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Abstract

The present work addresses the scheduling optimiza-
tion problem in the context of online food delivery sys-
tems, focusing on strategic order aggregation and courier
batch assignment under typical operational constraints.
By representing the process as a variant of the Online
Meal Delivery Scheduling Problem (MDSP), we ana-
lyze order characteristics, courier resources, and sys-
tem objectives using classical scheduling theory termi-
nology. Clustering orders via K-means and DBSCAN
is formalized as batch scheduling for minimization of
the makespan and total tardiness. Competitive analysis
is applied to benchmark heuristic algorithms, with the-
oretical and empirical evidence supporting 21-42% im-
provement in total delivery time and 13—-28% reduction
in courier workload. Machine learning clustering inte-
grates with online assignment to produce schedules ap-
proaching the lower bound of competitive ratio, ensuring
resource-efficient, real-time order fulfillment.
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1 Introduction

The rapid expansion of on-demand food delivery plat-
forms has drastically increased the operational complex-
ity of last-mile logistics. In major urban markets, the
number of orders grows faster than the available courier
workforce, leading to rising delivery times, unstable ser-
vice quality, and significant operational inefficiencies
[Marketing, 2023; Editorial, 2022; Data, 2023]. As a re-
sult, delivery platforms must solve a high-frequency on-
line scheduling problem: dynamically assign couriers to
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geographically distributed, time-sensitive customer re-
quests while accounting for restaurant preparation de-
lays, courier availability, travel distances, and strict de-
livery deadlines.

From a scheduling-theoretic perspective, meal delivery
can be viewed as a dynamic variant of the pickup-and-
delivery problem with deadlines, combining elements of
online scheduling, batching, and vehicle routing. Classi-
cal scheduling theory provides a formal basis for reason-
ing about lateness, tardiness, and makespan minimiza-
tion [Graham et al., 1979; Lazarev and Gafarov, 2011].
However, unlike traditional machine scheduling settings,
food delivery systems exhibit high spatiotemporal uncer-
tainty, heterogeneous agent behavior, and strongly dy-
namic demand patterns, making purely deterministic or
static planning approaches insufficient.

Recent research has focused on specialized formula-
tions of the Meal Delivery Problem (MDP) and Meal
Delivery Scheduling Problem (MDSP). Existing works
include routing-based models [Reyes et al., 2018; Yildiz
and Savelsbergh, 2019], dynamic pickup-and-delivery
formulations with deadlines and random restaurant ready
times [Ulmer et al., 2021], and optimization approaches
for batching and assignment [Agnetis et al., 2023; Si-
moni and Winkenbach, 2023]. Heuristic courier dis-
patching and routing algorithms have also been proposed
for high-frequency environments [Steever et al., 2019],
while large-scale industrial platforms report the use of
batching and predictive assignment rules [Khalkechev,
2020; Mao et al., 2019].

At the same time, machine learning (ML) methods
have emerged as a promising tool for improving courier
assignment decisions. Reinforcement-learning and pre-
dictive models have been applied to estimate delivery
duration, prioritize orders, and guide real-time dispatch
rules [Jahanshahi et al., 2022; Bozanta et al., 2022].
Yet, most existing ML-driven approaches focus either on
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routing or assignment in isolation, and few works sys-
tematically combine clustering-based order aggregation
with ML-guided scheduling in a unified online frame-
work.

This study addresses this gap by proposing an inte-
grated approach to online meal delivery scheduling that
combines (i) clustering-based order aggregation and (ii)
machine learning-guided courier assignment. We model
meal delivery as a dynamic scheduling problem with or-
der arrivals over time and demonstrate that combining
aggregation with predictive assignment significantly im-
proves lateness, courier distance, and Pareto efficiency.
Using both synthetic and real-world data, we show that
the proposed approach consistently outperforms classi-
cal heuristics and non-aggregated baselines.

2 Related Work

Scheduling Theory Background. Classical deter-
ministic scheduling problems have been extensively sur-
veyed in [Graham et al., 1979] and formalized in stan-
dard monographs such as [Lazarev and Gafarov, 2011].
Core objectives relevant to delivery systems include the
minimization of lateness, tardiness, or makespan, as well
as multi-objective trade-offs [Lazarev et al., 2021]. On-
line and semi-online models provide a framework for
dynamic job arrivals and partial information about fu-
ture workloads [Dwibedy and Mohanty, 2022], although
meal delivery systems typically operate under fully on-
line uncertainty. Competitive-analysis perspectives on
dynamic assignments with limited information have also
been studied in [Zhang and Ye, 2002]. Recent work by
[Khrustaleva et al., 2024] demonstrates the necessity of
decomposing complex systems into manageable subsys-
tems, enabling more robust and adaptable scheduling so-
Iutions. They show, that effectiveness of the optimiza-
tion process is largely determined by its degree of de-
tail and the appropriateness of the chosen objectives and
control parameters.

Meal Delivery Scheduling and Routing. Recent
years have seen a growing interest in optimization mod-
els tailored to on-demand food delivery. The Meal De-
livery Routing Problem was formalized in [Reyes et al.,
2018], while high-quality approximation and optimiza-
tion methods for MDSP were proposed in [Yildiz and
Savelsbergh, 2019] and [Ulmer et al., 2021]. Order ag-
gregation and batching strategies have been shown to
significantly reduce delivery distance and improve effi-
ciency, as demonstrated in [Agnetis et al., 2023] and the
crowdsourced delivery setting of [Simoni and Winken-
bach, 2023]. Heuristic and dynamic routing algorithms
for real-time courier dispatching were considered in
[Steever et al., 2019]. Industrial perspectives on batching
and assignment for large-scale systems, including algo-
rithmic insights from Yandex.Eda and other platforms,
are discussed in [Khalkechev, 2020; Mao et al., 2019].

Machine Learning for Courier Assignment. Ma-
chine learning has recently become an important com-
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ponent of courier dispatching. Reinforcement learning
was applied to dynamic courier assignment and delivery-
time prediction in [Jahanshahi et al., 2022], while hybrid
RL and supervised-learning methods were explored in
[Bozanta et al., 2022]. ML models have shown strong
potential for reducing lateness by predicting delivery
times, prioritizing orders, and guiding routing heuris-
tics. However, existing studies largely treat assignment
or routing independently, and relatively few works com-
bine ML-based prioritization with clustering-driven or-
der aggregation in a unified online scheduling frame-
work.

Routing and Optimization Tools. Our method uses
OR-Tools [AI, 2024], a widely-used combinatorial op-
timization library capable of solving vehicle-routing and
pickup-and-delivery problems with time-window con-
straints. Such solvers provide robust and scalable route
construction but require appropriate batching and prior-
itization strategies to achieve high performance in dy-
namic environments.

Overall, prior literature highlights the importance of
batching, predictive assignment, and dynamic routing
in meal delivery systems. Yet, an integrated approach
combining clustering-based aggregation with ML-driven
courier scheduling remains underexplored. This work
aims to fill that gap.

3 Problem Formulation

The meal delivery scheduling problem addresses the
challenge of dynamically assigning orders to couriers
while optimizing delivery efficiency in an on-demand
food delivery system. This problem can be classified as a
dynamic scheduling problem with time constraints, com-
bining elements of vehicle routing and task assignment
under uncertainty.

Consider a meal delivery system operating over a
time horizon with the following components. Let J =
{1,2,...,n} denote the set of orders arriving dynam-
ically throughout the operational period. Each order
j € J is characterized by:

r;: creation time (when the customer places the or-
der)

Dj,r: preparation time at restaurant I?;

d;: delivery deadline (promised delivery time)

loc R, restaurant location coordinates

locc;: customer delivery location coordinates

Let K = {1,2,...,m} represent the set of available
couriers. Each courier k£ € K has:

locy;, stare: Initial starting position

speedy: movement speed

staminay ;: time-varying fatigue coefficient affect-
ing speed

Let L denote the set of all possible locations in the de-
livery area, where L = {locy, start Jhex U Rset U Caet,
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with R,.; being the set of restaurant locations and Cl.¢
the set of customer locations.

The travel time function T'(loc,, locy, k, t) represents
the time required for courier k to travel from location
loc, to location locy, starting at time ¢:

T(loca, locy, k, t) = distance(loc,, locy)

speedy, - staminay, ¢ - randon ’

where staminay, ; decays over time and random, intro-
duces stochastic variation in travel conditions.

3.1 Decision Variables and Constraints

The primary decision variable is the binary assignment
matrix z:

1, if order j is assigned to courier k
Tjk = .
0, otherwise

Additional decision variables include:

S, prep: start time of order preparation at the restau-
rant

Cj prep: completion time of order preparation

Aj; 1000 arrival time of courier k at location loc

P;: pickup time of order j by the assigned courier
C: delivery completion time of order j

pathy, = (loci,locy, ..., loc,): route sequence for
courier k

Constraint 1 (Assignment uniqueness): Each
order must be assigned to exactly one courier:
Vjie J Zkerjk: 1.

Constraint 2 (Preparation timing): Restaurant prepa-
ration begins immediately upon order creation and re-
spects preparation time requirements:

Sjprep 215 Vj€J,
Cjprep = Sjprep +Pj,r  Vj € J.

Constraint 3 (Restaurant capacity): The number of or-
ders being prepared simultaneously at restaurant r can-
not exceed its capacity cap,:

S" Lipreplt) < capy ¥r € Rue, W,
jeJ:Rj=r

where I prep(t) = 1if t € [S; prep, Cj prep), and 0 oth-
erwise.

Constraint 4 (Pickup timing): An order can only be
picked up after preparation is complete and the courier
has arrived at the restaurant:

P; > max(Cj prep, Ar,r;) Vi€ ke K :xj =1
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Constraint 5 (Delivery timing): The delivery time ac-

counts for pickup time and travel time from the previous
location on the courier’s route:

Cj = Pj + T(ZOCpreq,(Cj),lOCCj,k‘, Pj)
VieJ ke K:xj =1,

where locpre,(C;) denotes the location visited by
courier k immediately before delivering order j.

3.2 Objective Functions

The problem involves two competing objectives that
must be balanced:

1. Minimize total lateness:

L= max(0,C;—d;) > min. (1)
=y {zjr}

2. Minimize total distance traveled:

1

Distavg = |?|

Z Dist, — min, (2
keK {@jn}

where Dist;, represents the total distance traveled by
courier k along their assigned route.

These objectives are combined into a single normal-
ized objective using weighted scalarization:

min F(z) 3)
Ttotal DiSttotal

F(z) =wr- — 4

( ) T Nref,T Nref,D ( )

wr +wp =1, wp,wp >0 Q)

where N,..¢ 1 and N,.r p are reference normalization
values, and T},:4; represents total lateness across all or-
ders.

This formulation captures the essential trade-off in
food delivery systems: minimizing customer wait times
while optimizing courier utilization and operational
costs. The problem is NP-hard due to its combinatorial
nature and dynamic arrival of orders, requiring efficient
heuristic or learning-based solution approaches.

4 Methodology

Our approach combines simulation-based modeling
with machine learning techniques to address the dy-
namic meal delivery scheduling problem. The method-
ology consists of three interconnected components: a
discrete-event simulation framework, order aggregation
strategies, and courier prioritization mechanisms.
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4.1 Simulation Framework

We developed an agent-based simulation model that
captures the dynamic nature of food delivery operations.
The simulation operates over a finite time horizon with
discrete time steps, where events occur at specific times-
tamps corresponding to order arrivals, preparation com-
pletions, pickups, and deliveries.

Agent Architecture. Orders are represented as au-
tonomous entities characterized by their creation time
7, preparation duration p; g, deadline d;, and spatial at-
tributes, including the restaurant location locg; and the
customer delivery location locc;. Each order thus car-
ries both temporal and geographic constraints that must
be taken into account during the assignment and routing
processes.

Restaurants operate as processing units with capac-
ity constraints cap,, maintaining internal preparation
queues that follow the FIFO discipline. This component
models the flow of orders through the preparation stage
and reflects the delays induced by real-world kitchen
pipelines.

Couriers function as mobile agents initialized at loca-
tion locy, stqr+ and moving with a baseline speed speedy,.
Their effective movement efficiency is influenced by a
dynamic stamina parameter staminay,;, which varies
over time and affects both travel speed and the agent’s
ability to handle multiple deliveries.

Stamina Dynamics. Courier fatigue is modeled
through a stamina parameter that decreases over time,
affecting travel speed:

staminag; = max{0.01, staminag 1 — 0.003}.

Simulation Flow. At each time step, the system pro-
cesses events in the following sequence:

- New orders arrive and enter restaurant preparation
queues.

- Completed orders become available for pickup.

- Idle couriers receive assignments based on prioriti-
zation strategies.

- Active couriers progress along their routes.

- Deliveries are completed and logged.

4.2 Order Aggregation Strategies

Order aggregation enables couriers to handle multi-
ple orders simultaneously, potentially reducing total dis-
tance traveled while managing time constraints. We im-
plement three clustering-based aggregation methods.

K-Means Clustering. Standard K-Means algorithm
applied to customer delivery locations with & =
| Norders/3| clusters, where Nopgers is the number of
pending orders. Orders within the same cluster are as-
signed to a single courier when feasible.

DBSCAN  (Density-Based  Spatial — Clustering).
Density-based clustering automatically determines the
number of clusters based on spatial proximity. The
algorithm uses two parameters:
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- € Maximum distance between two samples to be
considered neighbors.

- MiNggmples: Minimum number of samples in a
neighborhood to form a dense region.

DBSCAN identifies clusters of arbitrary shape and
marks outlying orders as noise, which are handled in-
dividually.

Agglomerative Clustering. Hierarchical clustering us-
ing a bottom-up approach with an average linkage crite-
rion. Orders are initially treated as individual clusters,
then iteratively merged based on minimum inter-cluster
distance until a predefined number of clusters is reached.

Route Optimization. Once orders are aggregated into
clusters, we construct optimal delivery routes using the
OR-Tools constraint programming solver. The routing
problem minimizes total travel distance while respecting
pickup-before-delivery constraints and order deadlines.

4.3 Courier Prioritization Strategies

When multiple orders await assignment, the system
determines which courier should handle which order
or cluster. We evaluate both heuristic and machine
learning-based prioritization approaches.

Heuristic Methods.

Earliest Deadline First (EDF): Prioritizes orders
by increasing deadline d;; <d;, < ... <dj,.
Slack Time Priority: Calculates slack time
Slaij = dj — teurrent — Tdelivery,j’ where
Tdelwe,y,j is the estimated delivery duration, as-
signing orders with minimum slack first.

First Process Time (FPT): Assigns orders with
shortest expected processing time first, minimizing
average completion time.

Longest Process Time (LPT): Assigns orders with
longest expected processing time first to balance
workload across couriers.

Machine Learning Approaches. We train regres-
sion models to predict delivery time C'j for each order-
courier pair, then prioritize assignments that minimize
predicted lateness max{0, C; — d;}.

Feature Engineering. To construct reliable predictors,
the models rely on a structured feature representation
that captures both the operational context and the current
system state. Specifically, the feature set includes:

- Temporal features. Current time, time since order
creation, time until deadline, estimated preparation
time remaining.

- Spatial features. Distance from courier current lo-
cation to restaurant, distance from restaurant to cus-
tomer, total route distance.

- Courier features. Current stamina level, number of
orders currently carried, total distance traveled so
far.
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- Order features.
weight.

- System state features. Number of pending orders,
number of active couriers.

Preparation time, order priority

Model Architectures. To assess the effect of differ-
ent regression paradigms on predictive performance, we
consider several model architectures commonly used in
applied machine-learning systems. In this study, three
regression algorithms are compared:

- K-Nearest Neighbors (KNN). Non-parametric
method that predicts delivery time based on the k
most similar historical order-courier assignments
using Euclidean distance in feature space.

- Random Forest. Ensemble of decision trees trained
on bootstrap samples of historical data, with aver-
aged predictions to reduce variance.

- CatBoost. Gradient boosting on decision trees with
ordered boosting and symmetric tree structure, ef-
ficiently handling categorical features. CatBoost
achieved the best performance with training MAE
of 0.721 minutes and test MAE of 1.045 minutes.

Training Procedure. Models are trained on synthetic
simulation data generated from 80% of scenarios, with
20% held out for validation. The training set consists of
completed deliveries with features computed at assign-
ment time and actual delivery completion time as the
target variable. Hyperparameters are tuned using 5-fold
cross-validation.

4.4 Hybrid Strategies

We combine aggregation and prioritization into inte-
grated strategies denoted as “Clustering Method, Priori-
tization Method.” For example, “DBSCAN, ML” applies
DBSCAN clustering followed by machine learning-
based courier assignment. The baseline “No aggrega-
tion” strategy assigns each order individually using the
specified prioritization method.

5 Experimental verification
5.1 Experimental Setup

This section describes the experimental protocols,
data, and evaluation metrics used to validate the pro-
posed optimization and prioritization strategies for dy-
namic meal delivery scheduling. Both synthetic datasets
and real-world delivery data are utilized to ensure gener-
alizability and relevance of findings.

Synthetic Data. Synthetic orders, couriers, and restau-
rants are generated to systematically test various config-
urations and loads (see Fig. 1):

Restaurants. N_.,;., = 2 main restaurant clusters
are generated, each with 2 locations per cluster, using
a Gaussian mixture model centered within a defined
city bounding box. Orders. Customer delivery loca-
tions are sampled from a normal distribution centered
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around corresponding restaurant clusters. Order creation
times (fereaze) follow a skew-normal distribution cen-

tered on the system’s peak period ({peqr = 60 min,
scale = 1.2, skew = 0.9). Order deadlines are set as
dinitial ~ N(45,152), with a minimum of 30 and max-
imum of 120 minutes. Couriers. Each simulation run
randomly assigns couriers’ starting locations within the
city bounding box. Courier counts are varied from 10 to
90 to simulate low and high supply regimes.

This design covers a broad spectrum of realistic meal
delivery scenarios — from under-staffed to saturated
market conditions.

Real Data. To verify practical validity, experiments
use an anonymized dataset from a Russian meal delivery
platform comprising 1,531 orders and 120 unique couri-
ers collected in 2022. The dataset contains:

- Restaurant and customer coordinates (latitude, lon-
gitude)

- Timestamps for order creation, preparation, pickup,
and delivery

- Courier vehicle information

- Delivery durations

Experimental Protocol

1. For each scenario, 80% of orders are used for train-
ing machine learning models (in hybrid strategies),
and 20% as a validation/test set.

2. All aggregation and prioritization strategies are
evaluated on the exact same order and courier con-
figuration per seed for fairness.

3. For machine learning pipelines (CatBoost/Random
Forest/KNN), features are normalized using Min-
Max scaling over each set.

4. Experiments are repeated across 20 random seeds to
assess robustness .

Evaluation Metrics. Performance is judged using a
composite normalized objective function balancing cus-
tomer punctuality and delivery operational efficiency:

T;
F(.’E) — wyp - total +wp
NTef,T

DiSttotal

(6)

Nref,D ’

where wr +wp = 1, Nyep 7 = 15, Nyop,p = 150 (see
Eq. (20) and discussion in Section 3.3.2 of the thesis).
Individual metrics include:

Total lateness: L = >, ; max(0, C; — d;).
Average courier distance: ﬁ >k Disty.

Share of on-time deliveries.

Pareto front diagrams (see Fig. 4.15 for synthetic
data and Fig. 4.18 for real-data experiments).

5. Statistical significance tests, including the Friedman
test and the Nemenyi post-hoc procedure for pair-
wise comparison (see Table 7 in the thesis).

Sl
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Table 1. Normalized objective values for the evaluated strategies
Prioritization — Agglo DBSCAN KMeans
ML long-first 0.827  0.831 0.832 —
Slack coeff. — — — 0.870
Deadline 0.986 — 0.942 —
Fast-first — — 1.220 —

5.2 Results

This section presents the experimental results evalu-
ating the effectiveness of the proposed aggregation and
prioritization strategies across both synthetic and real-
world delivery scenarios. Performance metrics include
lateness, share of on-time deliveries, courier distance,
and statistical significance of differences across meth-
ods.

All results are supported by robust statistical test-
ing. Friedman test shows significant overall differences
across methods (p < 0.05). Nemenyi post-hoc test iden-
tifies “DBSCAN, ML” and “Agglomerative, ML” as out-
performing classic heuristics (see Table 1).

The numerical and graphical results presented in this
section highlight both the quantitative performance and
the operational behavior of the evaluated scheduling
strategies. The analysis begins with aggregated per-
formance metrics and their statistical significance, fol-
lowed by spatial and temporal visualizations that illus-
trate how different prioritization and aggregation poli-
cies influence delivery dynamics.

Figure 1 illustrates the spatial configuration of restau-
rants and customers before and after preprocessing. Nor-
malization produces a more uniform and compact geo-
metric layout, which improves the stability of clustering-
based aggregation methods used in several of the evalu-
ated strategies.

Before transformation After transformation
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Figure 1. Spatial distribution of restaurants and customers before

(left) and after (right) normalization

5.2.1 Synthetic Data Results Experimentation on
synthetic datasets demonstrates clear benefits of com-
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bined aggregation and ML-based prioritization:

Best Performing Strategies: “DBSCAN, ML”, “Ag-
glomerative, ML”, and “ML no aggregation” consis-
tently yield the lowest normalized composite objective
values F'(z), with “ML no aggregation” serving as a ro-
bust baseline (see Table 1).

Table 1 reports the values of the normalized objective
function for all prioritization—aggregation combinations.
The best-performing strategies are those based on ML-

guided long-first prioritization, with or without cluster-
ing, while heuristic approaches exhibit noticeably higher

objective values.

Statistical Significance. To assess the robustness of
the observed performance differences, all experiments
were repeated over twenty independent random seeds.
The aggregated results indicate that the improvements
achieved by aggregation combined with ML-based pri-
oritization are not due to stochastic variation. Statistical
analysis using the Friedman test confirms the presence
of significant differences among the evaluated methods.
To further localize these effects, pairwise comparisons
were conducted using the Nemenyi post hoc procedure,
with the corresponding p-values reported in Table 2.

Table 2. Pairwise p-values of the Nemenyi post hoc test

Model | 1 2 3 4 5 6 7
1 1 1.0 1.0 1.0 10 0327 0.000
2 1 10 1.0 1.0 0464 0.000
3 1 10 10 0485 0.000
4 1 1.0 0.955 0.000
5 1 1.000 0.000
6 1 0.048
7 1

The obtained values show that ML-based approaches
consistently and significantly outperform the majority of
heuristic baselines, whereas the differences among the
ML-based variants themselves do not reach statistical
significance. This suggests that the primary performance
gains arise from incorporating predictive prioritization,
while the choice of a specific clustering method af-
fects performance only marginally within the ML-driven
framework.

Quantitative Gain. Order aggregation enables a 21—
42% increase in number of deliveries per courier and
a 13-28% reduction in total mileage compared to non-
aggregation (baseline) methods.

5.2.2 Real Data Results Validation on an
anonymized real dataset (1,531 orders, 120 couriers)
supports the simulation findings:
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Figure 3. Distribution of delivery completion times (left) and

early/late deliveries (right)

Delivery Time Distributions. Aggregation strate-
gies systematically shift delivery completion times ear-
lier, leading to a larger proportion of orders being ful-
filled before their promised deadlines. This effect is
clearly reflected in the delivery-time distributions and
the corresponding Pareto analysis (Fig. 2), where aggre-
gation produces solutions that dominate heuristic base-
lines across both lateness and traveled distance.

Models pareto front

FIFO
.
13.00

1275 DBSCAN, deadline

.
DBSCAN, fast-frst

12.50 ®  DBSCAN, ML long-first
12.25

12.00 | Agglo, MLtong-first
.

Tardiness (lower is better)

1175

11.50

MLlong-frst
1.25 -

9% 100 105 110 115
Average distance (lower is better)

Figure 2.  Pareto front of the evaluated strategies on real delivery data

The trade-off between courier mileage and mean late-
ness on real data, also illustrated in Fig. 2, reveals a well-
defined Pareto front. Among the evaluated approaches,
the ML long-first strategy attains non-dominated per-
formance, achieving the lowest average lateness while
maintaining competitive travel distance. These results
indicate that incorporating predictive prioritization en-
ables a more favorable balance between timeliness and
operational efficiency.

Efficiency Scaling. The effect of aggregation is most
pronounced at higher market demand rates (more than 4
simultaneous orders). Under such conditions, combining
DBSCAN clustering with ML prioritization achieves the
best trade-off: maximum deliveries with minimum late
arrivals.

Operational Metrics. On real data, best strategies
reduce the share of late deliveries by 11.3-12.6% and
courier mileage by 13-28% compared to baseline as-
signment heuristics.
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The distribution of delivery completion times and
early/late deliveries is shown in Figure 3. ML-based pri-
oritization yields noticeably more concentrated distribu-
tions with fewer extreme values, whereas heuristic rules
such as deadline-first produce significantly heavier tails.

ML Model Performance. Comparisons across regres-
sion models (CatBoost, Random Forest, KNN) reveal:

CatBoost. Achieves the lowest Mean Absolute Er-
ror (MAE) for delivery time prediction: train MAE
=(.721 minutes, test MAE = 1.045 minutes.

Overall Impact. Use of machine learning decreases

median lateness from 12—-14 minutes (baseline) to
5-10 minutes (“ML first long” strategy), improving

normalized composite objective by up to 11.6% (see
metrics and Table 1).

Feature Contributions. The most important fea-
tures for ML assignment are courier—order distance,
time to deadline, and number of loaded orders.

These results demonstrate that order aggregation, espe-
cially when combined with ML-based assignment, sig-
nificantly enhances efficiency and punctuality in high-
load delivery environments.

6 Discussion

The results demonstrate that combining order aggre-
gation algorithms with machine learning-based courier
prioritization substantially improves the efficiency and
punctuality of dynamic meal delivery systems, espe-
cially under high market load. The “DBSCAN, ML” and
“Agglomerative, ML” strategies consistently expand the
Pareto frontier, offering a larger set of solutions with re-
duced lateness and courier mileage compared to classic
heuristics or non-aggregation approaches.

Practical Implications. Order aggregation allows
couriers to batch multiple orders, drastically improving
operational throughput (by 21-42%) and reducing total
travel distance (by 13-28%). This effect is most pro-
nounced during peak periods or when the system ex-
periences more than four concurrent orders. Machine
learning-based assignment (particularly with CatBoost)
yields more reliable delivery time predictions, reducing
median lateness from 12—-14 minutes to just 5—10 min-
utes and enhancing overall customer satisfaction. These
results suggest that integrating ML and clustering in real-
world platforms could directly translate into noticeable
improvements in user experience and reduced opera-
tional cost.

Limitations. The study uses a simplified agent-based
simulator, with certain abstractions:

- restaurant preparation processes are modeled as
FIFO queues and do not account for complex multi-
item kitchen dynamics;

- courier stamina, traffic effects, and order prepara-
tion variability are modeled stochastically but not
from real operational data;
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The clustering algorithms do not consider customer
delivery time preferences, which may need to be in-
corporated in practice.

- all ML models are trained on synthetic scenarios;
real-world accuracy depends on data fidelity.

Directions for Future Research. Potential directions
for further work include several extensions aimed at in-
creasing both the realism and the applicability of the
proposed framework. One natural step is to enrich the
simulation environment by incorporating more detailed
models of kitchen operations and dynamic traffic pat-
terns, thereby making the synthetic environment closer
to real-world delivery conditions. Another promising
line of research lies in integrating multi-objective opti-
mization techniques, which would allow the system to
balance additional objectives such as eco-friendly rout-
ing or fairness among couriers.

A further extension involves analyzing the influence
of dynamic customer preferences and the role of real-
time feedback loops, which may significantly affect as-
signment decisions and overall system behavior. Finally,
an important long-term direction is the deployment of
the proposed methodology in operational delivery plat-
forms, enabling large-scale field testing and the devel-
opment of continuous learning mechanisms under real
operating conditions.

Overall, these findings underpin the value of hybrid op-
timization and data-driven assignment methods and offer
a path for more flexible, robust food delivery manage-
ment in complex urban landscapes.

7 Conclusion

This work examined a set of scheduling strategies for
the dynamic meal delivery problem, combining order ag-
gregation and ML-guided courier prioritization. The re-
sults obtained on synthetic and real-world datasets show
that machine learning—based prioritization consistently
improves delivery punctuality and reduces variability
in completion times, while clustering-based aggregation
provides additional gains in high-load regimes. The sta-
tistical analysis confirms that these improvements are
significant, and the visual results illustrate clear opera-
tional differences between heuristic and data-driven ap-
proaches.

The proposed framework offers a flexible basis for
integrating predictive models and aggregation mecha-
nisms into real-time delivery platforms. Future research
may focus on extending the simulation environment with
more detailed traffic and preparation models, as well as
on validating the approach in large-scale industrial de-
ployments.
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