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Executive Summary 

 
How does the reliability of public charging infrastructure affect electric vehicle (EV) adoption? Substantial 

public and private investments are expanding EV charging networks, but concerns are growing about the 

poor reliability of existing chargers and its potential impacts on EV adoption. Using data from a nationwide 

survey, we employ a choice model to quantify the effects of perceived charging reliability on Americans’ 

intentions to purchase new or used EVs. By randomly assigning participants to receive information 

characterizing public charging as either very reliable or very unreliable, we show a causal effect of reliability 

perceptions on EV purchase intentions. We find that differences in perceived reliability are equivalent to a 

32% purchase price change or 366 miles of range, underscoring the importance of reliable public charging. 

 

Keywords: electric vehicles, consumer behaviour, consumer demand, public policy and promotion, trends & 
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1 Introduction 

The market for electric vehicles (EVs) in the United States has been growing rapidly, driven by a combination 

of technological advancements and supportive public policies. From 2022 to 2023, the EV market share 

expanded from 5.9% to 7.6% [1]. Additionally, 17 states have mandated that all new light-duty vehicles sold 

emit zero emissions by 2035 [2]. Sustaining this growth and meeting regulatory mandates requires that EVs 

become acceptable to all consumers. Despite early trends, the transition to electric vehicles faces significant 

challenges as the market moves beyond early adopters [3], [4] 

Extensive research has identified the factors that affect EV adoption and make EVs more acceptable to future 

consumers. Prior work has consistently highlighted the importance of having public chargers available [5], [6], 

[7], [8] and under the 2021 Bipartisan Infrastructure Law, $7.5 billion of federal funding has been dedicated 

to developing public charging infrastructure [9]. However, in recent years, concerns about the reliability of 

public chargers have been increasing [10], [11]. Numerous media reports emphasize the challenges faced due 

to unreliable public charging stations, particularly during long road trips [12], [13], [14]. As negative 

experiences with public charging accumulate and become more widely known, they may deepen potential 

buyers’ reluctance to purchase an EV. This has motivated a federal response, and the recent $100 million 

investment in enhancing charging infrastructure reliability [15] and the establishment of the National Charging 

Experience Consortium (ChargeX) [10] along with minimum standards for federally funded stations [16] 

represent concerted efforts to address EV charging challenges.  

Still, there is a very limited understanding of the effect of public charging reliability on the decisions to 

purchase or retain an EV [10]. While many reports and studies characterize the current levels of public charging 

reliability [17], [18], [19] and the factors affecting EV adoption [20], [21], [22], [23], [24], [25], [26], [27], 

[28], there is a notable gap in the evidence linking these two dimensions. This paper uses a discrete choice 

model to identify how subjective perceptions of public charging reliability influence EV purchase decisions 
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among people who do not yet have an EV. We focus on non-EV owners since many existing EV owners tend 

to be tolerant of charging challenges [11], [29]. Finally, recognizing that absolute charging reliability will not 

always be attainable, we evaluate the impact of differing reliability perceptions on consumers’ willingness to 

buy EVs, highlighting the urgency of improving charging infrastructure to achieve widespread adoption and 

meet environmental goals.  

 

2 Data 
2.1 Data Collection Approach 

To establish a causal link between perceived reliability and willingness to purchase an EV, we surveyed 

Americans who did not own an EV in March and April 2024. The survey included a stated choice experiment 

in which respondents chose between comparable electric and gasoline vehicles, with systematically controlled 

variation in the attributes of each vehicle. While stated choice experiments are limited in that they deal in 

hypotheticals, rather than actual behavior, they allow us to infer causality and evaluate purchasing behaviors 

in situations that may not yet exist (e.g., widespread public charging infrastructure, various levels of public 

charging reliability) [20].  

After some introductory questions about their background and their current primary vehicle, the respondents 

were prompted to envision themselves shopping for the next vehicle they planned to purchase or lease, and 

were asked to report their maximum budget. Following this, they were asked to select their desired vehicle 

type, size, and aesthetic from a set of stock images. The same vehicle image was shown as both the EV and 

conventional option to emphasize to respondents that the vehicles were identical apart from the presented 

attributes, as done in [20].  

The respondents were then asked about their perceptions of gas station reliability, to be used later in the survey 

and to encourage them to consider the differences between gas stations and public charging stations.  

Since the roles of home charging and public charging are crucial to how public charging reliability may affect 

experiences as an EV owner, the survey introduced respondents to both types of charging and typical use cases, 

providing background information along with comprehension checks. The introduction shown was as follows: 

“Most electric vehicle drivers charge at home for day-to-day use and use public charging stations for longer 

trips. Drivers who can’t charge at home or work tend to rely on public charging stations for day-to-day use as 

well as for longer trips. This includes those who park on the street, in shared lots or parking structures, or who 

cannot install a charger at home.” They were then asked the following three comprehension questions and 

prompted to re-answer if they responded incorrectly. If they responded incorrectly a second time, they were 

removed from the survey.  

(1) “Drivers who have private parking are much more likely to _____ for day-to-day use.” [Rely on Public 

Charging / Charge at Home] 

(2) “Drivers who do not have dedicated or private parking are much more likely to _____ for both day-to-day 

use and longer trips.” [Rely on Public Charging / Charge at Home] 

(3) “Drivers on long-distance trips are likely to _____” [Rely on Public Charging / Charge at Home] 

Respondents were then asked if they were likely to rely on public or home charging for day-to-day use 

considering their own living and parking situations. This response was shown in the choice exercises as the 

respondents’ access to home charging.  

(4) “Drivers like you who own their home and park in an attached garage are likely to _____ for day-to-day 

use.” [Rely on Public Charging / Charge at Home] 

 

2.2 Treatment and Measurement of Perceived Reliability 

To elicit the effects of perceived reliability on EV adoption, respondents were randomly assigned to one of 

three reliability perception treatment groups—low, control, and high. The randomization of assignment ensures 

that differences in perceived reliability between groups are uncorrelated with respondent characteristics, prior 

perceptions, or general beliefs about EVs. This approach allows us to identify causal relationships between 

treatment group assignment, reliability perceptions, and stated willingness to choose an EV. 
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The low treatment group was shown the following vignette (bolding in original): “Picture a world where public 

charging stations are routinely out-of-service or fail to operate correctly. Charging equipment may be 

broken, payment systems reject drivers’ credit cards, there are long lines, or for any other reason, drivers are 

frequently unable to charge their vehicle at a station. These issues can leave EV drivers stranded if there 

is no other functioning station nearby. Drivers must research not only where charging stations are, but whether 

they are currently working or not - and the answer may change before they arrive." While most visits to 

charging stations tend to end successfully [30], the conditions as described arguably represent the current 

experience reported by many EV drivers in the US [12], [13], [14].  

The high treatment group was shown the following (bolding in original): “Picture a world in which public 

charging stations operate flawlessly in every respect. Payments are seamless, equipment is in working order, 

and drivers can charge successfully on the first try, every time. This makes it convenient, even during long 

trips or when drivers can't charge at home. Electric vehicle drivers can charge with confidence whenever they 

are at a public charging station.”  

The control group was not given any instruction about the conditions of public charging; rather, they were 

asked about their perceptions of reliability based on what they already knew. Following the treatment, 

respondents were presented with indicator questions aimed at measuring the latent variable "perceived 

reliability”. 

 

2.3 Stated Preference Experiment 

The respondents were then asked to choose between an EV and a conventional vehicle in 10 different scenarios, 

with varying vehicle and infrastructure attributes (an example of one scenario is shown in Figure 1).  

The attributes that varied among the choice sets were price, range, operating cost, and EV charging availability. 

These choice tasks were generated using an optimal fractional design, calculated using Federov’s exchange 

algorithm [31], which is a method to reduce the number of choice tasks from the full factorial combinations 

while maintaining efficiency. Our target sample size was 1,800 respondents. Therefore, we extracted 6,000 

fractional factorial scenarios from the full factorial combinations, and used the same scenarios across the three 

treatment groups, with respondents randomly assigned to 10 choice tasks each.  

 

 
 

Figure 1: Sample choice experiment incorporating both experimentally designed attributes and respondent’s 

previous answers 

 

2.4 Summary Statistics 
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We used Dynata’s online panel, which offers benefits over other platforms for achieving representativeness 

[20], [32], to recruit respondents from across the US. After cleaning the data for respondents whose responses 

to choice exercises were not recorded properly, the final sample size was 1,569 respondents. Table 1 shows 

the summary statistics of the sample before and after cleaning and compared to the national population.  

Table 1: Summary statistics of sample compared with [33] 

Question Statement Categories Respondents Before 

Cleaning 

Respondents After 

Cleaning 

National Population 

What is your age? Age Median: 48 Median: 48 Median: 38.2 

What is your gender? Female 60.3% 59.9% 49.2% 

Male 39.3% 39.7% 50.8% 

Non-binary 0.4% 0.4% - 

Not listed here 0.0% 0.0% - 

What is your race? 
Select all that apply. 

White 53.9% 53.9% 68.6% 

Black or African 

American 

19.3% 19.2% 13.8% 

American Indian 

or Alaska Native 

0.4% 0.4% 1.3% 

Asian 8.3% 8.5% 6.7% 

Native Hawaiian 

or Other Pacific 
Islander 

0.0% 0.0% 0.2% 

Another, or more 

than one 

18.1% 18.0% 9.4% 

Which of the 

following best 

describes your current 
employment status? 

Employed (Full-

Time or Part-

Time) 

55.6% 55.5% 59.6% 

Not employed 44.4% 44.5% 40.4% 

Which category best 

describes your 

household income 
before taxes from the 

last calendar year? 

Under $25,000 17.5% 17.2% 18.4% 

$25,000-$49,999 23.3% 23.4% 20.6% 

$50,000-$74,999 18.8% 19.2% 17.2% 

$75,000-$99,999 14.6% 14.6% 12.8% 

$100,000-

$149,999 

14.2% 14.0% 15.6% 

≥ $150,000 10.1% 10.1% 15.4% 

Prefer not to 

answer 

1.5% 1.4% - 

What is the maximum 

total amount you 

anticipate spending on 

your next car purchase 
or lease?  

Used Mean: $19,603  Mean: $19,767 Mean: $25,6381 

New Mean: $39,178 Mean: $39,290 Mean: $47,2182 

Treatment Group 

Assignment 

Low Reliability 

Group 

33.2% 33.2% - 

High Reliability 
Group 

34.0% 34.0% - 

Control 32.8% 32.8% - 

Total Count  1633 Responses 1569 Responses  

 

3 Methods 
3.1 Methodology Overview 

We analyzed respondents’ choices using an integrated choice and latent-variable model (ICLV), while 

accounting for the correlations across individual observations. The ICLV framework has three main 

components, the structural model, the measurement model, and the discrete choice model. These three parts 

 
1 Average used vehicle listing price is based on February 2024 data [35] 
2 Average new vehicle listing price is based on March 2024 data [36] 
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are simultaneously estimated to capture the influences of the latent endogenous variables and other explanatory 

variables on EV purchase choices.  

The variable of interest in our analysis, perceived reliability, was assumed to be endogenous with EV purchase 

decisions due to omitted variable bias. Unobserved factors like personal environmental values, prior exposure, 

or attitudes towards EVs may affect both perceived reliability and vehicle choice. For example, a person with 

negative attitudes towards EVs may be less inclined to purchase one and may also consider the charging 

infrastructure less reliable compared to someone with more neutral attitudes towards EVs. To control for this 

endogeneity, we adopted the 2SLS approach [37] and integrated it with the ICLV framework [38] since 

perceived reliability is also a latent variable. 

Our instrumental variable was the respondents’ random assignment to a treatment group. Because the 

respondents were randomly assigned to a treatment group, the instrumental variable was uncorrelated with any 

of the other determinants of choice, and therefore, was not endogenous with EV purchase choices. 

Additionally, we assumed that group assignment affected vehicle purchasing choices only through its effect 

on perceived reliability, making it an appropriate instrument.  

The modeling framework is shown in Figure 2. This approach allowed us to uncover the relative importance 

of the different factors influencing EV purchase decisions, with a focus on the subjective perceptions of 

reliability. Crucially, it allows us to identify the causal effect of perceived reliability on EV purchase intention, 

exploiting the randomized assignment of respondents to the low treatment, high treatment, and control groups. 

 

 

Figure 2: Modeling Framework 

 

3.2 Structural Model 

The structural model is based on the first step of the 2SLS analysis. The perceived reliability latent variable R 

for individual i is modeled as shown in Eq. 1. 

𝑅𝑖 = 𝛾0 + 𝛾𝑙𝑧𝑖 + 𝜉𝑖                                                                                                     (1) 

where 𝛾0 is an intercept term, 𝑧𝑖  is a vector of the treatment group assignment dummy instrumental variables, 

𝛾𝑙 is a vector of parameters to be estimated, and 𝜉𝑖~𝑁(0,  𝜎𝜉) is a random disturbance term normally 

distributed with mean zero and standard deviation 𝜎𝜉. 

 

3.3 Measurement Model 

There are four indicators used in the measurement model, all with 6-level ordinal responses. These observed 

variables are used to infer the value of the latent (unobservable) construct of perceived reliability, and are 

linked to perceived reliability by an ordered probit model. 

The probability of a given response 𝐼 for individual 𝑖 is estimated by the ordered probit model, as shown in 

Eqs. 2 and 3.  
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𝐼𝑖
∗ = 𝛿𝑅𝑖 + 𝜈𝑖 ,  𝜈𝑖~𝑁(0, 𝜎𝑣)                                                                                       (2) 

                                                                                            

𝐼𝑖 =

{
 
 

 
 

1 𝑖𝑓 𝐼𝑖
∗ < 𝜏1

2 𝑖𝑓 𝜏1 < 𝐼𝑖
∗ < 𝜏2

3 𝑖𝑓 𝜏3 < 𝐼𝑖
∗ < 𝜏4

…
6 𝑖𝑓 𝜏6 > 𝐼𝑖

∗

                                                                                            (3) 

 

where 𝐼𝑖
∗is the continuous indicator for latent variable 𝑅𝑖 that underlies the discrete responses 𝐼𝑖. 𝐼𝑖

∗ is predicted 

by the perceived reliability latent variable 𝑅𝑖 with coefficient 𝛿, and random disturbance term 𝜈𝑖 , normally 

distributed with mean zero and standard deviation 𝜎𝑣. 𝐼𝑖 is the discrete probit linking respondent 𝑖’s response 

to 𝐼𝑖 with 6 levels, with the continuous underlying variable, based on thresholds between each response 𝜏6. 

The probability of respondent 𝑖 answering k to any given indicator question is calculated as: 

𝑃𝑖(𝐼𝑖 = 𝑘) = 𝜙 (
𝜏𝑘 − 𝛿𝑅𝑖
𝜎𝑣

) − 𝜙 (
𝜏𝑘−1 − 𝛿𝑅𝑖

𝜎𝑣
)                                                    (4) 

where 𝜙 is the cumulative distribution function of the standardized normal distribution. 

 

3.4 Choice Model 
We evaluated mode choices between EVs and ICEVs using the random utility maximization (RUM) 

framework, accounting for correlations across individual observations. Our utility function specification is 

shown in Eq. 5. 

 

𝑈𝑖𝑗 = 𝐴𝑆𝐶𝑗 + 𝛽𝑗𝑋𝑖𝑗 + 𝜃𝑗𝑅𝑖 + 𝜎𝑗𝜉𝑖𝑗 + 𝜀𝑖𝑗                                                              (5) 

 

where 𝑈𝑖𝑗 is the utility of vehicle 𝑗 for individual 𝑖,  𝐴𝑆𝐶𝑗 is the alternative specific constant (ASC) for vehicle 

𝑗, 𝛽𝑗 is the vector of coefficients of observed predictors, 𝑋𝑖𝑗 are the observed predictors, 𝜃𝑗 is the coefficient 

of the latent variable, 𝑅𝑖 is the latent variable perceived reliability, 𝜎𝑗𝜉𝑖𝑗 is an error component that induces 

correlation in choices by respondent 𝑖 across alternatives of type 𝑗, and 𝜀𝑖𝑗 is the i.i.d. Gumbel distributed error 

term.  

 

4 Results 
4.1 Full Model Results 
The results of the choice model, the structural model, and the measurement model are presented in Table 2. 

 
Table 2: Integrated choice and latent variable (ICLV) model results 

Variable Value Std. Error 

CHOICE MODEL 

EV Intercept -0.763 0.272 

ICEV Operating Cost ($/100 miles) -0.076 0.007 

EV Operating Cost ($/100 miles) -0.091 0.007 

ICEV Price (Multiplier: Price Shown / Budget) -2.470 0.224 

EV Price (Multiplier: Price Shown / Budget) -3.000 0.229 

ICEV Range (hundreds of miles) 0.160 0.029 

EV Range (hundreds of miles) 0.266 0.029 

Public Charging Availability (log fraction of existing gas stations) 0.637 0.0372 

Charging Station Perceived Reliability Respondents w/ Home Charging 0.850 0.148 

Charging Station Perceived Reliability Respondents w/o Home Charging 0.737 0.123 

STRUCTURAL MODEL 

Intercept 0.454 0.076 

High reliability treatment assignment (dummy) 0.858 0.134 

Low reliability treatment assignment (dummy) -1.320 0.154 
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Variable Value Std. Error 

S.d. for error term 1.530 0.113 

MEASUREMENT MODEL 

Coefficient for I2 1.010 0.022 

Coefficient for I3 0.942 0.020 

Coefficient for I4 1.040 0.028 

Intercept for I2 -0.040 0.035 

Intercept for I3 -0.116 0.034 

Intercept for I4 -0.340 0.050 

S.d. for I2 0.902 0.055 

S.d. for I3 0.861 0.045 

S.d. for I4 1.080 0.069 

Difference between thresholds 1,2 & 4,5 1.270 0.078 

Difference between thresholds 2,3 & 5,6 1.120 0.074 

I1: “I think electric vehicle public charging stations provide ____ service” (Reference) 

I2: “I can depend on the service provided by electric vehicle public charging stations” 

I3: “How would you feel about electric vehicle public chargers working as they are intended to?” 

I4: “Suppose you had to depend on an electric vehicle public charger to complete an essential trip. How comfortable would 
you be relying on the charger?” 

Sample Size | Observations | AIC | BIC 1569 | 15690 | 31421 | 31555 

 

4.2 Impact of Public Charging Reliability on EV Purchase Decisions 
The effect of the reliability of public EV charging infrastructure was positive and statistically significant in the 

ICLV model for respondents with and without access to home charging (Table 2). This indicates that higher 

perceived reliability causes an increased willingness to adopt EVs. Figure 3 illustrates the coefficient estimate 

of perceived reliability of public charging for respondents with and without home charging. The effect was not 

statistically different for users without home charging although they are more likely to be reliant on public 

chargers for day-to-day use. 
 

 
Figure 3: Effect of perceived public charging reliability on EV purchase decisions for respondents with and 

without home charging 

 

4.3 Varying Perceptions of Reliability Across Treatment Groups 
Figure 4 illustrates how perceived reliability varied across treatment groups. In the absence of specific 

information, respondents in the control group reported reliability perceptions that were closer to those of the 

high treatment group than to the low treatment group. This suggests that non-EV owners may have a more 

optimistic view of the reliability of public chargers than what many EV drivers experience today. If their 

perceptions were adjusted, reducing perceived reliability by the difference observed between the low treatment 
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group and the control group, we would expect a change in the willingness to purchase an EV.  

 

 
Figure 4: Distribution of responses to indicator questions measuring public charging reliability by treatment group. 

 

4.4 Effects of Worsening Perceptions of Charging Reliability 
To clarify the effect of public charging reliability on EV purchase decisions, we consider how worsened 

reliability perceptions compare with the effects of other vehicle and infrastructure attributes. This can be 

helpful, since perceptions of charging infrastructure reliability have not been studied in the literature, but the 

effect of the other attributes—price, range, charging availability, and operating cost—are known to play a 

crucial role in the adoption of electric vehicles [23]. Therefore, we can analyze the changes in EV purchase 

price, EV range, public charging availability, and gasoline price that are equivalent to the change in EV utility 

generated by a reduction in perceived reliability.   

Our structural model results (Table 2) show the control group’s perception of reliability is 1.32 units higher 

than that of the low treatment group. If reliability perceptions were to worsen from the average of the control 

group to that of the low treatment group, it could significantly impact EV purchasing decisions.  

 

To evaluate the equivalent change, we first calculated the change in utility for the difference in the perceived 

reliability, 𝑅, as shown in Eq. 6. 

 

∆𝑈∆𝑅 =  𝜃 × ∆𝑅                                                                                                 (6) 
 

where ∆𝑈∆𝑅 is the change in utility associated with a ∆𝑅 change in perceived reliability between the control 

group and the low reliability treatment group. 𝜃 is the the estimated coefficient of perceived reliability for 

respondents without home charging. The equation with the values from Table 2 is shown in Eq. 7 

 

∆𝑈∆𝑅 =  0.737 × −1.32 = −0.973                                                                (7) 
  

Then, we calculate the equivalent values for attribute 𝑋 with coefficient 𝛽 as follows: 

 

∆𝑋 =
∆𝑈∆𝑅
𝛽

                                                                                                             (8) 
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Table 3: Change in vehicle and infrastructure attributes equivalent to the change in utility generated by a 1.32 unit 

reduction in perceived reliability 

Variable Equivalent Change in Attributes  

Difference Between Control and Low Treatment Group - 1.32 units of perceived reliability 

EV Price + 32% increase on purchase price 

Gasoline Price for a Vehicle with 30 mpg Fuel Economy - $3.86/gallon 

Public Charging Station Availability3 - 32,571 stations 

EV Range - 366 miles of range 

The values presented in Table 3 underscore the influence of poor reliability perceptions on the evaluation of 

EVs in vehicle purchasing decisions. The decreased perceptions are equivalent to a 32% increase in purchase 

price. While the price premium of EVs is decreasing, high purchase prices are still consistently a barrier to 

adoption [40]. This equivalent increase in purchase price underscores that heightened awareness of charging 

reliability issues could be a similar or greater deterrent to potential EV buyers. 

On the other hand, the lower operating cost of EVs compared to conventional vehicles is increasingly 

compelling for potential buyers [11], [41]. If the cost of gasoline were to decrease by $3.86/gallon, we would 

expect far fewer to consider purchasing an EV; the same applies if reliability perceptions were to shift to the 

current conditions. 

Additionally, a lack of access to public charging stations remains a barrier to EV adoption [10]. Losing 32,571 

stations would reduce the number of public DCFC stations in the U.S. by over 200% [42].  

Finally, 366 miles of range is close to the average range of a new EV [43]. Range has consistently been 

identified as a critical factor in the adoption of alternative fuel vehicles [20], [23], [25], [27], [28], [44], and 

such a loss in range would significantly impact EV adoption prospects.  

Another way to interpret these results is to consider the equivalent changes as what is needed to offset poor 

charging reliability. In other words, if inconsistent reliability conditions persist and people’s perceptions of 

public charging reliability align more closely with the low treatment group's conditions, we would need a 32% 

decrease in purchase price, a 366-mile range increase, 32,571 additional public charging stations, and a 

$3.86/gallon increase in the cost of gasoline to counteract the effect of poor reliability on the willingness to 

purchase an EV. These comparisons help contextualize how decreasing perceptions of reliability translate into 

tangible impacts. 

On the other hand, improved reliability perceptions would significantly improve potential buyers’ willingness 

to purchase an EV. Our results indicate that improving reliability from the low reliability group to the control 

group is comparable to decreasing the purchase price of an EV by 32%. Furthermore, the difference in 

reliability perceptions between the control group and the high reliability group is equivalent to a 21% reduction 

in purchase price or an additional 238 miles of EV range. A change in reliability perceptions of this magnitude 

could significantly increase willingness to adopt EVs.  

 

5 Conclusions and Implications 

Our analysis demonstrates the critical influence of public charging station reliability on the willingness to adopt 

an EV. While billions of dollars of federal funding are dedicated to developing public charging infrastructure 

[45], access to public charging alone is not sufficient. Unreliable chargers fail to address the fundamental need 

for EV charging and can lead to serious issues during long-distance travel or for users without access to home 

charging [46]. If EV infrastructure investments aim to spur higher EV adoption, they should not merely focus 

on increasing the number of public charging stations but also prioritize improving their reliability. 

The establishment of the ChargeX consortium signifies one step toward improving charging reliability and the 

overall charging experience [47]. There are also promising industry developments in improving reliability 

across the US. For example, the Tesla Supercharger network, which has better public charging satisfaction 

among its customers [10], is now accessible to many other vehicle providers [48]. Non-Tesla owners report 

higher satisfaction when using the Tesla Supercharger network compared with other DCFC chargers [49]. This 

could make EVs more appealing to consumers. 

However, if poor reliability charging experiences impact enough users or public sentiment on charging 

reliability shifts in the negative direction, we can expect a significant decrease in EV market shares. This 

 
3 This is based on an estimate that there are approximately 150,000 gas stations in the U.S. [39] 
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awareness could deter buyers who are otherwise inclined towards EVs. Consequently, unless poor charging 

experiences with public charging infrastructure are minimized, the transition away from gasoline vehicles 

could decelerate, impairing our ability to reduce transportation emissions. 

As the market continues to move beyond early adopters, we can expect increased resistance to EV adoption. 

While early EV owners were primarily motivated by environmental concerns, this motivation is already 

beginning to wane [11]. The next wave of adopters is likely to be less forgiving of the challenges associated 

with early technology [29]. As we progress beyond early adopters, the overall resistance to purchasing EVs 

will grow, making reliability issues more pressing. 

This study does not identify strategies for changing reliability perceptions. In particular, it does not establish 

the relationship between the objective and subjective measures of reliability which is critical for defining 

performance standards that minimize the negative impact of unreliable charging on EV adoption. Future 

research should examine this relationship by evaluating how varying levels of objective reliability influence 

perceived reliability. 

Additionally, this study focuses on non-EV owners as they represent the next set of EV adopters, and are likely 

to be less tolerant of charging challenges than early adopters have been [50]. However, existing EV owners 

have real-world charging experiences which may impact their long-term vehicle retention and continued EV 

use. Investigating how reliability perceptions change over time among owners, and their effect on EV retention, 

would be helpful. 

Advancements in real-time charging infrastructure data could present an opportunity to study these issues. 

Access to high-resolution data at spatial and temporal scales could facilitate observational research that isolates 

the effects of charging reliability on adoption, moving beyond hypothetical stated choice experiments. 

However, such analyses must account for endogeneity concerns due to the multidirectional relationships 

among reliability, station utilization, and adoption behavior. 

In addition to enabling improved measurement, real-time data may also offer a path to mitigating reliability 

concerns. If drivers have access to accurate up-to-date charger availability information, the reduction in 

uncertainty during their travels might improve their perceptions of reliability even if objective reliability 

measures of individual stations remain unchanged. Future research should explore how real-time data on 

charger functionality impacts consumer perceptions of reliability as improved planning may mitigate some of 

the consequences of unreliable public charging. 

In conclusion, this study provides compelling evidence that public charging station reliability is a linchpin in 

the adoption of electric vehicles. Ensuring the reliability of these stations is as critical as expanding their 

network, and both aspects should be pursued concurrently to achieve the desired increase in EV uptake and 

the broader environmental benefits associated with reduced vehicular emissions. 
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