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The on-demand food delivery (OFD) industry has seen growth yet grapples with arrival delays. For
major platforms like DoorDash and Uber Eats, over one-third of orders arrive late, highlighting the
severity of this challenge. Currently, few studies distinguish true drivers of these delays from mere
correlations. This study addresses this gap by developing an innovative framework combining
Bayesian causal discovery with double machine learning. From 405,180 OFD records in China, we
found that 16.7% of orders experienced delays. Pickup and transport durations exhibited the
strongest causal effects to these delays. In addition, delay propagation was first identified within OFD
services, where delays in preceding orders significantly increase the length of subsequent delays. The
findings offer practical insights for OFD platforms to reduce order delays, such as optimizing courier
pickup processes and mitigating delay propagation. By targeting these root causes, platforms can
enhance operational efficiency and make their services more sustainable.

The on-demand food delivery (OFD) market is experiencing explosive
growth and is expected to surge by USD 470.5 billion from 2024 to 2029,
with a compound annual growth rate of 26.9%1. This rapid expansionplaces
increasing demands on the operational efficiency of OFD platforms.
However, delivery delays remain a critical operational challenge, under-
mining the platform’s core promise of speed and efficiency. In recent
reports, over a third of OFD orders are delayed, with DoorDash recording a
38%delay rate andUber Eats an even higher 44%2. Such high delay rates not
only inconvenience customers but also diminish the operational efficiency
of OFD platforms and courier earnings: customers rank delays among their
top complaints, eroding trust and reducing repeat purchases3; platforms
suffer reputational damage, negative reviews, and churn4; and couriers face
penalties, intense pressure, and incentives for unsafe riding5. The root of this
problem lies in the system’s inherent complexity, where a multitude of
stochastic variables can affect the final arrival time, such as merchant food
preparation, courier pickup, and transport. Therefore, it is essential to
identify theprimarydrivers ofOFDdelays and to investigate their respective
contributions and impacts. This will enable platforms to develop targeted
interventions aimed at reducing both the frequency and duration of delivery
delays.

OFD delays stem from both endogenous and external factors. Endo-
genous factors are rooted in the sequential OFD process–order processing,
courier pickup, and final transport–where bottlenecks like slow assignment
or prolonged preparation lead to late arrival. External factors include spatio-

temporal variables (e.g., order timing, location) and dynamic conditions
(e.g., weather and traffic)6. Beyond these known factors, a critical interaction
remains largely underexplored in OFD literature: the propagation of delays
between consecutive orders. While documented in public transit7,8, it is
unclear if a delay from one delivery reliably affects the next in a courier’s
delivery wave.

Existing research has primarily focused on predicting delivery times
using machine learning models9,10 or on ranking influential variables using
methods like XGBoost and SHAP11,12. However, a significant gap remains:
these approaches only uncover correlation, not causation7. This distinction
is vital; a factor highly correlatedwith delay (like delivery speed or distance)
may simply be a symptom, while the direct causal driver is the resulting
transport time. Intervening based on correlation alone risks targeting
symptoms, leading to ineffective strategies. To enable the development of
robust, effective interventions, recent research has advocated for causal
analysis, which is specifically designed to distinguish true causal relation-
ships from mere statistical associations7,8.

This study collected a total of 405,180 OFD order records in China to
account for independent variables causing delivery delays and estimate each
variable’s causal contribution. Variables, such as platform processing
duration, merchant preparation time, courier transport duration, time-of-
day factors, and the delays of preceding orders, were incorporated into a
causal graph to infer their causal relationships with delay. By explicitly
modeling these dependencies, this research offers actionable insights for
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mitigating delay propagation and improving system reliability. The causal
analysis in this studyprovides a roadmap for optimizing last-mile logistics to
support more economically and socially sustainable urban transport sys-
tems. Reducing delays enhances the economic sustainability of delivery
platforms by boosting operational efficiency, courier productivity, and
customer retention. In addition,mitigating the systemicpressures that cause
delays can reduce incentives for risky courier behavior, thereby promoting
safer working conditions and social sustainability. The primary contribu-
tions of this study are as follows:

• We develop an end-to-end framework that integrates Bayesian causal
discovery withDML-based estimation to identify the structural drivers
ofdeliverydelays.This approachallowsus tomovebeyondcorrelation-
based analysis and to infer the underlying causal mechanisms that
shape delays.

• Our analysis provides clear evidence that delays propagate across
orders handled by the same courier. Longer processing and pickup
durations, as well as delays originating from preceding delivery orders,
are shown to have measurable causal impacts on the delay of sub-
sequent orders.

• By comparing our causal approach against traditional correlation-
based methods, we demonstrate the value of causal inference
techniques in distinguishing true delay drivers from variables that
merely co-vary with delays.

This study is structured as follows. Section Literature review reviews
the literature on delay analysis and causal methods. Section Methods
introduces the collected OFD data and details the proposed causal analysis
framework. SectionResults presents the causal graphof delays and estimates
causal effects for different variables. Section Discussion discusses some
policy implications based on the findings, and Section Conclusions con-
cludes with a summary of key results, limitations, and future directions.

Literature review
Factors related to OFD delays
Delays in OFD arise from a combination of endogenous operational factors
and external environmental conditions. These factors interact throughout
the service process and jointly shape final delivery performance.

Endogenous factors originate within the OFD workflow and are
directly influenced by platform operations. Delays may occur at any stage,
from order creation to final delivery. A key factor is the duration of order
processing and assignment. Slowmatching between couriers and incoming
orders, especially during peak demand, can create initial backlogs. Platforms
continually refine these algorithms, incorporating complex decisions
regarding order bundling to enhance efficiency13. Another critical factor is
merchant preparation time. Kitchen layouts, preparation complexity, and

unexpected surges in orders can extendpreparation times and force couriers
to wait. Prior studies have emphasized that fixed or lengthy preparation
cycles can dominate the customer’s total waiting time and impose a hard
constraint on subsequent stages14,15. In addition, the delivery distance
between the merchant and customer, along with the courier’s transport
time, represents another important set of endogenous factors. A substantial
body of research has focused on developing fast routing algorithms to help
couriers determine the order of deliveries and select efficient transport
paths. The primary objective of these optimization methods is to reduce
transport time and improve overall delivery efficiency16,17.

The propagation of delays between consecutive orders is also an
endogenous variable. Distinct from the endogenous factors mentioned
above, it remains underexplored in OFD literature, even though it is well
established in public transit research7,8. Within OFD, a courier’s tasks are
often batched into delivery waves. When an order is delayed, regardless of
whether the cause lies in preparation, pickup, or transport, the remaining
orders in the wave may inherit this delay. Existing studies have acknowl-
edged this cascading phenomenon, but they have not quantified its mag-
nitude or operational implications18.

External factors, beyond the platform’s direct control, also exert sig-
nificant impacts on the final delivery time of an order. Temporal variables,
including lunch and dinner peaks, weekends, and holidays, tend to trigger
abrupt increases in order volume. This increased demand intensifies the
delivery burden on couriers, ultimately leading to delayed deliveries19.
Regarding spatial factors, delivery durations are typically prolonged in
suburban areas compared to dense metropolitan centers19. Additionally,
adverse weather conditions like heavy rain or snow hinder courier speeds
and affect riding behavior, potentially leading to widespread delays19.

Table 1 summarizes the factors identified in the literature. Although
numerous studies have discussed endogenous and external determinants of
OFD timeliness, most focus on prediction or optimization rather than
delay-specific causal mechanisms. Only a limited number of empirical
works have examineddelays directly, underscoring the need for a systematic
causal analysis such as the one developed in this study.

Methods applied in OFD delays
Existing research has primarily focused on predicting delivery times using
machine learningmodels or on ranking influential variables usingmethods
like XGBoost and SHAP. Salari et al.9 identified delivery time as a key factor
in customer satisfaction and developed an enhanced tree-based model to
more accurately estimate the delivery time distribution. Using a Difference-
in-Differences approach, Cui et al.20 found that quicker deliveries boosted
sales and profits. Chen et al.21 and Mai and Le22 designed online delivery
scheduling algorithms to realize faster delivery speed. Although these
existing studies have developed a large number of predictive models and
route optimization algorithms for instant delivery, there is a scarcity of

Table 1 | Factors related to OFD delays

Category Factors Impact mechanism References

Endogenous Order processing duration Slow or suboptimal matching of orders to couriers, especially during peak demand, creates initial waiting
time bottlenecks.

13,14

Endogenous Merchant preparation time Variability in kitchen capacity, order complexity, and in-house demand leads to courier waiting times at
restaurants.

15

Endogenous Pickup duration Insufficient number of active couriers in a specific zone or at a specific time leads to longer order acceptance
and pickup times.

18,56

Endogenous Delay propagation A delay in one order (e.g., late preparation) cascades to other co-batched orders or subsequent assignments
for the same courier.

18

External Spatio-Temporal Demand High temporal volatility (peak hours) and spatial heterogeneity (demand hotspots) lead to system overload
and resource imbalance.

57,58

External Traffic congestion Unpredictable road traffic, accidents, or closures are a primary driver of increased travel time and delivery
uncertainty.

13,19

External Weather conditions Rain, snow, and fog reduce courier speed, increase travel risks, and can damage packages, causing
significant delays.

19
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empirical studies utilizing large-scale order data to systematically explore
the variables related to delivery delays. This gap is especially salient in the
context of OFD, where the expectations for timeliness are considerably
higher. To date, few studies have conducted a comprehensive correlation
analysis on the determinants of delivery delays in OFD services, let alone a
causal analysis.

In prior literature, regression analysis is widely employed as a funda-
mental tool to explore the relationship between independent variables and
the dependent variable, thereby identifying significant factors23,24. Never-
theless, these approaches may lead to misleading spurious correlations,
while the inherent inability to distinguish between mere associations and
genuine causal pathways prevents the differentiation of direct and indirect
effects within the regression analysis. To address these issues, recent studies
began to adopt causal discovery and inference methods to infer causal
relationships from observational data7,8,25,26. Zhang et al.7 constructed a
causal graph to model bus arrival delays and further applied the DML
method to estimate the causal contribution of each variable. Their findings
evidenced the delay propagation of bus arrivals at successive stops. Zhang
et al.8 further replaced correlation-based models with causality-based fra-
meworks anduncovered that delays at a bus stop tend topropagate along the
route network, with highly connected stops exerting stronger influences on
subsequent delays.

Causal analysis typically comprises causal discovery and causal infer-
ence. Causal discovery aims to uncover the underlying causal structure
among variables using observational data. Classical approaches include
constraint-based methods such as the PC (Peter-Clark) algorithm27, score-
based methods like the Greedy Equivalence Search (GES)28, and functional
causalmodels such as LiNGAM29.While thesemethods have demonstrated
effectiveness in discovering DAGs representing causal relationships, they
often rely on strong assumptions such as causal sufficiency, acyclicity, or
linearity, which may not hold in real-world settings. In addition, the per-
formance of causal discovery methods is sensitive to sample size, noise, and
latent confounders. Recently, advances in deep learning have led to the
development of neural network-based approaches, including NOTEARS30

and DAG-GNN31. These learning-based methods can reframe DAG dis-
covery as a continuous optimization problem30 and neural networks
leverage non-linear activation functions and hierarchical representations to
model intricate interactions31.

After causal discovery, causal inferencemethods estimate the effects of
known causal relationships. Traditional techniques include regression with
covariate adjustment, instrumental variable (IV) methods32, propensity
score matching33, and difference-in-differences34. More recent develop-
ments integrate machine learning into causal inference, such as causal
forests35 andDML36, which enhance estimation robustness and flexibility in
high-dimensional settings.

Traditional causal analyses usually divide causal discovery and causal
inference into two separate steps. Causal discoverymethodsfirst infer causal
graphs fromobserved data, and then causal inference is carried out basedon
the knowncausal graphs. This separation can lead tomissing informationor
mismatchedmodel assumptions. For example, errors in the causal discovery
stage may be passed on to the inference stage, affecting the accuracy of the
results. To address these issues, this study developed a unified deep learning
framework to learn both causal graphs and causal effects directly fromOFD
order data, avoiding the above issues. An end-to-end framework that
combines Bayesian causal discoverywithDML for inferencewas developed.
This framework is particularly suitable for scenarios where causality is
unknown and is therefore used in this study to explore the drivers of OFD
delays and to quantify their importance.

Methods
Data description
This data was collected over a 1-week period in October 2022 from one
of the major domestic OFD platforms in China (Meituan). The city of
study, while anonymized due to a Non-Disclosure Agreement with the
platform, is a major Tier-3 city in Northern China, positioned as a key

node within the expansive Beijing-Tianjin-Hebei (Jing-Jin-Ji) urban
cluster. With a permanent population exceeding 9 million, the city’s
scale ensures the data captures significant metropolitan logistics com-
plexity. The city’s mature and competitive instant deliverymarket–with
full coverage by all major platforms around its commercial centers,
universities, and large residential areas–validates the dataset’s capacity
to represent the full spectrum of operational and behavioral challenges
faced in modern urban OFD logistics. The empirical analysis utilizes a
detailed dataset comprising 405,180 records of OFD orders. The dataset
includes detailed order information such as order ID, courier ID, geo-
graphic coordinates of sender and recipient locations, and critical
timestamps (e.g., order creation time, order dispatch time, order
assignment time, courier acceptance time, estimated meal preparation
time, courier pickup time, and actual arrival time). A sample of the data
is shown in Table 2. In the data processing step, orders with extreme
meal preparation time, courier pickup time, or transport time were
excluded using the interquartile range (IQR) method37. Outliers were
defined as trips with times beyondQ3+ 3 × IQR or belowQ1− 3 × IQR,
where Q1 and Q3 are the 25th and 75th percentiles, respectively, and
IQR =Q3 − Q1. After filtering, 405,180 valid order records remained.
To identify delivery waves, we first sorted all orders accepted by each
courier in a day according to acceptance time. Two consecutive orders
were classified as belonging to the same wave if the acceptance time of
the later order occurred before the delivery time of the earlier one. This
criterion allows us to quantify the number of orders within each wave,
which indirectly reflects the courier’s workload38. This operational
definition is consistent with the platform’s batch-dispatching practice,
in which orders are dynamically bundled based on real-time factors
such as demand density, courier proximity, and route compatibility39.
Because new tasks may be assigned before previous ones are completed,
the resulting schedule within a delivery wave becomes interdependent.
As a result, a delay in one order can be carried over to subsequent tasks,
forming the structural basis for delay propagation.

The entire delivery process is divided into threemain phases. Figure 1a
reveals the proportion of total time occupied by each phase, with the
transport durationaccounting for 52.1%, thepickupduration for 32.7%, and
the processing duration for 15.1%. This implies that strategies aimed at
significantly reducing overall delivery delays should prioritize the transport
and pickup durations. Figure 1b indicates that 16.7% of OFD orders,
roughly one in every six, are delayed. This non-trivial delay rate underscores
the persistent challenge of service timeliness in the OFD industry and
highlights the importance of this study.

Figure 2a illustrates the temporal patterns of order volume, delay rate,
and the number of available couriers. It is evident that the trends in order
volume and courier availability are closely aligned, both displaying pro-
nounced midday (12:00–13:00) and evening (18:00–19:00) peaks. Specifi-
cally, the midday and evening peaks experience the highest order volume,
peaking at approximately 8000 orders, followed by a sharp decline after
20:00. The number of couriers similarly reaches comparable peaks around
midday and evening, with roughly 4000 couriers active, but dramatically
reduces overnight (from 00:00 to 06:00) to fewer than 500. The delay rate
exhibits three distinct peaks throughout the day. It reaches 20% at noon and
surpasses that level during the evening peak. Interestingly, the rate remains
notably high during late-night hours (22:00–01:00), at approximately 17%.
Figure 2b further illustrates the distribution of delay durations for overdue
orders. While more than half of these orders exceed their deadlines by
relatively short margins (under 4min), nearly a quarter experience delays
exceeding 6min, with a notable 11.77% delayed bymore than 8min. These
findings underscore a dual challenge, i.e., addressing both the high fre-
quency of minor delays and the significant impact of less common,
severe ones.

Variable selection
The dependent variable in this study is order delay, defined as the difference
between the platform’s estimated arrival time (communicated to the
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consumer) and the courier’s actual arrival time. As for independent vari-
ables, order processing time, courier pickup, and transport time are selected.
Considering that the meal preparation time varies across different orders
(e.g., fast food and fine dining), this study also incorporates this variable. To
investigate delay propagation effects, some attributes from the preceding
order, including its phase durations and delay, are collected. Other factors
include delivery distance, delivery speed, and the total number of orders
within a delivery wave.

Thedependent variable and independent variables are defined inTable
3. The kth order of courier i during his/her jth delivery wave is denoted as
ði; j; kÞ. Considering that some variables may be interrelated, it is necessary
to check for excessive multicollinearity among these independent variables
to ensure the causal analysis produces valid and reliable results. Variance
inflation factor (VIF) testing is a widely used method to detect
multicollinearity40. In general, explainable variables with a VIF greater than
10 should be excluded41. The VIF values for all independent variables are
shown in supplementary information, and no variable had a value greater
than 10. Therefore, all independent variables were placed into the sub-
sequent causal analysis framework.

Causal analysis framework
LetX =X1,X2,…,Xn denote the set of independent variables, and Y denote
the delivery delays. The dataset comprises observations (x(i), y(i)) for i = 1, 2,
…,m, wherem = 405,180 is the number of delivery orders associated with
4950 couriers. The goal of causal discovery is to infer the structure ofG from
observation data (x(i), y(i)), capturing how each variable interacts with others
and contributes to delays. In this DAG, nodes correspond to the variablesX
∪ {Y}, and directed edges signify direct causal relationships. For example, an
edge Xj → Y indicates that variable Xj directly drives the delivery delay Y.
Once the causal graph G is established, causal inference quantifies the total
causal effect of each variable Xj on Y. The effect measures the expected
change inYwhen intervening onXjwhile allowing other variables to adjust
according to the causal relationships in G. Using do-calculus, it can be
expressed as E½Y jdoðXj ¼ xjÞ� �E½YjdoðXj ¼ x0jÞ�, where xj and x0j are
different values of Xj.

The integrated framework of causal discovery and causal inference is
illustrated in Fig. 3, with the corresponding algorithms employed listed as
follows:

• Causal discovery with a Bayesian approach. The study employs a
Bayesian approach to learn the causal graph G from the observa-
tional data. This approach utilizes deep neural networks to model
complex, non-linear relationships among variables, making it well-
suited for the intricate variables of OFD services. By fitting a
structural causal model to the data, the Bayesian approach infers
both the graph structure (edges) and functional dependencies,
accounting for confounding factors that bias correlation analyses26.
The output is a DAG G that maps how independent variables
interact and influence Y.

• Causal InferencewithDML.Using the learned causal graphG, this step
performs causal inference to estimate the total causal effect of each
factorXj onY. DML is amethod that helps estimate causal effectswhile
controlling for high-dimensional confounding variables36. It uses
machine learningmodels to flexibly predict both the treatment and the
outcomebasedon covariates. The core idea is to “partial out” the effects
of confounders, and then estimate the causal effect using the residuals.
DML applies cross-fitting to avoid overfitting and ensure valid
inference. This approach is particularly useful when dealing with
complex, nonlinear relationships in observational data7,8.

• Comparisonwith correlation-basedmethods. To validate the results of
the above causal analysis, this study compares themagainst the outputs
of traditional correlation-based methods. After ranking variables by
feature importance, some key variables are selected to generate partial
dependence plots (PDPs) to analyze their non-linear relationshipswith
delivery delays.T
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Fig. 1 | Statistics of OFD orders. aDecomposes the
end-to-end delivery process into three sequential
phases: processing duration, pickup duration, and
transport duration, and reports the share of total
delivery time contributed by each phase (transport:
52.1%, pickup: 32.7%, processing: 15.1%). b Shows
the proportion of delayed versus on-time orders,
where an order is defined as “delayed” if its actual
arrival time is later than the platform-estimated
arrival time; the overall delay rate is 16.7%.

Fig. 2 | Ratio and distribution of delays. aVisualizes the hourly profiles of order volume, delay rate, and the number of active couriers across a day. bReports the distribution
of delay durations among overdue orders, showing that many delays are minor (e.g., under 4 min) while a non-trivial share are severe (e.g., over 6–8 min).

Table 3 | Definition of independent and dependent variables

Variables Notation Description

Dependent variables

Delivery delay di,j,k For order ði; j; kÞ, it is defined as the difference between its actual arrival time and its estimated arrival time

Independent variables

Processing duration t1i;j;k For order ði; j; kÞ, it is defined as the difference between its order creation time and its courier acceptance time.

Pickup duration t2i;j;k For order ði; j; kÞ, it is defined as the difference between its courier acceptance time and its courier pickup time.

Transport duration t3i;j;k For order ði; j; kÞ, it is defined as the difference between its courier pickup time and its actual arrival time.

Merchant preparation time pti,j,k For order ði; j; kÞ, it is defined as the difference between its order creation time and its estimated meal preparation time.

Delivery distance disi,j,k The road network distance from the merchant to the customer.

Speeding si,j,k Binary, if courier i is speeding when delivering order ði; j; kÞ, it is 1; otherwise 0.

Delivery load li,j,k The total number of orders in the delivery wave of order ði; j; kÞ.
Previous processing duration t1

0
i;j;k

For order ði; j; kÞ, it is defined as the length of the processing duration of its preceding order.

Previous pickup duration t2
0

i;j;k
For order ði; j; kÞ, it is defined as the length of pickup duration of its preceding order.

Previous transport duration t3
0

i;j;k
For order ði; j; kÞ, it is defined as the length of transport duration of its preceding order.

Previous delivery overtime o0
i;j;k Binary, if the preceding order of ði; j; kÞ exceeded its scheduled arrival time, it is 1; otherwise 0.

Previous delivery delay d0
i;j;k For order ði; j; kÞ, it is defined as the delivery delay of its preceding order.

Lunch rush mi,j,k Binary, if order ði; j; kÞ occurs in lunchtime, it is 1; otherwise 0.

Dinner rush ni,j,k Binary, if order ði; j; kÞ occurs in dinner time, it is 1; otherwise 0.

Weekend wi,j,k Binary, if order ði; j; kÞ occurs in the weekend, it is 1; otherwise 0.
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Causal graph discovery
To identify the causal structure among n variables X = X1, X2, …, Xn,
this study employs a Bayesian causal discovery approach. First, we
adopt a structural equation model (SEM) to represent the causal data-
generating process. An SEM expresses each variable as a function of its
direct causes in the DAG, plus an exogenous noise term. In this study,
each structural equation is parameterized as a non-linear additive noise
model (ANM), a widely used functional form that ensures noise terms
remain independent of parent variables and thereby supports causal
identifiability. Specifically, the ANM defines how the data is generated,
while the Bayesian approach defines how we learn the graph structure
from that data.

Given a DAG G with n nodes, ANM allows us to express the value of
each variable Xi as a non-linear function of its parent variables plus an
independent noise term:

Xi ¼ f iðXpaði;GÞÞ þ zi; i ¼ 1; . . . ; n; ð1Þ

where Xpaði;GÞ denotes the parents of node i in G, fi is a non-linear function
(parameterized by neural networks in this study) capturing the causal
dependency. zi is an exogenous noise variable, with zi⊥zj for i ≠ j. In vector
form, (1) becomes

X ¼ f GðXÞ þ z; ð2Þ

where f G respects the adjacency structure ofG. This distinct functional form
ofANMprovides the necessary structural constraints to distinguish the true
causal graph from other statistically equivalent graphs.

Building upon this ANM structure, the Bayesian approach treats the
causal graphG as a latent variable and aims to learn its posterior distribution
pðGjXÞ rather than a single fixed graph. This allows for a robust estimation
of uncertainty. Assuming that there are m observations X1, X2,…, Xm, we
model the joint distributionof the observational data and the causal graphas

pθðX1; . . . ;Xm;GÞ ¼ pðGÞ
Ym
j¼1

pθðXjjGÞ; ð3Þ

where pðGÞ is a prior overDAGs, pθðXjjGÞ is the likelihood of the data given
the graph. Once (3) is fitted, pθðX1; . . . ;Xm;GÞ is a characterization of the
causal structure. These parameters are gradually increased during training
following an augmentedLagrangian scheme, ensuringonlyDAGs remain at
convergence.

To ensure the graph G is a DAG, the continuous acyclicity constraint
proposed by30 is adopted here:

hðGÞ ¼ tr ðeG�GÞ � n; ð4Þ

where hðGÞ≥ 0 only if G is a DAG, trðÞ stands for the trace of a matrix,⨀
denotes the Hadamard product, n is the number of variables.

Fig. 3 | The framework of causal analysis. The figure summarizes the full workflow from data preprocessing and variable construction, to Bayesian causal graph discovery
that yields a DAG, to causal inference using DML for estimating ATEs, and finally to result comparison with correlation-based analyses.
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Eq. (4) is incorporated into the graph prior pðGÞ as

pðGÞ / expð�λs k Gk2F � ρ hðGÞ2 � α hðGÞÞ; ð5Þ

where ∝ means the proportional relationship. k Gk2F is the squared Fro-
benius norm of G. hðGÞ is the DAG penalty function from (4). λs, ρ, α are
scalar hyperparameters controlling the regularization strength, with λs
controlling sparsity, and ρ, α (increased during training) ensuring acyclicity.

The observational likelihood pθðXjjGÞ can be derived from the ANM
structure42. (2) can be rearranged as z ¼ X � f GðXÞ. The components of z
are independent. If we have a distribution pzi for component zi, then we can
write the observational likelihood as:

pθðXjjGÞ ¼ pzðgGðXj; θÞÞ ¼
Yn
i¼1

pzi ðgGðX
j; θÞiÞ ð6Þ

where the Jacobian determinant is unity for DAGs, simplifying the
expression. n is the number of variables. pzi denotes the noise dis-
tribution, and this study considers a Gaussian distribution
pzi ð�Þ ¼ N ð�j0; σ2i Þ. If there is no edge j → i, the ith component of the
output of f GðXÞ, fi(X), must satisfy ∂fi(X)/∂Xj = 0. A flexible para-
meterization is proposed to represent fi(X):

f iðXÞ ¼ ζ i
Xn
j¼1

Gj;i ‘jðXjÞ
 !

; ð7Þ

whereGj;i indicates the presence of the edge j→ i, i, j= 1, 2, 3,…, n, ζi and ℓj
are multi-layer perceptrons (MLPs) with shared weights across nodes,
modulated by node-specific embeddings. For more details about ζi and ℓj,
refer to26.

Considering that the true posterior over pθðX1; . . . ;Xm;GÞ in (3) is
intractable, this study introduces a variational distribution qϕðGÞ ¼Q

j;iBernoulliðϕj;iÞ and maximizes the evidence lower bound (ELBO):

ELBOðθ; ϕÞ ¼ EqϕðGÞ½logpðGÞ þ
Pm
j¼1

log pθðXjjGÞ�

þHðqϕÞ ≤ log pθðX1; . . . ;Xm;GÞ:
ð8Þ

whereH(qϕ) represents the entropyof the distributionqϕðGÞ and pθðXjjGÞ is
the form of (6). qϕðGÞ ¼

Q
j;iBernoulliðϕj;iÞ is the product of independent

Bernoulli distributions for each potential directed edge in G. The edge
existence and edge orientation are parametrized separately, using the effi-
cient neural causal discovery parametrization43. The SEM parameters θ and
variational parameters ϕ are trained by maximizing (8), the evidence lower
bound (ELBO). TheGumbel-softmax trick facilitates the stochastic gradient
estimation for ϕ, the full optimization procedure can refer to26. It has been
proven that maximizing the ELBO in (8) can recover the true causal graph
G0 in the infinite data limit.

Causal inference
After obtaining the true causal graph G0, this study adopts the DML
method to conduct causal inference. The method offers a robust
solution by leveraging flexible machine learning methods to estimate
nuisance parameters while maintaining valid inference on the para-
meter of interest36. Without loss of generality, suppose G0 has n vari-
ablesX = X1, X2,…, Xn, where Y∈X denotes the outcome variable, T∈
X denotes a treatment variable (a causal variable directly connected toY
in G0), W ⊆ X represents the vector of confounders identified by the
causal graphG0 (variables indirectly connected toY inG0). The goal is to
estimate the ATE of T on Y, defined as:

τ ¼ E½Y jdoðT ¼ t1Þ� �E½YjdoðT ¼ t0Þ� ð9Þ

where t1 and t0 are specific values of the treatment variable, and do( ⋅ )
denotes the do-operator from causal inference, representing an intervention
on T.

The DML approach combines machine learning flexibility with sta-
tistical rigor to estimate τ. The steps are as follows.Apartially linearmodel is
first adopted to express the effect of the treatment T on the outcome Y:

Y ¼ τT þ g0ðWÞ þ ϵY ; E½ϵY jT;W� ¼ 0; ð10Þ

T ¼ m0ðWÞ þ ϵT ; E½ϵT jW� ¼ 0; ð11Þ

where τ is the ATE to estimate. g0(W) captures the effect of covariatesW on
Y. m0(W) models the relationship between W and T. ϵY and ϵT are error
terms, assumed to be mean-independent of T andW.

Then, this study uses flexible machine learning methods (e.g., random
forests, gradient boosting framework) to estimate g0(W) andm0(W). In this
study, the XGBoost model is adopted to estimate them and utilizes Optuna
to automate and optimize the hyperparameter tuning process of the
XGBoost model44. XGBoost is a powerful machine learningmethod known
for its capacity to handle complex, nonlinear relationships via boosted trees.
More information about XGBoost can be referenced in ref. 45.We regressT
onW to obtain bmðWÞ. and regressY onW to obtainbgðWÞ. These estimates
are “nuisance parameters" because they are not the primary focus but are
necessary for isolating τ.With (10), we further compute residuals to remove
the influence ofW.

eY ¼ Y � bgðWÞ; ð12Þ

eT ¼ T � bmðWÞ: ð13Þ
where these residuals represent the components of Y and T unexplained
byW.

τ can be estimated by regressing the residualized outcome eY on the
residualized treatment eT :

bτ ¼ 1
m

Xm
j¼1

eT2
j

 !�1
1
m

Xm
j¼1

eTj
eYj

 !
: ð14Þ

where m is the number of observations. This is essentially a least-squares
estimator applied to the residuals, yielding an unbiased estimate of the ATE
under the DML assumptions.

To perform statistical inference on bτ, compute its variance:

bσ2 ¼ 1
m

1
m

Xm
j¼1

eT2
j

 !�2Xm
j¼1

eT2
j ðeYj � bτeTjÞ

2
: ð15Þ

This variance accounts for the uncertainty in estimating the nuisance
parameters. Confidence intervals for bτ can then be constructed as:

bτ ± zα=2
ffiffiffiffiffibσ2p

ð16Þ

where is the critical value from the standard normal distribution for a
desired confidence level, which is set to 95% in this study.

As an end-to-end framework, the DML method is integrated with
causal graph discovery. First, the causal graph G0 informs the DML by
identifying T as a variable directly connected toY. Then, specifyingW as all
variables directly connected to Y except T, ensuring proper control for
confounding. By combining causal graph discovery with DML, this study
provides a robust framework for causal inference. The DML method esti-
mates the ATE τ efficiently, using machine learning to handle complex
relationships while grounding the analysis in the true causal structure ofG0.
This methodology is particularly valuable for observational data, where
confounding and non-linearity are prevalent.

https://doi.org/10.1038/s44333-026-00097-1 Article

npj Sustainable Mobility and Transport |            (2026) 3:22 7

www.nature.com/npjsustainmobiltransport


Results
Causal graph on delivery delays
Using the aforementioned causal discoverymethod, aDAGwas constructed
to elucidate the causal relationships underlying delivery delays, as shown in
Fig. 4. The DAG consists of 16 nodes. The first 15 nodes represent different
types of independent variables. Specifically, blue nodes correspond to
variables about current order characteristics, such as the lengths of pickup
and transport durations. Green nodes capture variables related to delay
propagation, while yellow nodes represent external variables, such as rush
hours and weekends. The red node denotes the dependent variable, the
delay of the current order. These nodes were interconnected by directed
edges, with arrows indicating the causal direction from cause to effect. Solid
black arrows signify direct causal influences ondelivery delays, while dashed
gray arrows denote indirect effects.

According to Fig. 4, the durations of processing, pickup, and transport
are causes of delays.A change in these durationsdirectly influences thedelay
risk. For example, an extended order processing duration delays the start of
pickup and transport, increases consumer waiting times, and compresses
the buffer time for subsequent phases, ultimately leading to arrival delays.
Additionally, merchant preparation time is also a driver of delays. One
possible explanation is that longer preparation times likely lead to extended
courierwaiting at the restaurant,which in turn reduces the available time for
transport and increases delay probability. Delivery load, the number of
orders within the same delivery wave, also has a causal relationship with
delays. It is possible that the number of orders determines the complexity of
route planning anddetour time.This effect is compoundedbypriorfindings
that a high delivery load raises couriers’ psychological stress46, thus nega-
tively affecting their efficiency in time allocation and route optimization47.

Figure 4 further offers compelling evidence of delay propagation in
OFD,where adelay inoneorderdirectly impacts subsequentorderswithin a
courier’s delivery wave. Both the occurrence of a prior delay (Node 11) and
itsduration (Node 10) are identifiedas significant causal drivers for delays of
subsequent orders. The underlying mechanismmay be that an initial delay
disrupts the courier’s schedule and operational efficiency, consuming the
time buffer allocated for subsequent deliveries and thus increasing their
likelihood of also being late. This cascading effect is particularly pronounced
under adverse conditions, suchas heavy rain,where orders later in a delivery
sequence often experience severe overruns48. In addition, delays originating
in the processing (Node 7), pickup (Node 8), or transport (Node 9) phase of
a preceding order significantly disrupt the schedule and arrival time for the
next one.These effectsmay create adominoeffect, i.e., an initial delayduring
the pickup of a preceding order pushes back the courier’s arrival at the next
restaurant, which in turn triggers a longer pickup duration for the current
order and erodes the timeline for its transport duration, ultimately leading to
arrival delays.

As for external variables, Fig. 4 indicates a unique causal link between
the lunch rush and delays, which is not observed for the evening rush or

weekend period. This distinction likely stems from demand patterns. As
shown in Fig. 2a, demand surges during the lunch rush hour from 11:00 to
12:00, thendrops rapidly. This intense and concentrated demand strains the
meal-preparation time and courier workload in a very short time, thus
elevating the risk of delays. In contrast, demand during evening and
weekend periods tends to be more distributed over a longer duration (from
17:00 to 20:00), providing greater time flexibility that appears to absorb the
pressure and prevent a direct causal impact on delays.

In addition to direct effects, some variables indirectly affect delivery
delays. Figure 4 reveals that delivery distance, speeding, dinner rush, and
weekend variables lack direct causal links to delays but exert significant
influence by altering delivery load and processing, pickup, and transport
durations. The increase or decrease of delivery distance can constrain
courier delivery load in a short time and, in turn, impact delivery delays
(path: Node 4→Node 6→Node 15). A longer delivery distance also
prolongs the transport duration, increasing the likelihood of delays (path:
Node 4→Node 2→Node 15). Conversely, speeding can partially offset
delays by reducing the transport duration (path:
Node 5→Node 2→Node 15). Furthermore, both the evening rush and
weekend periods trigger a surge in delivery load, which indirectly extends
the processing and pickup durations, ultimately exacerbating delays (paths:
Node 13/Node 14→Node 0/Node 1→Node 15). Mechanistically, these
indirect variables influence delays by modulating other causal variables.
Therefore, despite lacking a direct causal link, they play a critical role in
determining final delay outcomes via these intermediate pathways.

Causal contribution to delivery delays
This study further utilizes the DML approach to quantify the causal con-
tributions of variables that have a direct impact on delivery delays, as shown
inFig. 5. The results are expressed asATEvalues,whichquantify the average
causal effect of each variable on delivery delay, i.e., the expected difference in
average delivery delay if we were to “switch” the variable from its control
level to its treatment level while holding all other factors constant. Addi-
tionally, the ATE estimates are accompanied by 95% confidence intervals,
with their narrow widths indicating high reliability.

As illustrated in the Fig. 5, most variables exhibit positive ATEs,
indicating that their increase tends to prolong delays. The pickup
duration has the highest ATE (nearly 4 min). This may stem from
uncertainties like merchant cooking and packaging times, which can
consume significant buffer and amplify subsequent delays. The
transport duration ranks second (about 3 min). With longer transport
distances and times, couriers may face detours and unexpected con-
gestion, particularly during peak hours or in city-center areas, which
further exacerbate their late arrivals. Ranked third, the delay of the
preceding order reveals a strong propagation effect, where the late
completion of one task compresses the timeline for the next (less than
2 min), creating a cascade of delays. According to Fig. 1a, although the

Fig. 4 | Causal graph on delivery delays. The DAG
contains 16 nodes, with the red node representing
the dependent variable (current order delivery
delay) and the remaining nodes representing can-
didate drivers. Node colors distinguish variable
types: blue nodes denote current order operational
characteristics (e.g., pickup and transport dura-
tions), green nodes denote delay-propagation fac-
tors from the preceding order, and yellow nodes
denote external factors (e.g., rush hours and week-
ends). Directed edges indicate the inferred causal
direction from cause to effect.
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transport duration accounts for a larger share of total delivery time
(52.1% vs. 32.7%), the pickup duration exerts a stronger causal influ-
ence on the formation of delays. This finding suggests that the pickup
stage, despite being shorter, is the most critical point of leverage for
delay mitigation. Other factors like delivery load and the midday peak
show positive butmoremodest ATEs (less than 1 min). In addition, the
previous Transport duration has a minimal negative ATE. This may be
because when the platform detects that a courier is running late, it will
reallocate their subsequent orders or extend the deadlines to mitigate
the delivery pressure and ensure safety5,49.

Comparison with correlation-based methods
This section compares the variable importance rankings generated by our
proposed causality-based framework and a commonly used correlation-
based method. For the latter, this study selected the CatBoost model, which
is highly effective at capturing the complex, non-linear relationships and
intricate patterns in data that traditional regression models might
overlook11,50. To interpret themodel’s output and rank variable importance,
we integrated CatBoost with Shapley Additive Explanations (SHAP), a
prominent explainability method, following the approach of recent
studies7,12. Further details on SHAP value calculation are available in sup-
plementary information.

Figure 6 displays the variable importance ranking of the correlation-
based method. It is obvious to observe that both methods identify the
lengthsof thepickupand transport durations as the twomost critical factors.
The figure shows their contributions are almost identical, 25.2% and 25.1%,
respectively. Furthermore, both methods rank the delay of the preceding
order as the third most significant factor, confirming the strong effect of

delay propagation. Regarding the direction of effects, the positive SHAP
values for these top variables align perfectly with their positive ATEs, con-
firming their role in increasing delays.

As for the ranking of merchant preparation time, the proposed
causality-based analysis identifies it as the fourth most influential factor,
whereas the SHAP analysis assigns it minimal importance (3.0%). This
discrepancy likely arises because correlation-based methods struggle to
disentangle the interdependencebetweenmerchantpreparationandcourier
pickup time, leading to an underestimation of the former’s true impact. In
addition, the two methods report contradictory effects for the previous
pickup duration. SHAP values suggest a negative correlation (a longer
previous pickup is associated with a shorter current delay), while its ATE
indicates a longer previous pickup causes a longer current delay. These
contradictions powerfully demonstrate that even sophisticated, inter-
pretablemachine learningmodelsmayproducefindings thatmisrepresent a
variable’s true causal impact. This stems from the fundamental distinction
between correlation and causation. Correlation-based methods capture the
net outcome of a complex web of interactions, which can mask, or in some
cases even reverse, the underlying causal contribution of a variable.

Discussion
The causal analysis in Section Causal contribution to delivery delays iden-
tified the pickup and transport durations, as well as delay propagation
factors, as the most dominant drivers of delays (exhibiting the highest
ATEs). However, understanding the average effect alone is insufficient for
operational optimization. It is crucial to determine how the risk of delay
varies as these variables increase and to identify specific tolerance thresh-
olds.To this end, this study employsPDPs to visualize themarginal effects of

Fig. 6 | Correlation-based importance ranking and SHAP explanations.
a Presents the relative feature-importance ranking from the correlation-based
predictive model, interpreted as each variable’s relative contribution to predicted

delays. b Shows SHAP beeswarm diagrams, where each point corresponds to an
order-level SHAP value; the x-axis is the SHAP contribution to predicted delay, and
color encodes the feature value from low to high.

Fig. 5 | Causal contribution to delivery delays.The
figure reports ATE estimates for variables that have
direct causal links to delivery delay in the discovered
graph. Each effect quantifies the expected change in
delivery delay under an intervention that shifts the
focal variable froma control level to a treatment level
while holding other factors appropriately controlled,
and 95% confidence intervals are shown to reflect
estimation uncertainty.
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the top six causal variables on delivery delays7,51. Methodologically, the PDP
estimates the relationship between a specific feature and the outcome by
averaging themodel’s predictions over the distribution of all other variables,
thereby isolating the feature’s influence from confounding interactions.
Details of the PDP calculation are provided in supplementary information.
In Fig. 7, the PDP for each variable is depicted by a red curve, overlaid with
SHAP values (blue points) to corroborate the distribution of effects. The
analysis focuses on the solid lines representing the core data range (1st-99th
percentile) to ensure the reliability of the interpreted non-linear patterns11.

The PDP of pickup duration exhibits an approximately linear trend
with a positive slope. The curve crosses the zero-delay threshold at
approximately the 10-min mark. This finding suggests that the pickup
duration exceeding 10min becomes a significant and consistently growing
contributor to delays. A similar linear trend is observed for the transport

duration. The zero-crossing point for the PDP curve is around 17min. This
means the transport duration above this threshold is likely to increase
delays.

The PDP for the previous order’s delay also shows a clear upward
trend, indicating delay propagation. The curve crosses zero at approxi-
mately −10min. This suggests that completing the preceding order about
10min early is typically sufficient to neutralize, on average, its causal con-
tribution to the next order’s delay. Notably, evenwhen the previous delivery
is on time (delay = 0), the SHAP value remains strongly positive (≈2.5),
indicating persistent time pressure and tight scheduling margins within
delivery waves.

Anonlinear, hump-shaped trend is observed formerchant preparation
time. The effect on delay is close to zero for the first 10min, but it rises
sharply to a peak between 10 and 15min. This peak is likely due to

Fig. 7 | PDPs of key variables. The figure visualizes the marginal effects of the top
causal variables on delivery delay using PDPs. In each panel, the PDP curve sum-
marizes the model-averaged relationship between the focal variable and predicted
delay while averaging over the distribution of other features; SHAP points are

overlaid to reflect the distribution and heterogeneity of effects across observations.
Interpretation focuses on the central data range (1st–99th percentile) to avoid
extrapolation from extreme values.
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prolonged courier waiting at restaurants, which delays their subsequent
deliveries. Interestingly, beyond15min, a downward trend is observed. This
suggests that for exceptionally long preparation times (e.g., made-to-order
bakery items), the platform may extend the courier’s delivery window or
adjust the dispatch schedule to reduce delay risk52.

The PDP for the processing duration is nearly flat, exhibiting only a
slight positive slope. This indicates that variations of the variable only have a
minimal, non-critical causal impact on delays. Regarding the delivery load
(number of orders in a delivery wave), its PDP is also hump-shaped. The
delay peaks significantly at three orders and thendeclines. This suggests that
platforms may deploy targeted strategies (e.g., better routing, higher
incentives) to prevent delays when a courier’s load exceeds this threshold.

Based on the above non-linear effects and the ATE quantified in Sec-
tionCausal contribution to delivery delays, we propose targeted operational
strategies and policy implications to mitigate delays effectively. Regarding
the delay propagation phenomenon, some platforms have issued opera-
tional guidelines to detect delivery anomalies. For instance, algorithms often
check if a new assignment causes overtime for existing orders and provide
order reassignment when requested by couriers39,53. However, these mea-
sures are often reactive. They only address delays after they havemanifested
or rely on manual courier inputs. In contrast, our causal analysis identifies
the quantitative thresholds and structural sources of delay propagation
embedded within delivery waves. Therefore, the following recommenda-
tions aim to transition from reactive mitigation to proactive prevention:

Optimizing pickup and merchant preparation. The PDP analysis
indicates that delay risks increase sharply when pickup durations exceed
10min and when merchant preparation times fall within the 10–15min
range. Platforms should therefore deploy real-time preparation prediction
systems to align courier arrivalswithmeal readiness and reduce idlewaiting.
For orders whose estimated merchant preparation time surpasses 10min,
delivery promises should be proactively adjusted, and courier dispatch
schedules should be modified to reduce the potential delay and prevent it
from propagating to subsequent tasks.

Mitigating delay propagation. Our PDP analysis indicates that a pre-
vious order must be completed more than 10min early to neutralize delay
risks for subsequent tasks. To mitigate this propagation effect, platforms
should continuously monitor courier progress. If a courier is projected to
finish a current task with less than a 10-min buffer before the estimated
arrival time, the algorithm should automatically inject dynamic slack time
into the downstream orders. Where such adjustments remain insufficient,
downstream orders may need to be reassigned, effectively severing the
propagation chain before delays accumulate.

Managing delivery load. Delivery load exhibits a hump-shaped effect,
withdelay riskpeakingwhencouriers handle three orders in adeliverywave.
Tomitigate this, platformsmay adopt dynamic order caps that temporarily
restrict new assignments once a courier reaches a high load, except in cases
where real-time route conditions are feasible or spatial compatibility with
the existing trajectory. We acknowledge that this strategy may partially
hinder couriers’ earnings. However, it also has potential economic benefits
for both platforms and couriers. On the one hand, once delays occur,
platforms may reduce a courier’s maximum orders in a delivery wave or
even temporarily suspend their delivery tasks54. On the other hand, most
OFD platforms compensate customers when orders exceed specified delay
thresholds. These compensations increase with the duration of the delay
(e.g., 2 RMB for less than 10min, 4 RMB for 10–20min, and 6 RMB for
above 20min)55. Thus, we propose that dynamic capping can maintain
courier motivation and protect service quality.

Implementing dynamic wait-time compensation and penalties. ATE
results show that the pickup duration is the most significant contributor to
delivery delays. On average, an increase of 1min in pickup duration leads to
an increase of approximately 4min in final delivery delay. To tackle the
paramount issue of pickup duration, platforms could implement automatic
“paid waiting time" for couriers that kicks in after a reasonable grace period
(e.g., 5 min) at the merchant, accurately compensating them for delays.
Conversely,merchants consistently causing excessivewait times (e.g., above

10min onmore than 15%ofweekly orders) should face temporary visibility
throttling on the app during peak hours until their metrics improve.

Optimizing transport duration. ATE results indicate that transport
duration is the second dominant contributor to delivery delays. On average,
an increase of 1min in transport duration results in an increase of about
2.9min infinal delivery delay.Optimizing transport duration requiresmore
intelligent routing and batching. Platforms should integrate real-time traffic
data to flexibly calibrate routing algorithms, systematically applying data-
driven buffer times during known congestion periods. Rather than static
estimates, these buffers should be dynamically calculated based onhistorical
delay probability distributions. Regarding order batching, while it offers cost
efficiencies, it often prolongs delivery for at least one customer. A hard
constraint should be imposed: a second order cannot be batched to a courier
if it addsmore than 8minof additional transport time to thefirst customer’s
predicted arrival time, balancing efficiency with customer experience.

These strategies provide a path toward a more sustainable OFD eco-
system. Regarding social sustainability, dynamic order caps help reduce the
physical and mental strain on couriers. By decoupling earnings from tight
deadlines, these measures decrease incentives for risky behaviors like
speeding, thereby enhancing public road safety. In terms of economic
sustainability, shifting from reactive compensation to proactive mitigation
preserves platform margins by minimizing delay-triggered payouts, which
typically range from 2 to 6 RMB. This approach encourages merchants to
improveoperational efficiencyandensures long-termeconomic viability for
all stakeholders.

To further validate the practical impact of the identified causal drivers
and quantify the potential benefits of the proposed strategies, we conducted
counterfactual simulations based on the observational dataset. Specifically,
in each simulation scenario, we applied a systematic time shift Δ ∈ {0, 1, 2,
3} min to specific timestamps (estimated meal preparation timestamp,
courier pickup timestamp, and actual arrival timestamp in Table 2) in the
historical data. In addition, these simulations account for delay propagation.
Adelay incurred in an earlier order (e.g., thefirst in awave)delays the arrival
times of all subsequent orders in the samedeliverywave.We then calculated
the average increase in delivery delay across all orders compared to the
baseline (Δ = 0). The three counterfactual simulations are as follows.

Pickup deferral. This scenario simulates delays occurring specifically
during the courier’s pickup process. We uniformly extend the actual
courier’s pickup timestamp by Δminutes while holding other phase dura-
tions constant. This shift propagates forward, delaying the arrival times of
the current order and the subsequent orders in the wave.

Transport deferral. This scenario simulates changes in the transport
duration. We uniformly extend the actual arrival timestamp by Δminutes.
This directly pushes back the arrival time for the current order and, through
the wave linkage, propagates the delay to the courier’s subsequent orders.

Meal preparation deferral. This scenario simulates the impact of
merchant efficiency by extending the estimatedmeal preparation time byΔ
minutes. Unlike the other scenarios, the impact here is conditional on the
interaction between the courier and the merchant. If the courier originally
arrived before the food was ready, this shift directly prolongs the courier’s
wait time, thereby delaying the actual pickup timestamp. If the food was
originally ready well before the courier arrived (i.e., the courier was the
bottleneck), the additional preparation time is absorbed by this buffer. In
this case, the shift does not necessarily delay the actual pickup timestamp.

The simulation results, stratified by the baseline duration of each phase
(bins: ½0; 10Þ, ½10; 20Þ, and 20+min), are presented in Fig. 8. The simulation
results closely echo the findings from the ATE values and PDP analysis.
Consistent with the highest ATE observed for the pickup duration, pickup
deferral exhibits the most drastic sensitivity. We observe that a mere 1-min
shift (Δ = 1) results in an average delay increase ranging from 2.62 to
4.06min across bins. Thismagnitude is remarkably consistentwith theATE
value (≈4min) quantified in Section Causal contribution to delivery delays,
confirming the robustness of our DML estimates. Moreover, the impact of
these shifts amplifies non-linearly with the baseline duration. As shown in
Fig. 8a, for orders with already long pickup durations (10+min), a 3-min
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shift triggers a disproportionate delay increase of nearly 10min or even
more, which is higher than the 7.87-min increase observed for pickups
below 10min. This finding echoes our PDP analysis, which showed that
delay risk escalates sharply once pickup duration exceeds the critical 10-min
threshold.

Figure 8b confirms that transport deferral also translates into arrival
delays, with a Δ = 3min shift resulting in an average delay increase of
approximately 5–8min. This validates the substantial ATE (≈3min) found
for the transport duration. Similarly, the amplification effect is more pro-
nounced for orders with longer transport durations, where the same shift
results in substantially larger delays. Interestingly, the shift on merchant
preparation time shows a relatively dampened impact compared to the
others. As shown in Fig. 8c, a 3-min shift in preparation time results in a
smaller increase in final delay (approximately 2.5min). This suggests that
the systemhas some natural buffering capacity against preparation variance
(e.g., courier travel time absorbs some waiting), but once the courier is
involved (pickup duration), the buffer evaporates. Overall, these simulation
results could provide quantitative support for our policy recommendations.

Conclusions
This study thoroughly investigated the true causal drivers of delays in the
OFD industry by developing and applying a novel causality-based frame-
work. Leveraging a large dataset of 405,180OFDorders from amajor city in
China, the framework integrates a deep Bayesian causal discovery model

with DML for causal inference, allowing us to disentangle true drivers from
mere correlations and quantify each factor’s contribution through the ATE.
The key findings and contributions are summarized as follows.

First, we empirically confirmed that the pickup and transport dura-
tions are the most significant causal drivers of delays, with ATE exceeding
2min. While correlation-based methods (SHAP) also highlight these fac-
tors, our causal framework provides a more accurate quantification by
controlling for confounding variables. Second, a novel contribution of this
study is the quantification of delay propagation within OFD services. We
demonstrated that both the occurrence and duration of a preceding order’s
delay significantly exacerbate delays for subsequent orders, creating a sys-
temic “domino effect" previously established only in public transit
literature7,8. Building upon the causal analysis, this study further uses PDPs
to reveal critical non-linear thresholds for operational intervention. Speci-
fically, we identified a “10-min critical window" for merchant preparation
and pickup durations, beyond which delay risks escalate sharply, and a
“hump-shaped" impact of delivery load, where risks peak at three orders per
deliverywave. Finally, by benchmarking against traditionalCatBoost-SHAP
models, we demonstrated that the proposed causal framework effectively
corrects for misleading correlations, such as the underestimation of mer-
chant preparation time delay impact, providing a more robust basis for
policy-making.

This study is subject to several limitations that warrant careful con-
sideration. First, regarding data generalizability, the dataset is confined to

Fig. 8 | Results of counterfactual simulations. The figure reports simulation out-
comes where specific timestamps are systematically shifted by Δ ∈ {1, 2, 3} min to
emulate delays arising in a pickup, b transport, or c meal preparation. Simulations
explicitly account for delay propagation within a delivery wave, so a delay in an

earlier order can shift the arrival times of subsequent orders handled by the same
courier. Results are stratified by baseline phase duration bins ([0, 10), [10, 20),
20+min) and summarize the average increase in delivery delay relative to the
baseline (Δ = 0).

https://doi.org/10.1038/s44333-026-00097-1 Article

npj Sustainable Mobility and Transport |            (2026) 3:22 12

www.nature.com/npjsustainmobiltransport


OFD orders from a single city in China. However, we posit that this city
serves as a robust representative case formodernOFD ecosystems. Situated
as a key node within the Beijing-Tianjin-Hebei urban agglomeration, the
city houses a permanent population exceeding 9 million. Its urban mor-
phology features a typical mix of dense central business districts, residential
clusters, and suburban zones, providing sufficient statistical power tomodel
complex interactions and rare delay events. Second, platform-specific
practices may introduce bias. Our analysis is based on data from a single
major platform (Meituan). As dispatching algorithms and operational rules
(e.g., punishment mechanisms for delays) vary significantly across plat-
forms like Uber Eats or DoorDash, the specific magnitude of causal effects
observed here may differ in other platforms. Finally, the analysis did not
account for weather conditions, as there were no significant meteorological
changes during the study period.

To address these limitations, future research could broaden the geo-
graphic and platform scope to include diverse cities and countries, thereby
enhancing the applicability of the findings. Incorporating additional
external factors, such as adverse weather conditions and traffic congestion
indices, would provide amore comprehensive and robust understanding of
the influences on OFD delays. Furthermore, future work could integrate
these causal findings into dynamic optimization models to simulate the
impact of the proposed policy interventions (e.g., establishing preparation
time thresholds or implementing dynamic order caps) on overall system
performance.

Data availability
The datasets generated and analyzed during the current study are not
publicly available due to legal/ethical reasons, but are available from the
corresponding author on reasonable request.

Code availability
Thecustomcode that supports thefindingsof this study is available fromthe
corresponding author upon reasonable request.
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