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Abstract

This research addresses service-level inefficiencies in the dark kitchen sector, a rapidly growing business model within
the food delivery industry. The analyzed operation initially exhibited a service level of 78.2%, significantly below the
target service level for last-mile delivery operations, highlighting the need for operational improvement during peak
demand periods. To address this gap, an integrated improvement model was developed and validated through a before-
and-after pilot study conducted under real operating conditions. The proposed model combines three complementary
engineering tools: (i) a Machine Learning—based decision-support system for delivery routing, (ii) a Linear
Programming model for optimal staff allocation during peak hours, and (iii) process standardization through digital
Standard Work in the packing verification stage. Performance was evaluated using key indicators such as on-time
delivery, order integrity, and labor productivity. The results show a 15.2% improvement in on-time delivery rate (from
79% to 91%), a 64% reduction in packing error rate (from 11.8% to 4.2%), and a 36.8% increase in staff productivity
(from 12.5 to 17.1 orders per staff-hour), leading to an overall OTIF improvement from 78% to 91%. The main
contribution of this study lies in the integrated application of predictive analytics, mathematical optimization, and
process standardization within a single operational framework, providing a practical and replicable solution for dark
kitchens and similar service-based food delivery operations facing high demand variability.
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1. Introduction

The accelerated growth of dark kitchens has transformed the gastronomic sector’s operating model by concentrating
operations exclusively on home delivery services. While this format offers advantages such as lower fixed costs and
greater operational flexibility, it also poses significant challenges regarding delivery punctuality, order accuracy, and
efficient resource utilization. In highly competitive urban markets, these variables directly influence customer
satisfaction and business sustainability.

Service levels in delivery-oriented restaurants are typically evaluated using the On-Time In-Full (OTIF) indicator,
which integrates timely delivery and order completeness. In last-mile delivery operations, a minimum OTIF threshold
of 90% is widely recognized as the baseline for acceptable service performance, below which customer satisfaction
and retention are significantly impacted (Kasoju et al., 2025; Zosu et al., 2024). Despite the sector’s increasing
digitalization, many dark kitchens still present operational gaps during peak demand periods, particularly in routing
decision-making, staff allocation, and quality control at the packaging stage. These deficiencies lead to delays, order
errors, and additional costs associated with reprocesses, service recoveries (courtesies), and customer churn.
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In response to this gap, this study proposes a structured methodological framework aimed at improving the service
level in a dark kitchen through the integration of three complementary components: (i) a Machine Learning model for
optimal delivery routing and sequencing, (ii) a Linear Programming model for optimal packaging staff allocation
during peak hours, and (iii) process standardization via digital Standard Work. This approach seeks to reduce
operational variability and enhance the reliability of the dispatch process.

This work contributes to the literature by presenting an applied model that combines predictive analytics, mathematical
optimization, and process standardization within the dark kitchen context, offering practical implications for
operational management in food delivery services.

1.1 Objectives

The main objective of this research is to develop and evaluate the performance of an integrated operational model
aimed at reducing service level inefficiencies in a dark kitchen environment. The proposed model combines delivery
routing based on predictive analytics, optimal workforce planning, and process standardization to decrease delays,
enhance staff efficiency, and reduce order errors:

e Develop and implement a predictive delivery routing and sequencing model using Machine Learning to improve
delivery punctuality in scenarios of high demand variability.

e Formulate and apply an optimization model based on Linear Programming to enhance the allocation of packaging
staff, thereby reducing bottlenecks and increasing labor productivity.

e Establish standardized digital verification procedures (through Standard Work) to minimize packaging errors and
improve order completeness.

2. Literature Review

Following the operational diagnosis, this study presents a structured methodological framework designed to enhance
service performance within a dark kitchen context. The framework consists of three coordinated components, each
aimed at addressing a critical source of inefficiency. By combining predictive analytics, optimization techniques, and
process standardization, the approach enables systematic improvements in delivery execution, labor utilization, and
order accuracy. The following sections present the theoretical foundations supporting each component.

2.1. Customer Satisfaction and Service Reliability in Food Delivery

Customer satisfaction plays a central role in achieving customer loyalty within the restaurant industry. Empirical
evidence indicates that perceived service quality has a significant direct and indirect effect on consumer loyalty in
restaurant services, mediated by customer satisfaction (Ahmed et al., 2023). Consistently, Rezende G. et al. (2024)
identify service quality as one of the most influential determinants of customer satisfaction. In the context of online
food delivery services, reliability—accurate and timely order fulfillment—and empathy—personalized attention to
customer needs—are key drivers of both satisfaction and loyalty (Arli D. et al., 2024). Similarly, Martinez et al. (2023)
show that satisfaction with fundamental attributes such as taste and price has a stronger effect on loyalty than
preferences for specific menu items, highlighting the importance of an overall positive experience. Moreover,
innovation and a satisfactory customer experience significantly enhance satisfaction and encourage repeat patronage
and positive word-of-mouth in fast-food restaurants (Manhas et al., 2024). These findings establish the operational
rationale for improving on-time delivery performance, as service reliability is a primary driver of customer satisfaction
in food delivery contexts.

2.2. Delivery Routing Optimization Using Machine Learning

Several studies have examined the application of Machine Learning to optimize order delivery in the restaurant sector.
Jorge D. et al. (2024) propose a simulation—optimization tool that reduces delivery times by 4.5% by considering
vehicle heterogeneity and traffic conditions; however, demand variability is excluded, limiting the model’s
applicability. Similarly, Huq F. et al. (2025) develop an optimization system combining mixed-integer linear
programming with Machine Learning models (LSTM and XGBoost) to predict demand and travel times, significantly
improving resource allocation, reducing costs, and increasing customer satisfaction by 20%. In contrast, Kancharla et
al. (2024) incorporate uncertainty in preparation times and future orders using Sample Average Approximation and
Adaptive Large Neighborhood Search with Machine Learning, achieving 25% more profitable routes and over 30%
efficiency gains. Additionally, Yang et al. (2024) employ probabilistic models and greedy algorithms to predict driver
order acceptance behavior, reducing delivery times. Cosmi et al. (2024) propose a deterministic MILP model
prioritizing service quality by minimizing delays and rejections.
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2.3. Workforce Allocation Through Linear Programming

Recent literature highlights that accurate workforce allocation is critical for maintaining adequate service levels in
environments with high operational variability, such as dark kitchens. Linear Programming (LP) models provide a
structured and quantitative approach for allocating human resources under operational constraints, including staff
availability, demand fluctuations, and shift structures, while optimizing objectives such as cost minimization and
service reliability. Bhuiyan and Mazumder (2024) demonstrate the applicability of LP for employee allocation in an
emerging economy context, achieving significant cost savings and improved workforce efficiency without requiring
advanced technologies. Their findings support the use of LP-based models as a practical and accessible method for
optimizing staff assignment decisions in operations with variable demand, which aligns with the peak-hour staffing
challenges observed in the present study.

2.4. Process Standardization in Service Operations

Process standardization is widely recognized as an effective mechanism for reducing operational variability and
improving service reliability in high-throughput service environments. Standard Work, a core lean principle,
establishes the most efficient and consistent sequence of tasks for a given process, enabling repeatable performance
under variable demand conditions. Van Assen (2023) underscores the role of the service concept as a missing link in
lean service implementation, emphasizing that standardized procedures must be aligned with the operational context
to yield sustained improvements in service quality. In the dark kitchen environment, where peak demand creates time
pressure that frequently leads to the omission of verification steps, the implementation of digital Standard Work
checklists provides a structured countermeasure against operator-dependent errors, directly supporting the
improvement of order completeness indicators.

3. Methods

The present study proposed an integrated service level improvement model applied to a dark kitchen, structured under
a sequential input—intervention—output logic and based on the combined use of engineering tools. The model was
validated through pilot tests conducted in a real operating environment.

As shown in Figure 1, the model consisted of three complementary components, designed to address the main root
causes affecting the company’s service level performance. These causes were primarily associated with inefficiencies
in order delivery routing (42.3%), improper allocation of packing staff during peak demand periods (34.62%), and the
omission of the verification step during such critical periods (23.08%).

e - ™
INPUT INTERVENTION OUTPUT
. . y

LOW OTIF Machine Learning HIGH OTIF
i Component 1: Machine
Order and delivery Learning-based decision Linear - Higheron-time

Staff overload during cleasitem Work Improved staff
peak hours or productivity

- Current operating Component llI: Standard - Standardized packing
methods Work for packing process process
- Historical order data /

-/

time records support for order routing Programming delivery rate

Packing errors and = - Reduction of packing
Component lI: Linear

rework c errors
Programming for staff Standard

Figure 1. Proposed Model

Model indicators

The effectiveness of the proposed model was evaluated using a set of operational performance indicators, selected
according to the main service-level problems identified in the dark kitchen. These indicators were defined to measure
the impact of each component of the model under a before—after pilot comparison. Table 1 presents the indicators used
to assess the performance of the proposed model and their relationship with each intervention component.
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Table 1. Proposed Model Indicators

Component Key Indicator Description Unit
) ) ime deli Percentage of orders delivered within the
Cl: Machine Learning- On-time delivery rate promised time window %
based decision support for ' '
order routing Average delivery time AVF:rage time from order confirmation to min
delivery
Staff productivity NumEer of }?rders processed per staff ;)lrders/staff—
C2: Linear Programming for member per hour our
staff allocation ;
Staff utilization Degree of staff workload during peak 9
hours
Packing error rate Percentage of orders with packing errors = %
C3: Standard Work for
packing process Checklist ~ compliance Percentage of orders verified using the o,
rate QR checklist
Overall Performance On-time in-full (OTIF) Percentage of orders delivered on time %

and without errors

Component I: Machine Learning—based decision support for order routing

Component I was designed to support order routing and dispatch decisions in the dark kitchen through a Machine
Learning—based decision-support approach. A supervised tree-based regression model (specifically, a Decision Tree
regressor, selected for its interpretability in operational dispatch contexts and its suitability for structured tabular data)
was used to estimate delivery time based on historical order data, including delivery zone, order volume, and service
time patterns. These delivery time estimates were used as inputs to prioritize and sequence orders during peak demand
periods, supporting dispatch decisions under high demand variability. The use of delivery time—related indicators is
consistent with recent studies on meal delivery routing problems, where on-time performance and delivery duration
are key measures of routing effectiveness (Kancharla et al., 2024).

Component IT: Linear Programming for staff allocation

Component II focused on improving the allocation of packing staff during peak demand periods through the application
of Linear Programming. The model supported staff assignment decisions by determining the optimal distribution of
available operators across packing activities, considering demand levels and workload constraints. This approach
aimed to reduce workload imbalance and operational bottlenecks during peak hours. Similar Linear Programming—
based approaches have been successfully applied to employee allocation problems, where productivity and utilization
indicators are commonly used to evaluate workforce performance (Bhuiyan & Mazumder, 2024).

The LP model was formulated as follows. Let x; denote the number of operators assigned to packing during demand
timeslott(t=1, 2, ..., T), D the expected order demand during slot t, p the average operator productivity (orders/staff-
hour), and S the total available operator pool:

Minimize Z =X max(0, D; — p-x)

Subject to:
px> D forallt [packing capacity meets demand]
%x:<ST [total staff availability across all slots]
1<x<S forallt [allocation bounds]
X € Z* forallt [integer constraint]

In the pilot implementation, T = 3 hourly slots per peak session were considered. Demand levels D, were estimated
from historical order records, and productivity p was calibrated to the observed baseline of 12.5 orders/staff-hour. The
model output guided the reallocation of operators to the packing cell during peak hours.

Component III: Standard Work for packing process

Component IIT implemented Standard Work to standardize the packing verification process through a digital checklist.
This component ensured that all orders passed through a mandatory verification step prior to dispatch, particularly
during peak demand periods. The objective was to reduce packing errors by ensuring consistent execution of
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operational tasks under high workload conditions. In service operations, process standardization is widely recognized
as an effective approach to improve service reliability and reduce operational variability (Van Assen, 2023).

4. Data Collection

Initial Data

Initial data collection was conducted to identify the main operational issues affecting service level performance in the
dark kitchen. This phase combined the analysis of operational records with direct on-site observations carried out over
a period of two consecutive weeks.

Observations focused primarily on peak demand periods, which were concentrated on Saturdays and Sundays between
3:00 p.m. and 6:00 p.m., identified as the time window with the highest operational workload. During this period,
historical records of orders, delivery times, packing errors, and staff allocation were reviewed in order to detect
recurring service-level failures.

The initial analysis revealed that service-level issues were persistent and systematically concentrated during peak
demand periods rather than occurring randomly throughout the operation.

To ensure the statistical validity of the collected data, minimum sample sizes were estimated at a 95% confidence level
(Z=1.96).

For proportion-based indicators (OTD, OTIF, checklist compliance, and packing error rate), Cochran’s formula was
applied:

no=2722-p(l-p)/¢e?

assuming a conservative proportion p = 0.5 and a margin of error e = 0.06, resulting in a minimum sample size of 267
orders.

For average delivery time, the sample size was estimated using n = (Zo/E)?, with an observed standard deviation of 11
minutes and a precision of £2 minutes, yielding a minimum of 116 orders.

A total of 305 orders were analyzed, exceeding the required sample sizes and ensuring statistical validity of the results.

Identification and Prioritization of Root Causes

Based on the observed service-level failures during the two-week data collection period, each incident was classified
according to its underlying root cause. The frequency of occurrence of each cause was quantified to identify the factors
with the highest operational impact.

A total of 130 service-level failure incidents were recorded and classified during the observation period. The analysis
showed that over 80% of these incidents were attributed to three main root causes: inefficient order routing (42.3%),
improper staff allocation during peak demand periods (34.62%), and omission of the packing verification step
(23.08%).

A Pareto analysis was performed at the root-cause level to prioritize improvement efforts and focus the proposed model
on the most critical operational issues. Figure 2 presents the Pareto analysis of the main root causes of service-level
failures identified during the diagnostic phase.
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Figure 2. Pareto analysis of service-level failure root causes

As shown in Figure 2, the three identified root causes jointly accounted for the majority of observed service-level
failures and were therefore selected for detailed analysis in the following subsections.

Root Cause 1: Inefficient Order Routing
To evaluate the impact of order routing on delivery performance, delivery time records were analyzed for all orders
processed during peak demand periods over the two-week observation window. A total of 305 orders were evaluated.

The results showed that the average delivery time increased from 32 minutes during off-peak periods to 49 minutes
during peak demand, with a standard deviation of 11 minutes during peak hours. In addition, 21% of orders exceeded
the promised delivery time window during peak periods, compared to 7% during off-peak hours.

These results indicate that routing decisions were not scalable under high order volume and relied primarily on operator
judgment rather than structured criteria. The observed variability confirms that inefficient order routing is a major
contributor to service-level degradation during peak demand periods.

Root Cause 2: Improper Staff Allocation during Peak Demand

To assess staff allocation efficiency, packing activity records and direct on-site observations were analyzed during
peak demand periods. During these periods, an average of approximately 150 orders were processed within a three-
hour window.

Although multiple operators were present in the operation, the packing activity was not formally reinforced during
peak hours. In practice, packing tasks were predominantly handled by a single operator, while the remaining staff were
assigned to other operational activities. This resulted in an effective packing capacity that did not scale with the
increased order volume.

As a consequence, average packing productivity decreased to 12.5 orders per staff-hour during peak periods, compared
to 18.2 orders per staff-hour during off-peak periods. Additionally, a recurring backlog of approximately 15 to 20
pending orders was consistently observed during peak demand periods. These findings indicate that the absence of a
systematic, demand-based method for assigning packing staff during peak hours led to capacity bottlenecks, workload
imbalance, and reduced operational performance, directly affecting service level indicators.

Root Cause 3: Omission of Packing Verification Step
To evaluate compliance with the packing verification process, direct observations were conducted during peak demand

periods. A total of 180 orders were audited for verification compliance.

The analysis showed that verification was correctly performed in 92% of orders during off-peak periods, but
compliance dropped to 68% during peak demand periods. In parallel, the packing error rate increased from 4.5% off-
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peak to 11.8% during peak hours. These results indicate that the omission of the verification step under high workload
conditions is a structural issue that directly affects order accuracy and service reliability.

5. Results and Discussion

5.1 Proposed Improvements

The proposed improvement model consisted of three coordinated interventions applied to the order routing, staff
allocation, and packing verification processes of the dark kitchen. Each intervention addressed one of the dominant
root causes identified during the diagnostic phase and was designed to improve service reliability, reduce variability
during peak demand periods, and minimize operator-dependent errors.

The integrated model was validated through a pilot implementation conducted under real operating conditions during
peak demand periods (Saturdays and Sundays, 3:00 p.m. to 6:00 p.m.). The pilot followed an As-Is / To-Be comparison
approach, allowing a direct evaluation of the impact of each intervention on service-level performance.

Component I: Machine Learning—Based Decision Support for Order Routing

The pilot for Component I evaluated the effectiveness of a Machine Learning—based decision-support approach for
order routing during peak demand periods. During the As-Is stage, routing decisions were performed manually based
on operator judgment. During the To-Be stage, the decision-support model was used to prioritize and assign orders to
delivery routes considering order volume and delivery zones.

The pilot was conducted under comparable demand conditions, and delivery performance indicators were monitored
throughout the implementation period.

In operational terms, the decision-support system ranks incoming orders during peak demand based on predicted
delivery time, allowing dispatchers to prioritize orders that are more likely to breach the promised delivery window
(Figure 3).

ASIS TOBE

Continuous learning
from delivery performance

Incoming orders

Incoming
orders

Unstructured route selection

l

Dispatch decision

}

Delivery

Machine Learning
decision - support

!

Optimized routing
and prioritization

Figure 3. Order routing process before and after the implementation of the decision-support model.

Component I1: Linear Programming for Staff Allocation

Component II evaluated the application of a Linear Programming model to determine the optimal allocation of packing
staff during peak demand periods. Under the As-Is condition, staff allocation remained constant regardless of demand
fluctuations. Under the To-Be condition, staff allocation was adjusted based on expected order volume during peak
hours (Figure 4).

The pilot aimed to reduce workload imbalance and improve packing productivity while maintaining stable operational

flow. Figure 4 illustrates the transition from a single-station packing layout to a flow-oriented packing cell, enabling
better workload balance and reducing order backlog during peak demand periods.
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Figure 4. Packing cell layout before and after staff reallocation during peak demand periods

Component ITI: Standard Work for Packing Verification

The pilot for Component III implemented a standardized packing verification procedure supported by a digital
checklist. During the As-Is stage, verification was performed inconsistently and frequently omitted during peak
demand periods. During the To-Be stage, all orders were required to pass through the standardized verification step
before dispatch.

This intervention aimed to reduce packing errors and improve order completeness (Figure 4).

Before Standarization

After Standarization

Symbol:
Order Order _oymhbols
Recepction Recepction O Operation
I:l Inspection
Food FDOd. e .
Preparation Preparation Combined
Packing FBC!(I.I‘IE .‘"d
L J verification
° Dispatch ° Dispatch
Summary Table Summary Table
Activity Quantity Activity Quantity
Operation 4 Operation 3
Inspection 0 Inspection 0
Combined 0 Combined 1
Total 4 Total 4

Figure 5. Process Operation Diagram of the packing verification process before and after standardization

5.2 Validation

The pilot implementation was selected as the validation method for the proposed improvement model. Validation was
conducted under real operating conditions during peak demand periods, defined as Saturdays and Sundays between
3:00 p.m. and 6:00 p.m., over a two-week observation window. Given the service-based and case-study nature of the
research, data collection was performed using a census approach rather than statistical sampling. All orders processed
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during the selected peak demand periods were included in the analysis to ensure complete coverage of service-level
failures and operational behavior. For Component I (order routing), delivery performance indicators were collected for
a total of 305 orders, including delivery time and on-time delivery compliance. For Component II (staff allocation),
packing productivity, backlog size, and staff utilization were monitored during all observed peak sessions. For
Component III (packing verification), verification compliance and packing error rates were audited for 100% of
observed orders during the pilot. This validation approach ensured consistent and reliable comparison between As-Is
and To-Be conditions across all components, allowing the direct assessment of the impact of the proposed improvement
model on service-level performance.

5.3 Numerical Results

The numerical results obtained from the pilot implementation provide a quantitative assessment of the impact achieved
by each component of the proposed improvement model. The comparison between the As-Is and To-Be conditions
was conducted using the key operational indicators defined in the methodology section. Table 2 summarizes the results
observed during peak demand periods before and after the implementation of the proposed interventions.

Table 2. Validation results

q Improvement

Component Key Indicator As-Is Value  To-Be Value Achieved

é; e delivery time 4 36.5 ~12.5 min
C1: ML-based order routing i )

?n—tlme delivery rate 79% 91% +12 pp

(%)

Orders per staff-hour 12.5 17.1 +4.6 ord/staff-hr
C2: Staff allocation (LP)

Average order backlog 13 6 12 orders

(orders)

Packing error rate (%) 11.80% 4.20% —7.6 pp
C3: Standard Work - o )
packing verification X/e;lﬁcatlon compliance 68% 95% 27 pp

()

Overall performance OTIF (%) 78% 91% +13 pp

The results indicate a consistent improvement across all evaluated indicators.

Component I achieved a substantial reduction in average delivery time (from 49 to 36.5 minutes) and improved the
on-time delivery rate by 12 percentage points, from 79% to 91%, by introducing structured routing decisions during
peak demand periods.

Component II improved operational capacity by balancing staff workload, resulting in a 36.8% increase in productivity
(from 12.5 to 17.1 orders per staft-hour) and a reduction in order backlog from 18 to 6 pending orders. Component III
strengthened order accuracy through process standardization, reducing the packing error rate by 64% (from 11.8% to
4.2%) and increasing verification compliance from 68% to 95%. Collectively, the integration of the three components
resulted in an increase in the overall OTIF indicator from 78% to 91% (+13 percentage points), confirming the
effectiveness of the proposed model in improving service level performance under real operating conditions.

5.4 Graphical Results

Graphical analysis was used to evaluate the evolution and stabilization of the main service-level indicators throughout
the pilot implementation. The selected figures illustrate the progressive impact of the proposed interventions and
support the numerical results presented in the previous section.

Evolution of OTIF during the pilot implementation

The OTIF indicator showed a sustained improvement throughout the pilot period. As illustrated in Figure 6, OTIF
increased from 78.2% under the As-Is condition to 86.3% in the second week and stabilized at 91.4% in the final week
of the pilot. This improvement reflects the combined effect of structured order routing, optimized staff allocation
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during peak demand periods, and the standardization of the packing verification process. The stabilization observed in
the final week indicates that the improvements achieved were not temporary but reached a consistent operating level
under real demand conditions.

OTIF (%)

100.0%

95.0%
91.4%

90.0%
86.3%

85.0%

80.0% 78.2%

75.0%

70.0%
Week 1 (As-lIs) Week 2 Week 3

Figure 6. Weekly evolution of OTIF during the pilot implementation

Average delivery time during peak demand periods decreased notably after the implementation of the Machine
Learning—based decision-support model for order routing. As shown in Figure 7, the average delivery time was reduced
from 49.0 minutes in the As-Is condition to 36.5 minutes in the To-Be condition. This reduction demonstrates that
structured routing decisions effectively mitigated delivery delays during high-order-volume periods, improving overall
service responsiveness.

Average delivery time (min)
60

50
40
30
20

10

As-Is To-Be

Figure 7. Comparison of average delivery time during peak demand periods

Packing errors exhibited a significant reduction following the implementation of the standardized packing verification
procedure. As illustrated in Figure 8, the packing error rate decreased from 11.8% under the As-Is condition to 4.2%
during the To-Be stage. The progressive reduction and stabilization of this indicator confirms that the introduction of
Standard Work improved compliance with verification procedures and reduced order inaccuracies during peak demand
periods.
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Figure 8. Packing error rate before and after standardization

5.5 Discussion

The improvement in on-time delivery rate from 79% to 91% and the reduction in average delivery time from 49 to
36.5 minutes (Component I) are consistent with findings reported by Hugq et al. (2025) and Jorge et al. (2024), who
demonstrated that ML-based demand prediction and structured sequencing can substantially reduce delays in food
delivery contexts with high demand variability. The use of a Decision Tree regressor in this study provided an
operationally interpretable model suited for dispatcher use, a practical trade-off relative to more accurate but less
transparent ensemble methods, and one that is relevant to the dispatch-oriented application described by Cosmi et al.
(2024) and Kancharla et al. (2024). Regarding Component II, the 36.8% productivity gain and backlog reduction from
18 to 6 orders corroborate the applicability of LP-based staffing models in variable-demand environments, as
demonstrated by Bhuiyan and Mazumder (2024), and reflect a structural improvement in capacity management rather
than a marginal efficiency adjustment.

The 64% reduction in packing error rate and the rise in verification compliance from 68% to 95% (Component III) are
consistent with Van Assen’s (2023) argument that the sustained impact of lean service interventions depends on how
well standardized procedures are embedded in the operational context rather than offered as optional tools. The
mandatory QR-based digital checklist satisfied this condition by reducing compliance friction precisely under the time
pressure of peak demand periods, where operator-dependent omissions had been identified as the dominant root cause
of order inaccuracies. This finding reinforces the view that the effectiveness of Standard Work is contingent not only
on its technical design, but on its integration into the routine workflow.

At the aggregate level, the OTIF improvement from 78% to 91% demonstrates that the simultaneous optimization of
routing, staffing, and verification yields synergistic effects beyond what any isolated intervention could produce
independently. The progressive stabilization across pilot weeks (78.2% — 86.3% — 91.4%) suggests operational
learning and adaptation rather than a one-time effect, and the service level achieved surpasses the 90% industry
benchmark which the literature associates with meaningful gains in customer satisfaction and loyalty in food delivery
contexts (Arli et al., 2024; Martinez et al., 2023). The modular architecture of the framework, with each component
independently targeting a distinct root cause, allows practitioners to adopt the interventions selectively according to
their specific operational gaps, increasing its replicability across diverse dark kitchen configurations.

6. Conclusion

This study demonstrated that the objectives of the proposed service-level improvement model were successfully
achieved within the context of a make-to-order dark kitchen. The integrated application of analytical decision-support
tools and standardized operational practices allowed the main sources of service-level failures to be effectively
addressed during peak demand periods.

The implementation of a Machine Learning—based decision-support approach improved order routing efficiency,
reducing average delivery time from 49 to 36.5 minutes and increasing the on-time delivery rate from 79% to 91%.
The use of Linear Programming for staff allocation enhanced workload balance during peak hours, resulting in a 36.8%
productivity increase and a reduction in order backlog from 18 to 6 pending orders. Additionally, the introduction of
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a standardized packing verification process reduced the packing error rate by 64% (from 11.8% to 4.2%) by minimizing
operator-dependent omissions.

Collectively, these interventions increased the overall OTIF indicator from 78% to 91% (+13 percentage points),
exceeding the industry benchmark of 90% and validating the effectiveness of the proposed integrated model under real
operating conditions.

The primary contribution of this research lies in the development and validation of an integrated service-improvement
framework tailored to the operational dynamics of dark kitchens. Unlike previous studies that address routing, staffing,
or error reduction in isolation, this model simultaneously integrates these elements within a single operational structure,
providing a practical and replicable pathway for similar service-based food operations facing high demand variability.

To further strengthen the model and achieve higher service-level performance, future iterations should incorporate
long-term sustainability mechanisms. These include continuous monitoring of routing performance, periodic
recalibration of staff allocation parameters, and audit routines to ensure sustained compliance with standardized
verification procedures. Incorporating such control mechanisms would help preserve operational stability and enable
further improvements in service reliability over time.

Regarding study limitations, the pilot was conducted within a single dark kitchen operation over a two-week
observation window, which restricts the generalizability of the findings to operations with substantially different
demand profiles, kitchen configurations, or staffing structures. Furthermore, the Decision Tree regression model was
trained on historical data specific to this operational context, and its predictive accuracy may vary under different
routing environments. Future research should evaluate the scalability of this integrated framework across multiple dark
kitchen units, incorporate real-time dynamic routing updates, and assess the long-term sustainability of the achieved
improvements through extended monitoring periods.
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