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Abstract

This paper examines the effects of extreme temperatures on driver performance and
adaptation behaviors in the heavy-duty transportation industry, where substantive
negative externalities are a prominent feature. Using unique data from real-time GPS
and AI-based driver monitoring systems that track 10,000 vehicle drivers for two
years, we show exposure to extreme heat increases dangerous driving behaviors and
reduces productivity, resulting in substantial safety risks and economic losses. Our
calculation suggests that one additional hour of temperature above 33◦C results in
$0.77 million daily economic losses in China, with 78% borne by other road users as
externalities. Drivers cope with heat stress by taking more frequent and longer rests
and, over time, exhibit signs of acclimatization. Cost-sharing assignments in labor
contracts shape adaptation outcomes, with independent contractors – who bear oper-
ational costs – showing greater heat sensitivity than company-employed drivers due
to lower air conditioning usage. Comparing adaptation costs to social benefits, we
show that private adaptation efforts fall short of socially optimal levels. Our findings
highlight the need for targeted policies, such as fuel subsidies or heat-specific training,
to improve safety and promote effective adaptation under extreme temperatures.
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1 Introduction

Worker exposure to high ambient temperatures is becoming increasingly common due to
global climate warming. A growing body of evidence shows that extreme temperatures
significantly impair labor performance, leading to increased work-related illnesses (Ire-
land, Johnston and Knott, 2023), higher rates of workplace accidents (Park, Pankratz and
Behrer, 2021; Filomena and Picchio, 2024; Drescher and Janzen, 2025), and declines in pro-
ductivity or labor supply (Graff Zivin and Neidell, 2014; Somanathan et al., 2021). These
disruptions in labor performance can lead to sizable reductions in aggregate output and
substantial economic losses, particularly in sectors with high labor intensity or outdoor
work (Zhang et al., 2018; Rode et al., 2022).

Adaptation is essential for mitigating the harms of high temperatures and managing
the associated economic losses. Workers can adopt various strategies to reduce heat-
related risks, such as taking more frequent breaks, staying in air-conditioned environ-
ments, or adjusting work schedules. However, these adaptations often come at a cost.
When the costs are borne privately by workers but the benefits – such as sustained pro-
ductivity and improved workplace safety – extend beyond the individual to employers
and society, under-investment in adaptation would occur. This misalignment in incen-
tives underscores the importance of cost-bearing schemes in shaping effective and so-
cially optimal adaptation strategies. Despite rising policy debates on workplace protec-
tions against extreme heat, relatively little is known about to what extent workers adapt
to high temperatures and the role of employer-driven policies or labor contracts in facili-
tating these adaptations.

In this paper, we study the effects of hot temperatures on worker performance and
examine the potential for adaptation in the heavy-duty transportation industry (i.e., freight
or passenger transportation by heavy-duty fleets) using rich AI-based sensor data. The
spatial granularity and high frequency of our data allow us to exploit rich temperature
variation and identify the effect of the whole heat exposure distribution. We provide the
first empirical evidence on how temperatures influence dangerous driving behaviors and
show that different cost-sharing schemes between transportation companies and drivers
lead to distinct adaptation outcomes.

Unlike many other labor market settings, exposure to extreme heat in our context
induces dangerous driving behaviors, which generates substantial negative externali-
ties since traffic accidents often involve multiple parties. This is particularly concerning
for heavy-duty vehicles such as dump trucks or buses, given their significantly greater
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weight compared to other vehicles, which amplifies the severity of collisions (Anderson
and Auffhammer, 2014). For example, in the U.S., nearly five non-truck occupants lost
their lives for every truck occupant fatality in large truck crashes in 2021.1 Therefore, un-
derstanding how drivers adapt to extreme heat can provide valuable policy insights for
not only enhancing their own safety but also generating significant public benefits.

Direct evidence on how temperatures influence driver performance remains thin for
two primary reasons. First, measuring driving behaviors is challenging due to data limi-
tations. Most transportation studies rely on accident or fatality data, which are influenced
by numerous confounding factors, making it difficult to isolate driver-specific behaviors
(e.g., aggressive driving or road rage) from other elements, such as ambient brightness,
road conditions or traffic volume during heat waves (Leard and Roth, 2019). We ad-
dress this challenge using a unique dataset of real-time high-frequency GPS locations and
driver monitoring records in China. A key feature of our data is that it directly captures
dangerous driving behaviors through vehicle-installed sensors and cameras, which mon-
itor both in-cabin conditions (e.g., fatigue or distracting face) using AI-based computer
vision techniques, as well as external conditions (e.g., lane departures or collision risks).
This allows for objective and systematic assessment of drivers’ performance through clear
metrics, such as travel time and the incidence of dangerous driving behaviors.

Second, temperature exposure may not be random if drivers can choose locations
or work schedules based on the prevailing weather conditions. This is especially true in
many previously studied labor market settings, where workplaces are typically fixed lo-
cations, such as offices or factories, resulting from labor sorting, where regional climate
conditions may influence workers’ locational choices. The heavy-duty transportation in-
dustry provides a unique setting to overcome this limitation. Truck drivers operate across
large spatial areas, and their delivery destinations, routes, and working schedules are
assigned by shipping companies. This assignment process creates plausibly exogenous
variation in drivers’ exposure to weather conditions along routes.

We collect high-frequency data on GPS location, speed, and alarms of dangerous
driving behaviors for drivers of over 10,000 heavy-duty and link the real-time routes
identified with hourly weather images. The high temporal frequency and fine spatial
granularity of our data help address common measurement issues in temperature expo-
sure typically encountered when using pre-aggregated data over large regions or infre-

1According to Large Truck and Bus Crash Facts 2021 compiled by the U.S. Department of Transportation
(DOT), 1,008 truck occupants were killed in crashes involving large trucks, while 4,780 fatalities occurred
among other road users.
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quent time intervals (Ghanem and Smith, 2021; Cui et al., 2024), and allow us to explore
heterogeneity along several important dimensions.

With this data, we examine the effects of temperature on driving behavior, leveraging
plausibly exogenous day-to-day variation in a driver’s exposure to the daily distribution
of hourly temperatures. Since drivers typically operate the same vehicle across multi-
ple delivery destinations on different days, we include driver-by-vehicle fixed effects to
account for unobservable factors, such as driver experience and vehicle quality. Addition-
ally, we incorporate date fixed effects to absorb temporal shocks common to all drivers,
such as changes in traffic control or restrictions.

We find strong evidence that hotter temperatures increase the likelihood of danger-
ous driving behaviors, a key indicator of driver performance. Specifically, an additional
hour of exposure to temperatures above 33◦C raises the number of alarms by 0.4 per 100
km of driving, compared to an hour of exposure within the 18–21◦C range. This trans-
lates to a 3% increase in the incidence of dangerous driving behaviors for the average
driver. At the aggregate level, our back-of-the-envelope calculation suggests that if all
truck drivers in China experienced an additional hour of exposure above 33◦C, the total
number of truck-involved accidents would rise by over 1,000 annually.

We probe the underlying mechanisms of heat-induced dangerous driving behaviors.
First, we show that the increase primarily stems from drivers who already exhibit risky
behaviors, rather than a broader population-wide decline in safety performance. Sec-
ond, by disaggregating alarms into categories, we find that hot temperatures significantly
raise both external-related warnings (e.g., blind spots, lane departures, and tailgating), re-
flecting reduced external alertness, and inside-cabin alarms (e.g., distraction and fatigue),
indicating heightened cognitive and physical strain. These findings are consistent with
prior evidence on heat-induced aggressiveness and risky behaviors (Almås et al., 2019;
Baylis, 2020; Escobar Carias et al., 2024). Third, we observe heterogeneity in responses
across transport categories: drivers engaged in passenger or hazardous cargo transporta-
tion – likely subject to stricter safety protocols and higher perceived accident costs – show
smaller increases in dangerous driving behaviors compared to those in other categories.

Extreme heat also reduces driver productivity by lowering work intensity and driv-
ing speed. We document significant declines in individual drivers’ driving distance,
hours, and speed. There is suggestive evidence that while total workload remains un-
changed at the company level, more drivers are active on hotter days. These results sug-
gest individual drivers reduce their labor supply, potentially redistributing the workload
to mitigate safety risks.
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Given the diminution in drivers’ performance under extreme heat, we next examine
the potential for adaptation. Our findings reveal both short-term behavioral adjustments
and long-term acclimatization. In the short term, drivers respond to heat stress by in-
creasing the frequency and duration of their rests. Over time, those with greater histori-
cal exposure to high temperatures and more advanced driving experience display fewer
heat-induced dangerous driving behaviors, indicating improved adaptation to extreme
conditions.

Cost-sharing arrangements in labor market contracting is likely important for shap-
ing adaptation outcomes, raising the question of how different designs influence work-
ers’ investment in adaptation. The heavy-duty transportation industry in China provides
a unique context for exploring this issue, as it features two primary employment mod-
els: independent contractors, who bear all operational costs (including fuel expenses),
and company-employed drivers, whose expenses are covered by their employers. Our
analysis shows that contractors are far more affected by extreme heat than employed
drivers. Specifically, an additional hour of exposure to temperatures above 33◦C leads
to nearly three times more dangerous driving behaviors among contractors compared to
non-contractors.

The disparity between contractors and non-contractors appears to stem from contrac-
tors’ lower usage of air conditioning, likely driven by financial incentives to reduce fuel
consumption. We use in-cabin camera images to analyze drivers’ likelihood of keeping
their side windows open as a proxy for air conditioning usage. Our findings show that
while both contractors and non-contractors close their windows more often as tempera-
tures rise, contractors exhibit a much weaker response, suggesting lower air conditioning
usage as an adaptation strategy. In addition to heightened safety risks, contractors also
face greater productivity losses and resort to cheaper adaptation strategies, such as taking
more frequent and longer rests, to manage heat stress.

In the final part of our paper, we quantify the monetary costs of heat-induced danger-
ous driving behaviors and examine the welfare implications of driver adaptation under
different cost-sharing schemes. Our calibration indicates that a 1% increase in dangerous
driving behaviors corresponds to a 0.8% rise in traffic accidents. Using a back-of-the-
envelope calculation, we estimate that if all truck drivers in China were to experience an
additional hour of exposure above 33◦C each day, total economic losses would increase
by $0.77 million per day, with 22% borne directly by truck drivers and 78% resulting
from negative externalities imposed on other road users. Given the implied substantial
benefits of adaptation, we develop a model to analyze adaptation decisions, character-
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izing externality damages and different cost-sharing schemes. The model distinguishes
between independent contractors and company-employed drivers. It predicts that for-
mal employees, whose adaptation costs are largely borne by their employers, invest more
in adaptation than contractors. However, our analysis suggests that both groups under-
invest in adaptation relative to the socially optimal level, as they do not internalize the
accident risks imposed on other road users.

Several policy implications may be drawn from our findings. First, this paper could
inform policy debates on workplace protections by highlighting the need for targeted
interventions – such as subsidies, heat-specific training, or insurance support – to help
workers adapt to extreme temperatures. Given that contractors face higher financial bar-
riers, policies should consider differing cost-bearing structures across labor contracts, as
independent contractors face higher financial barriers to investing in adaptation. Second,
our estimates of the economic damage from heat-induced dangerous driving behaviors
provide inputs for cost-benefit analyses of climate mitigation and adaptation policies.
Lastly, stricter regulatory oversight or employer-driven investments in adaptation (e.g.,
mandatory air conditioning or rest policies) could reduce negative externalities and im-
prove public safety.

Related literature and contributions. This paper contributes to several strands of liter-
ature. First, it closely relates to the growing body of research on the impacts of extreme
temperatures and individual adaptation. Existing studies have documented significant
adverse effects of heat exposure and examined adaptation across various contexts, includ-
ing agricultural production (Burke and Emerick, 2016; Cui, 2020; Cui and Xie, 2022; Patel,
2024), health outcomes (Deschênes and Greenstone, 2011; Barreca et al., 2016; Heutel,
Miller and Molitor, 2021), human capital formation and performance (Park et al., 2020;
Garg, Jagnani and Taraz, 2020; Sexton, Wang and Mullins, 2022), and firm operations
(Pankratz and Schiller, 2024; Balboni, Boehm and Waseem, 2024; Grover and Kahn, 2024).
By providing the first empirical evidence on how extreme temperatures influence driv-
ing behaviors, we contribute novel insights on adaptation in the transportation sector – a
critical yet under-explored setting.

Unlike prior studies, we examine a context where heat-induced performance declines
create substantial negative externalities, and adaptation investments can yield broader
public benefits. Our findings show that private adaptation investments often fall short
of socially optimal levels, underscoring the importance of cost-sharing schemes and fi-
nancial incentives in shaping adaptation outcomes. Additionally, we contribute to the
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literature on differential access to and investment in adaptation (Baylis and Boomhower,
2021; Davis et al., 2021; Park, Pankratz and Behrer, 2021) by offering potential explana-
tions.

Second, we contribute to the growing literature on the effects of environmental risks
on labor market outcomes. An extensive body of work examines how air pollution and
extreme temperatures affect labor supply (Graff Zivin and Neidell, 2014; Garg, Gibson
and Sun, 2020), productivity (Graff Zivin and Neidell, 2012; Somanathan et al., 2021;
Wang, Lin and Qiu, 2022; Rode et al., 2022), and worker reallocation (Colmer, 2021; Liu,
Shamdasani and Taraz, 2023). Recent evidence highlights heat-induced impairments in
worker performance (Picchio and van Ours, 2024) and increased workplace accidents
(Filomena and Picchio, 2024; Drescher and Janzen, 2025). We add to this literature by
providing new evidence on how workers adapt to heat exposure and how employers
make operational adjustments under extreme temperature conditions. More importantly,
we offer novel insights into how cost-sharing arrangements in labor contracts influence
workers’ adaptation decisions.

Third, our paper extends the literature on how adverse environmental conditions,
such as air pollution and natural hazards, affect traffic safety (Ferris and Newburn, 2017;
Xu and Xu, 2020; Sager, 2019; Leard and Roth, 2019; Shr et al., 2023; Krehic, 2023). These
studies typically rely on aggregated regional-level traffic accident data. We complement
this work by offering micro-level evidence on how individual drivers’ behaviors respond
to extreme heat, offering potential mechanisms behind increased traffic accidents. Our
findings also underscore the importance of accounting for the externalities of dangerous
driving behaviors on other road users.

Methodologically, we advance this literature by leveraging granular data at the indi-
vidual route (or trajectory) level, rather than relying on aggregated analyses by jurisdic-
tion, administrative region, or road segment. Using more granular data in a fixed-effects
panel model not only reduces vulnerability to different-frequency issues and data aggre-
gation bias, as highlighted by Ghanem and Smith (2021) and Cui et al. (2024), but also
enables us to exploit richer variations by constructing flexible exposure measurements.
Similar GPS and route data have been increasingly used in both environmental (Xia et al.,
2023), trade (Barnwal et al., 2024), and urban transportation economics literature (Alder,
Song and Zhu, 2023; Chen et al., 2025). The innovation of our data is that it includes
not only real-time GPS pings but also direct observations of driver behavior captured
by cameras and sensors and the personnel information. This enables us to explore the
mechanisms underlying behavioral responses and institutional arrangements.
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Outline. This paper is organized as follows. Section 2 introduces the background re-
lated to the transportation industry in China, driving monitoring systems, and drivers’
adaptation behaviors. Section 3 discusses data used in this study. Section 4 discusses
the construction of heat exposure measurements and empirical designs. Section 5 dis-
plays estimation results and heterogeneity analysis. Section 6 discusses the implication
of findings based on a simple model. Section 7 concludes.

2 Background

2.1 Transportation Industry in China

In China, the heavy-duty cargo transportation sector moves 40.3 billion tons of goods each
year, accounting for 73% of the total goods handled by the logistics industry (Ministry
of Transport of China, 2024). The industry operates 11.67 million trucks and employs
3.3 million truck drivers, representing 54% of the workforce in the cargo transportation
sector.2 As a comparison, US cargo transportation sector moves 20.2 billion tons in 2023
and 3.6 million truck drivers.3

Truck drivers must comply with regulations designed to improve road safety and
traffic flow. For instance, drivers of commercial freight and hazardous goods vehicles are
prohibited from exceeding load limits and cannot drive for more than four consecutive
hours.4 Additionally, truck operations are restricted by time and location in certain cities,
with each municipality enforcing its own rules.5

In 2023, the median income for truck drivers in China is approximately $18,000,
which is close to the national average wage of $17,242.57. In comparison, the median
income for truck drivers in the US is estimated to be $70,000 (ATA, 2021).

2Source: China Statistical Yearbook 2023.
3Source: Freight Facts and Figures by Department of Transportation and Drivers Resource Center.
4According to the ”Road Transport Vehicle Technical Management Regulations” and the ”Road Trans-

port Personnel Management Regulations,” strict limits are imposed on continuous driving time to prevent
fatigue. Specifically,

5In Guangzhou, for example, trucks are banned from certain city center roads during morning and
evening rush hours. The Guangzhou Tunnel and the Zhonghuan East and West Roads in Guangzhou
University Town are closed to truck traffic all day. The Liuhua area prohibits truck traffic from 7 am to
10 pm daily, and specific sections of Zhongshan Road and the Luoxi Bridge are also restricted to trucks at
designated times.
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2.2 Accidental Risks of Heavy-duty Trucks

Truck transportation has the highest fatality rates among all transportation modes. In
2022, there were 256,409 road accidents in China, resulting in 42,021 deaths and 149,650
injuries.6 Trucks account for 8% of total automobiles but 30% of traffic fatalities (China
Traffic Administration Bureau, 2013). Based on the Large Truck and Bus Crash Facts com-
piled by US Department of Transportation (DOT), during 2012 - 2021, during 2012–2021,
the involvement rate per 100,000 registered large trucks was 37.664, and per 100 million
vehicle miles traveled (VMT) was 1.549. Over this period, 45,400 trucks were involved
in fatal crashes, resulting in 46,283 fatalities. Among these, 13,037 were truck occupants,
while 33,246 were occupants of other vehicles or non-occupants.

Trucks are dangerous because they are heavy. Being hit by a vehicle that is 1,000
pounds heavier generates a 40–50% increase in fatality risk (Anderson and Auffhammer,
2014). As a result, the risk of truck accidents also poses significant externalities to other
vehicles on the road. For these reasons, trucks are often referred to as ”road killers.”

Another reason why trucks are dangerous in China is that the overtime and night-
time hours for heavy-duty truck drivers in China are excessively long. During our sample
period, the average driving hours (hands on the wheel) are about 8 hours. Even when
not driving, the truck drivers have excessively long on-duty hours of more than 19 hours.
Therefore, drivers tend to eat and sleep in the truck.

Based on the Large Truck and Bus Crash Facts, among driver-related factors, speed-
ing was the most common, followed by distraction (e.g., cell phone use, being lost in
thought, eating) and careless driving as the second and third most frequent driver-related
factors.

2.3 Relationship Between Truck Drivers and Company

Most local governments in China do not allow individuals to operate heavy-duty trucks.
As a result, most businesses use licensed trucking companies or truck fleets. There are two
main types of relationships between truck drivers and trucking companies: employees
and affiliated contractors.

Employee drivers have formal labor contracts. The company pays them wages and
commissions and provides social insurance. The trucks belong to the company. Em-

6Source: China Statistical Yearbook 2023.
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ployed drivers receive their tasks from the company. They have little autonomy in their
tasks and must follow the assignments from fleet managers or dispatchers. They must
also stick to planned routes to help the company optimize capacity. The company pays
for transportation insurance, truck depreciation, maintenance, and more importantly, fuel
expenses.7

On the other hand, contractors operate under the company’s brand. They usually
own their trucks and only pay a management fee to the company. The company’s role
is similar to gig economy platforms such as Uber. Contractors have more freedom in
choosing their tasks and routes. Contractors usually need to cover their own expenses.
They take on risks from traffic accidents and demand changes. They pay management
fees to the trucking company but keep the revenue from their own operations.

When employed drivers have traffic accidents, they usually depend on their com-
pany’s insurance and support. This support can include help with compensation, wage
protection, and possibly offering replacement vehicles and legal assistance. In contrast,
contractors must handle the financial losses of accidents on their own. They are responsi-
ble for accident compensation and repair costs. They also need to buy their own insurance
to help reduce these risks.

2.4 Real-Time Truck Monitoring System

A real-time truck monitoring system is a driving assistance system aimed at detecting
dangerous driving behaviors and preventing truck fleet accident risks. For commercial
vehicles, installing such monitoring systems and connecting to the government platform
is required by the Guangdong provincial government, regardless of whether the driver is
a contractor or a non-contractor.

We work with a smart driving company that offers monitoring services to truck fleets.
These services are aimed at cargo companies in Guangdong, China. The company installs
sensors and cameras and uses facial recognition technology to identify risky driving be-
haviors. It also sends immediate alerts to address potential dangers.

The systems for detecting risky driving can be divided into three groups: Driver
Monitoring Systems (DMS), Advanced Driver Assistance Systems (ADAS), and Blind
Spot Detection (BSD). DMS is camera-based system that watches the driver’s face and
eyes. It detects fatigue or distraction and issues warnings to prevent accidents caused

7The Chinese transportation regulation authorities mandate that all trucks on the road must purchase
compulsory traffic insurance.
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by inattention (see examples in Figure S2); ADAS is a sensor-based system monitors the
vehicle’s surroundings. It alerts drivers about lane departures, potential collisions, and
other risks; BSD use sensors to check blind spots around the vehicle. It warns drivers
about nearby objects or vehicles, helping to prevent accidents due to limited visibility.
Figure S3 shows how BSD works, using the right blind spot as an example.

The system is designed to provide immediate, real-time alerts to the driver when it
detects signs of fatigue, distraction, or other unsafe behaviors. For instance, if it notices
the driver’s eyes closing frequently or their head nodding due to tiredness, it will trigger
an alarm instantly. These alarms usually come as auditory signals, like a beeping sound,
to ensure the driver is notified quickly and effectively. Drivers are aware of the system
and have received the necessary training.8

This company is one of the suppliers for the government. In February 2021, the
Guangdong government launched an integrated intelligent monitoring and alarm plat-
form. This platform aims to detect and prevent road traffic safety risks in a systematic
way.9 The government sets the standards, while partner companies handle the produc-
tion, installation, and continuous maintenance of the devices.

2.5 Adaptation Behaviors and Costs

Truck drivers could adapt to the temperature shock in several ways, but all these adapta-
tion behaviors come with monetary costs or opportunity costs.

Air Conditioning. The most direct and effective adaptation behavior is turning on the
vehicle air conditioning (AC) system. However, using air conditioning could substan-
tially increase fuel consumption and expenses. Existing studies and anecdotal evidence
have shown that operating the AC cooling system puts an additional load on the en-
gine, as it requires extra power to run the compressor, leading to increased fuel consump-
tion.10 According to the U.S. Environmental Protection Agency (EPA)’s and Department

8If a driver is often flagged by the monitoring system, the consequences can be serious, especially if it
leads to accidents. These consequences can include warnings and feedback aimed at improving driving
habits. In more severe cases, drivers may face fines or even dismissal if their unsafe behavior is repeated.
These actions are taken to ensure drivers follow safety regulations.

9Guangdong Province has successfully tracked and monitored 760,000 business-purpose vehicles. The
government uses this data to send daily alerts about high-risk vehicles and their registered companies.
Since these reforms started, road traffic accidents have decreased by 71%, and fatalities have dropped by
69% for monitored vehicles compared to 2019. Sources: Ministry of Transport of PRC (in Chinese).

10Anecdotal evidence from automotive user Apps can be found here and here.
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of Energy (DOE)’s guidance, AC usage can reduce a vehicle’s fuel economy by more than
25%. A bolder estimation by the U.S. National Renewable Energy Laboratory (NREL)
in the early 2000s indicates that AC systems can reduce the fuel economy of high fuel-
economy vehicles by about 50% (Farrington and Rugh, 2000; Rugh, Hovland and Ander-
sen, 2004). More rigorous estimations from automobile and thermal engineering studies
convey numbers of similar magnitude (Huff, West and Thomas, 2013; Lee et al., 2013; Wu
et al., 2022). Therefore, using a conservative estimation, the fuel consumption of a truck
would increase by about 25% after the air conditioning is turned on.

At the same time, fuel (diesel) expenses are one of the major costs for operational
trucks, which could account for about 50% of the total operational cost.11 Therefore, to
save fuel and reduce operating costs, truck drivers who are responsible for covering their
own fuel expenses (e.g., contractors in our context) may opt not to use the AC system,
particularly when the cargo does not require temperature control. Although we do not
directly monitor vehicles’ AC status, the hypothesis that truck drivers do not always turn
on the AC can be indirectly supported by snapshots from our raw DMS system data.
As Appendix Figure S4 shows, the camera originally installed to capture drivers’ facial
information also recorded instances where the cabin window was open. This suggests
that, at those moments, the drivers were likely not using the AC system.

Resting. Another direct adaptation behavior is taking rests, for example in shaded or
naturally cooler areas or at designated rest stops along highways. This allows drivers to
recover from the heat. The potential cost associated with this behavior is primarily the
opportunity cost of time spent resting, which may reduce the total number of shipments a
driver can complete. In our data, we measure resting behavior by identifying consecutive
time intervals during which trucks remain at the same location with no speed throughout
the period.12

As the monetary cost of resting is indirect and less salient to drivers and fleets, it
is hard to calibrate based on previous studies. Therefore, we measure the resting cost
related to heat exposure using the total productivity loss estimated from our data. We
elaborate on this in section 6.

11According to China 2021 Road Freight Industry Key Enterprises Operational Report by China Feder-
ation of Logistics and Purchasing, toll fees, fuel costs, driver wages, and vehicle depreciation are the four
main expenses, accounting for 32.1%, 30.1%, 19.7%, and 13.3%, respectively. In terms of operational cost (
variable cost), fuel expenses account for about 48.4%.

12GPS records location and motion data even if the vehicle engine is not started. Therefore, we have
24-hour complete records for every vehicle every day.
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3 Data

This paper combines detailed GPS and truck monitor sensor data with high-resolution
weather conditions and air pollution monitor data. We discuss each data source as fol-
lows.

3.1 Real-time GPS and Warning Data

Our dataset includes around 10,000 heavy-duty trucks and truck drivers, and approxi-
mately 130 freight companies, covering the sample period from March 2023 to June 2024.

Every truck in our dataset is installed with real-time GPS sensors that record geo-
coordinates (longitude and latitude), direction (in angles from 0 to 360), instantaneous
speed (km/h), and engine status (activated or inactivated). Our data records GPS sen-
sor readings every 20 seconds when the truck is moving and every 2 minutes when the
truck remains not moving. Each reading in the raw data corresponds to a geocoded point
with the variables mentioned above. Similar real-time GPS reading data have been used
by previous studies on congestion and traffic flows (Alder, Song and Zhu, 2023; Chen
et al., 2025). In addition to regular interval observations, our data also include additional
GPS readings whenever a sensor warning is triggered. For these incidental readings, we
observe the exact type of warning and the corresponding sensor that triggered it.

A unique feature of our data is that we observe warnings from sensors installed on
the truck to measure dangerous driving behaviors directly. The data comes from the full
recording of the Driver Monitoring System (DMS), Advanced Driver Assistance Systems
(ADAS), and Blind Spot Detection (BSD). These systems are integrated to form the com-
plete truck driving monitoring system. The DMS employs an in-cabin camera to monitor
the driver’s face and eyes, detecting signs of fatigue or distraction through artificial intel-
ligence techniques based on facial recognition and tracking algorithms. For example, if a
driver is detected with a wide-open mouth, the algorithm identifies it as yawning, which
is then classified as fatigued driving. As long as a pre-defined behavior is detected, the
camera will upload the snapshot photos to the system background. Figure S2 shows three
examples of snapshots. The ADAS sensors are mainly installed outside the vehicle and
capture incidents such as blind spot detection, lane departure, and following too closely,
etc.

Table 1 reports descriptive statistics for daily aggregated outcomes derived from real-
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time GPS and warning data. On average, a driver triggers 13 warnings for every 100 km
of driving. Blind spot warnings represent the largest share, accounting for approximately
40% of all warnings. Among warnings captured by inside-cabin sensors, distraction is
the most frequently recorded category.

Figure S5 displays the number of warning records per hour over the course of an
example day. Two patterns emerge from this figure. First, the number of warnings from
outside-cabin sensors (ADAS and BSD) exceeds those from inside-cabin sensors (DMS).
The top three warnings from outside-cabin sensors are right blind spot, collision, and lane
departure warnings.13 Second, the number of warnings is higher during the middle of the
day, when the temperature is highest, which suggests a correlation between temperature
and dangerous driving behavior.

3.2 Weather and Pollution Data

Weather. We collect weather data from the ERA5-Land reanalysis dataset provided by
the European Centre for Medium-Range Weather Forecasts (ECMWF). Reanalysis data
are generated by integrating atmospheric models with local station observations. ERA5-
Land offers global hourly surface weather data on a 0.1◦ × 0.1◦ grid (approximately 9 × 9
km) dating back to 1950. For this study, we identify grids within Guangdong province
and extract a range of weather variables –including air temperature, dew point temper-
ature, precipitation, wind speed, and wind direction – for the period from March 2023
to June 2024. Compared to ground monitoring station data, ERA5-Land provides higher
spatial granularity, allowing us to better capture spatial variations in weather conditions.
Figure 1(a) plots the grid locations along with the corresponding average daily temper-
atures. Over the sample period, the average temperature ranges from 16◦ to 28◦ across
grid locations.

In addition to these key weather conditions, we assemble from the ERA5 dataset
additional meteorological variables and surface characteristics from the ERA5 dataset,
such as UV radiation, total cloud cover, vegetation cover, and leaf area index, which are
primarily used as controls. Although the ERA5 dataset offers a broader range of variables,
it has a coarser spatial resolution of 0.25◦ × 0.25◦. To harmonize the spatial resolutions
of the two datasets, we apply linear interpolation to refine the ERA5 data to match the
resolution of ERA5-Land.

13China is a left-hand drive country, meaning the driver and steering wheel are positioned on the left
side of the vehicle. Therefore, the right blind spot is the major blind spot.
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Air Pollution. China began real-time automatic air pollution monitoring in 2013. We
collect hourly air pollution data, including the Air Quality Index (AQI) and pollutant
concentrations, from all 154 monitoring stations in Guangdong province for the period
between March 2023 and June 2024. To integrate these station-level records with other
datasets, we interpolate the pollution measurements onto a 0.1◦ × 0.1◦ grid using the
nearest neighbor method.

3.3 Auxiliary Data

Personnel Information. To acquire information about the relationship between the truck
fleet, either as an employer-employee relationship or a contractor arrangement, we con-
duct a phone call interview of all truck companies that install the truck sensor provided
by our collaborated company.14 If the company has contractor drivers, then the company
would be categorized as a contractor arrangement. If all drivers are employed by the
company, then the company would be categorized as an employer-employee arrange-
ment (non-contractor). We successfully gathered data on 104 trucking companies, whose
trucks account for approximately 37.3% of all trucks in our sample.

Truck Fleets Information. We collect information about the type of business and the
type of cargo carried by the truck fleets, combining phone call interviews with man-
ual searches through a Chinese enterprise information platform.15 The type of busi-
ness is categorized based on the industrial classification for national economic activi-
ties. Specifically, we use this classification to distinguish between passenger transporta-
tion and goods transportation. In terms of cargo type, general merchandise, seafood,
steel, sand and soil, and electronics are classified as non-hazardous cargo, while liquefied
petroleum gas, gas cylinders, chemicals, and other flammable and explosive hazardous
materials are classified as hazardous cargo.

Geographic Characteristics. We collect elevation and slope data from the ASTER Global
Digital Elevation Model Version 3, which provides a global elevation model at a spatial
resolution of approximately 30 meters. Additionally, we obtain data on water features,
such as rivers and lakes, from OpenStreetMap. To measure road conditions, we overlay

14In our context, depending on the type of fleet business, the relationship between the fleet and the driver
is likely to be consistent.

15Source: https://www.tianyancha.com.
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these geographic layers onto daily routes to calculate the average elevation, slope, and
proportion of water areas along each route.

GIS data. We compile Geographic Information System (GIS) data on administrative ju-
risdiction boundaries and road networks in Guangdong Province based on geocoded
maps from National Platform for Common GeoSpatial Information Services.

4 Empirical Design

4.1 Constructing Route-Based Temperature Exposure

One empirical challenge of this paper is to measure drivers’ exposure to temperature
shocks while they are moving across large spatial areas. In the canonical context of the
temperature literature, the object of interest typically remains within a fixed location or
jurisdiction area throughout the study period.16 In these scenarios, researchers match
the object’s fixed location or jurisdiction with weather records within that region. Tem-
perature exposure is then measured by averaging data across the corresponding spatial
area.

Our context differs from previous studies due to the high granularity of our data,
both spatially and temporally, as we observe drivers’ locations every twenty seconds.
Consequently, within the typical time intervals for which weather records are available
(e.g., one hour or three hours), a driver’s route often spans multiple locations. One poten-
tial solution is to aggregate the data to a spatial unit with fixed geographic boundaries,
such as a city or county, and measure the temperature exposure by averaging over the en-
tire region. However, estimating temperature effects using such aggregated temperature
exposure over large spatial areas may cause bias due to non-classical measurement error
(Carson and Yu, 2024) or the presence of unit-specific response heterogeneity (Ghanem
and Smith, 2021). In our specific context, this approach could overlook important spa-
tial variations in temperature and fail to capture the dynamic cumulative effects of heat
exposure on driving behaviors.17

16Most studies assume the object moves but primarily within specific administrative boundaries (e.g.,
counties or cities). In such cases, data is aggregated at the level of these jurisdictions, and information on
spatial movements within the boundaries is omitted.

17For example, if a warning is triggered when a driver passes through city A, this approach might incor-
rectly attribute the warning to city A’s temperature, even if the associated dangerous driving behavior is
caused by cumulative heat exposure along the route outside city A.
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We overcome the challenge by extending the standard measurement and construct-
ing route-specific temperature exposures. Figure S1 illustrates our approach. Specifi-
cally, for a driver i, we sequentially connect all GPS locations (blue points) and warning-
triggered locations (red points) based on their timestamps. This generates a route within
each time interval of the ERA5-Land data (i.e., one hour in our setting). Next, we over-
lay the route with the ERA5-Land grid and identify the set of overlapped pixels during
hour h on day t, denoted as Pht

18 For each pixel p ∈ Pht, we calculate the duration (or
driving distance) associated with the overlaid route segment, denoted as dipht. Each pixel
p has a specific temperature reading Tpht. We assign Tpht into a set of temperature bins
B = {[≤ 6◦C], [9 − 12◦C], ..., [30 − 33◦C], [> 33◦C]}, and define the duration of driver i’s
exposure to temperature in bin k ∈ B for hour h on day t as follows:

diht(k) = ∑
p∈Pht

dipht · 1[Tpht ∈ k].

In the main specification, for computational efficiency, we aggregated the data for
each driver by date, making the unit of observation a driver-day. We show in the Ap-
pendix that our main findings are robust when the data is instead aggregated to the
driver-by-hour level.

With the daily sample, we construct two measures of temperature exposure. First,
to characterize the distribution of temperature exposure within a day, we calculate the
number of hours with temperature exposure falling into each bin:

Dit =

{
dit([≤ 6◦C]), dit([6 − 9◦C]), ..., dit([30 − 33◦C]), dit([> 30◦C])

}
,

where

dit(·) = ∑
h

diht(·).

Figure 1(b) plots the average number of hours per day that drivers are exposed to tem-
peratures within each bin. Guangdong is located in a hot climate region and drivers on
average experience temperature exposure above 24◦C for more than half of a day. The
advantages of this measure is that it fully leverages the high granularity of our data,
capturing rich variations in temperature exposure across different times and locations.
Compared to prior panel-data studies that primarily use regional temperature anomalies,

18In this example, |Pht| = 4.
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our approach accounts for the temperature variation stemming from the combination of
various locations formed by truck routes spanning large spatial areas. This richness in
variation, as we will explain in the next section, is important for identifying the nonlinear
effects of temperature exposure.

In addition to the binned temperature measures, we also calculate the duration-
weighted average temperature exposure in a day as:

Tit = ∑
h

dipht

∑p∈Pht
dipht

· Tpht.

Using the same approach, we compute drivers’ weighted average exposure to various
meteorological and road conditions, such as precipitation, wind speed, slope, elevation,
etc.

4.2 Econometric Model

For sensor i on date t, we estimate the following model to examine the non-linear effects
of temperature exposure on driving behavior:

Yit = ∑
k∈B

ρk dit(k)︸ ︷︷ ︸
temperature distribution

+γ′Xit + αi + δt + εit,
(1)

where the outcome of interest Yit is modeled as a function of the duration of temperature
exposure dit(k), which is defined as the number of hours in a day with exposed temper-
ature falling into specific bins k ∈ B = {[≤ 6◦C], [6 − 9◦C], ..., [30 − 33◦C], [> 33◦C]}.
We omit the duration for temperature bin [18 − 21◦C] and regard it as the reference cate-
gory. The parameters of interest ρk capture the effect of an additional hour of exposure to
temperatures in bin k,relative to exposure to temperatures in the reference category, i.e.,
18-21◦C.19

We control for a comprehensive set of route-specific variables, Xit, including topo-
graphical characteristics like average elevation and slope; pollution exposure measured

19Our specification exploits the within-variation in distribution of temperature exposure within a day
instead of average temperature exposure. Intuitively, consider a simple example of two drivers A and B in
a day, both of them drive for 10 hours and the average temperature exposure of 24◦C. Driver A drives in
24◦C conditions for 10 hours. Driver B, however, experiences more fluctuating heat exposure, driving in
18◦C for five hours and 30◦C for another five hours. Using the duration of exposure to temperatures in each
category, we are comparing whether driver B makes more mistakes due to longer exposure to temperatures
30◦C.
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by average AQI; and average exposure to other meteorological conditions, such as pre-
cipitation, wind speed and direction, among others. The average pollution and weather
controls are constructed in the same way as the average temperature exposure. To allow
for non-linearity, we include quadratic terms for average precipitation and wind speed in
the model.

We include sensor-device fixed effects αi and date fixed effects δt. During our sample
period, changes in drivers and trucks are rare; therefore, αi effectively also controls for
driver-by-truck fixed effects. In the Appendix, we demonstrate that the results are robust
to alternative combinations of time fixed effects. In the context of our study, delivery
destinations and routes are determined by the shipping company, making it unlikely for
drivers to select routes based on the spatial distribution of heat. Therefore, the tempera-
ture exposure measure can be considered exogenous to other factors influencing driving
behaviors, particularly after controlling for time and truck fixed effects. Standard errors
are clustered at the device level.

To account for potential spatial differentiation between routes – such as differences
between urban and rural areas or plains and mountainous regions – we conduct a ro-
bustness check and show that the coefficient estimates remain largely unchanged when
including route-specific spatial dummies indicating whether the route crosses specific re-
gions.

In the main specification, we use an intensity measure of the outcome Yit, defined as
the number of alarms per 100 km of driving. The regressions are weighted by the driving
distance. Our results are robust when we instead use the absolute number of alarms as
the outcome and include the total driving distance as a control. These alternative specifi-
cations are discussed in greater detail in the results section.

5 Results

5.1 Effects of Heat Exposure on Dangerous Driving Behaviors

We first present baseline regression results estimated using Equation 1. Figure 2 plots the
temperature response function for the intensity of alarms, measured by the number of
alarms per 100 km of driving. Blue dots are point estimates and gray caps are associated
95% confidence intervals. Estimates are relative to temperature between 18-21◦C, i.e., the
omitted reference group, and are shown for each temperature bin in degrees Centigrade.

18



We find that the intensity of dangerous driving behaviors increases during hot tem-
peratures relative to mild ones. For temperatures above 27◦C, the number of alarms per
100 km rises notably, with the effect becoming particularly pronounced at temperatures
above 33◦C. The effects of extremely high temperature (above 33◦C) are positive and sta-
tistically significant. The point estimate suggests that an extra hour with temperature
exposure higher than 33◦C increases the number of alarms by 0.4 per 100 km of driving,
compared to an hour of exposure between 18-21◦C. Given that the average daily alarm in-
tensity for a sample driver is 13.2 per 100 km of driving, this corresponds to a 3% increase
in the incidence of dangerous driving behaviors for the average driver.

The implied costs from heat-induced dangerous driving behaviors are economically
significant. To quantify the monetized losses, we calibrate the elasticity of crashes to dan-
gerous driving behaviors using data from the US DOT’s Large Truck and Bus Crash Facts.
Our findings indicate that a 3% increase in dangerous driving behaviors corresponds to a
2.4% rise in accidents for a sample truck driver. At the aggregate level, there were 43,444
truck-related accidents in 2023, resulting in $11.67 billion in losses. Based on our estimate,
if all truck drivers were to jointly experience an extra hour with temperatures above 33◦C
instead of 18–21◦C, the total number of accidents would increase by 1,042, with economic
losses rising by $280 million. Detailed calculations of the monetized costs are provided in
Section 6.1.

5.2 Mechanisms

5.2.1 Extensive vs Intensive Margins

The heat-induced alarms may stem from two distinct channels: the extensive margin,
where more drivers trigger alarms during hot temperatures, and the intensive margin,
where individual drivers trigger a greater number of alarms. Figure 3 presents the esti-
mated effects of temperature on the two margins separately. The left panel captures the
extensive margin by estimating the effect of temperature on the likelihood of a driver
triggering any alarms in a day. The results indicate that temperature has minimal impact
on the extensive margin - the probability of a driver triggering at least one alarm remains
statistically indistinguishable from zero across all temperature ranges.

In the right panel of Figure 3, we estimate the effect of temperature on alarm inten-
sity, restricting the sample to observations with at least one alarm in a day. The results
reveal that temperature strongly affects the intensive margin among drivers who trigger
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alarms. For these drivers, the number of alarms per 100 km increases dramatically at
higher temperatures. This pattern suggests that the surge in dangerous driving behav-
ior during hot weather is primarily from increased safety violations among drivers who
already exhibit compromised driving habits, rather than from a broader deterioration in
driving safety across the population. Specifically, while the proportion of drivers receiv-
ing safety alerts remains constant, the frequency and severity of their dangerous driving
incidents escalate significantly under extreme heat conditions.

5.2.2 Inside-Cabin vs Outside-Cabin Behaviors

To understand the driving behaviors that trigger these safety alarms, we disaggregate
our analysis by alarm type and estimate the temperature effects separately. Alarms are
first classified into two broad groups: those related to outside conditions, captured by
the vehicle’s external sensors, and those related to inside conditions, monitored by the
interior camera. Next, we further decompose these alarms into specific categories. This
classification allows us to examine how extreme temperatures influence both external
driving challenges and internal driver behaviors.

For ease of interpretation and comparison, Table 2 reports the estimated coefficients
for each alarm category, focusing only on the >33◦C temperature bin .20 These estimates
capture the relative change in the number of alarms per 100 km of driving associated
with one additional hour of temperature exposure above 33◦C, compared to exposure
within the 18-21◦C range. Results are presented separately for alarms related to outside
conditions (columns 1–5) and inside conditions (columns 6–8).

Among alarms associated with drivers’ responses to outside conditions, blind spot
alarms exhibit the largest increase under extreme heat (>33◦C). Extreme heat also raises
the likelihood of aggressive driving, as evidenced by increases in alarms due to follow-
ing too closely, collision risks, and lane departures. These findings suggest that extreme
heat significantly impairs drivers’ spatial awareness and their ability to maintain safe
distances from other vehicles. In contrast, speeding alarms, which occur much less fre-
quently, exhibit a slight decrease, possibly indicating that drivers moderate their speed
during extreme heat conditions.

For inside conditions, exposure to extreme heat significantly increases alarms related
to impairments in drivers’ cognitive and physical performance. During hot temperatures,
drivers are more likely to become distracted, such as by checking their cellphones, mak-

20The full set of coefficient estimates for all temperature categories is presented in Figure S6.
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ing phone calls, or smoking, which reflects a diminished ability to maintain focus. We
also observe a significant increase in alarms associated with fatigued driving, suggest-
ing that extreme heat intensifies physical exhaustion, which can impair reaction times
and decision-making. Additionally, alarms for hands-off steering wheel, though less fre-
quent, also rise, signaling a loss of control or attentiveness in critical situations. These
results highlight how extreme heat impairs drivers’ performance internally, by directly
affecting their concentration, alertness, and physical engagement with the vehicle.

To compare the total effects on behaviors related to outside versus inside conditions,
Figure S7 shows the estimated effects of temperature on these two groups of alarms.
Alarms related to outside conditions increase significantly at temperatures above 27◦C. In
contrast, alarms related to inside conditions remain stable across most temperatures but
rise sharply when temperatures exceed 33◦C. Notably, over 80% of the alarms triggered
during extreme heat (>33◦C) are related to outside conditions.

5.2.3 Safety Protocols and Perceived Accident Costs

Extreme heat may have differential impacts on driving behaviors due to variations in
safety protocols, regulatory oversight, and risk perceptions across transport categories.
For instance, passenger transportation and hazardous cargo operations often involve
stricter regulations, higher stakes, and more severe accident consequences as perceived
by drivers. These factors likely incentivize more cautious driving compared to non-
passenger or non-hazardous transport. To explore these heterogeneous responses, we
classify vehicles based on their company’s business scope and estimate temperature ef-
fects separately for each group.

Figure 4 examines the heterogeneity in alarm intensity by estimating the effects of
temperature exposure across various transport categories. In Panel (a), vehicles are clas-
sified based on their company’s business scope into passenger transportation (e.g., buses)
and non-passenger transportation (e.g., freight or goods transport). The results indicate
that while alarm intensity increases significantly for both groups at extreme tempera-
tures, the effect is notably larger for non-passenger vehicles. In Panel (b), we categorize
vehicles by cargo type, distinguishing those transporting hazardous goods (e.g., chemi-
cals, flammable, or explosive materials) and those carrying non-hazardous cargo. Similar
patterns emerge: vehicles carrying non-hazardous cargo exhibit markedly stronger re-
sponses to extreme temperatures compared to those transporting hazardous materials.

These heterogeneous effects suggest that the relationship between temperature and
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dangerous driving behavior varies systematically with the potential costs of accidents.
Transport categories associated with higher accident costs – passenger transportation and
hazardous materials – show more modest responses to temperature increases. This pat-
tern is consistent with a risk-compensation framework, where drivers’ behavior reflects
the expected costs of accidents. When potential accident costs are high, as in passenger
transport or hazardous cargo operations, drivers appear to maintain stricter safety proto-
cols even under adverse conditions. Conversely, in operations where accident costs are
relatively lower, drivers exhibit greater sensitivity to heat stress, likely due to reduced
incentives to maintain rigorous safety practices under challenging conditions.

These findings highlight the interplay between economic incentives and environ-
mental stressors in shaping workplace safety behavior. The results imply that existing
regulatory frameworks and liability structures in high-stakes transport operations can
effectively motivate sustained safety practices. However, additional interventions may
be necessary in lower-stakes operations, where heat-related safety deterioration is more
pronounced and regulatory oversight may be less stringent.

5.3 Effects of Heat Exposure on Driving Intensity and Speed

Extreme heat can impact drivers’ productivity, influencing both the intensity and effi-
ciency of their work. In the transportation sector, where time, distance, and speed are
critical performance metrics, understanding how drivers adjust their work patterns under
adverse environmental conditions has important implications for operational efficiency.
To explore these adjustments, Figure 5 plots the estimated effects of temperature on vari-
ous measures of driving activity, including driving distance, hours, and speed.

Panel (a) of Figure 5 shows the effects of temperature on daily driving distance and
hours, both measured in logarithms. We find significant reductions in both metrics during
extreme heat exposure. For driving distance, one additional hour of exposure to temper-
atures above 33◦C leads to a sharp decrease of more than 4%. Given the mean driving
distance of 150 km, this translates to an average reduction of 6 km per day. Similarly,
driving hours decrease by approximately 2% with one additional hour of exposure above
33◦C, equivalent to a 0.2-hour reduction in daily work time. These findings indicate that
extreme heat substantially reduces drivers’ overall work intensity, likely driven by heat-
induced fatigue and associated safety concerns.

Panel (b) of Figure 5 shows the temperature effects on driving speed. Both mean
and maximum speeds demonstrate significant declines during extreme heat. This reduc-
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tion in speed, combined with the decreased work intensity, suggests that drivers adjust
their behaviors comprehensively in response to heat stress. These adjustments align with
compensatory strategies. Specifically, drivers respond to the physical and cognitive strain
caused by extreme heat by reducing work intensity and driving speed, aiming to maintain
safety under challenging environmental conditions.

How do transportation companies adjust their operations given the decline in indi-
vidual drivers’ productivity during extreme heat? To address this question, we aggre-
gate the data to the company-by-day level, measuring total workload, the number of
active drivers, and the average distribution of temperature exposure for tasks. Figure 6
reveals that while the total daily driving distance remains largely unchanged, transporta-
tion companies deploy more drivers on hotter days to maintain operational capacity. This
suggests that companies respond to heat-induced productivity losses by redistributing
tasks across a larger pool of drivers.

5.4 Evidence on Adaptation

Drivers may adapt to extreme heat through both short-term adjustments and long-term
acclimatization. Understanding these adaptive behaviors is crucial for evaluating how
drivers navigate heat-related pressures and balance the trade-off between productivity
and safety. Immediate responses, such as taking more frequent or longer breaks, repre-
sent a short-term strategy to manage heat stress. Over time, long-term acclimatization
may lead to reduced sensitivity to heat exposure, particularly among more experienced
drivers. In this section, we turn to exploring drivers’ adaptation, in terms of both adjust-
ments in resting behavior and differences in heat sensitivity.

Figure 7 presents the estimated effects of temperature on the frequency and average
duration of rests. We classify rests into two categories based on their duration: short rests,
lasting less than one hour, and long rests, lasting more than one hour. During extreme
heat, short rests show a significant increase in frequency, but their average duration re-
mains unchanged across temperature ranges, suggesting that drivers take more frequent
quick breaks to manage heat stress. For long rests, we document a significant increase
in both frequency and average duration during extreme heat. Specifically, with one ad-
ditional hour of exposure of temperature above 33◦C, the average duration of long rests
increases by about 0.02 hours per 100 km of driving. To put this estimate in economic
perspective, given the mean daily driving distance of approximately 150 km, if all 9,600
drivers in our sample were exposed to an additional hour of temperatures above 33◦C,
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the cumulative time spent on rests would increase by 288 hours, equivalent to a loss of 36
standard workdays.21 These results suggest individual driver’s adaptation to heat stress
can be costly and lead to notable productivity losses at the aggregate level.

Next, to examine long-term adaptation patterns, we analyze how temperature re-
sponses vary with drivers’ historical heat exposure and baseline performance. First, we
classify drivers into two groups based on whether their average temperature exposure
during the sample period is above or below 24◦C. Panel (a) of Figure 8 presents the es-
timation results. Drivers with greater exposure to hot temperatures are significantly less
likely to trigger safety alarms during extreme heat compared to those with lower expo-
sure. This suggests that regular exposure to hotter conditions may foster acclimatization,
enabling these drivers to better deal with heat stress and maintain safe driving perfor-
mance under extreme temperatures.

In Panel (b) of Figure 8, drivers are classified, based on their average alarm inten-
sity during mild temperatures (i.e., days with average temperature exposure ≤21◦C),
into high-performing group (those below the median) and low-performing group (those
above the median). High-performing drivers show significantly fewer increases in alarm-
triggering behaviors in response to hot temperatures, compared to low-performing drivers.
This difference likely reflects their ability to maintain safer driving practices under ex-
treme heat. High-performing drivers may possess greater driving skills, more experience,
or better training, which enable them to adapt more effectively to challenging conditions
caused by extreme heat.

5.5 The Role of Adaptation Cost-Bearing Schemes

The heavy-duty transportation industry is characterized by two distinct driver employ-
ment models: independent contractors who own their vehicles and bear all operational
expenses, and company-employed drivers whose operational costs are covered by their
employers.22 These different cost-bearing schemes can shape drivers’ responses to ex-
treme heat. Contractors, facing greater financial pressures and operational risks, may
be more sensitive to fuel costs, leading them to minimize air conditioning usage even at
the potential expense of driving performance. To explore how these different cost-bearing
schemes affect driving behaviors under extreme heat, Figure 9 presents the heterogeneous
effects of temperature on alarm intensity across contractors and non-contractors.

21The calculation assumes a standard workday consists of 8 hours of productive driving time.
22Section 2.3 provides more details about these two types of cost-bearing schemes.
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Contractors bear the most severe impacts of high temperatures, as evidenced by their
significantly higher alarm intensity compared to employed drivers. An additional hour
of exposure to temperatures above 33◦C increases the number of alarms per 100 km of
driving by 0.6 for contractors – almost three times that of non-contractors. The results
suggest that contractors are much more likely to have dangerous driving behaviors under
extreme heat, relative to employed drivers.

We provide evidence that the heterogeneous responses between contractors and non-
contractors are likely driven by differences in air conditioning usage.23 Panel (a) of Figure
10 examines temperature effects by daily driving distance. We classify the sample into
three groups based on drivers’ daily driving distance: 0–100 km, 100–200 km, and >200
km. Drivers who travel longer distances are more likely to spend a greater proportion of
their time on highways, where they must keep windows closed to reduce wind resistance,
noise, and dust. This makes it more likely for them to turn on air conditioning for cooling.
The results show that, for contractors, those driving longer distances exhibit reduced sen-
sitivity to high temperatures compared to those driving shorter distances, as indicated
by fewer alarms during extreme heat. For non-contractors, temperature effects across
driving distances are mostly comparable, except when temperatures exceed 33◦C. The
pronounced reduction in alarms among contractors who driver longer distances likely
reflects their higher reliance on air conditioning during highway driving.

Panel (b) of Figure 10 explores temperature effects under varying cloud cover con-
ditions. Higher cloud cover reduces direct solar radiation, potentially lowering the per-
ceived or ”feels-like” temperature within the cabin and reducing the need for air con-
ditioning. For contractors, alarm intensity during extreme heat is significantly lower on
days with high cloud cover compared to days with low cloud cover. Notably, under high-
cloud conditions, the effect of temperature on contractors is similar to that observed for
non-contractors, implying that when in-cabin heat stress is less severe, the gap in adapta-
tion behaviors between the two groups narrows. In contrast, non-contractors exhibit no
meaningful differences in alarm intensity across cloud cover conditions.

To provide further support for this cooling strategy channel, we analyze the likeli-
hood of drivers keeping their side windows open as a proxy for their air conditioning
usage. Since opening the driver-side window often serves as a substitute for air condi-
tioning, this measure helps assess differences in adaptation behaviors. To construct this
dataset, we employ computer vision techniques to process a sample of in-cabin camera

23Section 5.6 provides additional evidence that this heterogeneity is not attributable to differences in
driver characteristics, exposure to diverse weather conditions, or transport categories.
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images and detect whether the driver-side window is open or closed in each frame. We
then match the window status data with contemporary weather conditions based on the
time when each image was taken and the corresponding GPS location of the vehicle.

Figure 11 shows that while both contractors and non-contractors are less likely to
leave their windows open as temperatures exceed 24◦C, contractors’ window decisions
are significantly less responsive to temperature increases. For non-contractors, the proba-
bility of driving with the window open declines sharply once temperatures exceed 21◦C.
Interestingly, contractors initially increase their window-opening behavior when temper-
atures rise from 18–21◦C to 21–24◦C, before eventually reducing it at even higher temper-
atures. This pattern suggests that contractors may initially rely on opening windows to
cope with heat but switch strategies as temperatures become more extreme, likely due to
diminishing cooling effectiveness or increasing discomfort from external air. These find-
ings reinforce the idea that contractors, facing higher fuel costs, are more likely to forgo
air conditioning as a cost-saving measure, making them more vulnerable to heat-induced
driving risks.

The heightened risk among contractors during extreme heat is accompanied by larger
declines in productivity and increased reliance on breaks. To investigate how contrac-
tors and non-contractors adjust their driving activities under heat stress, Figure 12 exam-
ines the effects of temperature on driving intensity and speed. Contractors experience a
sharper reduction in both driving distance and hours compared to non-contractors dur-
ing hot temperatures. Additionally, contractors exhibit a more pronounced decrease in
mean and maximum speeds. These results point to larger productivity losses among con-
tractors when exposed to extreme heat.

Figure 13 further examines differences in resting behavior between contractors and
non-contractors under varying temperature conditions. Consistent with previous find-
ings, both groups increase the frequency of short and long rests and the average duration
of long rests during hot temperatures. However, these adjustments are significantly more
pronounced among contractors. For instance, an additional hour of exposure to temper-
atures above 33◦C increases the average duration of long rests among contractors by 0.08
hours (4.8 minutes), nearly four times the increase observed for non-contractors. The re-
sults reveal the more intensive adjustments contractors make in response to extreme heat,
likely reflecting their greater need to manage heat stress.

These findings shed light on how different cost-bearing and incentive structures in
the transportation industry create divergent responses to heat conditions. Unlike em-
ployed drivers who benefit from company-provided insurance, maintenance coverage,
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and fuel expenses, contractors, who bear all operational costs and risks, may under-invest
in costly adaptation strategies, such as consistent air conditioning use, and instead rely
on less expensive alternatives, like taking more frequent or longer rests. This ineffective
level of adaptation not only reduces contractors’ productivity but also heightens safety
risks, emphasizing the need for targeted policies to support contractors in managing the
challenges of extreme heat effectively. For example, policymakers and cargo companies
could incentivize safer driving behaviors among contractors through fuel subsidies, heat-
specific training programs, or insurance support.

5.6 Robustness Checks and Additional Results

Alternative Model Specifications. Our results are robust to alternative measures of
temperature exposure and model specifications, as presented in Figure S8. In Panel (a),
we re-estimate Equation 1 using binary indicators for whether the daily average temper-
ature exposure falls within specific ranges as the temperature variables on the right-hand
side. Panel (b) measures temperature exposure by calculating the driving distance (in
kilometers) with temperatures falling into each range. Panel (c) measures alarm inten-
sity using the total number of alarms per hour of driving. In Panel (d), we re-estimate
Equation 1 by replacing date fixed effects with various combinations of alternative time
fixed effects. Panel (e) applies a Poisson regression model, while Panel (f) estimates an
unweighted version of Equation 1. Similarly, as shown in Figure S9, we find consistent re-
sults when using the total number of alarms as the dependent variable while controlling
for driving distance or hours.

Controlling for Additional Meteorological Conditions. Our findings remain robust
when additional meteorological variables are included as controls. Figure S10 presents
the estimation results. First, humidity conditions, which are correlated with temperature,
may influence drivers’ behaviors. Since the ERA5 dataset does not provide humidity in-
formation, we use two proxies instead: relative humidity and dew point temperature.
Second, cloud conditions can influence apparent temperature and driving behavior. We
account for this by including the proportion of the area covered by clouds as a control
variable. Third, we incorporate daily average UV radiation as an additional control to
account for its potential effects on driving visibility under intense sunlight.
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Controlling for Additional Road Conditions. Drivers on different trips may encounter
varying road conditions, which could confound the analysis. To address these concerns,
our main model specification includes controls for elevation, slope, and the share of water
areas. In Figure S11, we show that our coefficient estimates remain largely unchanged
when additional road condition controls are included. First, we control for the fraction
of areas covered by vegetation, such as trees or woodland. Second, we account for the
density of leaf area in a given ground area. Third, for each route a driver follows in a day,
we create binary indicators for whether the route passes through specific counties and
include these indicators as additional controls in the regression. This approach allows us
to flexibly account for unobserved county-level differences, such as urbanization levels,
road quality, traffic regulations, or regional policies, that may influence driving behavior.

Controlling for Traffic Conditions. Temperature may also affect traffic conditions, such
as causing congestion, which could influence driving behavior and safety outcomes. To
address this potential confounding factor, we conduct robustness checks using different
proxies for traffic conditions. The results are presented in Figure S12. First, we incorpo-
rate mean driving speed as a control variable (Panel a). Since higher traffic congestion
often leads to lower speeds, controlling for mean speed helps account for variations in
traffic intensity that might confound the relationship between temperature and alarm
intensity. Second, we focus on non-blind-spot alarms while controlling for blind-spot
alarms (Panel b). Since blind-spot alarms mainly capture the surrounding conditions,
such as nearby vehicles or pedestrians, this approach helps isolate the effect of tempera-
ture on alarms that are less directly influenced by external traffic factors. Third, we adopt
a more conservative strategy by restricting the analysis to alarms related to inside con-
ditions while controlling for alarms related to outside conditions (Panel c). Alarms tied
to outside conditions, such as collisions or following too closely, are more likely to reflect
external traffic dynamics. Controlling for these outside alarms further isolates the direct
impact of temperature on drivers’ internal behaviors. Across all three approaches, our
results remain robust, with coefficient estimates mostly unchanged.

Ruling Out Alternative Explanations for Contractor Heterogeneity. We conduct com-
prehensive analyses to show that the heterogeneity between contractors vs non-contractors
cannot be explained by differences in driver characteristics, exposure to diverse weather
conditions, or transport categories. We start with comparing contractors to non-contractors
in terms of their driving characteristics and exposure to various environmental condi-
tions. Figure S13 confirms that both groups have a similar distribution of temperature
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exposure over the sample period. Table S1 provides a balance check between companies
operating as contractors and those operating as non-contractors. Across most dimensions,
such as resting behavior and weather exposure, the two groups exhibit comparable pat-
terns. Only a few notable differences emerge: on average, contractor companies are less
likely to engage in passenger transportation, and drivers associated with these companies
tend to work for slightly longer distances.

Next, we demonstrate that these potential differences in transport categories or base-
line driving performance do not explain the heterogeneous responses between contrac-
tors and non-contractors. Figure S14 presents the effect of temperature by transport cat-
egory, separately for contractors and non-contractors. The results consistently show that
contractors trigger more alarms during hot temperatures compared to non-contractors,
even when focusing specifically on drivers involved in non-passenger transportation or
transporting non-hazardous cargo. For the transportation of passengers or hazardous
cargo, we do not observe meaningful differences between contractors and non-contractors,
and the coefficients are imprecisely estimated, likely due to the much smaller sample
size.24 In Figure S15, we classify drivers into high-performing and low-performing groups,
based on their average alarm intensity on days with average temperature exposure below
21◦C. Drivers assigned to the same group tend to have more comparable driving perfor-
mances. Within both the high-performing and low-performing groups, contractors are
more responsive to hot temperatures and trigger more safety alarms compared to non-
contractors.

6 Discussion

6.1 Back-of-the-Envelope Calculation on Damage from Heat Exposure

How much is the cost of heat-induced dangerous driving behaviors? To quantify the
economic losses, we first link dangerous driving behaviors to the likelihood of traffic
accidents. Then, we estimate the monetary losses associated with the additional fatalities,
injuries, and property damage resulting from these accidents.

Truck Drivers’ Behaviors and Accidents. To map the occurrence of dangerous driving
behaviors to traffic accidents, we model the number of accidents (within a specific time

24Contractor information is available for 639,553 out of 2,224,116 observations. Among these, only 2%
are engaged in hazardous-cargo or passenger transportation.

29



interval), N, using a Poisson distribution, i.e., N ∼ Poisson(λ).25 We assume the expected
number of accidents λ is

λ = exp(β0 + β1 · ln X︸ ︷︷ ︸
impact of dangerous driving behaviors

)

where X is the number of dangerous driving behaviors. β1 is the key elasticity parameter
that captures the proportional change in the number of accidents with respect to changes
in dangerous driving behaviors. β0 is a normalizer to adjust based on the time interval.

We calibrate this elasticity leveraging data from the 100-Car Naturalistic Driving
Study (Dingus et al., 2006).26 This study collects large-scale naturalistic driving data from
approximately 100 vehicles, each equipped with a suite of sensors and cameras. The
publicly available dataset includes detailed information on drivers’ behaviors and crash
incidents. We identify instances of dangerous driving behavior and aggregate the data at
the vehicle-driver level. Using this dataset, we estimate the following Poisson regression
model:

λi = exp(β0 + β1 ln Xi + γZi) + εi, (2)

where λi is the number of accidents, Xi is the number of dangerous driving behaviors,
and Z is a set of driver i’s characteristics, including gender and age. Table B1 presents the
estimation results. We find β1 = 0.808, indicating that a 1% increase in dangerous driving
behaviors is associated with a 0.808% increase in the expected number of accidents.

Based on estimation from our preferred specification, an extra hour with tempera-
ture exposure above 33◦C leads to a 3% increase in the incidence of dangerous driving
behaviors (i.e., ∆ ln X = 3%). Therefore, applying the estimated elasticity β1 = 0.808,
the expected number of accidents increases by β1 · ∆ ln X = 0.808 × 3% = 2.4%. This
implies that one extra hour of extreme temperature exposure can result in a 2.4% rise in
the number of truck crashes.

Monetary Loss from Truck Accidents. To put the increased crashes in value terms, we
bring in additional parameters calibrated from various sources as listed in Table B2. When

25The probability density function is P(N = n) = λne−λ

n! , n = 1, 2, 3....
26Although our driving monitoring sensor data provides detailed records of warnings, it lacks informa-

tion on associated traffic accidents. Hence, we leverage the 100-Car dataset (Custer, 2018), constructed by
Dingus et al. (2006), which, to our knowledge, is the best available data we can use to estimate the relation-
ship between dangerous driving behavior and accidents.
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data from both China and the US are available, we prioritize Chinese data for the calcu-
lation; otherwise, US data are used. All numbers are yearly basis. Since our main speci-
fication employs daily-level analysis, we normalize the calculations to a daily basis. The
underlying assumption is that the adverse effects of extreme heat on drivers are short-
term and do not accumulate throughout the day.27 The detailed formulas used for these
calculations are provided in Appendix B.

Based on our calculations shown in Panel B of Table 3, the total monetary loss as-
sociated with truck accidents in China amounts to approximately 31 million USD per
day. Consequently, an additional hour of temperature exposure above 33◦C for all truck
drivers in China is expected to increase this loss by 0.77 million USD. Of this amount, ap-
proximately 0.17 million USD (22%) is attributed to the direct costs borne by truck drivers,
while the remaining 0.6 million USD (78%) stems from the negative externalities imposed
on other road users.

6.2 Optimal Adaptation Level

To quantitatively compare the adaptation effort with the socially optimal level, we de-
velop a simple model featuring negative externalities from heat exposure and drivers’
choice of adaptation level with different cost-sharing arrangements.

Set-up. The driver i’s utility depends on heat damage D(t, a) and monetary cost of
adaptation Ai(a). D(t, a) which is a function of heat exposure t and adaptation a. The
driver’s problem is,

max
a

Ui = −D(t, a)− Ai(a)

The first-order condition (FOC) is,

−D′
a(t, a) = A′

i(a) (3)

where D′
a is the partial derivative of D(t, a) with respect to a. We assume that D′

a <

0, D′
t > 0, the temperature shocks damage driving performance and incur dangerous

driving behaviors while adaptation costs alleviate it. To study how adaptation behavior

27This assumption would generate conservative estimates. If cumulative effects were considered, the
calculated monetary loss would be larger.
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responds to heat exposure, solving for da
dt :

da∗

dt
= − D′′

at
D′′

aa + A′′
i (a)

.

We assume D′′
at < 0, so that adaption behaviors reduce the marginal damage of temper-

ature shocks. We also assume D′′
aa > 0, namely, the marginal damage relief is decreasing

w.r.t to adaptation efforts. D′′
aa and A′′

i (a) are both > 0 so that the cost function is convex.

Socially Optimal Adaptation. The social planner (SP)’s problem is:

max
a1,...,aI

W = ∑
i∈I

(
− D(t, ai)− Ai(a)

)
− ∑

i∈I

(
C(a)− Ai(a)

)
︸ ︷︷ ︸

Cost Widget

− Γ
(

D(t, a1), ... , D(t, aI)

)
︸ ︷︷ ︸

Externality damage

Where C(a) is the social cost of adaptation behaviors, e.g. the loss of productivity and
revenue from resting or the additional diesel expense from turning on the A/C.28 The
marginal externality damage is positive, Γ′( · ) > 0, which captures the idea that danger-
ous driving behaviors of truck drivers also harm other vehicles on the road by increasing
the potential risk of collisions.

Heterogeneity in Cost-Sharing Scheme. Assume we have two types of drivers, with
the first driver having higher marginal adaptation costs: A′

1,H(a) > A′
2,L(a) for all a. We

assume the first driver fully bears the social cost A1,H(a) = C(a). In our context, driver 1
can be regarded as the contractor, while driver 2 represents the non-contractor, with the
truck fleet covering part of their adaptation costs.

Since D′′
aa > 0, one can show that a∗1 < a∗2 . Since D′′

at < 0, we have D′
t(t, a∗1) >

D′
t(t, a∗2). Therefore, lower marginal adaptation costs lead to more private adaptation

efforts and less marginal damage from temperature shocks.

From Model to Empirics. In our empirical design, we provide direct evidence on the
following key comparative statistics. First, Figure 2 shows that dangerous driving behav-
ior increases with heat exposure, therefore D′

t(t, a) > 0. Second, Figure 7 confirms that
adaptation behavior increases with heat exposure, da∗/dt > 0. Third, the heterogeneous

28We do not account for the additional environmental cost from added greenhouse gas emissions. Includ-
ing it would change the magnitude of the cost-benefit analysis but would not change the optimal adaptation
level
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effect between contractors and employees in Figure 9 confirms that the damage from heat
is lower when private adaptation costs are lower, D′

t(t, a∗1) > D′
t(t, a∗2).

Is Truck Drivers’ Private Adaptation Enough? Now we use the framework to compare
the private adaptation effort with the socially optimal level. For simplicity, we assume no
congestion effects; that is, the damage on driver i does not change the marginal damage
from temperature shocks on driver j.29 The FOC of SP’s problem is then, for driver i,

−
(

1 + Γ′(D(t, a1)
))

· D′
a(t, a) =

(
C′(a)− A′

i(a)
)
+ A′

i(a) (4)

Comparing the Equation 4 with 3, we can see that the difference between SP and the
driver’s optimal behaviors comes from two components. The first component is marginal
externality damage. It makes the left-hand side (LHS) of SP’s FOC greater than the LHS
of the driver’s FOC because, from the social planner’s perspective, the marginal benefit
from adaptation behaviors is higher. The second component is the marginal adaptation
cost widget. We assume that C′(a) ≥ A′

i(a) for all a, that is, the drivers bear most parts
of the marginal adaptation cost. For the drive type 1, the right-hand side (RHS) of SP’s
and driver’s FOC are the same. Therefore, the private adaptation efforts are insufficient
compared to the socially optimal level, a∗1 < asp

1 .

However, for the drive type 2, the right-hand side (RHS) of SP’s FOC is greater than
the driver’s FOC. Since we have A′′

i (a) > 0, −D′′
aa < 0, and both the LHS and RHS

are greater than zero, the relative magnitude of private and socially optimal adaptation
efforts for driver 2 is ambiguous. The intuition is that while the positive externality leads
to insufficient private adaptation efforts, the partial private cost leads to potential over-
adaptation behaviors. However, we can show that a∗2 ≤ asp

2 iff,

A′
2(a) ≥ C′(a)/

(
1 + Γ′(D(t, a2))

)
(5)

The RHS is social damage-adjusted marginal adaptation cost, where the (marginal) so-
cial cost is adjusted by the sum of (marginal) private damage and externality damage.
Therefore, the private adaptation level is lower (higher) than the socially optimal level if
the private marginal cost is greater (smaller) than the social damage-adjusted marginal
adaptation cost.

29There are no terms related to the interaction between Di and Dj. In other words, we do not consider the
“arms race” in this framework. For the model with the arms race, we refer readers to Li (2012); Anderson
and Auffhammer (2014).
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To bring data to Equation 5, we calibrate two key statistics, A′(a)/C′(a), namely,
the share of marginal adaptation cost borne by truck drivers, and Γ′(D(t, a2)), which
represents the magnitude of the externality. For contractor, A′(a)/C′(a) is one. For non-
contractors, since the total adaptation cost is the sum of the cost of AC and the cost of
resting, and the cost of AC is assumed to be shared by the company, we calibrate the
share of the cost borne by the driver, A′(a)/C′(a), as Cost of Resting

Cost of AC + Cost of Resting .30

The results are displayed in Panel A of Table 3. Based on our calculations, the cost of
AC is approximately 6.25% of the total revenue, and the cost of resting (due to the loss of
transportation capacity as measured by distance) under the condition of one additional
hour of temperature exposure above 33◦C is approximately 3.75% of the total revenue.
Therefore, A′(a)/C′(a) = 0.39.31 Γ′(D(t, a2)) is calibrated using the data that for every
truck occupant fatality, the average number of other road users killed is 4.88. Thus, 1/

(
1+

Γ′(D(t, a2))
)
= 0.17 is smaller than 0.39. Therefore, both types of drivers’ adaptation costs

are lower than the socially optimal level.

7 Conclusion

In this paper, we provide novel evidence on how extreme temperatures affect driver per-
formance and adaptation behaviors in the heavy-duty transportation industry. Using
a unique dataset of high-frequency GPS locations and real-time driver monitoring, we
show that high temperatures significantly increase the likelihood of dangerous driving
behaviors, reduce driver productivity, and impose substantial economic costs.

We explore the mechanisms driving these outcomes and highlight the role of cost-
sharing arrangements in shaping adaptation responses. Drivers who bear their own op-
erational costs, such as independent contractors, exhibit significantly more dangerous
driving behaviors and greater productivity losses under extreme heat compared to em-
ployed drivers. This disparity appears to be driven by financial incentives that discourage
costly adaptation strategies, such as air conditioning usage.

We develop a model to assess adaptation decisions under different cost-sharing schemes
and find that both contractors and employed drivers underinvest in adaptation relative to
the socially optimal level, as they fail to internalize the external costs of accidents. These
findings suggest that targeted policies, such as fuel subsidies, heat-specific training, and

30The parameters and calculation formula are elaborated in Table B3.
31This figure is similar to the survey results for the truck fleet, and it is roughly estimated that 45% of the

total adaptation cost is not shared by the truck company.
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mandatory cooling systems, could improve worker safety and reduce public risks from
heat-induced dangerous driving behaviors.

While our study offers valuable insights, several limitations point to avenues for
future research. Our analyses are specific to Guangdong province and the heavy-duty
transportation sector. Future research could explore adaptation in other high-risk sec-
tors, such as agriculture and construction. Additionally, our analysis focuses on eco-
nomic losses and externalities, but broader welfare impacts, including health outcomes
and environmental costs for air conditioning, merit exploration. Finally, future research
may evaluate the effectiveness of policy interventions, such as mandatory rest breaks or
employer-provided cooling systems, to inform evidence-based workplace regulations.
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Figure 1: Temperature Distribution

Notes: Panel (a) displays the mean daily average temperature over the sample period (March 2023 - June
2024) for ERA5-Land grids located within Guangdong province. Panel (b) illustrates the average number
of hours per day that drivers are exposed to temperatures within specific ranges.
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Figure 2: Effect of Heat on All Alarms

Notes: This figure displays the estimated effects of hourly temperature exposure on the total number of
alarms per 100 km of driving. The blue dots represent the point estimates, while the gray vertical caps
indicate the corresponding 95% confidence intervals. The regression model includes control variables such
as other weather conditions, air quality, and geographic characteristics, along with vehicle fixed effects and
date fixed effects. The temperature range of 18–21◦C is the omitted category, serving as the reference group
for comparison. Standard errors are clustered at the vehicle level.
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Figure 3: Effect of Heat - Intensive vs Extensive Margins

Notes: This figure presents the estimated effects of hourly temperature exposure on alarms, by the extensive
and intensive margins. In the left panel, the outcome variable is a binary indicator for whether any alarm
is triggered in a day, representing the extensive margin. In the right panel, the analysis is restricted to
observations with positive alarm intensity, and the outcome variable is the number of alarms per 100 km of
driving, capturing the intensive margin. The blue dots represent the point estimates, while the gray vertical
caps indicate the corresponding 95% confidence intervals. The regression model includes control variables
such as other weather conditions, air quality, and geographic characteristics, along with vehicle fixed effects
and date fixed effects. The temperature range of 18–21◦C is the omitted category, serving as the reference
group for comparison. Standard errors are clustered at the vehicle level.
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Figure 4: Heterogeneity by Transport Category

Notes: This figure presents the estimated effects of hourly temperature exposure on the number of alarms
per 100 km of driving, analyzed separately by transport category. For a subsample of vehicles whose com-
pany information is available, we classify them into different groups based on their company’s business
scope. In Panel (a), vehicles are classified into two groups: those engaging in passenger transportation
(blue dots) and those not (white dots). In Panel (b), vehicles are categorized as either transporting haz-
ardous cargo (blue dots) or non-hazardous cargo (white dots). The dots represent the point estimates,
while the gray vertical caps indicate the corresponding 95% confidence intervals. Each panel is a separately
estimated regression model that includes control variables such as other weather conditions, air quality,
and geographic characteristics, along with vehicle fixed effects and date fixed effects. The temperature
range of 18–21◦C is the omitted category, serving as the reference group for comparison. Standard errors
are clustered at the vehicle level.
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Figure 5: Effect of Heat on Driving Intensity and Speed

Notes: This figure displays the estimated effects of hourly temperature exposure on driving distance, driv-
ing hours, mean speed, and maximum speed. Panel (a) presents logarithm of driving distance (km) and
driving hours. Panel (b) presents mean and maximum speed (km/h). The blue dots represent the point
estimates, while the gray vertical caps indicate the corresponding 95% confidence intervals. Regression
models include control variables such as other weather conditions, air quality, and geographic characteris-
tics, along with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted
category, serving as the reference group for comparison. Standard errors are clustered at the vehicle level.
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Figure 6: Effect of Heat on Transportation Company Operations

Notes: This figure presents the estimated effects of temperature on transportation companies’ operation.
We aggregate the data to the company-by-day level and measure the average distribution of temperature
exposure for all drivers working for a company in a day. In the left panel, the outcome variable is the loga-
rithm of total driving distance for a company’s transportation tasks in a day. In the right panel, the outcome
variable is the number of active drivers working in a day. The blue dots represent the point estimates, while
the gray vertical caps indicate the corresponding 95% confidence intervals. The regression model includes
control variables such as other weather conditions, air quality, and geographic characteristics, along with
company fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted category,
serving as the reference group for comparison. Standard errors are clustered at the company level.

46



-0.02

0.00

0.02

0.04

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

Short Rest: Average Duration

-0.02

0.00

0.02

0.04

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

Long Rest: Average Duration

-0.05

0.00

0.05

0.10

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

Short Rest: Number per 100 km

-0.05

0.00

0.05

0.10

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

Long Rest: Number per 100 km

Figure 7: Effect of Heat on Resting Behavior

Notes: This figure displays the estimated effects of hourly temperature exposure on the frequency and
duration of rests. Short rests are defined as those lasting less than 1 hour, while long rests are those lasting
more than 1 hour. The blue dots represent the point estimates, while the gray vertical caps indicate the
corresponding 95% confidence intervals. Regression models include control variables such as other weather
conditions, air quality, and geographic characteristics, along with vehicle fixed effects and date fixed effects.
The temperature range of 18–21◦C is the omitted category, serving as the reference group for comparison.
Standard errors are clustered at the vehicle level.

47



-.6

-.4

-.2

0

.2

.4

.6

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

Below 24°C Above 24°C

(a) By Average Temperature Exposure

-.2

0

.2

.4

.6

.8

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33
Temperature (°C)

High-Performing Drivers Low-Performing Drivers

(b) By Driving Performance

Figure 8: Heterogeneity by Driving Experience

Notes: This figure displays the estimated effects of hourly temperature exposure on the number of alarms
per 100 km of driving, separately by drivers’ temperature exposure experience and driving performance.
In Panel (a), drivers are classified into two groups based on whether their average temperature exposure is
above (blue dots) or below 24◦C (white dots). In Panel (b), drivers are categorized into two groups based
on whether their average alarm intensity during days with mild temperatures (i.e., ≤ 21◦) is above (i.e.,
low-performing drivers) or below (i.e., high-performing drivers) the sample median, reflecting differences
in driving performance. The dots represent the point estimates, while the gray vertical caps indicate the
corresponding 95% confidence intervals. Each panel is a separately estimated regression model that in-
cludes control variables such as other weather conditions, air quality, and geographic characteristics, along
with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted category,
serving as the reference group for comparison. Standard errors are clustered at the vehicle level.
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Figure 9: Heterogeneity by Cost-Bearing Schemes

Notes: This figure displays the estimated effects of hourly temperature exposure on the number of alarms
per 100 km of driving, separately by cost-bearing schemes. For a subsample of vehicles whose company
information is available, we classify them into two groups based on whether their companies operate as a
contractor (blue dots) or not (white dots). The dots represent the point estimates, while the gray vertical
caps indicate the corresponding 95% confidence intervals. Each panel is a separately estimated regression
model that includes control variables such as other weather conditions, air quality, and geographic char-
acteristics, along with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the
omitted category, serving as the reference group for comparison. Standard errors are clustered at the vehicle
level.
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Figure 10: Heterogeneity by Cost-Bearing Schemes - Driving Distance & Cloud Cover

Notes: This figure displays the estimated heterogeneous effects of hourly temperature exposure on the
number of alarms per 100 kilometers of driving, separately by cost-bearing schemes, driving distance, and
cloud conditions. For a subsample of vehicles whose company information is available, we classify them
into two groups based on whether their companies operate as a contractor or not. Panel (a) presents the
estimated effects separately by driving distance. We further classify our sample into three groups based
on the total driving distance in a day: below 100km, 100-200km, and above 200km, and estimate the effect
separately for each group. Panel (b) presents the estimated effects separately by cloud cover conditions.
Cloud cover, defined as the proportion of the area covered by clouds, is measured using ERA5 data. We
classify the sample into two groups based on whether the average share of cloud cover is above (blue
dots) or below (white dots) the median. The dots represent the point estimates, while the gray vertical caps
indicate the corresponding 95% confidence intervals. Each panel is a separately estimated regression model
that includes control variables such as other weather conditions, air quality, and geographic characteristics,
along with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted
category, serving as the reference group for comparison. Standard errors are clustered at the vehicle level.

50



-.1

-.05

0

.05

<9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 >30
Temperature (°C)

Non-Contractor
Contractor

P(Window Open)

Figure 11: Temperature and the Probability of Driver-Side Window Being Open

Notes: This figure displays the estimated heterogeneous effects of temperature on the probability of driver-
side window being open, separately by cost-bearing schemes. The analysis is based on a sample of in-
cabin camera photos, with window status identified using computer vision techniques. The horizontal
axis represents binary indicators for whether the contemporaneous temperature exposure falls within a
specific range. The dots represent point estimates, while the gray vertical caps indicate corresponding 95%
confidence intervals. The temperature range of 18–21◦C is the omitted category, serving as the reference
group for comparison. Regressions include other weather controls, driving speed, vehicle fixed effects, and
fixed effects for year-by-month, day-of-week, hour-of-day. Standard errors are clustered at the vehicle level.
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Figure 12: Effect of Heat on Driving Intensity and Speed by Cost-Bearing Schemes

Notes: This figure displays the estimated effects of hourly temperature exposure on driving activities, sep-
arately by cost-bearing schemes. Panel (a) presents logarithm of driving distance (km) and hours. Panel
(b) presents mean and maximum speed (km/h). For a subsample of vehicles whose company information
is available, we classify them into two groups based on whether their companies operate as a contractor
(blue dots) or not (white dots). The dots represent the point estimates, while the gray vertical caps indicate
the corresponding 95% confidence intervals. Each panel is a separately estimated regression model that in-
cludes control variables such as other weather conditions, air quality, and geographic characteristics, along
with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted category,
serving as the reference group for comparison. Standard errors are clustered at the vehicle level.
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Figure 13: Effect of Heat on Resting Behavior by Cost-Bearing Schemes

Notes: This figure displays the estimated effects of hourly temperature exposure on resting behavior, sepa-
rately by cost-bearing schemes. Short rests are defined as those lasting less than 1 hour, while long rests are
those lasting more than 1 hour. For a subsample of vehicles whose company information is available, we
classify them into two groups based on whether their companies operate as a contractor (blue dots) or not
(white dots). The dots represent the point estimates, while the gray vertical caps indicate the correspond-
ing 95% confidence intervals. Each panel is a separately estimated regression model that includes control
variables such as other weather conditions, air quality, and geographic characteristics, along with vehicle
fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted category, serving as
the reference group for comparison. Standard errors are clustered at the vehicle level.
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Table 1: Summary Statistics

Variables Mean S.D. Min. Max.

Number of Alarms per 100km

All 13.23 21.72 0.00 155.40

Outside Conditions
Blind Spot 5.26 15.23 0.00 155.39
Lane Departure and Change 2.80 7.10 0.00 154.45
Following Too Closely 2.48 5.21 0.00 151.35
Collision 1.34 3.39 0.00 137.45
Speeding 0.01 0.67 0.00 93.92

Inside Conditions
Driver Distracted 0.81 3.09 0.00 154.44
Fatigued Driving 0.31 1.39 0.00 152.83
Hands Off the Steering Wheel 0.00 0.12 0.00 42.53

Driving Distance and Speed

Total Driving Distance in a Day (km) 151.26 112.53 0.25 557.68
Total Driving Hours in a Day 9.75 4.93 0.01 23.99
Mean Speed (km/h) 28.59 9.40 0.10 95.40

Rests

Number of Long Rests per 100km 3.45 3.61 0.00 23.37
Number of Short Rests per 100km 5.18 4.83 0.00 28.04
Average Duration of Short Rests (h) 0.42 0.16 0.00 1.00
Average Duration of Long Rests (h) 4.59 3.05 0.00 24.00

Notes: This table reports summary statistics of key variables used in the analyses. Unit of observa-
tion is vehicle-day.
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Table 2: Heterogeneous Effects of Heat by Alarm Category

VARIABLES Outside Conditions Inside Conditions

Blind
Spot

Following
Too

Closely

Collision Lane
Departure

Speeding Distraction Fatigued Hands off
Steering
Wheel

(1) (2) (3) (4) (5) (6) (7) (8)

>33◦C 0.2023*** 0.0781*** 0.0401*** 0.0285** -0.0005** 0.0231*** 0.0066** 0.0007***
(0.0281) (0.0097) (0.0050) (0.0143) (0.0002) (0.0072) (0.0030) (0.0003)

Outcome Mean 5.259 2.482 1.339 2.800 0.013 0.812 0.311 0.002
Observations 2,172,348 2,172,348 2,172,348 2,172,348 2,172,348 2,172,348 2,172,348 2,172,348

Notes: This table reports the estimated effects of temperature on the number of alarms per 100km of driving by alarm category. Each column
is a separately estimated regression using Equation 1. We only report the coefficient estimates for the >33◦C temperature category. Coef-
ficient estimates for all temperature categories are presented in Figure S6. All regressions include control variables such as other weather
conditions, air quality, and geographic characteristics, along with vehicle fixed effects and date fixed effects. The temperature range of
18–21◦C is the omitted category, serving as the reference group for comparison. Standard errors are clustered at the vehicle level. * p < 0.1,
** p < 0.05, *** p < 0.01.
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Table 3: Optimal Adaptation Level and Back-of-the-Envelope Calculations

Type Statistics Values

Panel A. Comparison Private and Social-Optimal Adaptation
a∗ ≤ asp iff Equation 5 holds

Contractor A′(a)/C′(a) 1
Contractor Γ′(D(t, a)) 4.88a

Contractor a∗ ≤ asp Yes
Non-contractor (employee) A′(a)/C′(a) 0.39b

Non-contractor (employee) Γ′(D(t, a)) 4.88a

Non-contractor (employee) a∗ ≤ asp Yes

Panel B. Monetary loss of one extra hour of
temperature exposure exceeding 33◦C

All Total $ per day 0.77 million
All $ per day from externality 0.60 million
All $ per day truck drivers 0.17 million

Notes: This table displays the results of comparing private and social-optimal adaptation lev-
els in Panel A and monetary loss of temperature exposure in Panel B.
a Factor of externality, fatality in Table B2.
b Our calculation. See Table B3 for parameters and calculating formula.

56



ONLINE APPENDIX

Steering Adaptation: Heat, Driver Performance, and
Cost-Sharing in the Heavy-Duty Transportation Industry

Wenzhi Dave Ding Xincheng Wang
Yucheng Wang Zhenxuan Wang

A Additional Details about Truck Monitoring System SI-1

B Back-of-the-Envelope Calculation Details SI-2

C Additional Figures and Tables SI-5



A Additional Details about Truck Monitoring System

These services include installing sensors and cameras, using facial recognition technology
to identify risky driving behaviors, immediate alerts to address potential dangers, and de-
tailed reporting and analysis to monitor and improve driving practices. The risky driving
alarm systems can be divided into three groups: Driver Monitoring Systems (DMS), Ad-
vanced Driver Assistance Systems (ADAS), and Blind Spot Detection (BSD). The Driver
Monitoring System (DMS) is a camera-based system that uses an in-cabin camera to moni-
tor the driver’s face and eyes. It is designed to detect signs of fatigue or distraction, major
contributors to road accidents. For instance, Figure 1 shows the driver used his phone
while driving. By identifying when a driver may be too tired or inattentive, the DMS can
issue warnings to prompt the driver to refocus or take a break. This system is crucial in
promoting safe driving by reducing the risk of accidents caused by driver impairment or
inattention.

The Advanced Driver Assistance System (ADAS) is a sensor-based system that en-
hances driving safety and reduces collision risks by using various sensors. The Lane De-
parture Warning (LDW) feature uses a camera to monitor lane markings and alerts drivers
when they drift out of their lane without signaling, helping prevent accidents caused by
distraction or fatigue. The Forward Collision Warning System (FCWS) employs radar or
a camera to detect the distance and relative speed of the vehicle ahead, warning drivers
of potential collision risks and prompting them to take evasive actions like slowing down
or braking to avoid rear-end collisions. While the Driver Monitoring System (DMS) fo-
cuses on monitoring the internal state of the driver, ADAS concentrates on sensing and
responding to the external environment surrounding the vehicle. The Blind Spot Detec-
tion (BSD) is a multi-approach-based system that monitors the areas around the vehicle
that cannot be seen in the side mirrors, alerting the driver to other vehicles or objects in
those blind spots. BSD systems commonly employ radar, cameras, or ultrasonic sensors
to detect objects within the blind spot zones, and these sensors are typically mounted on
the vehicle’s side mirrors or within the radar system itself. Unlike DMS and ADAS, most
warnings in BSD are driven by traffic conditions instead of drivers’ behaviors.
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B Back-of-the-Envelope Calculation Details

Here, we list the formula used in the back-of-the-envelope calculation. Parameter values
can be found in Table B2.

Change in crashes related to trucks = 2.42% * Total crashes related to trucks

M1 = Monetary value from fatality, trucks = Total property loss from traffic crash *
Share of crashes related to trucks.

M2 = Monetary value from fatality, trucks = Total fatalities from traffic crash * Share
of crashes related to trucks * VSL.

M3 = Monetary value from fatality, trucks = Total fatalities from traffic crash * Share
of crashes related to trucks * 0.5 * (Value of injury, severe + Value of injury, minor).

Monetized effect of extreme temperature, total = 2.42% * (M1 + M2 + M3).

Monetized effect of extreme temperature from externality =
2.42% * (M1 * Factor of externality, fatality

Factor of externality, fatality + 1 + M2 * Factor of externality, injury
Factor of externality, injury + 1).

Monetized effect of extreme temperature on truck driver = Monetized effect of ex-
treme temperature, total - Monetized effect of extreme temperature from externality

Table B1: Dangerous Driving Behavior and Crash

Number of Crash

ln(Number of Dangerous Driving Behaviors) 0.808***
(0.153)

1[Male] 0.081
(0.249)

Age -0.020
(0.014)

Constant -4.477***
(0.836)

Observations 163

Notes: This table reports the estimated coefficients for Equation 2. The data is at the vehicle-
driver level. Standard errors in parentheses are clustered at the vehicle level. * p < 0.1, **
p < 0.05, *** p < 0.01.
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Table B2: Parameters for Back-of-the-Envelope Calculation

Parameters Values Source

Panel A. Estimations
Effects of extreme temperature 3% This paper’s estimation
on dangerous driving
Elasticity of crashes to alarms 0.808 Calibrated using Dingus et al. (2006)

Panel B. Crashes
Total traffic crashes 155,158 China National Bureau of Statistics
Total fatalities from traffic crash 42,164 China National Bureau of Statistics
Total injuries from traffic crash 142,318 China National Bureau of Statistics
Share of crashes related to trucks 0.28 Beijing Traffic Management Bureau
Factor of externality, fatality 4.88 US, Large Truck and Bus Crash Facts
Factor of externality, injury 2.70 US, Large Truck and Bus Crash Facts

Panel C. Damages
Property loss from traffic crash $1.31 BN China National Bureau of Statistics
Value of statistical life $0.75 MN Yu (2024)

$0.69 MN Cao et al. (2023)
$9.6 MN US DOT, 2016

Value of injury, severe $0.12 MN Tan et al. (2020)
$0.16 MN US National Safety Council, 2022

Value of injury, minor $2,809 Tan et al. (2020)
$3,4000 US National Safety Council, 2022

Notes: This table reports parameters related to the back-of-the-envelope calculation. For all parameters,
if data from both China and the US are available, we use the data from China in the calculation. If only
US data are available, we use that for the calculation. The USD-CNY exchange rate used in the calcula-
tion is 7.2. The factor of externality means that for every truck occupant fatality (or injury), the average
number of other road users are killed (or injured).
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Table B3: Parameters for Cost-Sharing Scheme

Parameters Values Source

Panel A. Estimations
Total Cost / Total Revenue, (a) 0.5 Survey
Share of Fuel expense in total cost,(b) 0.5 China 2021 Road Freight Industry Key

Enterprises Operational Report
Additional fuel cost from AC, (c) 25% Section 2
lost of revenue from resting, (d) 5% Figure 5
Cost of AC 6.25% a · b · c
Cost of Resting 3.75% [1 − a]︸ ︷︷ ︸

income w/o. adaptation

− [(1 − ab)(1 − d)− a(1 − b)]︸ ︷︷ ︸
income w. resting

Notes: This table parameters and calculations for the cost-sharing scheme for non-contractors. The loss of revenue from
resting is calibrated based on the reduced transportation distance as the result of an additional hour of temperature ex-
posure above 33◦C.
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C Additional Figures and Tables

Figure S1: Illustration of Overlaying Truck-Route and Satellite Images

Notes: This figure illustrates how we spatially overlay the truck route data and rasterized data, e.g., tem-
perature, and contribute to the heat exposure variables. All data are from the same hour, specifically
14:00–15:00, August 1, 2023, Beijing time. In the bottom layer, four rectangular stands for 0.1◦ × 0.1◦ (≈
6.8 miles × 6.8 miles) pixels from the raw satellite image data. The blue dots represent the real-time GPS
locations of the truck at 20-second intervals, while the red dots indicate warning recordings from the sen-
sors. The truck’s route is constructed by sequentially connecting both the red and blue dots based on their
timestamps. The line segments overlaid between the route and the pixels are marked with different colors.
Therefore, the length (and duration) of each colored line segment represents the continuous measurements
of the truck’s exposure in a temperature pixel.
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(a) Yawning (Fatigued Driving)

(b) Using Phone (Distracting)

(c) Smoking (Distracting)

Figure S2: Examples of Driver Monitoring System

Notes: This figure shows camera snapshots of three examples where our Driver Monitoring Systems (DMS)
detect dangerous driving behaviors. These behaviors are identified and classified using the face recognition
algorithm. From top to bottom, these behaviors are yawning, using a cell phone, and smoking, which we
classify as fatigued driving, distracting, and distracting, respectively.
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(a) Example of Right Blind Spot

(b) Right Blind Spot Alarm Detection Zone, City

(c) Right Blind Spot Alarm Detection Zones, Highway

Figure S3: Illustration of Right Blind Spot Warning

Notes: This figure illustrates the Blind Spot Detection (BSD) system.
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(a) Example One

(b) Example Two

(c) Example Three

Figure S4: Example of the Driver Opened the Window (A/C is off)

Notes: This figure displays camera snapshots where the cabin window was captured as being open. This
observation suggests that, at that moment, the driver was most likely not using the AC system.
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Figure S5: Average Number of Warning per Hour Over the Course of A Day

Notes: This figure shows the average number of each warning category per hour per truck in our sample
from an example day, August 15, 2023. China is a left-hand drive country, meaning the driver and steering
wheel are positioned on the left side of the vehicle. Therefore, the right blind spot is the major blind spot.
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Figure S6: Heterogeneity by Alarm Category

Notes: This figure displays the estimated effects of hourly temperature exposure on the number of alarms
per 100 km of driving, decomposed by alarm category. The blue dots represent the point estimates, while
the gray vertical caps indicate the corresponding 95% confidence intervals. Each panel is a separately
estimated regression model that includes control variables such as other weather conditions, air quality,
and geographic characteristics, along with vehicle fixed effects and date fixed effects. The temperature
range of 18–21◦C is the omitted category, serving as the reference group for comparison. Standard errors
are clustered at the vehicle level.
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Figure S7: Heterogeneity by Alarms Related to Inside vs Outside Conditions

Notes: This figure displays the estimated effects of hourly temperature exposure on the number of alarms
per 100 km of driving separately for alarms related to outside and inside conditions. The classification of
alarms into these two categories is detailed in Table 1. The blue dots represent the point estimates, while the
gray vertical caps indicate the corresponding 95% confidence intervals. Regression models include control
variables such as other weather conditions, air quality, and geographic characteristics, along with vehicle-
fixed effects and date-fixed effects. The temperature range of 18–21◦C is the omitted category, serving as
the reference group for comparison. Standard errors are clustered at the vehicle level.
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(d) Alternative Time Fixed Effects
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(e) Poisson Regression
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(f) Unweighted Regression

Figure S8: Robustness Checks - Alternative Model Specifications

Notes: This figure displays the estimated effects (point estimates and 95% confidence intervals) using alter-
native model specifications. Panel (a) uses indicators for whether the daily average temperature exposure
falls within specific ranges. Panel (b) uses the driving distance exposed to each temperature range. Panel
(c) estimates the effects on the number of alarms per driving hour. Panel (d) estimates the model using
alternative time fixed effects. Panel (e) estimates a Poisson regression model. Panel (f) uses unweighted
regression. The temperature range of 18–21◦C is the omitted category, serving as the reference group for
comparison. Standard errors are clustered at the vehicle level.
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Figure S9: Robustness Checks - Using Total Number of Alarms

Notes: This figure displays the estimated effects (point estimates and 95% confidence intervals) of hourly
temperature exposure on the total number of alarms, using two alternative model specifications: one con-
trolling for daily driving distance and the other controlling for both daily driving distance and driving
hours. All regression models include control variables such as other weather conditions, air quality, and
geographic characteristics, along with vehicle fixed effects and date fixed effects. The temperature range
of 18–21◦C is the omitted category, serving as the reference group for comparison. Standard errors are
clustered at the vehicle level.
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Figure S10: Robustness Checks - Control Other Weather Conditions

Notes: This figure displays the estimated effects (point estimates and 95% confidence intervals) of hourly
temperature exposure on the total number of alarms per 100 kilometers of driving, controlling for ad-
ditional meteorological conditions. The regression model includes control variables such as other weather
conditions, air quality, and geographic characteristics, along with vehicle fixed effects and date fixed effects.
The temperature range of 18–21◦C is the omitted category, serving as the reference group for comparison.
Standard errors are clustered at the vehicle level.
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Figure S11: Robustness Checks - Control Other Road Conditions

Notes: This figure displays the estimated effects (point estimates and 95% confidence intervals) of hourly
temperature exposure on the total number of alarms per 100 kilometers of driving, controlling for addi-
tional road conditions. The regression model includes control variables such as other weather conditions,
air quality, and geographic characteristics, along with vehicle fixed effects and date fixed effects. The tem-
perature range of 18–21◦C is the omitted category, serving as the reference group for comparison. Standard
errors are clustered at the vehicle level.
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(a) Control Mean Speed
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(b) Control Blind Spot Alarms
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(c) Control Alarms Related to Outside Conditions

Figure S12: Robustness Checks - Traffic Conditions

Notes: This figure displays the estimated effects (point estimates and 95% confidence intervals) of hourly
temperature exposure on the total number of alarms per 100 km of driving, controlling for different mea-
sures of traffic conditions. Panel (a) includes mean speed as a control variable. In Panel (b), we estimate
the effect of temperature on the number of alarms unrelated to blind spots per 100 km, with and without
controlling for the number of blind spot alarms per 100 km. In Panel (c), we estimate the effect of tem-
perature on the number of alarms related to inside conditions per 100 km, with and without controlling
for the number of alarms related to outside conditions per 100 km. The regression model includes control
variables such as other weather conditions, air quality, and geographic characteristics, along with vehicle
fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted category, serving as
the reference group for comparison. Standard errors are clustered at the vehicle level.
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(b) Distribution of Hourly Temperature within a Day

Figure S13: Temperature Distribution - Contractor vs Non-Contractor

Notes: This figure plots the distribution of temperature exposure by contractor vs non-contractors. Panel (a)
shows the histogram of daily average temperature exposure. Panel (b) shows the average number of hours
per day that drivers are exposed to temperatures within specific ranges.
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(a) Passenger vs Non-Passenger Transportation
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Figure S14: Heterogeneity by Cost-Bearing Schemes - Transport Category

Notes: This figure displays the estimated heterogeneous effects of hourly temperature exposure on the
number of alarms per 100 kilometers of driving, separately by cost-bearing schemes and transportation
category. For a subsample of vehicles whose company information is available, we classify them into two
groups based on whether their companies operate as a contractor or not. Panel (a) presents the estimated
effects separately by passenger vs non-passenger transportation. Panel (b) presents the estimated effects
separately for the transportation of hazardous cargo vs non-hazardous cargo. The dots represent the point
estimates, while the gray vertical caps indicate the corresponding 95% confidence intervals. Each panel is
a separately estimated regression model that includes control variables such as other weather conditions,
air quality, and geographic characteristics, along with vehicle fixed effects and date fixed effects. The tem-
perature range of 18–21◦C is the omitted category, serving as the reference group for comparison. Standard
errors are clustered at the vehicle level.

SI-18



-.5

0

.5

1

1.5

<6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33 <6 6-9 9-12 12-15 15-18 18-21 21-24 24-27 27-30 30-33 >33

High-Performing Low-Performing

Non-Contractor Contractor

Temperature (°C)

Figure S15: Heterogeneity by Cost-Bearing Schemes - Driver Performance

Notes: This figure displays the estimated heterogeneous effects of hourly temperature exposure on the num-
ber of alarms per 100 kilometers of driving, separately by cost-bearing schemes and driver performance.
For a subsample of vehicles whose company information is available, we classify them into two groups
based on whether their companies operate as a contractor or not. Drivers are further categorized into two
groups based on whether their average alarm intensity during days with mild temperatures (i.e., ≤ 21◦) is
above (i.e., low-performing drivers) or below (i.e., high-performing drivers) the sample median, reflecting
differences in driving performance. The dots represent the point estimates, while the gray vertical caps in-
dicate the corresponding 95% confidence intervals. Each panel is a separately estimated regression model
that includes control variables such as other weather conditions, air quality, and geographic characteristics,
along with vehicle fixed effects and date fixed effects. The temperature range of 18–21◦C is the omitted
category, serving as the reference group for comparison. Standard errors are clustered at the vehicle level.
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Table S1: Balance Check - Contractor vs Non-Contractor

(1) (2) (3)
Non-Contractor Contractor Difference

Number of Alarms per 100km 12.564 15.554 2.990
(8.745) (8.380) (2.202)

Total Driving Hours in a Day 8.721 8.724 0.003
(3.445) (1.240) (0.762)

Total Driving Distance in a Day (km) 133.639 155.398 21.759*
(53.226) (45.343) (13.025)

Mean Speed (km/h) 29.401 29.799 0.398
(6.273) (5.019) (1.515)

Number of Short Rests per 100km 3.288 3.277 -0.011
(1.272) (1.286) (0.325)

Number of Long Rests per 100km 4.722 4.563 -0.159
(3.024) (2.456) (0.733)

Average Duration of Short Rests (h) 0.417 0.417 -0.000
(0.037) (0.028) (0.009)

Average Duration of Long Rests (h) 4.753 5.005 0.252
(1.358) (0.892) (0.317)

Passenger Transportation 0.286 0.018 -0.268**
(0.463) (0.135) (0.102)

Hazardous Cargo 0.095 0.055 -0.041
(0.301) (0.229) (0.072)

Average Temperature (◦C) 23.230 23.453 0.223
(1.344) (0.892) (0.314)

Wind Speed (m/s) 2.346 2.391 0.045
(0.475) (0.245) (0.108)

Precipitation (m) 0.004 0.004 -0.000
(0.001) (0.000) (0.000)

Air Quality Index 39.488 39.236 -0.252
(1.995) (1.522) (0.477)

Number of Companies 21 55

Notes: This table reports summary statistics for key variables, separated by whether companies operate as
contractors or non-contractors. Columns (1) and (2) report the mean and standard deviation (in parenthe-
ses) for each group. Column (3) displays the difference in means between the two groups, along with the
corresponding robust standard errors (in parentheses). * p < 0.1, ** p < 0.05, *** p < 0.01.
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