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ABSTRACT
Delphi studies in disaster medicine lack consensus on expert agreement metrics. This study examined various metrics using a

Delphi study on chemical, biological, radiological, and nuclear (CBRN) preparedness in the Middle East and North Africa

region. Forty international disaster medicine experts evaluated 133 items across ten CBRN Preparedness Assessment Tool

themes using a 5‐point Likert scale. Agreement was measured using Kendall's W, Intraclass Correlation Coefficient, and

Cohen's Kappa. Statistical and machine learning techniques compared metric performance. The overall agreement mean score

was 4.91 ± 0.71, with 89.21% average agreement. Kappa emerged as the most sensitive metric in statistical and machine learning

analyses, with a feature importance score of 168.32. The Kappa coefficient showed variations across CBRN PAT themes,

including medical protocols, logistics, and infrastructure. The integrated statistical and machine learning approach provides a

promising method for understanding expert consensus in disaster preparedness, with potential for future refinement by

incorporating additional contextual factors.
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1 | Introduction

The use of Delphi studies in disaster medicine research is
increasing (Gray et al. 2023; Hill et al. 2022; Niederberger and
Spranger 2020). These studies offer a structured approach to
exploring expert knowledge and achieving consensus on critical
disaster preparedness and response. They achieve this by col-
lecting and aggregating informed judgments from a panel of
experts on specific topics. These studies are advantageous for
exploring problems where experimental evidence is often lim-
ited and expert opinion plays a crucial role in decision‐making
and policy creation (Keating and Hanger‐Kopp 2020).

The benefits of Delphi studies in disaster medicine include
gathering geographically dispersed experts, maintaining ano-
nymity to reduce bias and facilitating iterative feedback to
refine opinions (Alammary 2022; Munblit et al. 2022). Delphi
studies can also help identify priorities, develop guidelines, and
forecast future trends in disaster management. However, criti-
cisms of the method have also been noted, such as researcher
bias in panel selection may skew expert opinions toward certain
institutional priorities, while participant fatigue can result in
premature or superficial consensus on critical preparedness is-
sues (Banno et al. 2020; Spranger et al. 2022). Previous studies
have emphasised the importance of expert consensus in shaping
public health responses to CBRN terrorism in the MENA region
(Mani et al. 2024). Their findings highlight how regional dis-
parities in healthcare infrastructure and preparedness capabil-
ities can influence expert agreement, highlighting the need for
metrics like Kappa to account for contextual variations. Fur-
thermore, these studies suggest that integrating standardised
metrics with localised assessments could enhance the devel-
opment of actionable, region‐specific protocols for CBRN pre-
paredness (Uuk et al. 2024).

Yet, expert consensus in chemical, biological, radiological, and
nuclear (CBRN) preparedness elements is crucial to enhancing
readiness and response capabilities, especially in regions with
diverse healthcare systems and limited empirical data, such as
the Middle East and North Africa (MENA) region. Such con-
sensus could facilitate the development of standardised proto-
cols and training programs to fulfil regional needs. Aggregating
expert knowledge helps identify critical gaps in preparedness,
prioritise interventions, and establish best practices that can be
adapted across different contexts (Ranse et al. 2024). Experts'
agreement also facilitates policy‐making and guides the build-
ing of impactful preparedness measures. In the MENA region,
where CBRN threats may vary significantly between countries,
expert consensus helps create a unified approach while ac-
counting for local variations in terms of potential risks due to
industrial sectors, conflicts, or terrorist threats. The Delphi
collaborative approach improves the overall quality of pre-
paredness plans and facilitates international cooperation and
knowledge sharing.

One critical aspect of Delphi studies (among several, such as the
definition of expert, timeframes, and planning of logistics) is the
selection of appropriate metrics to measure agreement among
experts effectively. The choice of agreement measurement
metrics can significantly impact the interpretation of results and
conclusions. Common metrics used in Delphi studies include

central tendency and dispersion measures, such as mean,
median, standard deviation, and interquartile ranges (IQR)
(Franc et al. 2023). Many studies have also employed more
advanced statistical agreement measures, such as Kendall's W
coefficient of concordance, intraclass correlation coefficient
(ICC), and Cohen's of Kappa, among other metrics (Hoenig
et al. 2024; Peng et al. 2024).

Despite the widespread use of Delphi studies in disaster medi-
cine, there remains a lack of consensus on the most appropriate
metrics for measuring expert agreement. This study aims to
explore various agreement metrics and determine the most
effective consensus measurement metric using the results of a
Delphi study that assessed experts' opinions on preparedness for
CBRN emergencies in the MENA region.

2 | Method

2.1 | Study Design and Setting

This quantitative analysis used the data set of the outcome of a
previously published cross‐sectional study. In this study, inter-
national experts in disaster medicine were invited to participate
in an online Delphi panel using the Phonic® web application to
seek consensus on a health Preparedness Assessment Tool
(PAT) for CBRN incidents. This cross‐sectional study used
validated 5‐point Likert scale items where the detailed out-
comes were explained in a previously published study (Farhat
et al. 2024). It showed high agreement among panellists about
the proposed operational flowcharts, assessment tools, and
training scenarios for CBRN incidents. It also revealed four
distinct clusters among the experts' consensus data, emphasis-
ing European experts' response engagement (Farhat et al. 2024).

This study was approved by the Ethical Committees of the
Faculty of Medicine “Ibn Eljazzar” of Sousse in Tunisia and
Hamad Medical Corporation's Medical Research Center in
Qatar (references CEFMS 110/2022 and MRC‐01‐22‐258,
respectively).

2.2 | Participants and Sampling

Forty multidisciplinary, international specialised experts in
disaster medicine, with particular expertise in CBRN, partici-
pated in the online Delphi study between 1 November 2023 and
30 January 2024. The study targeted experts in disaster medi-
cine with academic qualifications, publications, and interests in
disaster medicine research in the MENA region. Purposive
sampling, enhanced by snowball sampling, was utilised in this
study.

2.3 | Variables

Various metrics were deployed to assess expert agreement, each
rated on a 5‐point Likert scale. Primary variables included the
raw Likert responses (experts' responses) and four agreement
measures: the percentage of agreement (PA), Kendall's W
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Coefficient of concordance, Intraclass Correlation Coefficient
(ICC) and Cohen's Kappa. The PA represents the proportion of
responses for each of the scales (poor, fair, moderate, good and
excellent). The PA ranges from zero to 100% (Drumm
et al. 2022). Kendall's W assessed overall agreement among
raters, ranging from 0 (no agreement) to 1 (complete agree-
ment) (Denham 2016). The ICC measured rating reliability,
ranging from 0 to 1 (Denham 2016). The ICC accounts for
correlation and agreement between measurements. Cohen's
Kappa coefficient evaluates inter‐rater agreement while
adjusting for chance (Vergni et al. 2021). It ranges from −1 to 1,
where 1 indicates perfect agreement. Additionally, a categorical
indicator of the agreement was created for the PA (0–20%:
“Poor”, 21–40%: “Fair”, 41–60%: “Moderate”, 61–80%: “Good”
and 81–100%: “Excellent”) to facilitate the machine learning
analysis.

The PAT comprised ten general metrics or themes, including 48
specific metrics, further detailed into 133 individual metrics or
items (Supporting Information: Appendix 1). The ten general
metrics are: 1) Medical Protocols and Logistics, 2) Infrastructure
readiness for CBRN Incidents in the MENA region, 3)
Decontamination capabilities, 4) Specialised human resources
capabilities, 5) Public Health, National Practice, Prevention,
Preparedness, Policies and interregional coordination, 6)
Research and development, 7) Psychological support, 8) Post‐
incident recovery and rehabilitation, 9) Interagency cooperation
and coordination, and 10) Legal and ethical considerations.

2.4 | Statistical Analysis

Data analysis was performed using R® programming language
and accessed through R‐Studio®. First, descriptive statistics
were determined for each agreement metric to provide an
overview of the agreement levels and their precision, including
counts, median, means, standard deviation, IQR, agreement
percentages, the agreement metrics coefficients (Kendall's W,
ICC and Kappa) and their agreement classifications (Supporting
Information: Appendix 1). Second, Bland‐Altman plots were
designed to visualise and quantify the relationships between
pairs of metrics (Lyon et al. 2023). Bland‐Altman plots assess
the agreement between each two of the utilised metrics to en-
able the identification of differences. Third, the Friedman test
was employed to determine if there were statistically significant
differences among the four agreement measures (Agreement
percentage, Kendall's W, ICC and Kappa). The Friedman is a
non‐parametric test that can detect differences across multiple
samples without assuming normality, which allows comparing
the employed agreement metrics across different questions
(Diaz‐Escobar et al. 2021). Fourth, Kruskall‐Wallis and Dunn's
post‐hoc (with Bonferroni correction) tests were deployed to
analyse the agreement metrics across the general metrics of the
PAT (Hayes et al. 2022). Finally, supervised machine learning
(SML) techniques were used to analyse and compare the per-
formance of different agreement metrics in predicting the
agreement percentage categories (“Fair”, “Moderate”, “Good”,
and “Excellent”). Removing the “Poor” category was necessary
to ensure model stability. The exclusion of the “Poor” category
SML models was driven by its minimal representation in the
data set, which posed challenges related to model stability and

performance. Including this category could have resulted in
highly imbalanced class distributions, leading to unreliable
predictions and increased noise during training, as observed in
studies dealing with imbalanced datasets (Abdul Manap
et al. 2024; Salmi et al. 2024). Other techniques, such as over-
sampling or synthetic minority oversampling technique
(SMOTE), were considered but not applied due to the risk of
introducing artificial bias in our expert‐based data set and
potentially overfitting the models to synthetic data points that
may not accurately represent real‐world expert opinions in
CBRN PAT. Preliminary tests were conducted to evaluate the
impact of retaining the “Poor” category, which revealed sig-
nificant reductions in model accuracy and increased variability
across predictions. Five SMLs were deployed: Decision Tree
(DT), Support Vector Machine (SVM), K‐Nearest Neighbours
(KNN), Naive Bayes (NB), and Gradient Boosting (GB). These
algorithms were trained to predict agreement levels (Fair,
Moderate, Good, and Excellent) based on three agreement
metrics tested in this study. Confusion matrices were utilised to
differentiate between each agreement level's correct and
incorrect predictions (Farhat et al. 2024). The prediction accu-
racy of each SML algorithm was calculated.

Additionally, a feature importance plot was created to measure
the contribution of each agreement metric to the model's
decisions (Vellido 2020).

3 | Results

Forty experts in disaster medicine participated in this study,
who evaluated 133 detailed metrics/items distributed across ten
general metrics using a 5‐point Likert scale. The overall mean
score was 4.91 ± 0.71, with a median IQR of 0.98. The average
agreement percentage was 89.21%, with Kendall's W, ICC, and
Kappa coefficients of 0.50, 0.48, and 0.51, respectively. The
summary statistics of the PAT general and specific metrics are
presented in Table 1. The Bland‐Altman plots (Figure 1) dem-
onstrated minimal differences between pairs of agreement
metrics (mean differences: Kappa vs ICC: −0.01; ICC vs Ken-
dall's W: −0.01; Kappa vs Kendall's W: 0.02). Minor variability
was observed in individual measurements, with 95% limits of
agreement ranging from −0.88 to 0.87 for Kappa vs ICC, −0.82
to 0.79 for ICC vs Kendall's W, and −0.80 to 0.77 for Kappa vs
Kendall's W (Figure 2). Furthermore, the Friedman test in
Table 2 revealed significant differences between the three
agreement metrics employed in this study (χ² = 302.71, df = 3,
p< 0.05). Besides that, the Kruskal‐Wallis test identified that
the Kappa coefficient demonstrated the most significant varia-
tion between the general metrics (p= 0.03, 95% CI: −0.10 to
0.24), compared to Kendall's W and ICC (p= 0.12, 95% CI:
−0.10 to 0.24; p= 0.38, 95% CI: −0.10 to 0.24, respectively).
Dunn's post‐hoc test reinforced these findings. Kappa displayed
more varied results and significant differences between the
general metrics, whereas Kendall's W and ICC showed minimal
to no significant differences in pairwise comparisons (Table 2).

The SML analysis (Table 3 and Figure 2) revealed varying
model performance. The KNN algorithm demonstrated the
highest overall accuracy at 43.43% (95% CI: 33.50% ‐ 53.77%),
followed by the DT model with an accuracy of 42.42% (95% CI:
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32.55% ‐ 52.77%). The DT exhibited the highest sensitivity (0.82)
for the “Excellent” class of the agreement categories. At the
same time, KNN showed a more balanced performance across
all classes, with the highest sensitivity (0.67) for the “Moderate”
class. The SVM demonstrated a moderate sensitivity for the
“Good” and “Excellent” classes (0.45 and 0.52, respectively).
The GB showed high sensitivity (0.94) for the “Excellent” class
but performed poorly in classifying other agreement classes.
The NB demonstrated the weakest performance with an accu-
racy of 9.09% (95% CI: 4.24% ‐ 16.56%).

Feature importance analysis revealed that the DT model
assigned the highest importance to Kappa (168.32), followed by
Kendall's W (159.10) and ICC (154.38). SVM and NB models
showed negative importance for some features, indicating
potential issues in their feature evaluation processes. Overall,
KNN and DT algorithms performed better than the others, with
the SML analysis identifying Kappa followed by Kendall's‐W as
the most crucial features in the DT model.

4 | Discussion

4.1 | Key Findings and Metric Sensitivities

Our study employed three primary agreement metrics: Ken-
dall's W, ICC, and Kappa. The Friedman test (χ² = 302.71,
df = 3, p< 0.05) indicated significant differences among these
metrics, suggesting they capture distinct aspects of the agree-
ment. The Kruskal‐Wallis test helped explore these differences
further, Kappa demonstrated the most significant variations
across categories (p= 0.03), unlike Kendall's W (p= 0.12) and
ICC (p= 0.38). Kappa was demonstrated as the most sensitive
metric in detecting differences across the CBRN PAT themes.
Recent studies identified that Kappa's greater sensitivity may
stem from its ability to account for chance agreements in
complex multi‐categorical assessments, common in CBRN
preparedness, where expert opinions might be influenced by
contextual factors such as differing local infrastructure (Hinz
et al. 2021; Smith et al. 2021). The sensitivity of Kappa may be
attributed to its ability to account for chance agreement, which
is particularly relevant in expert assessments on complex
preparedness‐related issues.

While Kappa was identified as the most sensitive metric in
detecting variations across CBRN PAT themes, its reliance on
chance agreement adjustments may not always be ideal. For
example, in situations where ordinal data is predominant or
when the focus is on rank ordering rather than categorical
agreement, Kendall's W may be more appropriate due to its
ability to account for the order of ratings (Ruan et al. 2022).
Similarly, ICC excels in scenarios requiring assessments of
continuous data or when measuring consistency across multiple
raters. These metrics provide stability and reliability in contexts
where nuanced differences are less critical, but overall agree-
ment is paramount, such as when evaluating standardised
protocols or infrastructure readiness (Gottlieb et al. 2021).
Therefore, while Kappa has demonstrated advantages in multi‐
categorical assessments, its application should be comple-
mented by other metrics depending on the specific context and
nature of the data.T
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FIGURE 1 | Bland Altman plots of the agreement metrics.
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4.2 | Stability and Limitations of Metrics

Conversely, Kendall's W and ICC demonstrated less variation
across themes, which might also be a strength, indicating a
more stable measure across diverse CBRN PAT themes. How-
ever, it could also suggest a lack of discriminatory power in
detecting subtle differences between categories, as demon-
strated in studies about healthcare preparedness assessments
(Gupta and Federman 2020; Munasinghe et al. 2023). Further,
the post‐hoc Dunn's test revealed significant differences in
agreement levels across various CBRN PAT themes, such as
specialised human resources capabilities, psychological support,
medical protocols and logistics, infrastructure readiness, and
public health policies. These variations highlight the complexity
of CBRN preparedness and the challenges in achieving a perfect
consensus across these complex themes. For instance, signifi-
cant differences in consensus were observed among experts
between “Medical Protocols and Logistics” and “Infrastructure
Readiness for CBRN Incidents” (Kappa analysis, p= 0.08),
highlighting the disparity in expert opinions regarding opera-
tional versus infrastructural aspects of preparedness. The
infrastructural capabilities might not always adequately fulfil
the operational needs and may not always be sufficient to
support the implementation of an operational plan effectively.
This might be due to the heterogeneous infrastructural capa-
bilities across MENA countries and the lack of unified opera-
tional response guidelines that consider these variations.
Addressing this variation necessitates the development of
standardised approaches that account for local and regional
differences in resources, expertise, and infrastructure. This can
be accomplished by promoting collaborative research and tar-
geted improvement initiatives in regional disaster preparedness.
Such efforts should focus on the themes where a lack of con-
sensus was identified within the general metrics of the PAT in
this study and as emphasised by similar studies (Dinar
et al. 2023).

4.3 | Contextual Challenges in Expert Consensus

Overall, the variant performance of agreement metrics in disaster
medicine preparedness studies reveals profound challenges
beyond mathematical precision, revealing complexities in expert
knowledge aggregation. The metrics employed in this study
illustrate difficulties of consensus formation due to contextual
variations, regional infrastructure disparities, and evolving threat
nature that influence expert perspectives. The differential sensi-
tivity of consensus metrics, evident in this study and other previ-
ous studies, exposes challenges in developing unified emergency
response strategies (Grodman et al. 2023; Hung et al. 2022). Fac-
tors such as professional diversity, variance of capabilities between
countries, and geopolitical constraints could contribute to the
variability in expert consensus. Nevertheless, while this variability
can present potential risks—including fragmented perspectives
and inconsistent preparedness protocols—it offers opportunities
for methodological innovation, such as implementing context‐
aware algorithmic approaches. These algorithmic approaches
represent an intelligent computational example that dynamically
adapts technological responses by synthesising multiple contextual
variables beyond traditional linear processing, analysing environ-
mental, user, and systemic data to generate personalised interac-
tions (Gulati and Raman 2024; Zon et al. 2023). In disaster
medicine, these approaches can integrate geospatial data, histori-
cal incident reports, regional infrastructure capabilities, and real‐
time expert input to generate dynamically adjusted emergency
response strategies, which allow for predicting potential scenarios
and recommend adaptive interventions that traditional static
models cannot achieve.

4.4 | Machine Learning Benefits and Outcomes

Additionally, applying SML algorithms provided deeper per-
spectives on the performance of agreement metrics. The KNN

FIGURE 2 | Comparison of the agreement metrics using supervised machine learning feature importance.
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TABLE 2 | Comparison between the Delphi agreement metrics using statistical analysis.

Statistic Value

I. Friedman test results

Friedman χ² χ² 302.71

df Degrees of
freedom

3

p‐value < 0.05

Agreement metric p‐value CI Lower CI Upper

II. Kruskal‐Wallis Test Results

Kendall's W 0.12 −0.10 0.24

ICC 0.38 −0.10 0.24

Kappa 0.03 −0.10 0.24

Comparison Z‐value p. unadj
Adjusted
p‐value

III. Post‐hoc Dunn's Test Results

1) Kendall's W

II. Medical Protocols and Logistics ‐ III. Infrastructure Readiness for
CBRN Incidents in the MENA Region

−0.14 0.89 1.00

II. Medical Protocols and Logistics ‐ IV. Decontamination capabilities −1.02 0.31 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IV. Decontamination capabilities

−1.03 0.30 1.00

II. Medical Protocols and Logistics ‐ IX. Post‐Incident Recovery and
Rehabilitation

−0.83 0.41 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IX. Post‐Incident Recovery and Rehabilitation

−0.78 0.44 1.00

IV. Decontamination capabilities ‐ IX. Post‐Incident Recovery and
Rehabilitation

−0.26 0.80 1.00

II. Medical Protocols and Logistics ‐ V. Specialised Human Resources
Capabilities

−1.73 0.08 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
V. Specialised Human Resources Capabilities

−1.79 0.07 1.00

IV. Decontamination capabilities ‐ V. Specialised Human Resources
Capabilities

−1.11 0.27 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ V. Specialised Human
Resources Capabilities

−0.43 0.67 1.00

II. Medical Protocols and Logistics ‐ VI. Public Health, National
Practice, Prevention, Preparedness, Policies and interregional
Coordination

−0.92 0.36 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination

−0.93 0.35 1.00

IV. Decontamination capabilities ‐ VI. Public Health, National Practice,
Prevention, Preparedness, Policies and interregional Coordination

0.28 0.78 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

0.38 0.70 1.00

V. Specialised Human Resources Capabilities ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

1.36 0.173 1.00

(Continues)
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TABLE 2 | (Continued)

Comparison Z‐value p. unadj
Adjusted
p‐value

II. Medical Protocols and Logistics ‐ VII. Research and Development −0.26 0.80 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VII. Research and Development

−0.18 0.856 1.00

IV. Decontamination capabilities ‐ VII. Research and Development 0.36 0.72 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VII. Research and
Development

0.47 0.65 1.00

V. Specialised Human Resources Capabilities ‐ VII. Research and
Development

0.99 0.32 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VII. Research and Development

0.26 0.79 1.00

II. Medical Protocols and Logistics ‐ VIII. Psychological Support 1.50 0.13 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VIII. Psychological Support

1.64 0.10 1.00

IV. Decontamination capabilities ‐ VIII. Psychological Support 2.14 0.03 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VIII. Psychological
Support

1.89 0.06 1.00

V. Specialised Human Resources Capabilities ‐ VIII. Psychological
Support

2.55 0.01 0.49

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VIII. Psychological Support

2.09 0.04 1.00

VII. Research and Development ‐ VIII. Psychological Support 1.47 0.14 1.00

II. Medical Protocols and Logistics ‐ X. Interagency Cooperation and
Coordination

−1.61 0.11 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
X. Interagency Cooperation and Coordination

−1.61 0.11 1.00

IV. Decontamination capabilities ‐ X. Interagency Cooperation and
Coordination

−1.07 0.29 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ X. Interagency
Cooperation and Coordination

−0.54 0.59 1.00

V. Specialised Human Resources Capabilities ‐ X. Interagency
Cooperation and Coordination

−0.21 0.84 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ X. Interagency Cooperation and
Coordination

−1.24 0.22 1.00

VII. Research and Development ‐ X. Interagency Cooperation and
Coordination

−1.04 0.30 1.00

VIII. Psychological Support ‐ X. Interagency Cooperation and
Coordination

−2.47 0.01 0.60

II. Medical Protocols and Logistics ‐ XI. Legal and Ethical
Considerations

1.14 0.26 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
XI. Legal and Ethical Considerations

1.30 0.19 1.00

IV. Decontamination capabilities ‐ XI. Legal and Ethical Considerations 1.90 0.06 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ XI. Legal and Ethical
Considerations

1.61 0.11 1.00

V. Specialised Human Resources Capabilities ‐ XI. Legal and Ethical
Considerations

2.37 0.02 0.80

(Continues)
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TABLE 2 | (Continued)

Comparison Z‐value p. unadj
Adjusted
p‐value

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ XI. Legal and Ethical Considerations

1.84 0.07 1.00

VII. Research and Development ‐ XI. Legal and Ethical Considerations 1.14 0.25 1.00

VIII. Psychological Support ‐ XI. Legal and Ethical Considerations −0.45 0.65 1.00

X. Interagency Cooperation and Coordination ‐ XI. Legal and Ethical
Considerations

2.26 0.02 1.00

2) ICC

II. Medical Protocols and Logistics ‐ III. Infrastructure Readiness for
CBRN Incidents in the MENA Region

−0.97 0.33 1.00

II. Medical Protocols and Logistics ‐ IV. Decontamination capabilities −1.10 0.27 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IV. Decontamination capabilities

−0.06 0.95 1.00

II. Medical Protocols and Logistics ‐ IX. Post‐Incident Recovery and
Rehabilitation

−0.53 0.60 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IX. Post‐Incident Recovery and Rehabilitation

0.09 0.93 1.00

IV. Decontamination capabilities ‐ IX. Post‐Incident Recovery and
Rehabilitation

0.12 0.90 1.00

II. Medical Protocols and Logistics ‐ V. Specialised Human Resources
Capabilities

0.70 0.49 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
V. Specialised Human Resources Capabilities

1.70 0.09 1.00

IV. Decontamination capabilities ‐ V. Specialised Human Resources
Capabilities

1.89 0.06 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ V. Specialised Human
Resources Capabilities

1.02 0.31 1.00

II. Medical Protocols and Logistics ‐ VI. Public Health, National
Practice, Prevention, Preparedness, Policies and interregional
Coordination

−1.37 0.17 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination

−0.28 0.79 1.00

IV. Decontamination capabilities ‐ VI. Public Health, National Practice,
Prevention, Preparedness, Policies and interregional Coordination

−0.26 0.7 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

−0.23 0.82 1.00

V. Specialised Human Resources Capabilities ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

−2.20 0.03 1.00

II. Medical Protocols and Logistics ‐ VII. Research and Development 0.96 0.33 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VII. Research and Development

1.66 0.10 1.00

IV. Decontamination capabilities ‐ VII. Research and Development 1.75 0.08 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VII. Research and
Development

1.22 0.22 1.00

V. Specialised Human Resources Capabilities ‐ VII. Research and
Development

0.45 0.65 1.00
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TABLE 2 | (Continued)

Comparison Z‐value p. unadj
Adjusted
p‐value

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VII. Research and Development

1.91 0.06 1.00

II. Medical Protocols and Logistics ‐ VIII. Psychological Support −0.93 0.35 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VIII. Psychological Support

−0.43 0.67 1.00

IV. Decontamination capabilities ‐ VIII. Psychological Support −0.41 0.69 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VIII. Psychological
Support

−0.41 0.69 1.00

V. Specialised Human Resources Capabilities ‐ VIII. Psychological
Support

−1.35 0.18 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VIII. Psychological Support

−0.33 0.74 1.00

VII. Research and Development ‐ VIII. Psychological Support −1.50 0.13 1.00

II. Medical Protocols and Logistics ‐ X. Interagency Cooperation and
Coordination

−0.77 0.44 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
X. Interagency Cooperation and Coordination

−0.10 0.92 1.00

IV. Decontamination capabilities ‐ X. Interagency Cooperation and
Coordination

−0.07 0.95 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ X. Interagency
Cooperation and Coordination

−0.14 0.89 1.00

V. Specialised Human Resources Capabilities ‐ X. Interagency
Cooperation and Coordination

−1.31 0.19 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ X. Interagency Cooperation and
Coordination

0.05 0.96 1.00

VII. Research and Development ‐ X. Interagency Cooperation and
Coordination

−1.45 0.15 1.00

VIII. Psychological Support ‐ X. Interagency Cooperation and
Coordination

0.31 0.76 1.00

II. Medical Protocols and Logistics ‐ XI. Legal and Ethical
Considerations

−0.28 0.78 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
XI. Legal and Ethical Considerations

0.35 0.73 1.00

IV. Decontamination capabilities ‐ XI. Legal and Ethical Considerations 0.39 0.70 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ XI. Legal and Ethical
Considerations

0.20 0.84 1.00

V. Specialised Human Resources Capabilities ‐ XI. Legal and Ethical
Considerations

−0.78 0.44 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ XI. Legal and Ethical Considerations

0.51 0.61 1.00

VII. Research and Development ‐ XI. Legal and Ethical Considerations −1.02 0.31 1.00

VIII. Psychological Support ‐ XI. Legal and Ethical Considerations 0.59 0.55 1.00

X. Interagency Cooperation and Coordination ‐ XI. Legal and Ethical
Considerations

0.36 0.72 1.00

3) Kappa

(Continues)
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TABLE 2 | (Continued)

Comparison Z‐value p. unadj
Adjusted
p‐value

II. Medical Protocols and Logistics ‐ III. Infrastructure Readiness for
CBRN Incidents in the MENA Region

3.12 < 0.005 0.08

II. Medical Protocols and Logistics ‐ IV. Decontamination capabilities 2.20 0.03 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IV. Decontamination capabilities

−1.44 0.15 1.00

II. Medical Protocols and Logistics ‐ IX. Post‐Incident Recovery and
Rehabilitation

0.32 0.75 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
IX. Post‐Incident Recovery and Rehabilitation

−1.75 0.08 1.00

IV. Decontamination capabilities ‐ IX. Post‐Incident Recovery and
Rehabilitation

−1.05 0.30 1.00

II. Medical Protocols and Logistics ‐ V. Specialised Human Resources
Capabilities

1.15 0.25 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
V. Specialised Human Resources Capabilities

−1.73 0.08 1.00

IV. Decontamination capabilities ‐ V. Specialised Human Resources
Capabilities

−0.73 0.47 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ V. Specialised Human
Resources Capabilities

0.51 0.61 1.00

II. Medical Protocols and Logistics ‐ VI. Public Health, National
Practice, Prevention, Preparedness, Policies and interregional
Coordination

1.40 0.16 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination

−2.83 < 0.005 0.21

IV. Decontamination capabilities ‐ VI. Public Health, National Practice,
Prevention, Preparedness, Policies and interregional Coordination

−1.49 0.14 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

0.49 0.63 1.00

V. Specialised Human Resources Capabilities ‐ VI. Public Health,
National Practice, Prevention, Preparedness, Policies and interregional
Coordination

−0.15 0.88 1.00

II. Medical Protocols and Logistics ‐ VII. Research and Development 0.00 0.99 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VII. Research and Development

−2.09 0.04 1.00

IV. Decontamination capabilities ‐ VII. Research and Development −1.40 0.16 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ VII. Research and
Development

−0.26 0.79 1.00

V. Specialised Human Resources Capabilities ‐ VII. Research and
Development

−0.83 0.41 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VII. Research and Development

−0.85 0.39 1.00

II. Medical Protocols and Logistics ‐ VIII. Psychological Support −0.93 0.35 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
VIII. Psychological Support

−2.72 0.01 0.30

IV. Decontamination capabilities ‐ VIII. Psychological Support −2.15 0.03 1.00
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and DT algorithms demonstrated the highest overall accuracy
(43.43% and 42.42%, respectively). However, this low accuracy
across all models suggests limitations (and cautions) in using these
metrics as unique predictors of agreement levels. These limitations
can be overcome, for example, through continuous assessments
conducted over time and tracking the changes in agreement levels
could provide insights into evolving consensus or divergence.
Furthermore, the feature importance analysis from the DT model
assigned the highest importance to Kappa (168.32), followed by
Kendall's W (159.10) and ICC (154.38), reaffirming the statistical

findings in this study and further supporting the notion that
Kappa may be the most discriminative metric in identifying ex-
perts consensus in disaster preparedness studies.

4.5 | Consensus Analysis Using Machine
Learning: Opportunities for Innovation

Moreover, integrating ML algorithms in our analysis represents
a transformative approach to consensus assessment in the

TABLE 2 | (Continued)

Comparison Z‐value p. unadj
Adjusted
p‐value

IX. Post‐Incident Recovery and Rehabilitation ‐ VIII. Psychological
Support

−1.03 0.30 1.00

V. Specialised Human Resources Capabilities ‐ VIII. Psychological
Support

−1.63 0.10 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ VIII. Psychological Support

−1.71 0.08 1.00

VII. Research and Development ‐ VIII. Psychological Support −0.80 0.42 1.00

II. Medical Protocols and Logistics ‐ X. Interagency Cooperation and
Coordination

1.12 0.26 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
X. Interagency Cooperation and Coordination

−1.15 0.25 1.00

IV. Decontamination capabilities ‐ X. Interagency Cooperation and
Coordination

−0.33 0.74 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ X. Interagency
Cooperation and Coordination

0.60 0.55 1.00

V. Specialised Human Resources Capabilities ‐ X. Interagency
Cooperation and Coordination

0.19 0.85 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ X. Interagency Cooperation and
Coordination

0.33 0.74 1.00

VII. Research and Development ‐ X. Interagency Cooperation and
Coordination

0.88 0.38 1.00

VIII. Psychological Support ‐ X. Interagency Cooperation and
Coordination

1.62 0.11 1.00

II. Medical Protocols and Logistics ‐ XI. Legal and Ethical
Considerations

0.35 0.72 1.00

III. Infrastructure Readiness for CBRN Incidents in the MENA Region ‐
XI. Legal and Ethical Considerations

−1.72 0.09 1.00

IV. Decontamination capabilities ‐ XI. Legal and Ethical Considerations −1.02 0.31 1.00

IX. Post‐Incident Recovery and Rehabilitation ‐ XI. Legal and Ethical
Considerations

0.02 0.98 1.00

V. Specialised Human Resources Capabilities ‐ XI. Legal and Ethical
Considerations

−0.48 0.63 1.00

VI. Public Health, National Practice, Prevention, Preparedness, Policies
and interregional Coordination ‐ XI. Legal and Ethical Considerations

−0.46 0.65 1.00

VII. Research and Development ‐ XI. Legal and Ethical Considerations 0.29 0.77 1.00

VIII. Psychological Support ‐ XI. Legal and Ethical Considerations 1.05 0.29 1.00

X. Interagency Cooperation and Coordination ‐ XI. Legal and Ethical
Considerations

−0.58 0.56 1.00
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TABLE 3 | Comparison between the Delphi agreement analysis metrics using supervised machine learning.

Reference

Poor Fair Moderate Good Excellent

I. Decision tree

Prediction

Poor 0 0 0 0 0

Fair 0 0 0 0 0

Moderate 0 0 0 0 2

Good 0 0 11 15 4

Excellent 0 0 22 18 27

Accuracy: 0.42; 95% CI: (0.33, 0.53); No Information Rate: 0.33; p [Acc > NIR]: 0.04; Kappa: 0.14

Statistics by class

Sensitivity NA NA 0 0.45 0.82

Specificity 1 1 0.97 0.77 0.39

Pos Pred Value NA NA 0 0.50 0.40

Neg Pred Value NA NA 0.66 0.74 0.81

Prevalence 0.33 0.33 0.33

Detection Rate 0 0 0 0.15 0.27

Detection Prevalence 0 0 0.02 0.30 0.68

Balanced Accuracy NA NA 0.48 0.61 0.61

II. Support vector machine

Prediction

Poor 0 0 0 0 0

Fair 0 0 0 0 4

Moderate 0 0 0 0 3

Good 0 0 33 15 9

Excellent 0 0 0 18 17

Accuracy: 0.32; 95% CI: (0.23, 0.42); No Information Rate: 0.33;P‐Value [Acc > NIR]: 0.62; Kappa: 0.005

Statistics by class

Sensitivity NA NA 0 0.45 0.52

Specificity 1 0.96 0.95 0.36 0.73

Pos Pred Value NA NA 0 0.26 0.49

Neg Pred Value NA NA 0.66 0.57 0.75

Prevalence 0 0 0.33 0.33 0.33

Detection Rate 0 0 0 0.15 0.17

Detection Prevalence 0 0.04 0.03 0.58 0.35

Balanced Accuracy NA NA 0.48 0.41 0.62

III. K‐Nearest neighbouring
Prediction

Poor 0 0 0 0 0

Fair 0 0 0 0 6

Moderate 0 0 22 8 5

Good 0 0 11 10 11

Excellent 0 0 0 15 11

Accuracy: 0.43; 95% CI: (0.34, 0.54); No Information Rate: 0.33;P‐Value [Acc > NIR]: 0.02; Kappa: 0.18
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TABLE 3 | (Continued)

Reference

Poor Fair Moderate Good Excellent

Sensitivity NA NA 0.67 0.30 0.33

Specificity 1 0.94 0.80 0.67 0.77

Pos Pred Value NA NA 0.63 0.31 0.42

Neg Pred Value NA NA 0.83 0.66 0.70

Prevalence 0 0 0.33 0.33 0.33

Detection Rate 0 0 0.22 0.10 0.11

Detection Prevalence 0 0.06 0.35 0.32 0.26

Balanced Accuracy NA NA 0.73 0.48 0.55

IV. Naïve Bayes

Prediction

Poor 0 0 0 0 0

Fair 0 0 22 15 12

Moderate 0 0 0 8 7

Good 0 0 11 0 5

Excellent 0 0 0 10 9

Accuracy: 0.09; 95% CI: (0.04, 0.17); No Information Rate: 0.33; p‐Value [Acc > NIR]: 1; Kappa: ‐0.09
Sensitivity NA NA 0 0 0.27

Specificity 1 0.51 0.77 0.76 0.85

Pos Pred Value NA NA 0 0 0.47

Neg Pred Value NA NA 0.61 0.60 0.70

Prevalence 0 0 0.33 0.33 0.33

Detection Rate 0 0 0 0 0.09

Detection Prevalence 0 0.49 0.15 0.16 0.19

Balanced Accuracy NA NA 0.39 0.38 0.56

V. Gradient boosting

Prediction

Poor 0 0 0 0 0

Fair 0 0 0 0 0

Moderate 0 0 0 0 1

Good 0 0 11 0 1

Excellent 0 0 22 33 31

Accuracy: 0.31; 95% CI: (0.22, 0.41); No Information Rate: 0.33; p‐Value [Acc > NIR]: 0.70; Kappa: ‐0.03
Sensitivity NA NA 0 0 0.94

Specificity 1 1 0.98 0.82 0.17

Pos Pred Value NA NA 0 0 0.36

Neg Pred Value NA NA 0.66 0.62 0.85

Prevalence 0 0 0.33 0.33 0.33

Detection Rate 0 0 0 0 0.31

Detection Prevalence 0 0 0.01 0.12 0.87

Balanced Accuracy NA NA 0.49 0.41 0.55
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Delphi studies in disaster medicine, demonstrating how artifi-
cial intelligence can enhance our understanding of expert
reflections. The ML analysis is crucial to more dynamic, data‐
driven disaster preparedness strategies. By leveraging advanced
analytical techniques, we can more effectively identify knowl-
edge gaps, track evolving expert perspectives, and develop more
context‐aware emergency response protocols that rapidly adapt
to emerging CBRN threats. This approach is helpful in regions
with complex geopolitical and infrastructural challenges where
traditional consensus methodologies may fail to capture the
required readiness level, such as in the MENA region.

5 | Limitations

The moderately low accuracy of the machine learning models
indicates a limitation in using these metrics alone as the agreement‐
level predictors. Further, while the “Poor” category was excluded
from the SML analysis due to the models' stability necessity, this
might have affected the consensus assessment in PAT metrics with
the low agreement. Using purposive and snowball sampling may
have introduced selection bias in the expert panel composition.
Future Delphi studies should consider a larger sample size and
employ more advanced artificial intelligence analysis techniques.

6 | Conclusion

In this study, both statistical analyses and machine learning
approaches consistently identified Kappa as the most sensitive
and discriminative metric for detecting differences in expert
consensus across CBRN PAT themes. Further, the SML also
suggested that the tested agreement metrics alone may not be
sufficient predictors of overall consensus level due to the
region's complexity of CBRN preparedness metrics.

Therefore, it is recommended that consensus metrics be comple-
mented with continuous assessment over time when assessing
experts' opinions about disaster preparedness. Regular evaluations
using statistical tools and machine learning approaches can pro-
vide a deeper understanding of evolving consensus patterns and
help identify areas requiring focused intervention. Future research
should explore integrating additional contextual factors, such as
regional variations in infrastructure, resources, and operational
guidelines, to enhance agreement metrics' predictive power and
interpretability. For instance, incorporating geopolitical con-
straints, such as cross‐border collaboration challenges or conflict
zones, and socioeconomic disparities, like funding inequities or
access to specialised training, could provide a deeper under-
standing of regional preparedness dynamics. Additionally, cultural
and logistical factors, including community trust in authorities or
supply chain vulnerabilities, should be considered when adapting
strategies to local realities. Furthermore, continuous refinement of
assessment techniques and ongoing evaluation and adaptation to
regional specificities will strengthen CBRN preparedness and
response capabilities across the MENA region.
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