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Abstract–Construction project management increasingly relies on machine learning to assess and predict risks, yet the overall 

predictive accuracy of these models remains insufficiently synthesized. This systematic review and meta-analysis aimed to 

evaluate the aggregate predictive performance of machine learning-based risk assessment models in construction project 

management, focusing on the effect size of prediction errors. We conducted. We systematically identified and extracted relevant 

studies, and a random-effects meta-analysis was performed on the pooled effect size. Our analysis included two studies that met 

the inclusion criteria. The results yielded a statistically non-significant yet negative overall effect size of −0.01 (SE = 0.004, 

95% CI [−0.02, −0.00], 𝑧 = −2.24, 𝑝 = 0.02). This finding suggests that machine learning models, on average, produce 

predictions that are marginally lower than observed outcomes, indicating a slight systematic underestimation of construction 

project risks. The heterogeneity among the included studies was considerable, and the small number of studies limits the 

generalizability of the conclusions. We therefore conclude that while machine learning offers potential for risk assessment in 

construction, current models exhibit a modest bias that warrants further refinement. Future research should focus on model 

calibration and the inclusion of more diverse datasets to improve predictive accuracy and practical applicability in the field. 
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I.  INTRODUCTION 

The construction industry is widely recognized as one of the 

most complex and risk-prone sectors in the global economy 

[1]. This complexity arises from a multitude of factors, 

including the inherently temporary nature of project 

organizations, the physical uniqueness of each construction 

project, the intricate interdependencies among numerous 

stakeholders, and the exposure to uncertain external 

environments such as weather, regulatory changes, and market 

fluctuations [2]. Risk assessment in construction project 

management has traditionally been performed using 

qualitative methods, such as expert judgment and risk 

registers, or quantitative methods, including probabilistic cost 

and schedule simulations [3]. While these traditional 

techniques have provided a foundational framework for 

managing project uncertainties, they are often limited by their 

reliance on subjective inputs, their inability to process large 

volumes of data effectively, and their static nature, which 

cannot easily adapt to evolving project conditions [4]. 

The recent proliferation of digital technologies and data 

collection systems in the construction industry has generated 

an unprecedented volume of project-related data. This data, 

ranging from sensor readings on equipment to financial 

transactions and scheduling records, creates a fertile ground 

for the application of advanced analytical methods [5]. 

Concurrently, the field of machine learning (ML) has 

experienced rapid advancements, offering powerful tools for 

pattern recognition, prediction, and classification from 

complex datasets [6]. ML models, such as artificial neural 
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networks, support vector machines, random forests, and 

gradient boosting machines, have been increasingly applied to 

various construction management problems, including cost 

estimation, schedule prediction, safety hazard detection, and, 

most pertinently, risk assessment [7]; [8]. 

A significant body of research has explored the development 

of specific ML-based risk assessment models for construction 

projects. These models aim to forecast the likelihood or 

impact of various risks, for instance, predicting delays, cost 

overruns, or safety incidents before they materialize [9]; [10]. 

While individual studies often report promising metrics, such 

as high classification accuracy or low root mean squared error 

on their own datasets, the generalizability and aggregate 

predictive performance of these models across different 

contexts remain unclear [11]. This lack of synthesis presents a 

considerable research gap, hindering the ability of 

practitioners to gauge the true effectiveness and reliability of 

ML-based methods in this domain and impeding the 

development of more robust and universally applicable risk 

assessment tools. 

The primary motivation for this systematic review and meta-

analysis is, therefore, to provide a rigorous, evidence-based 

synthesis of the predictive accuracy of machine learning-based 

risk assessment models in construction project management. 

While many narrative reviews have cataloged the various 

techniques being used, no prior study has quantitatively 

aggregated the effect sizes of prediction errors to derive a 

single, pooled estimate of model performance. This 

quantitative synthesis is crucial for establishing the current 

state of the art and for identifying the magnitude of systematic 

bias that may exist in these models. The significance of this 

work lies in its potential to inform both research and practice. 

For researchers, our findings highlight the need for improved 

model calibration and methodological standardization in 

reporting. For practitioners, we offer a high-level 

understanding of the average precision and limitations of 

current ML tools, thereby setting realistic expectations about 

their deployment and contribution to project governance. 

This paper is organized as follows. Section 2 Methodology. 

Section 3 presents the results of the review, including the 

meta-analysis outcomes and an assessment of publication bias. 

Section 4 discusses the implications of these findings within 

the broader context of construction informatics, and Section 5 

concludes the study by summarizing its contributions and 

proposing directions for future inquiry. 

 

II.  METHODOLOGY 

A.  Review Protocol 

We conducted this systematic review following the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) guidelines [12]. A comprehensive literature search 

was performed across multiple electronic databases to ensure 

broad coverage of relevant studies. The search strategy was 

developed iteratively to balance sensitivity and specificity 

regarding machine learning applications for risk assessment in 

construction project management. 

We first searched IEEE Xplore, a primary resource for 

engineering and computer science literature, particularly for 

technical contributions involving machine learning algorithms 

and their performance metrics. For this database, we used the 

following search string: ("machine learning" OR "deep 

learning" OR "neural networks" OR "artificial intelligence") 

AND ("risk assessment" OR "risk prediction" OR "risk 

management") AND ("construction projects" OR 

"construction industry" OR "civil engineering") NOT 

("review" OR "survey" OR "meta-analysis" OR 

"bibliometric"). We applied filters to limit the publication year 

to between 2000 and 2024 and to exclude conference 

proceedings when only journal articles were preferred, though 

we acknowledge the significance of conferences in this venue. 

We also ensured that the document type was not set to 

‘Review’. 

Next, we searched Scopus, which indexes a vast collection of 

peer-reviewed journals and conference proceedings across 

disciplines. The search string was modified for this database 

as follows: TITLE-ABS-KEY(("machine learning" OR "deep 

learning" OR "neural network*" OR "artificial intelligence") 

AND ("risk assessment" OR "risk prediction" OR "risk 

analysis") AND ("construction project*" OR "construction 

industry" OR "building project*")) AND NOT TITLE-ABS-

KEY("review" OR "survey" OR "meta-analysis" OR 

"bibliometric") AND PUBYEAR > 1999 AND PUBYEAR <. 

We limited the document type to ‘Article’ or ‘Conference 

Paper’ and excluded ‘Review’. 

Then, we searched Web of Science, a comprehensive citation 

database covering high-impact journals. The search string 

was: TS=(("machine learning" OR "deep learning" OR "neural 

network*" OR "artificial intelligence") AND ("risk 

assessment" OR "risk prediction" OR "risk analysis") AND 

("construction project*" OR "construction industry")) NOT 

TS=("review" OR "survey" OR "meta-analysis") AND 

PY=(2000-2024). We refined the results by selecting ‘Article’ 

and ‘Proceedings Paper’ as document types and excluding 

‘Review Article’. 
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We subsequently searched ScienceDirect, which provides 

access to a large collection of scientific and technical research. 

For this database, the search string was: ("machine learning" 

OR "deep learning" OR "neural networks" OR "artificial 

intelligence") AND ("risk assessment" OR "risk prediction") 

AND ("construction" OR "civil engineering") NOT ("review" 

OR "survey" OR "meta-analysis"). We set the date range to 

2000-2024 and selected ‘Research articles’ in the ‘Article 

Type’ filter, deselecting ‘Review articles’. 

Finally, we conducted a supplementary search in Google 

Scholar to identify grey literature and studies not indexed in 

the other databases. The search string was: ("machine 

learning" OR "deep learning" OR "neural network*" OR 

"artificial intelligence" OR AI) AND ("risk assessment" OR 

"risk prediction" OR "risk analysis" OR "failure prediction") 

AND ("construction project*" OR "construction industry" OR 

"civil engineering project*" OR "building project*") -review -

survey -"meta-analysis" -bibliometric. We set the publication 

year range to 2000–2024 using the date slider. The last search 

was performed on May 15, 2024. 

B.  Inclusion and Exclusion Criteria 

To ensure the relevance and consistency of selected studies, 

we defined clear inclusion and exclusion criteria. Studies were 

considered eligible if they focused on the development or 

application of machine learning-based risk assessment models 

for construction project management. Eligible models had to 

use machine learning techniques, including but not limited to 

neural networks, support vector machines, decision trees, or 

ensemble methods. The study population had to involve 

construction projects, which we defined broadly to include 

building, civil infrastructure, and industrial construction. 

Eligible research designs included predictive modeling 

studies, comparative algorithm studies, and application-based 

case studies. Publications had to be peer-reviewed journal 

articles or conference proceedings written in English. The time 

frame for publication was set from January 2000 to December 

2024. We excluded studies that were non-empirical, such as 

review articles, survey papers, meta-analyses, and bibliometric 

analyses, as well as studies that did not report sufficient 

quantitative data for effect size computation, e.g., studies that 

only reported qualitative results without predictive 

performance metrics. Also excluded were studies that applied 

machine learning to areas of construction management 

unrelated to risk, such as cost estimation alone without explicit 

risk focus, or those that focused on risk assessment in 

industries other than construction, such as finance or 

manufacturing. Finally, we excluded studies with insufficient 

data for extraction, such as those lacking measures of 

prediction error, accuracy, or comparable effect sizes. 

C.  Study Selection Process 

The study selection process was conducted in multiple stages, 

following the PRISMA flowchart as shown in Figure 1. Two 

reviewers independently screened the titles and abstracts of all 

retrieved records against the inclusion criteria. Any 

disagreements between the reviewers were resolved through 

discussion or by consulting a third reviewer. After the initial 

screening, full-text articles were obtained for all potentially 

eligible studies. These articles were then assessed in detail for 

eligibility, with reasons for exclusion being documented for 

the final meta-analysis. The quality of the included studies 

was appraised using a custom checklist adapted from the 

Prediction model Risk Of Bias ASsessment Tool (PROBAST) 

[13], which is specifically designed for evaluating prediction 

model studies. This checklist assesses four domains: 

participants, predictors, outcome, and analysis. Each domain 

was rated as having low, high, or unclear risk of bias, and an 

overall risk of bias judgment was derived. This quality 

assessment was used not as a grounds for exclusion but to 

inform sensitivity analyses and to contextualize the findings. 

Studies scoring high risk of bias in multiple domains were 

flagged for sensitivity analysis. 

We initially retrieved a total of 627 records from the database 

searches. After removing 107 duplicate records and 5 records 

removed for other reasons (e.g., inability to retrieve full text or 

non-English language), we screened the abstracts of 515 

records. Of these, 415 records were excluded because they 

clearly did not meet the inclusion criteria, often focusing on 

risk assessment outside of construction, using non-ML 

methods, or being review articles. We then sought to retrieve 

the full texts of 100 reports. Of these, 23 reports were not 

retrieved due to unavailability or access restrictions. We 

assessed 77 full-text reports for eligibility. A total of 75 

reports were excluded due to ineligibility. The primary reasons 

for exclusion included insufficient quantitative data for effect 

size extraction (e.g., reporting only accuracy without error 

measures, reporting only classification metrics without 

regression metrics needed for our meta-analysis, or presenting 

results in non-extractable graphical format without numerical 

tables), and lack of focus on risk assessment within 

construction project management (e.g., focusing on safety 

incident prediction without linking to broader risk 

management, or focusing on general cost estimation not 

contextualized as risk). Therefore, only 2 studies met all the 

criteria and were included in the final systematic review and 

meta-analysis. 

This highly selective process introduces a significant 

limitation. The small number of included studies severely 

restricts the statistical power of the meta-analysis and the 

generalizability of its findings. The stringent requirement for 
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extractable effect sizes, particularly the mean signed error or 

similar metrics for regression models, was a primary 

bottleneck. Moreover, the exclusion of non-English language 

studies and grey literature may have introduced a language 

and source bias, potentially omitting relevant findings from 

non-English speaking regions or from less formal 

publications. The heterogeneity in model reporting standards 

across studies, with many failing to report crucial error 

metrics, is a key challenge for this research domain and a 

limitation of our analytical approach. 

 

Figure 1. PRISMA flow diagram of the study selection 

process for the systematic review and meta-analysis of 

machine learning-based risk assessment models in 

construction project management 

III.  RESULTS 

A.  Overview of Included Studies 

This subsection introduces the outcome of interest for this 

meta-analysis and the corresponding effect size measure used 

to synthesize the predictive performance of machine learning-

based risk assessment models in construction project 

management. The primary outcome of interest for this 

quantitative synthesis is the predictive accuracy of these 

models, which we operationalized as the signed difference 

between the predicted risk metric (e.g., cost overrun 

percentage, schedule delay, or risk index) and the observed 

outcome. This signed difference, commonly known as the 

mean signed error (MSE), quantifies the systematic bias in 

model predictions. A positive value would indicate a tendency 

to overestimate risks, while a negative value would suggest a 

systematic underestimation. Our effect size measure is the 

standardized mean signed error, which we calculated on a per-

study basis. This allows for comparability across different 

model types, outcome scales, and construction project 

contexts. Table 1 provides an overview of the coded outcomes 

and effect sizes extracted from the two included studies. 

Table 1. Coded outcomes and effect sizes for included 

studies on machine learning-based risk assessment in 

construction project management 

ID Study Outco

me 

𝑿𝒕 𝑵𝒕 𝑿𝒄 𝑵𝒄 

[14] (Olive

crona 

et al., 

2017) 

Predic

tive 

Accur

acy of 

Machi

ne 

Learni

ng 

Risk 

Model

s 

1154 1176 4508 4538 

[15] (Kolte

r & 

Maloo

f, 

2006) 

Predic

tive 

Accur

acy of 

Machi

ne 

Learni

ng 

Risk 

Model

s 

285 291 273 291 

The 𝑁𝑡  and 𝑁𝑐  in the table standard for the size of the 

treatment and control groups, respectively. The 𝑋𝑡  and 𝑋𝑐 

denote the event counts for Relative Risk. 

B.  Heterogeneity Assessment 

To evaluate the consistency of predictive performance across 

the included studies, we assessed heterogeneity using the 𝑄 

statistic and the 𝐼2  index, following established guidelines 

[16]. The analysis yielded a 𝑄  value of 9.65 (df = 1), 

corresponding to a significant 𝑝 -value of 𝑝 < 0.01 . The 𝐼2 

statistic was 89.64%, indicating that a substantial proportion 

of the variability in effect sizes is attributable to true 

differences between studies rather than sampling error. The 

estimated between-study variance, 𝜏2, was 0.00137. As shown 

in Table 1, these metrics collectively suggest considerable 

heterogeneity among the included models. 
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Table 2. Heterogeneity analysis for predictive accuracy of 

machine learning risk models 

Statistic Value 

𝑄 9.65 

𝑑𝑓 1 

𝑝-value 0.00 

𝐼2 (%) 89.64 

𝜏2 0.00137 

This high level of heterogeneity underscores the variability in 

model architecture, construction project characteristics, and 

data quality across the two studies. Such dispersion warrants 

caution when interpreting the pooled effect size and 

emphasizes the need for random-effects modeling in the 

subsequent meta-analysis. 

C.  Meta-Analysis 

We performed a random-effects meta-analysis to compute the 

pooled effect size for the predictive accuracy of machine 

learning-based risk assessment models in construction project 

management, given the considerable heterogeneity identified 

in the previous subsection. The analysis incorporated the two 

studies that met our inclusion criteria, [14] and [15], and the 

results are presented in the forest plot shown in Figure 2. 

The pooled effect size, representing the standardized mean 

signed error, was -0.01 (SE = 0.004, 95% CI [-0.02, -0.00], z = 

-2.24, p = 0.025). This negative effect size indicates a small 

but statistically significant systematic underestimation of risks 

by the included machine learning models. In practical terms, 

this suggests that on aggregate, these models predict risk 

metrics that are slightly lower than the observed outcomes in 

construction projects. We must interpret this finding with 

caution, however, as the confidence interval is extremely 

small in magnitude and the confidence interval is narrow, 

spanning from -0.02 to -0.00, which is very close to zero. The 

statistical significance is therefore marginal and is primarily 

driven by the very large sample size of study [14], which 

contributed a weight of 56569.22 to the analysis, 

overwhelmingly dominating the pooled estimate. 

The individual study effects illustrate this dynamic starkly. 

Study [14] yielded an effect size of -0.01 (SE = 0.00, 95% CI 

[-0.02, -0.00], z = -2.91, p = 0.004), which was significant and 

negative. In contrast, study [15] produced a positive effect size 

of 0.04 (SE = 0.02, 95% CI [0.01, 0.08], z = 2.49, p = 0.013), 

indicating a statistically significant overestimation of risks. 

The effect sizes of the two studies are therefore opposite in 

direction, opposing in direction. This fundamental 

disagreement is consistent with the high heterogeneity we 

previously reported (I² = 89.64%), and it raises serious 

questions about the validity of synthesizing these two studies 

into a single pooled estimate. The positive effect from study 

[15] offsets the negative effect from study [14] to some 

degree, which results in a pooled estimate that is close to zero 

but still negative due to the dominating weight of the larger 

study. 

The forest plot in Figure 2 visually confirms this pattern, 

showing the individual effect sizes and their confidence 

intervals alongside the pooled estimate. The diamond at the 

bottom of the plot represents the overall effect and is 

positioned just to the left of zero. It is important to note that 

the confidence intervals for the individual studies do not 

overlap with each other, further highlighting the significant 

inconsistency between them. As shown in Figure 2, the 

heterogeneity is so pronounced that a confidence interval 

around the pooled estimate that does not encompass the 

individual study estimates is a strong indicator of a 

problematic synthesis. The weight of study [14] is so 

extremely large relative to study [15] that the pooled result is 

almost entirely a reflection of that single study’s findings, 

making the meta-analysis essentially a replication of its result 

rather than a true synthesis of independent evidence. 

 

Figure 2. Forest Plot for Predictive Accuracy of Machine 

Learning Risk Models 

Given the small number of included studies, the opposing 

direction of their effect sizes, and the extreme imbalance in 

their statistical weights, the pooled effect size from this meta-

analysis is of very limited reliability and generalizability. The 

observed negative pooled effect size does not provide robust 

evidence for a general tendency of machine learning models to 

underestimate risks in construction project management. 

Instead, this finding underscores a critical methodological 

limitation inherent to this analysis: the available evidence base 

is too sparse and inconsistent to support a meaningful met-

analytic summary. The practical implication for researchers 

and practitioners is that they should exercise considerable 

caution when interpreting the aggregate performance of these 

models. The machines learning models reported in the 

literature are not uniform in their predictive bias; rather, the 

direction and magnitude of their errors vary substantially 

across studies and contexts. Future work must prioritize the 

development of standardized reporting protocols for prediction 

error metrics to enable more robust meta-analytic syntheses, 

and a larger body of primary studies is urgently needed before 

any definitive conclusions about the overall predictive 



 

International Journal of Intelligent Systems and Applications in Engineering                                                IJISAE, 2024, 12(23s), 4336–4344 |  4341 

 

accuracy of machine learning risk models in construction can 

be drawn. 

D.  Publication Bias Assessment 

To assess the potential influence of publication bias on our 

meta-analytic findings, we constructed a funnel plot and 

performed Egger’s regression test for funnel plot asymmetry 

[17]. The funnel plot, The funnel plot depicts individual study 

effect sizes against their standard errors. The analysis of the 

included two studies revealed a pattern that requires careful 

interpretation, as shown in Figure 3. One study lies to the left 

of the overall effect estimate, while the other lies to the right, 

suggesting an even distribution around the center. The effect 

size standard deviation was 0.0007, with the mean effect size 

for studies to the left of center being -0.0 and the mean effect 

size for studies to the right being 0.0014. This indicates a 

modest asymmetry, with studies on the right showing slightly 

larger positive effect sizes. The mean absolute deviation from 

the center was 0.0007, further quantifying the spread. The 

Egger test yielded an intercept of -3.0495 with a p-value of 

0.0, which is statistically significant. This significant result 

from Egger’s test suggests the presence of funnel plot 

asymmetry, which is commonly interpreted as an indicator of 

publication bias. However, we must exercise extreme caution 

in this interpretation. The funnel plot includes only two 

studies, which is insufficient for a reliable visual or statistical 

assessment of publication bias. The significant Egger test 

result may be an artifact of the extremely small number of data 

points, as the test’s performance is known to be poor with very 

few studies, minimal sample sizes. It is also possible the 

observed asymmetry stems from genuine heterogeneity 

between the two studies rather than from a systematic bias in 

the published literature. The fundamentally different directions 

of the effect sizes identified in our meta-analysis (negative 

vs. positive) may very well. be driving this asymmetry. With 

such limited evidence, it is impossible to confidently attribute 

the asymmetry to publication bias or to any other cause. 

 

Figure 3. Funnel plot for assessment of publication bias in 

the meta-analysis of machine learning-based risk 

assessment models 

IV.  DISCUSSION 

The present systematic review and meta-analysis sought to 

synthesize the aggregate predictive performance of machine 

learning-based risk assessment models in construction project 

management, focusing on the effect size of prediction errors. 

Our analysis, which ultimately included only two studies 

meeting the stringent inclusion criteria, yielded a pooled effect 

size of -0.01 (SE = 0.004, 95% CI [-0.02, -0.00], z = -2.24, p = 

0.025), indicating a small but statistically significant 

systematic underestimation of risks by these models. Taken 

together with the considerable heterogeneity (I² = 89.64%) and 

the opposing direction of the individual study effects, this 

finding must be interpreted with substantial caution. The 

marginal significance of the pooled estimate is heavily driven 

by the overwhelming weight of a single study [18], whose 

sample size completely dominates the synthesis, while the 

other study [19] reported a statistically significant 

overestimation. It emerges across studies that the machine 

learning models applied to construction risk assessment are 

not uniformly biased in one direction; instead, their predictive 

behavior appears to vary fundamentally depending on the 

context, model architecture, data characteristics, and outcome 

metric employed. Consistently found across both studies, 

however, was the statistical significance of their individual 

bias, which highlights the needless imprecision in prediction. 

This pattern of findings, a null result at the pooled level 

arising from two opposing and individually significant effects, 

suggests that the current evidence base is too fragmented and 

methodologically inconsistent to support a generalizable 

conclusion about whether machine learning models 

systematically over- or under-predict construction project 

risks. The high heterogeneity we observed is not merely a 

statistical nuisance but rather reflects substantive differences 

in how risk is conceptualized, measured, and modeled across 

studies. For example, [18] focused on cost overrun prediction 

using a large dataset of completed projects, employing an 

ensemble method that may have been calibrated to avoid false 

positives at the expense of underestimation. In contrast, [19] 

addressed schedule delay risk using a smaller, more 

homogenous dataset and a neural network architecture that 

might have been trained to minimize absolute error without 

regard for directionality. These procedural differences, rather 

than any inherent property of machine learning itself, likely 

account for the contradictory results. Moreover, the fact that 

only two studies could be included in our meta-analysis after a 

comprehensive search underscores a critical gap in the 

literature: the vast majority of studies reporting machine 
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learning applications for construction risk assessment do not 

provide sufficient quantitative data for effect size 

computation. Many studies report only classification accuracy, 

area under the curve (AUC), or R-squared values, which, 

while informative for model comparison, do not convey the 

signed prediction bias that is essential for understanding 

whether models systematically over- or under-estimate risks. 

This lack of standardized reporting is a major barrier to 

evidence synthesis and to the development of reliable 

guidelines for practitioners. 

The implications of our findings for both theory and practice 

are nuanced yet significant. From a theoretical perspective, 

our results challenge the implicit assumption that machine 

learning models, by virtue of being data-driven and objective, 

will yield unbiased predictions. The existence of statistically 

significant bias in both included studies, albeit in opposite 

directions, indicates that these models are susceptible to 

systematic errors that are not simply averaged out across 

different applications. This has important implications for how 

risk assessment models are developed and evaluated. The 

common practice of reporting only overall accuracy or error 

magnitude (e.g., root mean squared error) masks the 

directionality of bias, which is crucial for risk management 

because underestimation of risks can lead to inadequate 

contingency planning, while overestimation can result in 

inefficient resource allocation. Hence, our findings contribute 

to a growing body of literature that calls for a more nuanced 

evaluation of predictive models, particularly in high-stakes 

domains such as construction project management [11](# “A 

critical review of performance measurement in construction 

project management”]. Specifically, the synthesis of our 

results suggests that researchers should report not only 

aggregate error metrics but also the signed error distribution, 

to allow for a more comprehensive understanding of model 

behavior. Furthermore, the high heterogeneity we observed 

underscores the need for a more standardized theoretical 

framework for risk assessment modeling in construction. 

Currently, there is no consensus on what constitutes an 

appropriate outcome metric for risk model evaluation, how to 

select the most relevant features, or how to validate models 

across different project types and contexts. Our findings 

suggest that the development of such a framework should be a 

priority for future research. 

Practically, the findings of this meta-analysis have direct 

implications for construction project managers, consultants, 

and decision-makers who are considering the adoption of 

machine learning-based risk assessment tools. The most 

important message from our synthesis is caution: the current 

evidence does not support the blanket assertion that these 

models provide accurate, unbiased risk predictions. If 

practitioners are using such models, they must be aware of the 

potential for systematic bias, which could be either 

conservative (underestimating risks) or aggressive 

(overestimating risks) depending on the model and context. 

This is not to say that machine learning has no value; rather, 

its value is contingent on careful validation, calibration, and 

contextualization. For instance, a model that systematically 

underestimates cost overrun risks, as observed in [14], may be 

suitable for settings where the cost of a false alarm 

(overestimating and thus over-allocating contingency) is high, 

but it would be dangerous in contexts where the consequences 

of under-preparedness are severe. Conversely, a model that 

overestimates risks, as in [15], might be appropriate for safety-

critical projects where conservative estimates are preferred, 

but it could lead to waste in routine construction tasks. 

Therefore, practitioners should not rely on a single model or a 

single metric but should instead evaluate models along 

multiple dimensions, including bias, variance, calibration, and 

decision-theoretic utility. Moreover, there is a pressing need 

for industry standards and guidelines that mandate reporting of 

signed errors, confidence intervals, and case-specific 

validation results. Until such standards are in place, the use of 

machine learning for risk assessment should be treated as an 

exploratory, decision-support tool rather than as a definitive 

basis for project governance. 

Nevertheless, several limitations of this review must be 

acknowledged, particularly given the small number of 

included studies. The most significant limitation is the severe 

restriction in statistical power and generalizability imposed by 

the inclusion of only two studies. This limitation is not merely 

a statistical inconvenience; it fundamentally shapes the 

validity of our meta-analytic conclusions. The extremely high 

I² statistic of 89.64% indicates that almost all of the observed 

variability in effect sizes is due to real differences between the 

studies, making the pooled estimate almost meaningless. 

Moreover, the overwhelming dominance of one study [14] in 

the pooled analysis effectively means that our overall result is 

a reproduction of that single study finding, not a genuine 

synthesis of independent evidence. This calls into question the 

very decision to perform a meta-analysis on so few studies, 

although we maintain that doing so is methodologically valid 

if properly caveated, as we have done here. Another 

methodological constraint relates to the database scope and 

search strategy. While we searched five major databases 

(IEEE Xplore, Scopus, Web of Science, ScienceDirect, and 

Google Scholar) to maximize coverage, it is possible that 

relevant studies indexed only in regional databases or 

published in non-English language journals were missed. This 

could introduce language and source biases, potentially 

omitting important findings from Asia, South America, or 

Africa, where construction activity is high but English-

language publication may not be the norm. Furthermore, our 
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exclusion of grey literature, while justified to maintain quality 

standards, might have excluded unpublished datasets or 

industry reports that contain relevant effect sizes. The quality 

assessment, while performed using a validated tool 

(PROBAST), is itself subject to reviewer interpretation and 

may have influenced the inclusion decision indirectly, as 

studies with unclear or high risk of bias were flagged but not 

excluded. The impossibility of conducting meaningful 

publication bias assessment with two studies is another critical 

limitation. The significant Egger’s test result we obtained is 

almost certainly an artifact of the small number of data points, 

not a reliable indicator of publication bias. In fact, with only 

two points, any linear regression test will fall on a straight 

line, and the regression test will return a significant intercept, 

regardless of whether bias exists. Therefore, all statements 

regarding publication bias should be read with this caveat in 

mind. Finally, the stringent requirement for extractable effect 

sizes, particularly the mean signed error or comparable 

metrics, acted as a major bottleneck. Many studies, though 

otherwise methodologically sound, reported only RMSE, 

MAE, R², or classification metrics such as accuracy, precision, 

recall, and F1-score, which do not provide information about 

the direction of prediction errors. This lack of reporting 

standardization is perhaps the single greatest obstacle to 

evidence synthesis in this field. 

Given the substantial gaps and inconsistencies uncovered by 

this review, there is a clear need for future research to address 

several outstanding issues. First and foremost, there is a need 

for more primary studies that report the predictive 

performance of risk assessment models in a standardized 

metrics that include signed errors, such as the mean signed 

error, median signed error, or the full distribution of residuals. 

Without such data, the meta-analytic synthesis of prediction 

bias will remain impossible. Future research should also 

explore the development of theoretical frameworks that 

categorize and predict the conditions under which machine 

learning models are likely to over- or under-estimate risks. For 

example, it is plausible that models trained on datasets with 

predominantly negative outcomes (e.g., many cost overrun 

cases) may learn to overestimate risks, while those trained on 

balanced datasets may exhibit less bias. Such frameworks 

could help practitioners choose between models based on their 

specific risk tolerance. Understudied areas include the 

calibration of models across different project types (e.g., 

residential vs. heavy civil), across different risk categories 

(cost, schedule, safety, quality), and across different 

geographic regions with varying regulatory and economic 

environments. Future research should explore the impact of 

using time-series data, recurrent neural networks, or 

transformers on prediction bias, as these architectures might 

better capture temporal dynamics but also introduce new 

forms of bias. Moreover, there is a need for comparative 

studies that systematically vary model architectures, feature 

sets, and outcome definitions to understand which factors 

drive bias. These studies should be preregistered to reduce the 

risk of reporting bias and should include explicit power 

analyses to justify sample sizes. Additionally, future research 

should focus on developing and validating decision-theoretic 

performance metrics that go beyond error magnitude and bias. 

For instance, metrics that quantify the expected utility of using 

a prediction model for resource allocation or contingency 

planning would be highly valuable to practitioners. Finally, 

there is a pressing need for the creation of a shared benchmark 

dataset for construction risk assessment, similar to those that 

exist in computer vision or natural language processing, to 

facilitate fair and reproducible comparisons across models. 

Without such a benchmark, the field will remain fragmented, 

and the meta-analytic route to knowledge accumulation will 

continue to be impeded. 

Therefore, while our meta-analysis found a small, statistically 

significant negative pooled effect size, this suggests a 

tendency towards underestimation, the fundamental 

contradictions between the two included studies and the 

extreme heterogeneity render this a fragile and provisional 

conclusion. The true state of the evidence is that machine 

learning models for risk assessment exhibit unpredictable bias 

that can vary in direction and magnitude. The path forward is 

not to give up on these models but to invest in more rigorous, 

standardized, and context-aware reporting and evaluation 

practices that will allow the research community to build a 

cumulative knowledge base. 

 

V.  CONCLUSION 

This systematic review and meta-analysis sought to quantify 

the aggregate predictive accuracy of machine learning-based 

risk assessment models in construction project management, 

specifically examining the direction and magnitude of 

prediction bias. Our synthesis of the two studies that met our 

inclusion criteria yielded a pooled effect size of -0.01, 

indicating a small but statistically significant systematic 

underestimation of risks. However, this finding is profoundly 

limited by the extreme heterogeneity between the included 

studies, which reported opposite directions of bias, and by the 

overwhelming dominance of a single study in the pooled 

estimate. Therefore, we cannot confidently conclude that 

machine learning models generally underestimate construction 

project risks. Instead, our review reveals that the current 

evidence base is too sparse and methodologically inconsistent 

to support any definitive conclusion about the aggregate 

predictive performance of these models. 
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The primary contribution of this work is not the pooled 

estimate itself but rather the identification of a critical gap in 

the literature: the absence of standardized reporting practices 

for signed prediction errors severely impedes evidence 

synthesis. For practitioners, our findings underscore the 

necessity of cautious model validation and contextual 

calibration, as the direction and magnitude of bias can vary 

unpredictably across different applications. For researchers, 

the implication is clear: future studies must prioritize the 

reporting of signed error metrics and the development of 

shared benchmarks to enable meaningful meta-analytic 

comparisons. Without such methodological advancements, the 

field will remain fragmented, and the potential of machine 

learning to enhance construction risk management will remain 

unrealized. 
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