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Abstract 

Background 

Postoperative complications following laparotomy remain a major contributor to surgical morbidity, mortality, 

prolonged hospitalization, and increased healthcare burden. Traditional perioperative risk assessment tools 

demonstrate limited predictive accuracy at the individual patient level, prompting increasing interest in predictive 

modeling approaches, including machine learning–based techniques, to enhance risk stratification and clinical 

decision-making. 

Objective 

To systematically evaluate predictive modeling approaches used to forecast postoperative complications after 

laparotomy and to analyze their methodological characteristics, predictive performance, and clinical applicability. 

 

Methods  

 

A PRISMA-based systematic review was conducted to identify studies evaluating predictive models developed to 

estimate postoperative complications following laparotomy or major abdominal surgery. Electronic databases were 

systematically searched for relevant studies published within the defined time frame. Eligible studies included those 

employing traditional statistical models or machine learning–based algorithms for postoperative risk prediction. Data 

extraction focused on study design, patient population, predictors used, modeling techniques, performance metrics, 

validation methods, and reported clinical outcomes. Risk of bias and methodological quality were evaluated in 

accordance with established systematic review and prediction modeling reporting standards. 

Results 

 

The included studies demonstrated increasing utilization of machine learning–based approaches alongside traditional 

regression models for predicting postoperative complications. Predictive performance across studies showed moderate 
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to good discrimination, commonly reported using AUROC values ranging from approximately 0.70 to 0.85. Models 

incorporating dynamic perioperative variables including intraoperative parameters and early postoperative 

physiological data demonstrated improved predictive performance compared with models relying solely on static 

preoperative predictors. However, external validation remained limited, and calibration reporting was inconsistent. 

 

Conclusions 

 

Predictive modeling represents a promising strategy for improving early identification of high-risk patients undergoing 

laparotomy. Machine learning approaches offer potential advantages in handling complex perioperative data; 

however, their superiority over traditional statistical models appears context-dependent. Greater emphasis on external 

validation, methodological transparency, and integration into clinical decision-support systems is essential for 

translating predictive models into routine surgical practice. 
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Introduction / Background 

Laparotomy remains one of the most frequently performed major surgical procedures worldwide, particularly in 

emergency general surgery. Despite advances in surgical techniques, anesthesia, and perioperative care, postoperative 

complications following laparotomy continue to pose a significant clinical challenge [1]. These complications include 

surgical site infections, anastomotic leaks, postoperative ileus, pulmonary complications, sepsis, and multi-organ 

dysfunction, all of which contribute substantially to morbidity, mortality, prolonged hospital stay, and healthcare costs 
[2]. 

Emergency laparotomy, in particular, is associated with disproportionately high adverse outcomes. Large cohort 

studies and national audits report postoperative complication rates exceeding 40%, with mortality rates ranging from 

10% to 20%, especially among elderly patients and those with multiple comorbidities [3]. The physiological stress of 

surgery, compounded by delayed presentation, sepsis, and hemodynamic instability, places this patient population at 

especially high risk [4]. 

Traditional perioperative risk stratification tools such as the American Society of Anesthesiologists (ASA) physical 

status classification, Physiological and Operative Severity Score for the Enumeration of Mortality and Morbidity 

(POSSUM), and Acute Physiology and Chronic Health Evaluation (APACHE) scores have been widely used to 

estimate postoperative risk [5]. However, these tools suffer from several limitations, including subjective assessment, 

inability to incorporate high-dimensional data, and limited predictive accuracy at the individual patient level [6]. 

Moreover, most conventional models rely on static preoperative variables and fail to capture dynamic perioperative 

changes that strongly influence postoperative outcomes [7]. As a result, there is increasing recognition that existing 

risk prediction strategies are insufficient for guiding personalized perioperative decision-making following 

laparotomy [8]. This unmet need has driven growing interest in advanced predictive modeling approaches capable of 

integrating large volumes of perioperative data to improve early identification of high-risk patients [9]. 

Methodology 

Study Design 



Biopress Journal of Advanced Pharmacology Vol.2 Issue. 2 (2026) 
  

60 
 

This study was conducted as a PRISMA-based systematic review aimed at evaluating predictive modeling approaches 

used to forecast postoperative complications following laparotomy. The review adhered to established methodological 

frameworks for systematic reviews of clinical prediction models and followed recognized reporting standards to 

ensure transparency, reproducibility, and methodological rigor. 

Eligibility Criteria 

Studies were considered eligible if they investigated predictive models developed to estimate postoperative 

complications in patients undergoing laparotomy or major abdominal surgery. Both traditional statistical models and 

machine learning–based approaches were included. Eligible studies were required to report model development, 

validation, or performance outcomes. Observational cohort studies, retrospective analyses, prospective studies, and 

methodological modeling studies were included. Reviews, editorials, case reports, conference abstracts without 

sufficient methodological details, and studies lacking predictive modeling components were excluded. 

Information Sources and Search Strategy 

A comprehensive electronic literature search was conducted using major biomedical databases to identify relevant 

studies within the predefined time frame. The search strategy incorporated combinations of controlled vocabulary and 

keyword terms related to laparotomy, postoperative complications, predictive modeling, machine learning, and 

surgical risk prediction.Reference lists of included studies were also screened to identify additional relevant 

publications. 

Study Selection 

All identified records were screened using a structured two-stage process. Titles and abstracts were initially reviewed 

to assess relevance based on predefined eligibility criteria. Full-text articles were subsequently evaluated for inclusion. 

Discrepancies during study selection were resolved through discussion and consensus. 

Data Extraction 

Data extraction was performed using a standardized data collection framework. Extracted information included study 

characteristics, sample size, patient demographics, surgical context, predictor variables, modeling techniques, 

performance metrics (including discrimination and calibration where available), validation strategies, and reported 

clinical outcomes. Particular attention was given to perioperative predictors incorporated into predictive models. 

Quality Assessment and Risk of Bias 

Methodological quality and risk of bias were assessed using established evaluation principles for clinical prediction 

models. Assessment focused on participant selection, predictor measurement, outcome definition, handling of missing 

data, model development methodology, validation procedures, and reporting transparency. 

Data Synthesis 

Given the anticipated heterogeneity across study designs, modeling techniques, predictor variables, and outcome 

measures, a qualitative narrative synthesis was performed. Comparative analysis focused on model performance, 

methodological approaches, predictor selection, and validation strategies. Quantitative meta-analysis was not 

performed due to methodological and clinical variability among included studies. 

Reporting Standards 
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The systematic review was conducted and reported in accordance with PRISMA recommendations and established 

guidelines for prediction model research to ensure methodological clarity and reproducibility. 

Rationale for Predictive Modeling and Machine Learning 

Predictive modeling aims to estimate the probability of future clinical outcomes based on patient-specific data, thereby 

enabling proactive risk mitigation strategies. In the context of laparotomy, accurate prediction of postoperative 

complications could inform surgical planning, perioperative optimization, postoperative monitoring intensity, and 

early intervention strategies [10]. 

Machine learning (ML), a subset of artificial intelligence, has emerged as a powerful tool for clinical prediction due 

to its ability to analyze complex, nonlinear relationships among large numbers of variables [11]. Unlike traditional 

statistical models, ML algorithms can automatically identify intricate patterns and interactions within high-

dimensional datasets, making them particularly well suited for perioperative data analysis [12]. 

Rajkomar et al. demonstrated that ML-based models outperform conventional regression techniques in complex 

clinical prediction tasks, particularly when large datasets are available [13]. In surgical disciplines, ML has been 

increasingly applied to predict postoperative complications, mortality, readmissions, and length of hospital stay [14]. 

Several authors have emphasized that ML-driven prediction models can enhance clinical decision-making by 

providing individualized risk estimates rather than population-level averages [15]. 

However, the adoption of ML in surgery is not without challenges. Concerns regarding model interpretability, 

transparency, reproducibility, and external validity have been widely discussed [16]. Black-box algorithms may limit 

clinician trust, particularly when predictions cannot be easily explained or justified [17]. Furthermore, poor data quality, 

selection bias, and lack of external validation can undermine model reliability [18]. 

Despite these challenges, recent systematic reviews suggest that when appropriately developed and validated, 

predictive models—particularly ensemble ML approaches—can provide clinically meaningful improvements in 

postoperative risk prediction [19,20]. This growing body of evidence supports the rationale for systematically reviewing 

predictive modeling approaches aimed at forecasting complications after laparotomy. 

Predictors Incorporated in Predictive Models 

The performance of predictive models largely depends on the selection and quality of input variables. Across the 

literature, predictive models for postoperative complications after laparotomy incorporate a wide range of predictors 

spanning preoperative, intraoperative, and postoperative domains [21]. 

Preoperative predictors commonly include patient demographics such as age, sex, body mass index, and comorbid 

conditions including diabetes mellitus, cardiovascular disease, chronic kidney disease, and pulmonary disorders [22]. 

Advanced age and higher comorbidity burden have consistently been associated with increased postoperative 

morbidity and mortality following abdominal surgery [23]. 

Laboratory parameters play a crucial role in risk prediction. Studies have identified hemoglobin levels, leukocyte 

count, serum albumin, creatinine, inflammatory markers, and electrolyte abnormalities as significant predictors of 

adverse postoperative outcomes [24]. Hypoalbuminemia, in particular, has been repeatedly shown to correlate with 

impaired wound healing, infection, and prolonged recovery [25]. 



Biopress Journal of Advanced Pharmacology Vol.2 Issue. 2 (2026) 
  

62 
 

Intraoperative variables such as duration of surgery, blood loss, need for transfusion, surgical urgency, and type of 

procedure further enhance predictive accuracy [26]. Emergency surgery status and prolonged operative time are among 

the strongest intraoperative predictors of postoperative complications [27]. 

Recent predictive models increasingly incorporate postoperative physiological parameters, including early vital signs, 

oxygen requirements, urine output, and biochemical trends within the first 24–48 hours after surgery [28]. Loftus et al. 

emphasized that dynamic perioperative data significantly improve model discrimination compared to static 

preoperative variables alone [29]. 

Feature selection and dimensionality reduction techniques are critical to prevent overfitting and enhance model 

interpretability [30]. Methods such as recursive feature elimination, LASSO regression, and tree-based importance 

ranking are commonly employed to identify the most informative predictors [31]. Explainable artificial intelligence 

approaches, including SHAP (Shapley Additive Explanations) values, are increasingly used to improve transparency 

and clinician acceptance of predictive models [32]. 

Types of Predictive Models Used to Predict Complications After Laparotomy 

A wide range of predictive modeling approaches have been employed to forecast postoperative complications 

following laparotomy. These models broadly include traditional statistical methods and machine learning–based 

approaches, each with distinct methodological strengths and limitations [33]. 

Traditional Statistical Models 

Logistic regression remains one of the most commonly used techniques for postoperative risk prediction due to its 

interpretability and ease of implementation [34]. Several studies have applied multivariable logistic regression models 

to estimate the probability of complications such as surgical site infection, sepsis, and mortality after abdominal 

surgery [35]. These models provide odds ratios that facilitate clinical interpretation but are limited in handling nonlinear 

relationships and complex variable interactions [36]. 

Machine Learning–Based Models 

Recent years have seen a growing application of machine learning algorithms, including random forest, gradient 

boosting machines, support vector machines, and artificial neural networks, in surgical outcome prediction [37]. 

Random forest and gradient boosting models are particularly favored due to their robustness to overfitting and ability 

to capture nonlinear patterns in clinical data [38]. 

Huang et al. demonstrated that random forest models achieved superior discrimination compared to logistic regression 

in predicting early postoperative complications following intestinal obstruction surgery [39]. Similarly, gradient 

boosting algorithms have shown improved predictive performance for postoperative morbidity and mortality in 

gastrointestinal surgery cohorts [40]. 

Deep learning approaches, such as multilayer neural networks, have also been explored, particularly in large datasets 

derived from electronic health records [41]. These models can automatically learn complex feature representations; 

however, their limited interpretability and high data requirements restrict widespread clinical adoption [42]. 

Overall, the literature reflects a trend toward hybrid approaches, where machine learning models are compared against 

or combined with traditional statistical techniques to balance predictive accuracy and interpretability [43]. 
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Model Performance, Validation, and Reporting Standards 

Model performance assessment is a critical component of predictive modeling studies. Discrimination, commonly 

measured using the area under the receiver operating characteristic curve (AUROC), is the most frequently reported 

metric [44]. Many predictive models for postoperative complications after laparotomy demonstrate AUROC values 

ranging from 0.70 to 0.85, indicating moderate to good discriminatory ability [45]. 

Calibration, which reflects agreement between predicted and observed outcomes, is often underreported despite its 

importance for clinical applicability [46]. Poorly calibrated models may produce accurate rankings of risk but unreliable 

absolute risk estimates, limiting their utility in clinical decision-making [47]. 

Internal validation techniques such as cross-validation and bootstrapping are commonly used to assess model stability 
[48]. However, external validation using independent datasets remains limited, raising concerns regarding 

generalizability [49]. Corey et al. showed that externally validated models often exhibit reduced performance compared 

to internal validation results, highlighting the risk of optimism bias [50]. 

Recent guidelines emphasize transparent reporting of predictive models, including clear descriptions of data 

preprocessing, feature selection, handling of missing data, and validation strategies [51]. Adherence to reporting 

standards such as TRIPOD and PRISMA is essential to improve reproducibility and facilitate comparison across 

studies [52]. 

 Comparison Between Machine Learning and Conventional Statistical Approaches 

The comparative effectiveness of machine learning models versus traditional statistical approaches remains a subject 

of active debate. While machine learning models are theoretically capable of capturing complex nonlinear 

relationships, empirical evidence suggests that their superiority is context-dependent [53]. 

Christodoulou et al. conducted a systematic review demonstrating that machine learning models do not consistently 

outperform logistic regression in clinical prediction tasks, particularly when datasets are small or predictors are limited 
[54]. In contrast, large multicenter studies with high-dimensional data have reported improved discrimination using 

ensemble machine learning models [55]. 

In the context of laparotomy, studies comparing machine learning and logistic regression models indicate that machine 

learning approaches often yield modest performance gains, which may or may not translate into meaningful clinical 

benefit [56]. These findings underscore the importance of focusing not only on predictive accuracy but also on 

interpretability, ease of implementation, and clinical relevance [57]. 

Rather than viewing machine learning and traditional statistics as competing methodologies, several authors advocate 

for their complementary use, leveraging the strengths of each approach to enhance postoperative risk prediction [58]. 

Clinical Utility, Implementation Challenges, and Future Directions 

Despite promising predictive performance, the translation of predictive models into routine clinical practice remains 

limited. One of the primary barriers is the lack of integration with existing electronic health record systems, which 

hampers real-time risk prediction and clinical workflow adoption [59]. 

Model interpretability is another major challenge. Clinicians are more likely to trust and adopt predictive tools that 

provide clear explanations for their predictions [60]. Explainable artificial intelligence techniques, such as SHAP values 

and feature importance ranking, have been proposed to improve transparency and clinician acceptance  [61]. 
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Ethical considerations, including data privacy, algorithmic bias, and fairness, must also be addressed before 

widespread deployment [62]. Models trained on single-center or demographically homogeneous datasets may exhibit 

reduced performance in diverse populations, potentially exacerbating healthcare disparities [63]. 

Future research should focus on prospective validation, multicenter collaboration, and integration of predictive models 

into clinical decision-support systems [64]. Additionally, combining predictive modeling with targeted interventions 

may offer the greatest potential to reduce postoperative complications and improve outcomes following laparotomy 
[65]. 

Discussion 

This systematic review synthesizes recent evidence on predictive modeling approaches used to forecast postoperative 

complications following laparotomy, with a particular focus on machine learning–based methods. The findings 

demonstrate a clear and growing interest in leveraging advanced predictive analytics to address the persistently high 

morbidity and mortality associated with laparotomy, especially in emergency surgical settings. 

Across the reviewed studies, predictive models consistently identified postoperative complications with moderate to 

good discriminatory performance, most commonly reflected by AUROC values between 0.70 and 0.85. Machine 

learning models particularly ensemble methods such as random forest and gradient boosting often demonstrated 

superior discrimination compared to traditional logistic regression models, especially when applied to large, high-

dimensional datasets incorporating perioperative variables. This suggests that the ability of machine learning 

algorithms to model nonlinear relationships and complex interactions provides a tangible advantage in certain clinical 

contexts. 

However, the superiority of machine learning was not universal. Several studies reported comparable performance 

between machine learning and conventional statistical approaches, highlighting that predictive accuracy is strongly 

influenced by data quality, sample size, and variable selection rather than algorithmic complexity alone. These 

findings align with broader evidence indicating that traditional regression models remain highly competitive when 

datasets are limited or predictors are well defined. Consequently, the choice of modeling approach should be guided 

by the clinical question, dataset characteristics, and intended application rather than an a priori preference for machine 

learning. 

A key strength of contemporary predictive models lies in their incorporation of dynamic perioperative predictors. 

Unlike traditional risk scores that rely predominantly on static preoperative variables, many reviewed models 

integrated intraoperative parameters and early postoperative physiological data, significantly improving predictive 

performance. This dynamic approach reflects the evolving nature of surgical risk and enhances the potential for timely 

clinical intervention. 

Despite promising performance metrics, relatively few studies reported robust external validation. The lack of 

multicenter validation raises concerns regarding generalizability and limits confidence in real-world applicability. 

Furthermore, calibration an essential determinant of clinical usefulness was inconsistently reported, despite its 

importance for accurate risk communication and decision-making. These gaps highlight the need for improved 

methodological rigor and standardized reporting in future predictive modeling studies. 

Limitations 

This systematic review has several limitations that should be acknowledged. First, heterogeneity among included 

studies was substantial, encompassing differences in patient populations, surgical indications, outcome definitions, 
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predictor variables, and modeling techniques. This variability precluded quantitative meta-analysis and limited direct 

comparison of model performance across studies. 

Second, many included studies were retrospective in nature and relied on single-center datasets, increasing 

susceptibility to selection bias and overfitting. The frequent absence of external validation further limits the 

generalizability of reported models to broader clinical settings. 

Third, inconsistent reporting of methodological details such as handling of missing data, feature selection strategies, 

and calibration assessment restricted comprehensive appraisal of model quality. Although adherence to reporting 

standards has improved in recent years, incomplete transparency remains a significant barrier to reproducibility. 

Fourth, publication bias cannot be excluded, as studies reporting favorable predictive performance are more likely to 

be published. Negative or neutral findings comparing machine learning with traditional approaches may therefore be 

underrepresented. 

Finally, this review focused on published literature from the past five years, which, while ensuring contemporary 

relevance, may have excluded earlier foundational work that contributed to the development of predictive modeling 

methodologies. 

Conclusions 

Predictive modeling represents a promising strategy for improving risk stratification and early identification of 

postoperative complications following laparotomy. Recent advances in machine learning have enabled the 

development of models capable of integrating complex perioperative data and achieving clinically meaningful 

predictive performance. 

However, the current evidence suggests that machine learning does not universally outperform traditional statistical 

methods. Rather, its benefits are context-dependent and closely linked to data quality, sample size, and the inclusion 

of dynamic predictors. The lack of consistent external validation and standardized reporting remains a major limitation 

to clinical translation. 

Overall, predictive models when appropriately developed, validated, and interpreted have the potential to support 

personalized perioperative care and improve surgical outcomes after laparotomy. Realizing this potential will require 

a shift from proof-of-concept studies toward clinically integrated, prospectively validated decision-support tools. 

Future Implications and Directions 

Future research should prioritize prospective, multicenter studies to enhance the external validity and generalizability 

of predictive models. Collaboration across institutions will facilitate the development of robust datasets that better 

reflect real-world surgical populations and reduce the risk of algorithmic bias. 

Standardization of outcome definitions, predictor variables, and performance reporting is essential to enable 

meaningful comparison across studies. Adherence to established reporting guidelines, including PRISMA and 

TRIPOD, should be strongly encouraged in predictive modeling research. 

Integration of predictive models into electronic health record systems represents a critical step toward clinical 

implementation. Models capable of real-time risk prediction using continuously updated perioperative data may enable 

earlier intervention, targeted monitoring, and optimized resource allocation. 
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Explainable artificial intelligence approaches should be further explored to enhance transparency, clinician trust, and 

ethical acceptability. Understanding why a model predicts high risk is as important as the prediction itself, particularly 

in high-stakes surgical decision-making. 

Finally, future studies should move beyond predictive accuracy alone and evaluate the clinical impact of predictive 

models assessing whether their use leads to reduced complications, improved outcomes, and cost-effectiveness. Only 

through such outcome-driven evaluation can predictive modeling fulfill its promise in improving care for patients 

undergoing laparotomy. 
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