
  

Analysis of Influencing Factors of Food Delivery Time 

— Based on Big Data from the Zomato Platform 

Xu Chang* 

Macau University of Science and Technology, Macau, China 

*xc8946@163.com 

Abstract. This study examines 41,944 food delivery orders from major Indian 

cities using Ordinary Least Squares (OLS) regression to determine the factors 

influencing delivery times. Key findings are as follows: (1) Distance has nonlin-

ear effects—delivery time increases by 11.01 minutes when the distance sur-

passes 5 km. Traffic congestion and adverse weather conditions significantly af-

fect delivery efficiency. Interestingly, not all peak hours result in delays: foggy 

mornings during the morning rush hour reduce delivery time by 5 minutes, 

whereas the evening rush hour under similar conditions prolongs it by 2.75 

minutes. (2) The interaction terms uncover a counterintuitive trend: older riders 

exhibit enhanced task efficiency, decreasing delivery time per order by 0.06 

minutes. Electric scooters particularly outperform in harsh weather—cutting de-

livery time by 1.46 minutes during sandstorms. The study suggests a tripartite 

collaborative decision-making framework that includes platforms, governments, 

and society to optimize resource allocation. It recommends restructuring platform 

dispatch mechanisms to create new avenues for optimizing resource distribution 

in instant logistics and emergency delivery scenarios. 

Keywords: Distribution Time Optimization, Personal and External Environ-

mental Impact, Characteristic Interaction Effect, Real-Time Logistics Distribu-

tion 

1 Introduction 

The recent surge in the proliferation of food delivery platforms has markedly influenced 

urban logistics. With the escalation of competition within this industry, nascent plat-

forms such as JD.com have surfaced, amplifying market competition and subjecting 

established entities to dual pressures. Consumers are steadfastly seeking the lowest 

product prices while simultaneously demanding elevated standards[1] for the timeliness 

and punctuality of deliveries—not merely expedited service but also more precise de-

livery schedules. This dynamic evolution highlights the substantial research value and 

market potential in the food delivery field, which has now attracted participation from 

major platforms [2].  
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Previous studies revealed significant differences in five dimensions of user percep-
tion of food delivery services under algorithmic management versus platform manage-
ment [3], with algorithmic management consistently yielding lower perceived service 
quality. Therefore, this study focuses on one of the core aspects of food delivery pro-
cesses—delivery time. Delivery time, also known as delivery duration, refers to the 
period from when a consumer places an order until the product reaches them. This met-
ric directly affects customer satisfaction, significantly impacts platform operating costs, 
and ultimately determines platform competitiveness. However, delivery time is influ-
enced by various complex factors within the delivery system, both directly and indi-
rectly [4]. Understanding these influencing factors and their interrelationships, as re-
vealed by our research, is crucial for optimizing the entire delivery network. This re-
search is significantly relevant to our daily lives and demonstrates a broad application 
potential. The issue of delivery time extends beyond the food industry, becoming a 
critical challenge across modern logistics systems. For instance, courier services face 
similar timing challenges. In on-demand delivery scenarios, the order dispatch process 
operates in parallel: couriers continuously receive new orders while delivering them to 
customers under strict time constraints and dynamic supply-demand relationships. 
Therefore, the analytical findings from this study address not only specific issues for 
particular food delivery platforms but also provide a universal analytical framework 
and optimization strategies for the entire logistics industry.  

The significance of this research is primarily reflected in three aspects: enhancing 
customer satisfaction, increasing corporate profits, and reducing social costs. Efficient 
delivery systems enhance customer experience, attracting more users while reducing 
operational costs for businesses. Optimized distribution networks also help alleviate 
social costs like traffic congestion and energy consumption, benefiting both industries 
and society at large. To explore this issue, we conducted rigorous data analysis to iden-
tify key determinants and impacts of delivery delays. By examining the complex inter-
play between these factors, we ultimately uncovered actionable insights and valuable 
guidance for optimizing online delivery platform operations. 

2 Data 

2.1 Data Source 

This investigation employs the Zomato platform to furnish comprehensive datasets, en-
compassing a substantial amount of delivery-centric data derived from observations in 
numerous major urban centers across India. The study conducted an analysis of 41,944 
data points across two distinct dimensions. 

2.2 List of Variables 

All variable definitions are listed in Table 1, which includes the following variables: 
delivery person's age, delivery person's rating, multiple order deliveries, order place-
ment time, weather conditions, order type, transportation mode, traffic conditions, and 
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delivery distance. Additionally, we constructed interaction terms for the five most sig-
nificant variables and analyzed their impacts, specifically: age + weather conditions, 
age + multiple order deliveries, weather conditions + order placement time, multiple 
order deliveries + delivery distance, and transportation mode + weather conditions. 

Table 1. List of Variables 

Variables Definition and description 

Order type 
The food categories of takeout orders include: snack (Snack), 
meal (Meal), drink (Drinks) and buffet (Buffet) 

City Distribution area type: Metropolitan, urban and semi-urban 

Age Age of delivery personnel 

Ratings Delivery personnel scoring 

Vehicle Condition Condition of delivery vehicle used by the deliverer (1-5) 

Multiple Deliveries Whether it is a multi-order delivery 

Type of vehicle The type of vehicle used by the delivery person 

Weather 
The weather conditions during delivery, including: Sunny, 
Cloudy, windy, Stormy, Fog, Sandstorms 

Traffic Density 
The traffic conditions at the time of delivery were Low, Me-
dium and High Jam 

Festival Whether it is a holiday (variable 0 or 1) 

Time Taken Time interval between order confirmation and delivery 

3 Regression Analysis 

The ordinary least squares (OLS) linear regression analysis of the primary dataset 
is presented in Table 2, as displayed below: 

Table 2. Results of OLS regression analysis 

Variables coef p-value 

const 26.9264 0 

Delivery_person_Age 0.4142 0 

Delivery_person_Ratings -7.429 0 

multiple_deliveries 3.7368 0 

Weather_conditions_Cloudy 5.924 0 

Weather_conditions_Fog 5.9539 0 

Weather_conditions_Sandstorms 2.9339 0 

Weather_conditions_Stormy 2.9051 0 

Weather_conditions_Windy 3.0688 0 

Type_of_order_Buffet -0.1313 0.151
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Type_of_order_Drinks -0.2004 0.028 

Type_of_order_Snack 0.0417 0.646 

Type_of_vehicle_bicycle 6.4816 0 

Type_of_vehicle_electric_scooter 0.153 0.222 

Type_of_vehicle_motorcycle 2.6678 0 

Road_traffic_density_High 6.6151 0 

Road_traffic_density_Jam 7.394 0 

Road_traffic_density_Medium 3.6215 0 

Time period: Afternoon tea -3.1616 0 

Time period_noon peak -3.0078 0 

Time period: morning rush hour 0.084 0.644 

Time period: evening rush hour 0.7783 0 

Distance group 1-3 km 8.1051 0 

Distance group 3-5 km 7.8096 0 

Distance group 5 km or more 11.0116 0 

Age&Multiple  -0.061 0 

Multiple_Distance.Distance_group_5km or more 2.182 0 

Age & Weather_conditions 

Age&Sandstorms 0.3368 0 

Age&Stormy  0.3181 0 

Age&Windy  0.3399 0 

Weather_conditions & Time_period 

Cloudy & Afternoon Tea -3.7096 0 

Cloudy and midday rush hour -1.1655 0.065 

Cloudy and morning rush hour -6.1944 0 

Cloudy & evening rush hour 2.1859 0 

Fog& afternoon tea  -4.3249 0 

Fog & Peak Hour -1.9695 0.002 

Fog& morning peak  -6.0931 0 

Fog& evenign peak  2.2417 0 

Weather_condition & Type_of_vehicle 

Cloudy&electric_scooter  -1.1507 0.005 

Fog&electric_scooter  -1.388 0.001 

Stormy&electric_scooter -1.6064 0 

Windy&electric_scooter  -1.5559 0 

Sandstorms&electric_scooter -1.4608 0 

Stormy&vehicle_bicycle 4.34E-18 0.965 

Stormy&vehicle_motorcycle  -0.8197 0 
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3.1 Single Factor Analysis 

From the regression analysis, it is possible to ascertain the effect of the principal 
individual variables on the delivery duration. 

3.1.1 Age 
The influence of the age of delivery couriers is notably substantial. Empirical data 

unequivocally indicates that the velocity of deliveries escalates with advancing age. 
Utilizing the age of 30 as a reference point, Figure 1 illustrates that couriers exceeding 
this age necessitate more extensive delivery durations in contrast to their counterparts 
under the age of 35. Aging may lead to reduced cycling efficiency and stair-climbing 
speed, particularly evident in long-distance or heavy-load deliveries. Older riders tend 
to prioritize safety measures (like slowing down during rainy weather) to prevent acci-
dents. Younger riders, however, demonstrate greater proficiency in using navigation 
apps and order booking systems, which helps them save time. 

 

Fig. 1. Comparison of distribution of delivery time by age group 

3.1.2 Delivery_person_Ratings 
The delivery rider rating system is a reflection of customer satisfaction with food 

delivery services, rooted in the concept of customer satisfaction. This metric acts not 
only as an indicator of the delivery service's performance but also directly affects cus-
tomers' experiences in receiving timely and satisfactory deliveries [5]. Delivery speed 
plays a significant role in determining these ratings; deliveries that are faster tend to 
receive higher scores, whereas those that are slower are often rated lower. Each incre-
mental point in the rating corresponds to a 7.43-minute decrease in delivery time. Rid-
ers who have higher ratings typically possess more delivery experience, exhibit en-
hanced route planning skills, and show greater proficiency with complex tasks such as 
handling bulk orders and navigating merchant store layouts. 
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3.1.3 Simultaneous Delivery of Multiple Orders 
Simultaneous delivery of multiple orders significantly affects delivery efficiency. 

Figure 2 indicates that handling more than one order at the same time substantially 
extends delivery duration. The lack of coordination in meal preparation schedules 
among different merchants causes riders to experience repeated waiting periods. This 
results in cumulative fixed-time costs, including customer communication, building lo-
cation identification, and elevator wait times for each order. 

 

Fig. 2. Comparison of distribution time distribution with different order quantities 

3.1.4 Ordering Time 
The impact of order timing on delivery duration should be examined across various 

time frames. In comparison to other periods, traffic congestion and delayed meal deliv-

 

eries are more likely to occur during peak hours. Notably, the noon and evening peak 
periods are significantly affected, whereas the morning peak hours do not exhibit a 
pronounced effect (p=0.644). The distribution of delivery time in different periods is 
shown in Figure 3. 

Fig. 3. Comparison of distribution of delivery time in different periods 
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3.1.5 Weather Conditions 
Weather conditions frequently occur, with the duration of fog extending by 5.95 

minutes, overcast conditions increasing by 5.92 minutes, strong winds lasting 3.07 
minutes longer, sandstorms persisting for 2.93 minutes, and heavy rain occurring 2.91 
minutes more frequently. Overall, adverse weather significantly impacts road condi-
tions compared to clear skies [6]. Severe weather phenomena, including excessive rain-
fall, flooding, and extreme heat, are recognized as significant factors that disrupt logis-
tics operations, resulting in delays and an elevated risk of cargo damage. 

3.1.6 Order Type 
The influence of order type on delivery duration is not substantial. 

3.1.7 Type of Vehicle 
The most commonly used transportation tools for cyclists are bicycles, electric bicy-

cles, and electric scooters. These vehicles facilitate efficient and sustainable last-mile 
food delivery in urban areas [7]. Consequently, the type of transportation has a rela-
tively minor impact on delivery time. The main differences are that bicycles, which are 
powered by human effort, tend to have more unstable speeds compared to electric-pow-
ered vehicles. Meanwhile, motorcycles may be restricted by motorcycle bans in certain 
regions. 

3.1.8 Traffic Density 
Traffic congestion is the primary cause of delays. In the event of complete conges-

tion, delivery times will be extended by 7.39 minutes, and moderate congestion will 
also increase delivery times by 3.62 minutes. Consequently, it is evident that compared 
to smooth traffic conditions, traffic congestion significantly reduces delivery speed. 

3.1.9 Distance 
The impact of delivery distance on time exhibits a nonlinear pattern: extending from 

1-3 kilometers adds 8.11 minutes, 3-5 kilometers adds 7.81 minutes, and distances ex-
ceeding 5 kilometers result in a steep 11.01-minute increase. This hyper-linear growth 
pattern validates the "last-mile paradox" in logistics. Longer deliveries may be more 
susceptible to accidents or route errors, whereas shorter routes, although physically tak-
ing less time, involve extended waiting periods for pickup and door-to-door delivery. 

3.2 Interaction Analysis 

Since the linear regression table is lengthy, we will display the key data and analyze the 
effect of the interaction terms. 

3.2.1 Age + Weather Conditions 
The efficiency of elderly delivery personnel is significantly affected by adverse 

weather conditions. Dust storms, storms, and strong winds have a dramatic impact on 
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elderly delivery personnel, extending their delivery times by 0.34-0.34 minutes 
(p<0.001), which is 3.6 times that of foggy days. This result indicates that age is a 
critical influencing factor in harsh environments. 

3.2.2 Multi-delivery Impact 
The interaction term indicates a significant negative effect (-0.0610, p<0.001). In-

terestingly, with each additional multi-delivery task assigned to older couriers, delivery 
time decreases by 0.06 minutes (p<0.001). This finding contradicts the common belief 
that "older couriers are less efficient," suggesting that experience in the delivery indus-
try may indeed offer benefits when managing complex and repetitive tasks. 

3.2.3 Weather Conditions and Order Placement Timing 
The impact of foggy/cloudy weather during morning rush hours showed an unusual 

acceleration effect on delivery times. Specifically, foggy/cloudy conditions reduced de-
livery time by 5.07 minutes and 4.97 minutes respectively during peak hours (p<0.001), 
contradicting the positive effect of +2.75 minutes observed during evening rush hours. 
This finding suggests potential issues in the daily commuting period's road resource 
allocation mechanism that require optimization. 

3.2.4 Multiple Order Delivery + Delivery Distance 
An efficiency trap arises in long-distance delivery when multiple orders are dis-

patched simultaneously. When the delivery distance surpasses 5 kilometers, each addi-
tional multi-delivery task results in a dramatic 2.18-minute increase in delivery time 
(p<0.001), which is 3.5 times greater than the 0.62-minute increase observed in 1-3 
kilometer scenarios. This outcome highlights the strategic risks of platforms that pro-
mote long-distance group deliveries. 

3.2.5 Delivery Tools + Weather Conditions 
Electric scooters demonstrate inherent advantages in extreme weather conditions. 

During sandstorms, electric scooters significantly reduced delivery time by 1.46 
minutes (p<0.001), whereas bicycles showed no significant impact. This result indi-
cates that certain transportation modes exhibit greater resilience to risks in extreme en-
vironments. 

3.3 Summary 

This study systematically investigated the key factors affecting delivery time and the 
complex effects of their interactions by analyzing 41,944 food delivery order data from 
major cities in India. The main conclusions of this study are as follows. 
First, about its core influencing factors: 

 The characteristics of delivery personnel are the basis for the composition of delivery 
efficiency. The increase in age leads to a significant extension of delivery time (+ 

 



 

 The environment has a small imp
electric scooters increases by 1.46
shows no significant change. This r
resistance in extreme environments

0.41 minutes/year), but riders with high scores can significantly shorten the time by 
accumulating experience (-7.44 minutes per unit score). 

 The environment, as an external influencing factor, cannot be ignored. Road conges-
tion (Jam state extended by 7.45 minutes) and extreme weather (sand-
storm/brightstorm extended by 2.91-3.06 minutes) are the main reasons for the ex-
tension of delivery time. 

 The distance effect of distribution shows exponential growth: the increase in deliv-
ery time (>5 km) (+10.81 minutes) can reach 2.3 times that of short distance. 
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The second point pertains to a significant discovery concerning the mechanism of 
intersection. 

 The advantage of elderly deliverymen delivering multiple orders is that, contrary to 
traditional cognition, the efficiency of elderly riders in dealing with multiple orders 
will increase (-0.06 minutes per order), which reveals the compensatory effect of 
experience on complex tasks (age × multiple orders interaction). 

 

 There are differences in peak hours under extreme weather: foggy/cloudy days 
shorten the delivery time by 5 minutes during morning rush hour, while the evening 
rush hour extends by 2.75 minutes under the same weather conditions. This result 
shows that the distribution of urban traffic resources is unbalanced and unreasonable 
(weather × period interaction). 
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In conclusion, subsequent to thorough research and analysis, the following platform 
optimization solutions have been derived: 

 Implement dynamic pricing and incentive mechanisms to circumvent the pitfalls of 
long-distance ride-sharing. Adopt a distance-based premium system: For orders ex-
ceeding 5 kilometers, the platform can implement fluctuating pricing to mitigate the 
riders' time cost spikes while guiding users' reasonable expectations. When multiple 
orders are placed on delivery platforms for distances over 5 kilometers, the time cost 
increases by 2.18 minutes. This situation necessitates the platform to optimize its 
ride-sharing algorithm and reduce such dispatch scenarios. 

 

 The platform employs an intelligent dispatch system to strategically allocate riders. 
It incorporates real-time meteorological data, enabling automatic adjustments to or-
ders in anticipation of adverse weather conditions such as fog or sandstorms. This 
prioritization results in the assignment of long-distance orders to e-scooter riders, 
which during sandstorms, reduces the average delivery time by 1.46 minutes. Fur-
thermore, the platform implements measures to discourage ride-sharing for distances 
exceeding five kilometers, thereby avoiding an increase in time cost per order by 
2.18 minutes. In scenarios of high demand, particularly during severe weather con-
ditions, the platform assigns senior riders, capitalizing on their experiential ad-



           

vantages and counteracting any potential decline in efficiency due to age. The evo-
lution of traditional logistics has had a significant impact on production and distri-
bution methodologies [8], as evidenced by He (2017) , and has led to a reduction in 
logistics expenses, as indicated by Fan et al. (2020) . For example, GF Smart Logis-
tics has harnessed real-time monitoring, intelligent analytics, and digital technolo-
gies to develop an intelligent logistics park system, which has resulted in enhanced 
overall operational efficiency. 

 The platform dynamically monitors traffic resources for real-time allocation, lever-
aging data-driven insights into delivery time characteristics in adverse weather con-
ditions to optimize peak-hour capacity distribution. This reduces the significant im-
pact of evening rush hours on severe weather impacts. Additionally, the AI-powered 
system identifies traffic congestion hotspots by analyzing historical data (JAM peri-
ods + 7.39 minutes), dynamically generating detour routes, and providing intelligent 
navigation guidance to riders. This smart navigation approach minimizes passive 
congestion wait times, ensuring smoother travel experiences. 
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In the course of this study, it is possible to formulate several management recom-
mendations for the government. 

3.3.1 Upgrading Urban Traffic Management 
With more differentiated and refined vehicle access rights, dedicated lanes can be 

established or expanded for electric scooters and similar vehicles (especially in areas 
prone to sandstorms), amplifying their risk-resilience advantages. During peak hours, 
more rational traffic control measures could be implemented to minimize congestion 
duration and affected road areas [9]. To maximize profits, food delivery riders persis-
tently violate traffic rules during deliveries, leading to frequent accidents that pose sig-
nificant threats to lives and property. The government could optimize traffic light man-
agement and extend motor vehicle lane usage during low pedestrian traffic periods. 
This approach would not only reduce red-light violations and associated accidents but 
also accelerate road clearance efficiency. 

3.3.2 Optimizing the Labor Security System 
Enhancing occupational protection for senior riders: Age doesn't equate to ineffi-

ciency. Experienced senior riders should receive policy support, with mandatory plat-
forms providing extreme weather insurance for older riders. Establish a performance-
based certification system to optimize salary distribution for seasoned senior workers. 
Promote transparent algorithmic supervision by requiring platforms to disclose delivery 
orders while maintaining user privacy, fostering mutual oversight between consumers 
and delivery personnel. 

3.3.3 Open Data and Coordinated Regulation of Infrastructure 
It is proposed to share public transport data and open real-time traffic light data from 

municipal departments to help the platform optimize path algorithms and reduce con-
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gestion delay rates. The construction of new energy battery swap networks will be in-
creased, and shared battery stations will be added in distribution centers to facilitate the 
charging and endurance problems of electric vehicles. 

4 Conclusion 

This research holds dual collaborative value for both industry and society. Firstly, it 
advances green logistics by enabling enterprises to calculate environmental costs and 
benefits, thereby incentivizing technological [10]and management innovations. The in-
tegration of green technologies into corporate operations achieves sustainable develop-
ment. Green optimization of logistics efficiency in this sector directly reduces urban 
carbon emissions. Secondly, it enhances social emergency logistics capabilities. Timely 
response during extreme weather and crises is crucial. Based on the study's findings 
regarding electric scooters' sandstorm resistance (risk reduction capability: -1.46 
minutes), specialized delivery fleets for pharmaceuticals and disaster relief supplies can 
be established. By leveraging abnormal acceleration patterns during morning rush 
hours, optimal pre-positioning of material warehouses during disaster warning periods 
can be optimized. 

The study's limitations include the absence of rider-specific physiological metrics 
such as gender differences, personal fatigue levels, and micro-road network data. Fu-
ture research could integrate IoT devices to obtain more accurate real-time rider profiles 
and detailed traffic conditions. The paper demonstrates that stereotypes about older de-
livery riders are incorrect, suggesting future studies should explore wage optimization 
strategies for experienced senior riders. The study's interaction analysis findings can be 
extended to time-sensitive sectors like instant retail and pharmaceutical delivery. Be-
yond revealing delivery time mechanisms, it proposes a tripartite collaborative optimi-
zation framework involving platforms, governments, and society. Platforms could dy-
namically generate optimal delivery routes by real-time integration of rider character-
istics, environmental conditions, and order distances. Governments could leverage data 
insights to enhance urban governance [11], while society benefits from reduced con-
gestion and lower emissions. Enhancing infrastructure, equipment, technology, opera-
tions, policies, and regulations would improve India's freight efficiency, reduce traffic 
congestion, and decrease air pollutants and greenhouse gas emissions.  (Quoting the 
original English text: The overall conclusion is that enhancing infrastructure and equip-
ment, advancing technology and operations, and improving policies and regulations 
will significantly boost freight efficiency in India while reducing traffic congestion and 
air pollutant emissions.) This multi-stakeholder win-win model can be replicated across 
sectors like ride-hailing and instant retail, driving digitalized logistics from efficiency 
gains toward sustainable development. 
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