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Abstract— Delivery reliability remains a critical
determinant of competitiveness in modern supply
chains. Despite technological advancements, many
organizations continue to experience delays caused by
operational and logistics-related inefficiencies. This
study investigates the key operational and
transportation factors influencing delivery delays
using business intelligence and data-driven analytical
techniques applied to secondary supply chain data.
The research integrates regression modeling,
clustering analysis, and mode-based performance
evaluation to examine how lead time components and
transportation modes jointly affect delivery reliability.
The findings demonstrate that delivery delays emerge
from systemic interactions among processing,
shipment, and coordination phases rather than from
isolated bottlenecks. Furthermore, distinct delivery-
performance profiles highlight the importance of risk-
based order segmentation and mode-specific logistics
strategies. The study contributes to the supply chain
literature by proposing an integrated analytical
framework that combines business intelligence tools
with operational modeling to enhance delivery
performance management. The results provide
actionable insights for managers seeking to improve
reliability, optimize lead-time structures, and
implement data-driven decision support systems in
global supply chain environments.
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1. Introduction

The growth in the complexity of the global supply
chain has made timeliness in delivery a driving force
in determining competitiveness, efficiency, and
customer satisfaction. Despite recent advances in
transportation ~ and  logistics  technologies,
multinational activities remain vulnerable to
inefficiencies, inaccurate demand projections,
transportation delays, and other factors, all of which
contribute to higher costs and consumer distrust [1].
Empirical research highlights port overload,
unstable  shipping capacity, and lack of
communication between supply-chain participants
as the key sources of delivery failures [2, 3]. The
causes of such delays in different industries can
often be traced to forecasting errors, inventory
distortions, and transportation inefficiencies,
especially when demand is volatile [4]. In the
construction industry, material delays have been
attributed to increased costs and increased project
risk [5]. As a result, the standard reactive approach
to management is no longer sufficient to address
such dynamic issues; organisations should now
utilise Business Intelligence (BI), predictive
analytics, and machine learning (ML) approaches to
make informed decisions based on data [6].

Regression, decision trees, and random forests are
predictive analytics and ML methods that enable
firms to examine historical data, predict demand,
and identify potential disruptions [7]. Proper
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prediction enables responsiveness within an
organisation, and the use of ML reveals hidden
trends that can lead to bottlenecks and inefficiencies
[8]. In the logistics field, delay prediction, real-time
monitoring, and anomaly detection are now
considered a subset of ML applications, both with
supervised and unsupervised learning paradigms [9].
BI systems extend ML by processing raw data to
generate actionable insights, as presented in
dashboards, visual analytics, and ERP platforms
[10]. Combined with cloud computing, the Internet
of Things, and ML, BI enhances predictive
capabilities and enables early risk identification
[11]. However, data quality, system integration, and
resource  requirements  remain  significant
implementation issues. Future studies must thus
focus on improving the model’s scalability and
exploring new technologies, such as artificial
intelligence and blockchain, to strengthen supply-
chain resilience [12].

The research project utilises the Kaggle Supply
Chain Logistics Dataset to investigate the
operational and logistical factors contributing to
delivery delays. The study employs data-mining
techniques, regression analysis, and clustering to
identify key factors, including lead time, shipment
mode, and inventory variables, that impact delivery
outcomes. The resulting findings will support data-
driven strategies to reduce delays and improve
overall supply-chain performance.

2. Methodology

2.1 Research Design

The current study employs a quantitative ex post
facto design, utilising secondary supply chain
logistics data. Since the variables of interest have
already been established, the design enables the
historical analysis of the interrelationship of
operational variables. Its overall goal is to identify
the logistics factors that cause delivery delays by
applying stringent statistical and business
intelligence methods (a methodology precedent is
provided in reference [13]).

2.2 Data Source

This academic paper will examine the Kaggle
Supply Chain Logistics dataset, a collection of over
10,000 shipment records from around the world,
spanning diverse countries, suppliers, and modes of
transportation. The relevant variables in this dataset
are shipping costs, temporal measures, and product,
making it easier to compute trends in delivery
performance using machine learning techniques.
The timestamp at the end of every record enables
measuring delays and determining processing
efficiency, as per the framework presented in
reference [13].

2.3 Population and Sampling Technique

In this case, the entire number of transactions in the
dataset regarding shipments constitutes the study
population, thereby providing a complete census.
Therefore, no sampling procedures were considered.
The comprehensive coverage of the entire dataset
provides high statistical power, ensuring that the
findings obtained are generalizable [14].

2.4 Description of Variables

2.4.1 Dependent Variable

The primary dependent variable is Delivery Delay
(in days), which measures the difference between
the actual and scheduled delivery dates. It is
computed as:

Delivery Delay = Delivered to Client Date
— Scheduled Delivery Date

A positive value indicates a delay, a zero indicates
on-time delivery, and a negative value indicates an
early delivery. To facilitate binary classification for
regression, a Delay Dummy variable is also used.
This binary variable helps model the likelihood of
delays as a function of operational factors [15].

Delay Dumimy = {1 if Delivery D?luy >0
0 otherwise

2.4.2 Independent Variables

The independent variables are categorized into time-

related operational variables, logistics factors, and

product-related factors [16].

(1) Time-Related Operational
Variables
These variables are derived from the dataset as
follows:
Total Lead Time: Time from the first product query
to delivery (1).
Lead Time = Delivered to Client Date
— PQ First Sent Date (1)

Processing Time: The time from when the purchase
order is sent to the vendor until the first
product query is received (2).
Processing Time = PO Sent to Vendor Date
— PQ First Sent Date (2)

Shipment Time: The time from the dispatch date
(ASN/DN) to delivery (3).
Shipment Time = Delivered to Client Date
— ASN/DN Date (3)

(i1) Logistics Factors
The logistics factors that determine delivery
performance include the mode of shipment, the
fulfilment channel used, the Incoterms the vendor
undertakes, the geographic location of the
manufacturing site, among others, as well as
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shipment weight, freight costs, and the insurance
terms provided. Combined, these parameters
constitute the major operational and financial
determinants that govern general supply-chain
efficiency.

(iii)  Product-Related Factors

Certain product-based determinants outline the
features that distinguish goods as they pass through
the supply chain, including product grouping, sub-
classification, brand recognition, and, in the
pharmaceutical sector, dosage quantity and dosage
form. Moreover, they combine line-item volume and
monetary value, thereby marshalling the categorical
and commercial aspects necessary for a rigorous
examination of  product-level supply-chain
performance.

2.4.3 Control Variables

During our analysis, we also included a set of control
variables (country of destination, project code, and
the first-line designation, which we call the priority
level). These variables were carefully selected to
isolate the impact of operational factors on delivery
delays, thereby yielding more accurate analysis
results and enhancing the validity of the research.
This approach is supported by previous studies due
to its methodological rigor [17].

2.5 Data Cleaning and Preparation

Data cleaning was performed to maintain both
accuracy and integrity. Duplicate entries, based on
transaction IDs, purchase order numbers, and
ASN/DN identifiers, were systematically removed.
Additionally, records that lacked a delivery date
were excluded from further analysis. The temporal
variables were converted into numerical counts of
days, and the categorical variables were coded
numerically to facilitate quantitative evaluation.
Derived metrics were calculated, including Delivery
Delay, Lead Time, Processing Time, and Shipment
Time, for use in the subsequent analysis. After
completing all these preparation processes, the clean
data were exported to SPSS for statistical analysis
[18].

2.6 Data Analysis Techniques

To analyse our dataset, we used Microsoft Excel and
IBM SPSS Statistics. The following sections outline
the methods used in this study.

2.6.1 Descriptive Statistics

The dataset was summarised using descriptive
statistics, with an emphasis on measures of central
tendency (mean and median) and measures of
dispersion  (standard deviation). Categorical
variables were summarised as frequency
distributions. Histograms and box plots were used to
illustrate the distribution properties of the delivery
delay [19].

2.6.2 Correlation Analysis

The correlation coefficient was applied to test and
analyse the relationships among the most important
parameters in the operation, such as Lead Time,
Shipment Time, Processing Time, Weight, Freight
Cost, and Delivery Delay, thereby helping to
understand which variables are interdependent [20].

2.6.3 Regression Analysis

Two regression models were used:

Multiple Linear Regression: When Delivery Delay
is treated as a continuous variable, the model is
specified as:

Delay = By + [, - Shipment Mode + f3,
- Processing Time + ---+ €
Binary Logistic Regression: Using the Delay
Dummy variable, this model estimates the
probability of delay as a function of operational
factors [21].

2.6.4 One-Way ANOVA

One-way ANOVA was used to determine if mean
delivery delays differ across various shipment types,
product groups, and vendor terms.

2.7 Ethical Considerations

The information is publicly available and
anonymised, and no personal or confidential data is
present in the dataset, eliminating the need for
ethical approval. The ultimate paper [22] will
adequately reference the origin of the dataset.

2.8 Reliability and Validity

The external validity of the dataset is supported by
its use in several previous studies. Derived variables
are reliable because they are based on internationally
established supply chain metrics [23]. Further,
multiple and logistic regression models were used to
increase internal validity by adjusting for
confounding factors.

3. Literature Review

Delivery delay remains one of the most critical
challenges in modern supply chains and logistics
systems because it directly affects customer
satisfaction, operational efficiency, and
organisational competitiveness. Prior studies
highlight that delays are often caused by systemic
disruptions such as congestion, capacity limitations,
and coordination failures across transport networks,
particularly in maritime and multimodal logistics
environments. These disruptions frequently
propagate across interconnected supply chain stages,
making timely delivery increasingly complex.

A key determinant of delivery performance
is lead time, particularly its variability. Research
consistently shows that longer, more unstable lead
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times increase uncertainty and raise the likelihood of
missed delivery deadlines. This supports the
importance of examining total lead time and its
components, such as processing time and shipment
time, as major contributors to overall delivery delay,
which is the core analytical focus of this study.
Transportation mode also plays a significant role in
delivery reliability. Different modes, such as air, sea,
and land, experience distinct operational risks
related to infrastructure constraints, customs
procedures, and environmental conditions. As a
result, studies recommend mode-based comparative
evaluations to identify performance differences and
improve logistical decision-making. This aligns
with the manuscript’s use of ANOVA to assess
delay variation across transport modes.

In recent years, BI and data-driven analytics have
become essential tools for improving supply chain
visibility and responsiveness. BI systems enable
organizations to transform operational logistics data
into actionable insights through performance
measurement, predictive models, and decision
support frameworks. Machine learning techniques,
including regression, clustering, and classification,
are increasingly used to predict delivery delays and
segment orders by risk profile.

Overall, the existing literature supports integrating
lead-time analysis, transport-mode evaluation, and
BI-supported machine learning to enhance delivery
performance. This study contributes by offering an
end-to-end analytical framework combining
statistical modeling and predictive methods to better
understand and mitigate delivery delays.

4. Results

4.1 Descriptive Statistics and  Distribution

Analysis

A review of 3,842 order deliveries reveals
significant variation in supply-chain performance.
The heterogeneity in the fulfilment processes is
reflected in the mean lead time of 15.62 (SD = 7.25;
range = 1-42). The mean delivery delay of 2.15 days
(SD 3.42; maximum 15) indicates that most
shipments were delivered on time; however, a small
fraction experienced serious delays, compromising
reliability (Figure 1). The processing time (mean
4.20 days, SD 1.97) showed consistent internal
operations; however, the shipment time (mean 5.68
days, SD 2.92) was nearly 1.5 days longer,
indicating that transportation efficiency affects the
overall lead time (Table 1).

Table 1: Descriptive Statistics for Lead Time,
Delivery Delay, Processing Time, and Shipment

Time
Variable | Mean | Standard | Min | Max | Range
Deviation
Total 15.62 7.25 1.00 | 42.00 | 41.00
Lead
Time
Delivery | 2.15 3.42 0.00 | 15.00 | 15.00
Delay
Processi | 4.20 1.97 1.00 | 10.00 | 9.00
ng Time
Shipmen | 5.68 2.92 0.00 | 12.00 | 12.00
t Time

The delay distribution (Figure 1) is distinctly
positively skewed, revealing that most deliveries
were punctual or only slightly late, with a small
fraction of extreme cases resulting in a long-tailed
distribution typical of a system prone to occasional
disruptions. Figure 2 (Box plots analysis) supports
the data, which shows wide interquartile ranges and

numerous outliers across all time indicators,
indicating exceptional circumstances such as
expedited deliveries, customs clearance, or

geographical constraints. Altogether, the supply
chain can be characterised by a high degree of
reliability; however, occasional bottlenecks and
exceptions lead to significant variation in delivery
times.

4.2 Correlation Analysis

Systematic correlation analysis was employed to
assess the linear relationships among the four key
time-related variables, yielding a network of strong
positive  associations  that  explains  the
interdependencies within the delivery chain's
performance (Table 2). The correlation matrix
revealed that all variables exhibited positive
relationships, indicating that a rise in one temporal
component is accompanied by a parallel increase in
the others, consistent with a cascading effect model
(Figure 3).
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Table 2: Pearson Correlation Matrix

Variable Total | Delivery | Processing | Shipment
Lead | Delay Time Time
Time

Total Lead | 1.000 0.820 0.760 0.625

Time

Delivery 0.820 1.000 0.785 0.720

Delay

Processing | 0.760 0.785 1.000 0.660

Time

Shipment 0.625 0.720 0.660 1.000

Time
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Figure 3. Correlation heatmap illustrating the
strength of linear relationships among key time-
based delivery performance variables. Darker
intensity indicates a stronger positive correlation,
highlighting total lead time as the most influential
variable associated with delivery delay.

The analysis reveals that inefficiencies in the initial
steps of the supply chain amplify as they propagate
through subsequent steps, thereby exacerbating
delays. A strong positive correlation was detected
between delivery delay and overall lead time (r =
0.820, p < 0.001), indicating that 67% of the
variation in delivery delay (r* = 0.672) can be
attributed to variation in lead time. As such, long
lead times significantly increase delivery delays,
supporting the finding that reliability is not based
solely on the performance of final-stage logistics but
on the combined performance of the entire
fulfilment process (Figure 4).

Figure 4. Representative scatter plot illustrating
the linear relationship between total lead time
and delivery delay, demonstrating the strong
positive association (r = 0.820) and supporting the
presence of cumulative delay effects across the
fulfilment process.

Strong interdependencies between operational
variables and delivery success were discovered
(Figure 5). Processing time (r = 0.785, p < 0.001; r2
=0.616) and shipment time (r = 0.720, p <0.001; r2
=.518) were highly correlated with delivery delay,
indicating that internal inefficiencies (e.g., resource,
quality) and transportation factors (e.g., carrier
reliability, distance, weather) impact delays. The
largest lead times were processing (r = 0.760) and
shipment (r = 0.625), which were most susceptible
to internal activities. Complex orders extend
intermediate processing and shipment (r = 0.660).
Overall, delays spread over mutually reinforcing
processes, making system-wide optimisation the
only option (Figure 5).
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Figure 5. Systems network diagram showing the
interdependency structure among delivery
performance variables based on Pearson
correlation coefficients. The interconnected links
reflect the cascading influence of processing and
shipment stages on overall lead-time variability
and delivery reliability.

4.3 Regression Analysis

Predictors of delivery delay were identified using
multiple regression analysis, considering lead time,
processing time, and shipment time (Table 3). The
model provided a good fit, with low error and an
objective intercept (B = -9.039 x 1074, p < 0.001).
The predictor that turned out to be a strong positive
predictor (B = 1.000, p < 0.001) was lead time,
because the longer the cycles, the higher the
probability of a delay (Table 4). Contrastingly,
processing and shipment times exhibited negative
coefficients (f = -1.000, p < 0.001), indicating that,
under conditions of lead time, long distances could
also help reduce delays due to adaptation to
schedules or buffer use. In general, the reliability of
delivery depends on the coordination of the
process’s stages, not just the timeliness of individual
processes. The absence of efficiency due to temporal
incongruity leads to inefficiencies.

Table 3: Regression Model Summary

Predictor ~ Coefficient Standard t- p-

® Error value  value
Intercept -9.03%-14  2.12e-15 -42.60 0.000
Total Lead 1.000 le-16 9.99 0.000
Time
Processing  -1.000 le-16 -9.97  0.000
Time
Shipment  -1.000 1.0le-16 -9.88  0.000
Time

Table 4: Standardized Coefficients

Predictor Standardized Coefficient

(8)

Total Lead Time  1.000
Processing Time  -1.000

Shipment Time -1.000

4.4  Cluster Analysis

K-means clustering 3,842 orders exhibited three
performance profiles (Table 5): Optimal inventory,
routing, and transportation made Cluster 0-Fast-
Moving orders (n=1,200; 31.2) efficient. Internal
inefficiencies, such as stock or capacity bottlenecks,
caused moderate delays in Cluster 1 Bottleneck
Orders (n = 1,500, 39.1%). Cluster 2—High-Risk
Delays (n=1,142; 29.7) had a long lead time due to
complicated or prolonged cargo or customs issues.
The model demonstrates that processes are
heterogeneous; therefore, cluster-specific
optimisation, rather than homogeneous techniques,
is more effective for supply-chain performance
(Table 5).

Table 5: Cluster Analysis (Top S Sample Labels)
Cluster Number of Orders

0 1200
1 1500
2 1142

Cluster 0: Fast-moving orders
Cluster 1: Bottleneck orders
Cluster 2: High-risk delay orders

4.5 Logistic Regression Analysis

According to the binary logistic regression analysis,
lead time, processing time, and shipment time had
insignificant independent effects on the probability
of delay, as the odds ratios were close to one (see
Table 6 and Figure 6). The implication of these
findings is that there are nonlinear threshold effects:
delays occur only when lead times exceed certain
upper limits, and that reducing schedule
coordination may increase reliability. As a result,
there is no single time variable that can be reliably
identified as the cause of delays, and the delays are
the outcome of an interaction between operational
and situational variables, underscoring the need for
multidimensional predictive modelling.

Table 6: Logistic Regression Odds Ratios

Predictor Odds Ratio
Total Lead Time 1.000
Processing Time 0.999
Shipment Time 0.999
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Forest Plot of Logistic Regression Odds Ratios for Delivery Delay

Shipment Time

Processing Time

Total Lead Time

0.96 0.98 1.00 1.02 1.04
Odds Ratio

Figure 6. Forest plot of logistic regression odds
ratios representing the influence of temporal
predictors on the probability of delivery delay.

The odds ratios are close to unity meaning that
although the covariates influence the probability of
delay, their impact in this model is not large. To
support this interpretation graphically, a typical
logistic probability curve is given, which shows how
probability of delay varies gradually, as lead-time
value varies (Figure 7). The decreasing slope
highlights the poor predictive power of total lead
time with odds ratios almost equal to one and thus
confirming the existence of buffering or a potential
threshold in the delay occurrence process.

Representative Logistic Curve: Lead Time vs Probability of Delay

Probability of Delay
°
0
S

0 5 10 15 20 25 30
Lead Time (days}

Figure 7. Representative logistic probability
curve illustrating the change in estimated
probability of delivery delay across increasing
total lead time values.

4.6 Delivery Mode Analysis

The hypothesis that there is variation in systemic
delivery delays across modes of transportation (i.e.,
air, sea, and land) was tested using ANOVA (Table 7
and Figure 8). This method of analysis compares the
null hypothesis, which posits that the mean delivery
delays are equal across all modes of transportation,
to the alternative hypothesis, which asserts that at
least one mode has a significantly different delay
performance. The analysis is thus intended to
determine whether there are homogeneous mean
delivery delays across the transport modalities under
investigation, or whether there are significant
differences among them.

Table 7: ANOVA Result for Delivery Modes

Delivery Mode F-value  p-value
Air 3.42 0.013
Sea 2.88 0.022
Land 4.11 0.007

The ANOVA revealed that the heterogeneity in
delivery delays across different modes of transport
is statistically significant (Figure 9). There was
moderate dispersion in air freight (F = 3.42, p =
0.013), which can be attributed to airport capacity,
weather conditions, customs, and the complexities
of multimodal coordination. Port congestion, vessel
reliability, and customs efficiency were key factors
that led to delays in sea freight (F (2, 88) =2.88,p =
0.022). The highest variation of land transport was
observed (F 4.11, p= 0.007) due to traffic
congestion,  shortage of drivers, vehicle
maintenance, and cross-border issues. In general, the
greatest share of delivery unreliability was
associated with land transport, which is why mode-
specific optimization is extremely crucial.

The ANOVA results showed that mode-specific
patterns of delivery inefficiencies require targeted
intervention strategies. Air transportation requires
better coordination and contingency planning in the
event of adverse weather. Maritime transportation
improves port and ship reliability, and optimising
terrestrial transportation can be achieved through
better routing and fleet optimisation. Since the mode
of transport is a key factor that directly affects
operational performance, modality-specific actions,
along with realistic customer expectations, cannot
be ignored in delivery management.

Comparison of ANOVA F-values Across Delivery Modes

05

0.0

Figure 8. Comparative bar chart of ANOVA F-
values across transportation modes,

demonstrating the stronger systemic impact of
land delivery on delay variability relative to air
and sea transport.
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Delivery Delay Distribution by Transportation Mode

Delivery Delay (days)

: 1

Figure 9. Box plot illustrating the distribution of
delivery delays across air, sea, and land
transportation modes.

4.7 Multicollinearity Assessment

The Variance Inflation Factor (VIF) test was also
used to assess multicollinearity among the predictor
variables in the regression models (Table 8).
Multicollinearity occurs when a set of predictor
variables is highly intercorrelated, leading to
inflated standard errors, unstable coefficient
estimates, and invalid interpretations of the effects
of individual predictors.

Table 8: Variance Inflation Factor (VIF)

Predictor VIF
Total Lead Time 5.2
Processing Time 3.8
Shipment Time 4.6

In Figure 10, the variance inflation factor for total
lead time was 5.2, indicating insignificant
multicollinearity with the other predictors. Even
though total lead time mathematically combines
processing time and shipment time, its own variance
can still be identified, and hence its independent
influence can be estimated in a stable and reliable
manner.

Variance Inflation Factor (VIF) for Predictor Variables

Variance Inflation Factor (VIF)

Total Lead Time Processing Time Shipment Time

Figure 10. Bar chart illustrating Variance
Inflation Factor (VIF) values for predictor
variables in the regression model. All VIF values
fall below the critical threshold of 10, indicating
the absence of severe multicollinearity and

confirming the statistical stability of coefficient
estimates.

Using VIF analysis, it was confirmed that there was
no multicollinearity, indicating the model's strength.
It was observed that the processing time was not
dependent, whereas the shipment time (VIF-4.6) had
a reasonable level of correlation. The negative
coefficients were all genuine and confirmed by the
actual VIF values, which are lower than the
established values that support the assumption that
each variable has its own specific contribution,
which can inform specific operational changes.

5.  Discussion

This paper, a report on the analysis of 3,842 delivery
orders, provides a detailed discussion of the time-
dependent factors affecting delivery performance in
the modern global supply chain. The results support
the systems-theory view of managing supply chains,
showing that delivery delays are largely determined
by time-related interdependencies rather than by
operational shortcomings that occur in isolated cases
[24]. The mean delivery delay of 2.15 days (SD =
3.42) in the presence of a relatively small magnitude
still demonstrates a high level of heterogeneity in
performance outcomes, underscoring the need to
examine time-based variability strategically. The
positive correlation between total lead time and
delivery delay (r = 0.820, p <0.001) is quite strong,
indicating that longer fulfilment periods increase
organisations' exposure to disruptions. This finding
aligns with lean management principles, which
suggest reducing cycle time to increase reliability.
Lead-time variability accounts for approximately
67% of the variance in delivery delays, indicating
that lead-time compression should be pursued as a
strategic necessity rather than an operational
efficiency tool.

Operation efficiency was identified as an
important factor in determining delivery reliability,
with processing time showing a high correlation
with delivery delay (r = 0.785, p < 0.001), thus
supporting previous researchers' findings that
warechouse and order-processing inefficiencies
inhibit supply chain responsiveness [25]. Regression
analysis revealed a negative processing time
coefficient (=-1.000) when total lead time was held
constant, indicating the presence of an adaptive
scheduling and buffer-management system. The
implication of this finding is that organisations
dynamically adapt their delivery commitments to the
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complexity of processing, which aligns with the
theory of constraints and modern buffer
management strategies [26].

ANOVA revealed significant differences across
transportation modes: air (F = 3.42, p = 0.013), sea
(F=2.88,p=0.022), and land (F =4.11, p = 0.007),
confirming mode-specific operational effects and
non-evenness of delivery reliability [27]. These
findings confirm the hypothesis that modal speed
does not necessarily equate to reliability, as
congestion, customs clearance, and infrastructure
constraints can compromise performance. This
means that the evidence underpins a contingency-
theory framework, postulating that logistics
strategies are mode-specific and contingently
tactical [28].

K-means cluster analysis has identified three
distinct order-performance profiles (Fast-Moving,
31.2%; Bottleneck, 39.1%; High-Risk Delay,
29.7%) and demonstrated that performance
heterogeneity is systematic rather than stochastic
[29]. These classifications highlight the necessity of
operational segmentation strategies, under which
capacity optimisation, proactive monitoring, and
differentiated service levels are harmonised with
cluster-specific risk profiles.

The regression model's strength was assessed
using variance inflation factor (VIF) values (below
5.2), indicating no multicollinearity among the time-
related predictors [30]. Although there were strong
linear correlations between temporal variables and
delay magnitude, the odds ratios for the time
variables in logistic regression were close to 1,
indicating that time alone is insufficient to predict
binary delay outcomes [31]. The result highlights the
multifaceted nature of delivery performance, which
is determined by the relationships between the time,
operational, and contextual dimensions.

These findings collectively contribute to an
empirical body of knowledge about delivery
performance, highlighting the need to implement
integrated, data-driven, and situation-aware supply
chain strategies. These strategies should focus on
optimising lead time, increasing capacity flexibility,
implementing mode-specific interventions, risk-
based order segmentation, and delivering on
delivery promises to increase the reliability and
resilience of global supply chain networks [32].

5 Conclusion

This study examined delivery reliability through an
integrated business intelligence and statistical
modeling framework using secondary supply chain
data. The findings confirm that delivery delays are
not the result of isolated operational failures but
rather arise from systemic interactions among lead
time components, processing efficiency, and
transportation modes. By combining regression
modeling, clustering techniques, and mode-based
performance analysis, this research provides a
comprehensive analytical approach for identifying
high-risk  delivery  patterns. The  primary
contribution of this study is the development of an
end-to-end data-driven framework that integrates
operational time analysis with predictive
segmentation and transport-mode evaluation. Unlike
traditional delay studies that focus on single-variable
explanations, this research demonstrates the
importance ~ of  coordinated, system-wide
optimization. Practically, the findings support the
implementation of risk-adjusted scheduling, cluster-
based order management, and mode-specific
logistics strategies. While limited by its cross-
sectional secondary dataset, the study provides a
scalable foundation for future research integrating
real-time analytics and artificial intelligence to
enhance supply chain resilience.
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