demographic, clinical, and laboratory 
data [43]. Additionally, one study focused on the inte-
gration of ultrasonography with demographic and labo-
ratory findings [25], and yet another utilized CT data in 
conjunction with laboratory outcomes as their input vari-
ables [27].

Various algorithms were employed across the research 
for the categorization of appendicitis types. ANN [25, 
27, 45] and LR [3, 25, 43] were the predominant meth-
ods, each featured in three studies. Following these, SVM 
[25, 45], DT [25], and ensemble techniques (GB [25, 43] 
and CatBoost [19]) were each implemented in two stud-
ies. Methods such as KNN [25], RF [45], ELM [45], and 
KELM [45] were each utilized in a single study.

In a majority of the studies, sensitivity [3, 19, 27, 43, 
45], specificity [3, 19, 27, 43, 45], and AUC [3, 19, 25, 27, 
43] emerged as the most commonly employed perfor-
mance measures. Accuracy [3, 19, 25, 43] was highlighted 
in four research works. Singular studies made use of 
additional metrics such as F1-score [19], PPV [43], NPV 
[43], positive and negative likelihood ratios [27], as well 
as the Matthew Correlation Coefficient (MCC) [45].

Among the scrutinized studies, the study by Lin et al. 
[27] stood out for achieving an AUC of 0.950 by integrat-
ing both laboratory results and CT findings to forecast 
the type of AA. On a similar note, Akbulut et  al. [19] 
employed CatBoost algorithms to forecast the types of 
appendicitis and achieved an AUC of 0.947 along with 
an 88.2% accuracy rate, solely based on laboratory find-
ings as input variables. In a comparative analysis, Li et al. 
[43] demonstrated that LR outperformed DT in terms of 

AUC. A study by Phan-Mai et  al. [25] highlighted that 
the GB algorithm yielded the most robust performance, 
attaining an accuracy rate of 82%. Similarly, Xia et al. [45] 
verified that the Opposition-Based Learning Grasshop-
per Optimization Algorithm (OBLGOA), a specialized 
form of SVM, achieved an accuracy of 83.5%. Kang et al. 
[3] employed LR to distinguish among different forms of 
appendicitis such as simple appendicitis (SA), perforated 
appendicitis (PA), and gangrenous perforated appendi-
citis (GPA), either relying exclusively on T cell data or 
coupling it with clinical information. In the context of 
differentiating SA from PA, the model that integrated 
both T cell metrics and clinical findings yielded a supe-
rior accuracy of 90.6%, compared to 87.5% when relying 
solely on T cell data. Conversely, when the objective was 
to differentiate PA from GPA, the model that exclusively 
utilized T cell data outstripped the composite-input 
model, with respective accuracy rates of 80.6% and 77.4%.

Predicting Postoperative Outcomes
Two studies focused on outcomes following surgery [28, 
29]. In the investigation led by Eickhoff et  al. [29], the 
RF algorithm was used to assess post-surgical outcomes. 
Various types of data were employed for predictive analy-
sis, including patient demographics, clinical history, and 
perioperative data such as the interval between hospital 
admission and appendectomy, surgery duration, labora-
tory test results, type of surgery such as open or lapa-
roscopic methods, conversions, additional procedures 
conducted during the appendectomy, and the use of 
surgical drains. The model’s performance varied across 
distinct clinical outcomes. It achieved an accuracy of 
77.2% for the requirement of ICU admission, 87.5% for 
an extended ICU stay exceeding 24 h, and 68.2% for com-
plications identified by the Clavien-Dindo score greater 
than 3 in newly diagnosed cases. Additionally, the likeli-
hood of reoperation following the initial appendectomy 
was forecasted with a 74.2% accuracy rate, while surgical 
site infection rates were anticipated at 66.4% accuracy. 
The model also predicted the necessity for oral antibi-
otic treatment post-discharge with 78.8% accuracy, and 
hospital stays lasting more than 7 and 15 days were fore-
casted with accuracies of 76.2% and 83.6%, respectively. 
For model evaluation, accuracy, sensitivity, and specific-
ity were used as the key performance indicators. Notably, 
the model demonstrated strong predictive capabilities for 
extended ICU stays greater than 24 h and for hospitaliza-
tions exceeding 15 days, achieving accuracies above 80% 
for these particular outcomes.

In research carried out by Corinne Bunn et  al. [28], 
they assessed the likelihood of developing sepsis follow-
ing an appendectomy and its contribution to mortality 
within 30  days. Various AI techniques were employed, 
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with performance metrics compared across models. The 
feature set incorporated demographic data, pre-existing 
medical conditions, pre-surgical laboratory results, days, 
and details about the surgical procedure itself. Models 
utilized in their analysis included SVM, LR, XGB, and 
Random Forest Decision Trees (RFDT). Additionally, 
they created an ensemble model by amalgamating RFDT, 
LR, and XGB. The ensemble model and XGB demon-
strated superior efficacy in forecasting post-appendec-
tomy sepsis risk. While both models matched in terms 
of accuracy and sensitivity, the ensemble model lagged 
in specificity. RFDT and LR performed similarly but were 
surpassed by the aforementioned models, with SVM 
trailing in last place.

When evaluating sepsis as a contributing factor to 
30-day mortality, RFDT took the lead in model perfor-
mance. Following RFDT, the models ranked in descend-
ing order of effectiveness were: the ensemble model, 
XGB, LR, and finally SVM.

Discussion
Appendicitis represents a surgical emergency demanding 
swift and precise diagnosis to avert potentially life-threat-
ening complications such as peritonitis and sepsis [46]. 
AI algorithms have emerged as a transformative tool, sig-
nificantly enhancing diagnostic accuracy and prognostic 
capabilities, thus potentially revolutionizing AA manage-
ment [47]. In this systematic review, focused on AA in 
adult patients, we observe that the majority of research 
endeavors (72%) have been dedicated to diagnostic appli-
cations. This emphasis underscores the immediate clini-
cal need for accurate AA diagnosis.

While diagnostic applications have dominated the 
landscape, a discernible surge in prognostic studies 
has emerged over the last 3 years. This trend reflects an 
evolving recognition of AI’s potential to diagnose and 
forecast patient outcomes, providing valuable insights for 
treatment strategies.

A diverse array of AI algorithms has been applied in 
both the diagnosis and prognosis of AA. These include 
ANN, SVM, DT, LR, RF, DL (CNN), and various other 
algorithms. Notably, traditional diagnostic approaches, 
such as the Alvarado scoring system, ultrasound findings, 
Eskelinen score, laboratory assessments, and clinical 
evaluation, have been included in some studies for com-
parative purposes. Encouragingly, AI consistently out-
performed these traditional scoring systems, highlighting 
the superiority of ML algorithms in medical diagnosis 
and prognosis.

However, it is important to acknowledge the challenges 
in directly comparing these AI models. The considerable 
heterogeneity among studies, encompassing factors like 
single-center designs, small sample sizes, retrospective 

methodologies, variations in input features, diverse algo-
rithms, and differing performance metrics, precluded a 
meta-analysis. This complexity underscores the need for 
caution when drawing quantitative comparisons between 
the various models.

Within the realm of studies employing multiple AI 
algorithms, ANN and its subtypes emerge as the top per-
formers for diagnosing AA, demonstrating their robust-
ness and versatility in this clinical context.

Moreover, individual studies have contributed unique 
insights. For instance, Rajpurkar et al. [20] demonstrated 
that CNN achieved superior performance when pre-
trained on video sequences, showcasing the potential 
benefits of data augmentation techniques. Sun et al. [36] 
highlighted that DT yielded more favorable results when 
combined with univariate analysis rather than multivari-
ate analysis, underlining the importance of optimizing 
algorithm combinations.

In the prognostic domain, CatBoost demonstrated a 
stronger performance in prognosis compared to diagno-
sis, as evident in one study [19].

Timely and accurate diagnosis of appendicitis during 
pregnancy is crucial to minimize perinatal and maternal 
morbidity and mortality, yet is often delayed due to prev-
alent gastrointestinal symptoms and challenges in inter-
preting clinical and laboratory findings. Anatomical and 
physiological alterations, such as the displacement of the 
appendix by the enlarging uterus and pregnancy-induced 
leukocytosis, exacerbate these diagnostic difficulties, 
resulting in accurate preoperative diagnosis in merely 
1/2 to 3/4 of cases [48]. In light of these diagnostic chal-
lenges, the selection of appropriate predictive algorithms 
becomes paramount. For instance, when predicting the 
type of appendicitis during pregnancy, LR outperforms 
DT, underscoring the importance of algorithm selection 
in enhancing diagnostic accuracy in specific clinical con-
texts [43].

A specific focus by Gudelis et al. [40] on ANN and DT 
revealed that both algorithms performed similarly for dif-
ferential diagnoses of right iliac fossa pain, but ANN was 
significantly more effective for the diagnosis of AA.

Examining postoperative consequences in the context 
of perforated appendicitis [29], the RF algorithm consist-
ently achieved an accuracy exceeding 70% across various 
clinical endpoints. These included admission to the ICU, 
ICU stays exceeding 24  h, the need for post-appendec-
tomy reoperation, prescription of oral antibiotics follow-
ing discharge, and extended hospital stays. These findings 
underscore the potential of AI to contribute to postop-
erative decision-making and patient care.

In the prediction of post-appendectomy sepsis risk 
[28], both the ensemble model (XGB + RFDT + LR) 
and XGB demonstrated high effectiveness, with similar 
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accuracy and sensitivity. However, the ensemble model 
exhibited lower specificity. When assessing sepsis as a 
contributing factor to 30-day mortality, RFDT emerged 
as the top-performing model, offering valuable insights 
into postoperative patient management.

Our systematic review offers distinct advantages. 
We have incorporated both diagnostic and prognos-
tic studies, providing a holistic view of AI’s role in 
adult AA management. This comprehensive approach 
enhances our understanding of AI’s clinical potential. 
By employing the PROBAST tool, we have critically 
evaluated the risk of bias, offering readers a transpar-
ent assessment of study reliability. Furthermore, our 
review furnishes detailed insights into the performance 
of various AI algorithms, aiding healthcare profession-
als and researchers in selecting suitable models for spe-
cific clinical applications. Additionally, by identifying 
limitations and research gaps, our review serves as a 
guiding compass for future investigations, emphasizing 
the importance of robust study designs and enhanced 
methodological rigor.

The findings of this systematic review hold significant 
practical implications for the field of appendicitis man-
agement. With AI algorithms consistently outperforming 
traditional diagnostic methods, clinicians may consider 
integrating these advanced tools into their decision-
making processes. This could lead to more accurate and 
timely diagnoses, potentially reducing the risk of mis-
diagnoses and unnecessary surgeries. Moreover, the 
insights gained from prognostic studies could aid in tai-
loring treatment plans to individual patient needs, opti-
mizing postoperative care, and improving outcomes. As 
for future research, these practical implications empha-
size the importance of further investigating the imple-
mentation of AI in clinical settings, considering factors 
such as user-friendliness, accessibility, and cost-effective-
ness to ensure real-world utility.

Despite its strengths, our systematic review does 
have limitations. The inherent heterogeneity among the 
included studies, characterized by factors such as sin-
gle-center designs, limited sample sizes, retrospective 
methodologies, variations in input features, diverse AI 
algorithms, varying performance metrics, and outcome 
measures, hindered our ability to conduct a meta-anal-
ysis and draw direct quantitative comparisons between 
models. Furthermore, a majority of the reviewed stud-
ies exhibited a high risk of bias, particularly in terms of 
selection bias and the absence of internal validation, 
potentially impacting the generalizability of the evalu-
ated AI models. Additionally, the dynamic nature of AI 
in healthcare suggests that new research may emerge, 
potentially influencing or altering our current findings 
over time.

While this systematic review provides a comprehensive 
overview of the current landscape, it also highlights sev-
eral areas where future research can make valuable con-
tributions. Firstly, studies that directly compare different 
AI algorithms in controlled clinical settings could provide 
insights into which algorithms perform best under spe-
cific conditions, facilitating algorithm selection for cli-
nicians. Additionally, investigating the integration of AI 
systems into electronic health records and clinical work-
flows is crucial to ensure seamless adoption in healthcare 
settings. Furthermore, exploring the long-term impact of 
AI-driven decision support systems on patient outcomes 
and healthcare costs is an avenue for research. Finally, 
as AI technologies continue to evolve, ongoing research 
should focus on adapting these tools to emerging diag-
nostic and prognostic challenges in appendicitis manage-
ment, ultimately enhancing patient care and safety.

Conclusion
In conclusion, the application of AI in the context of 
appendicitis holds immense promise. It has already dem-
onstrated its potential to significantly enhance diagnostic 
accuracy and prognostic capabilities, marking a trans-
formative shift in how we approach this critical medical 
condition. The robust performance of various AI algo-
rithms, outperforming traditional diagnostic methods, 
underscores their relevance in clinical practice.
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