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Abstract
The field of Connected and Autonomous Vehicles (CAVs) promises to improve road safety through advanced 
communication technologies and data sharing. This study addresses the need for a clearer understanding of the 
relationship between CAV Market Penetration Rates (MPRs) and Safety Improvement Rates (SIRs) by conducting 
an updated meta-analysis that includes 49 studies published between 2015 and 2024. Across these studies, the 
primary focus of safety surrogate measures (SSMs) was on Time-to-Collision (TTC) and Post Encroachment Time 
(PET), reflecting their dominant role in evaluating traffic safety impacts of CAVs. We applied sensitivity analysis to 
refine the data and mitigate the effects of variability across simulation parameters and scenarios. A power function 
was identified as the most accurate model to describe the MPR-SIR relationship, capturing how safety benefits 
scale with increasing adoption of CAVs. At low MPRs (10%–20%), safety gains are modest, with SIRs of 2.8% and 
4.9%, respectively. Mid-range MPRs (30%–60%), while frequently studied, show overestimated safety benefits 
in raw findings; our corrected estimates yield SIRs of 8.0% at 30% MPR and 9.4% at 40% MPR, highlighting the 
complexity of mixed traffic environments. At high MPRs (70%–90%), safety benefits become substantial and more 
consistent, with an SIR of 39.4% at 90% MPR. These findings inform transportation planners and policymakers on 
the safety potential of CAVs, emphasizing the importance of high market penetration to realize meaningful safety 
improvements.
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1  Introduction
The transportation system is undergoing global changes 
driven by the rapid development of CAV technologies. 
These innovations aim to improve transportation effi-
ciency and potentially enhance environmental sustain-
ability [1]. However, CAVs also introduce new safety risks 
and challenges [2]. Studies show a complex relationship 
between deployment levels and safety benefits [3]. As the 
market penetration rate (MPR) of CAVs increases, safety 
improvements are expected due to enhanced vehicle 
communication, which can reduce crash risk. Yet, this 
relationship is multifaceted. Higher MPRs may improve 
road safety but can also introduce risks like overreli-
ance on technology and unexpected traffic behaviors [4]. 
Understanding the interplay between MPR and safety is 
essential for policymakers to guide effective integration 
strategies.

Several key terms and metrics are central to under-
standing this study. Connected and Autonomous Vehi-
cles (CAVs) refer to vehicles equipped with advanced 
communication technologies and varying levels of driv-
ing automation (Automation Levels 1–5) [5]. The Mar-
ket Penetration Rate (MPR) indicates the proportion 
of vehicles on the road that are CAVs at a given time, 
reflecting the degree of technology adoption [6]. Surro-
gate safety measures are traffic-based indicators used to 
assess potential crash risk and safety improvements in 
simulation or observational studies. Common examples 
include Time-to-Collision (TTC), representing the time 
remaining before a collision would occur if current vehi-
cle trajectories are maintained, Time Integrated Time-
to-Collision (TIT), which integrates TTC over time to 
capture prolonged exposure to potential conflicts; Time 
Exposed Time-to-Collision (TET), which measures 
the duration a vehicle is exposed to critical TTC val-
ues; and Post-Encroachment Time (PET), which mea-
sures the time difference between one vehicle leaving a 
conflict point and another vehicle arriving at that point, 
indicating near-miss or crash risk [7]. Finally, the Safety 
Improvement Rate (SIR) quantifies the reduction in traf-
fic conflicts or crashes due to increasing CAV adoption, 
standardizing outcomes across studies to allow compari-
son of safety benefits at different MPRs [6]. Safety evalu-
ations rely heavily on modeling algorithms and traffic 
composition. Additionally, varying surrogate safety mea-
sures (e.g., Time-to-Collision (TTC), Post Encroachment 
Time (PET)) [8]. complicate comparisons across studies. 
To address this, the SIR was introduced as a standard-
ized metric, quantifying safety benefits across different 
MPRs [6]. SIR compares traffic conflicts in non-CAV sce-
narios to those with varying CAV adoption levels, offer-
ing a clearer picture of how MPR influences road safety. 
Despite its potential, the relationship between MPR and 

SIR remains underexplored, particularly given rapid 
advancements and real-world CAV applications [9–11].

Building upon Xiao et al. (2021) [6], this study intro-
duces an enhanced methodological framework designed 
to improve the robustness and generalizability of the 
Market Penetration Rate (MPR)–Safety Improvement 
Rate (SIR) relationship. While the earlier meta-analysis 
established the baseline relationship, the present study 
extends the dataset to include 49 studies published 
between 2015 and 2024, offering greater statistical power 
and a more balanced representation across low, mid, and 
high MPR levels. This study investigates the distribution 
and focus of safety surrogate measures used in previous 
research to clarify how variations in SSM selection may 
influence reported safety outcomes. Methodologically, 
we incorporate a structured sensitivity analysis along-
side the traditional trim-and-fill approach to correct for 
potential publication bias and mitigate the influence of 
outliers and overrepresented mid-range studies. Fur-
thermore, heterogeneity is managed through a variance-
based weighting scheme within a random-effects model, 
improving the stability and reliability of aggregated esti-
mates. These advancements result in smoother, bias-
adjusted SIR trends and a more realistic understanding of 
how increasing CAV market penetration contributes to 
traffic safety improvements.

The structure of the paper is as follows: Sect.   2 
describes the methodology of the meta-analysis used to 
assess the safety effectiveness of CAVs, including test-
ing procedures, effect size combination, and evaluation 
of publication bias. Section  3 presents the results of the 
meta-analysis, followed by Sect.  4, which provides an in-
depth discussion of the findings, methodological impli-
cations, and policy relevance. Finally, Sect.   5 offers the 
conclusions, summarizing the key insights and outlining 
directions for future research.

2  Methodology
Our methodology begins by developing a search strategy 
based on the keywords and exclusion criteria used in [6], 
yielding a preliminary set of research papers. The strat-
egy is then expanded, incorporating additional exclu-
sion criteria guided by the PRISMA guidelines [12] and 
the PICO model to refine the final study selection. After 
study selection, we extract data and assess heterogene-
ity. If heterogeneity is present, a random-effects model is 
used; otherwise, a fixed-effects model is applied. Sensitiv-
ity analyses help identify and remove outliers to improve 
data accuracy. To address potential publication bias, we 
use funnel plots and Begg & Egger’s tests. If bias is found, 
the Trim-and-Fill method estimates and adjusts for miss-
ing studies, reducing bias. The corrected data are then 
used to establish the mathematical relationship between 
MPR and SIR.
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2.1  Inclusion of studies: PRISMA and PICO models
We combined PRISMA’s emphasis on transparent report-
ing with PICO’s structured criteria to establish a rigorous 
and replicable meta-analysis process. The PRISMA 2020 
[13] guidelines for systematic reviews and meta-analyses 
were followed (see Fig. 1). This framework, including a 
27-item checklist and flow diagram, is widely recognized 
for enhancing the quality and transparency of systematic 
reviews. It standardizes reporting for intervention-based 
studies, ensuring reproducibility and comprehensive-
ness [12]. In our study, PRISMA guidelines structured 
key components of the meta-analysis. For instance, our 
title identifies the report as a meta-analysis, and the study 
selection, data collection, and eligibility criteria align 
with the PRISMA checklist. The results section also fol-
lows PRISMA by clearly detailing statistical methods and 
key findings, supporting transparent reporting.

The PICO framework helps formulate research ques-
tions and guide literature searches by focusing on four 
core elements: (a) Population – general transportation 
participants; like [6], we applied no specific filters; (b) 
Intervention – CAV adoption at various MPR levels; (c) 
Comparison – the baseline scenario without CAVs, used 
to assess intervention impact; and (d) Outcome – safety 
improvements measured by comparing different MPR 
scenarios to the baseline, as described in Eq. (1).

The initial step of our methodology involved identify-
ing relevant studies. We used three bibliographic data-
bases—Scopus, Web of Science, and Google Scholar—to 
conduct our meta-analysis, covering the period from 
2020 to 2024. These databases were selected for their 
broad coverage of scientific, engineering, and techno-
logical research. The search, conducted on April 22, 2024, 
yielded 322 documents. We aimed to build on prior work 
by [6] by incorporating more recent studies on CAVs and 
their impact on traffic safety. To ensure inclusion of the 
latest developments, we considered studies published 
since 2020, including journal articles, conference papers, 
reports, book chapters, PhD dissertations, and master’s 
theses.

Several factors led us not to directly replicate [6]’s 
search strategy. Initially, using their exact keywords pro-
duced only six relevant results from Google Scholar and 
none from the other two databases. To ensure a more 
comprehensive review, we expanded and refined the 
search string to also include studies from 2015 to 2020. 
This revised approach yielded results consistent with [6], 
validating our updated keyword strategy. Consequently, 
we applied this refined method to screen literature up to 
April 22, 2024, ensuring broader coverage and inclusion 
of the most recent research. The strategy used a com-
bination of keywords and Boolean operators. The final 
search string was:

(autonom* OR automat* OR intelligent OR “self-driv-
ing” OR driverless OR connected) AND (vehicle OR 
mobility OR driv*) AND (“Conflicts Number” OR “Sur-
rogate Measure” OR “Time To Collision” OR TTC OR 
“Post Encroachment Time” OR PET) AND (“Penetration 
Rate”) AND (“Safety improve” OR “Safety enhance” OR 
“Safety increase”).

The updated keywords focused on terminology related 
to CAVs, traffic conflicts assessment models, and safety 
metrics. The goal was to gather a diverse range of studies 
discussing the MPR of CAVs and improvement in traffic 
safety.

Following the search, the detailed literature selection 
process is depicted in Fig. 1, from initial retrieval to final 
inclusion, divided into two key phases. The first phase 
involved re-evaluating prior search, where 16 studies 
included in earlier reviews were reassessed for relevance 
and consistency. The second phase focused on identifying 
new studies. An initial search yielded 322 records from 
various databases. After removing 25 duplicate records, 
297 remained for further screening. During this stage, 
14 records were excluded for lacking direct relevance 
to CAVs, and 9 records were removed due to difficulties 
in retrieving full texts. Next, a comprehensive eligibility 
assessment was conducted on the remaining 274 studies, 
emphasizing English-language publications to maintain 
consistency. We excluded 65 studies that did not specifi-
cally address the impacts of CAVs on traffic safety, and 
167 studies were excluded due to insufficient data on key 
conflict indicators, such as number of conflicts. Follow-
ing this process, 33 new studies from the period 2020 to 
2024 were considered suitable for inclusion. In the final 
step, these 33 recent studies were combined with the 16 
previously included studies from [6], resulting in a total 
of 49 studies for our review. These additional studies rep-
resent a 206% increase over [6], and all of these data will 
be used in the new meta-analysis.

2.2  Data extraction
After completing the study selection based on the 
PRISMA flowchart and PICO model, we entered the data 
extraction, one of the key steps in the process. Data gath-
ered from each study included details such as publica-
tion year and authors to establish the study’s context and 
timeframe. The number of simulation runs was recorded 
to determine the sample size of each study and evaluate 
the robustness of the results. MPRs were highlighted as a 
key factor influencing the evaluation of CAV traffic safety. 
Various traffic safety metrics, such as number of conflicts, 
TTC, PET, were employed to measure the safety benefits 
of CAVs. To ensure data accuracy, the WebPlotDigitizer 
tool was used to extract data from charts, capturing data 
points when direct data was unavailable. This approach 
guarantees precise data collection [14].
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Fig. 1  PRISMA Flowchart of study selection and literature screening process
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The dataset was systematically reviewed and recalcu-
lated, incorporating 16 papers that were utilized in [6]’s 
meta-analysis, which we reassessed and recalculated for 
this study, along with 33 newly selected studies from 
2020 to 2024. These studies focused on simulation sce-
narios with various penetration rates of CAVs, evaluat-
ing their impact on safety using different safety metrics. 
To enable consistent comparison across studies, the SIR 
was used to standardize all safety metrics into a single, 
comparable factor. The selection process adhered strictly 
to predefined standards to ensure both accuracy and rel-
evance, all detailed data were summarized in the supple-
mentary fie. For each paper, the data extraction process 
involved gathering information on the authors, publica-
tion year, the number of simulations runs or observations 
(simulation times), and key metrics, including the MPR 
of CAVs, the SIR relative to baseline scenario (Eq. (1)), 
and the standard error (SE) calculated using Eq. (2). This 
comprehensive data collection enabled a detailed analysis 
of CAVs’ impact on traffic safety across different studies, 
facilitating robust cross-study comparisons and improv-
ing the understanding of how varying CAV penetration 
levels affect safety outcomes.

2.3  Effect size
To standardize the evaluation of safety benefits across 
studies, the SIR was used as the primary metric. The SIR 
quantifies the impact of CAVs on safety by comparing the 
number of conflicts in scenarios without CAVs to those 
varying levels of CAV market penetration (see Eq. (1)). 
The formula is outlined below, where CN0 represents 
the baseline number of conflicts without CAVs, indicat-
ing the conflict events in different market penetration 
rate. CNx denotes the conflicts observed at CAV market 
penetrations from 10% to 90%, reflecting conflict events 
at different MPR scenarios [6].

	
SIR = CN0 − CNx

CN0
× 100%� (1)

Additionally, the standard error (SE), for SIR is computed 
as follows (see Eq. (2)):

	
se (SIR) =

√
SIR (1 − SIR)

n − 1
� (2)

Where n indicates the number of simulations running 
times in the experiments. The above formula is obtained 
from the Cochrane handbook of systematic evaluation 
and is used to assess the robustness of the effect values 
[6].

2.4  Inverse-variance estimation method
The next phase involved applying the inverse variance 
estimation method to calculate weights of effect values 
taken from studies. It works well for handling differences 
in effect values that occur across studies, and particu-
larly fits for datasets showing considerable differences 
between them. The exact formula is presented as follows 
(Eq. (3)):

	
wi = 1

se2
i

� (3)

where wi is the weight of study 𝑖; and se2
i  stands for the 

variance of the effect size of study 𝑖.
Equation (4) gets applied when calculating a weighted 

mean effectiveness of the model is:

	

−
Y =

∑ n
i=1 (wi × Y i)∑ n

i=1wi
� (4)

where 
−
Y  is referring to as the weighted effect size and Yi 

would signify the effect size of study i [15].

2.5  Assessment of heterogeneity
The measure of heterogeneity among the studies was 
examined through Cochran’s Q statistic and I2 index. 
The included studies differed in simulation scenarios, 
such as location, traffic volume, and vehicle types, which 
naturally introduce variability in effect sizes. Meta-anal-
ysis does not reduce this heterogeneity but quantifies it, 
allowing appropriate modeling and interpretation [16]. 
Cochran’s Q statistic determines whether the observed 
variability in effect sizes across studies exceeds what 
would be expected by chance, guiding the choice between 
fixed-effects and random-effects models (see Eq. (5)).:

	
Q =

∑
wi ×

(
Y i−

−
Y

)2
� (5)

As Cochran’s Q is highly sensitive to the number of 
included studies and can be difficult to interpret on its 
own, we focus on I² and τ², which provide a clearer and 
more meaningful assessment of heterogeneity [16]. The 
I2 homogeneity index was applied to find the variation 
in studies, measured with Eq. (6):

	
I2 = max

(
0,

Q − (k − 1)
Q

)
× 100%� (6)

where 𝑘 is representing the number of studies; and a 
greater I2 value means that diversity among the studies 
is higher [17].
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2.6  Random-effect models
Due to the presence of significant heterogeneity, as 
indicated by the I2 index, a random effects model was 
utilized. This model is used in the analysis due to differ-
ences in study backgrounds and sample characteristics. 
Unlike the fixed effect model, which assumes that effect 
values remain constant across studies, the random-effect 
model accounts for variability in effect size between stud-
ies. It acknowledges that some variation in effect sizes 
is expected across different studies. This model focuses 
on the differences in effects between studies rather than 
within each individual study. By incorporating between-
study variation, it provides a more comprehensive esti-
mate of the overall effect (see Eq. (7)).

	
w∗

i = 1
se2

i + τ̂ 2 � (7)

where τ̂ 2 denotes the between-study variance (see 
Eq. (8)), estimated as:

	

τ̂ 2 = max(0,
Q − (k − 1)

∑
wi −

∑
(wi

2)∑
wi

� (8)

In this study, the between-study variance (τ²) in the ran-
dom-effects model was estimated using the DerSimo-
nian–Laird (DL) method. The DL estimator was selected 
because our meta-analysis includes 49 independent stud-
ies, which is considered a large dataset for meta-analytic 
purposes. Prior research has shown that DL provides 
stable and reliable estimates of τ̂ 2 when the number of 
studies exceeds approximately 30 and heterogeneity is 
moderate [15, 18].

By incorporating τ̂ 2, the random effects model can 
more accurately capture the differences between studies, 
thereby enhancing the external validity for the findings. 
To assess the reliability of the effect sizes, 95% confidence 
intervals were calculated. The confidence interval was 
computed in Eq. (9):

	
95%CI =

−
Y ± 1.96 ×

√
1∑
w∗

i

� (9)

where 1.96 signifies the value of the normal distribution. 
The utilization of 95% confidence intervals aids in esti-
mating the range of effect values [18].

2.7  Sensitivity analyses
Following the selection of the random-effect model, sen-
sitivity analyses are conducted. This step involves a rig-
orous examination of the data to identify and exclude 
outliers. By removing these outliers, we ensure that 

the meta-analysis results are not overly influenced by 
extreme values, thus enhancing the reliability and valid-
ity of the findings. Additionally, sensitivity analyses help 
refine the relationship between MPR and SIR, ensuring 
that any irregularities or biases in the data are addressed, 
providing a clearer understanding of the impact of CAVs 
on traffic safety [16].

2.8  Bias assessment
We assess potential publication bias using both fun-
nel plots and Begg & Egger’s tests. Funnel plots serve as 
visual tools to detect bias, where any asymmetrical distri-
bution may indicate the presence of publication bias, par-
ticularly when smaller studies with less significant results 
are underreported. Begg & Egger’s tests provide statisti-
cal evidence of this bias, and the results are judged based 
on the p-value. A p-value less than 0.05 suggest a sta-
tistically significant presence of bias. If bias is detected, 
further corrective measures, such as the Trim-and-Fill 
method, are implemented to adjust the analysis [19].

2.9  Trim-and-fill method
If publication bias is detected, the Trim-and-Fill method 
is employed to estimate and correct for the missing stud-
ies that may have caused the asymmetry in the funnel 
plot. This method hypothesizes the number of miss-
ing studies-often those with non-significant or negative 
results-and then imputes them into the analysis, aiming 
to create a more symmetrical funnel plot. By doing so, 
it recalculates the effect size, providing a less biased and 
more accurate estimate. This adjustment enhances the 
robustness of the meta-analysis by mitigating the impact 
of publication bias [20].

2.10  Modeling the MPR-SIR relationship: testing 
functional fits
In the final step of our analysis, we establish a relation-
ship between MPR as the independent variable and SIR 
as the dependent variable. To determine the best fitting 
model for this relationship, we test four different func-
tions: logarithmic, linear, exponential, and power. In the 
following result section, the explained methodology is 
applied to analyze the impact of CAVs on traffic safety.

3  Results
3.1  Relationship between MPR and SIR: initial analysis
The first results illustrate funnel plots to evaluate the 
relationship between SIR and MPR (see Fig. 2). In these 
funnel plots, the horizontal axis shows the SIR for each 
MPR, where positive values indicate a decrease in con-
flicts numbers. The vertical axis represents the standard 
error of each study, and weights are calculated from the 
standard error using Eq. (3) in the random effect model. 
Typically, funnel plots have an inverted funnel shape with 
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points spread around the estimated true values of inde-
pendent study effects, suggesting no bias in the studies 
included. However, upon examining Fig.  2, it was evi-
dent that all funnel plots displayed a degree of asymme-
try. For the 10%-40% MPR range (see Fig. 2(A)), the data 

points exhibited, asymmetry, suggesting potential publi-
cation bias. On the other hand, for 50%-90% MPR range 
(see Fig. 2(B)), the distribution appears more symmetric; 
however, some data points still fall outside the confidence 

Fig. 2  Funnel plots of effect size (SIR) versus standard error under different MPR ranges. (A) Lower missing percentage rates (MPR = 10–50%). (B) Higher 
missing percentage rates (MPR = 60–90%). The solid line indicates the pooled effect, and diagonal lines indicate the 95% confidence limits
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interval lines, indicating higher heterogeneity within 
studies.

Table 1 provides an analysis of publication bias across 
varying MPRs, considering the number of analyses and 
the results of Begg’s and Egger’s test. The results reveal a 
distribution of 79 analyses for low MPRs (10%-20%), 178 
for mid-range MPRs (30%-60%), and 98 for high MPRs 
(70%-90%). The number of analyses varies significantly, 
peaking at 50% MPR with 56 analyses, while the lowest 
count is observed at 70% MPR with only 27 analyses. 
At lower to mid-range MPRs (10%-60%), both Begg’s 
and Egger’s test consistently yield low p-values (close to 
0.000), indicating a significant presence of publication 
bias. However, at higher MPRs (70%-90%), the p-values 
from both tests rise substantially, reaching up to 0.315 
and 0.665 for Begg’s and Egger’s tests, respectively, at 80% 
and 90% MPR levels. This reduction in publication bias at 
higher MPRs suggests a more balanced representation of 
study outcomes.

Before our first trim-and-fill adjustments, the SIR gen-
erally exhibited an upward trend across the MPRs, as 

shown in Table  1. Specifically, the SIR values increased 
from 4.1% at 10% MPR to the SIR value of 29.4% at 50% 
MPR, followed by a further rise to 49% at 90% MPR. After 
applying trim-and-fill method, the SIR values decreased 
across all MPRs, reflecting a correction for potential bias. 
For instance, the SIR reduced from 4.1% to 2.8% at 10% 
MPR and dropped significantly from 29.4% to 17.7% at 
50% MPR. However, it is noteworthy that the SIR did not 
decrease for the MPRs of 30%, 40% and 90%, where val-
ues remained the same. Additionally, following the trim-
and-fill adjustment, the SIR values no longer exhibited a 
constant upward trend; specifically, there was a decline 
from 21.7% at 40% MPR to 17.7% at 50% MPR.

The comparison between our meta-analysis and the 
findings by [6] reveals nuanced differences in SIR across 
varying MPRs. Both analyses confirm that the adoption 
of CAVs leads to noticeable safety improvements, but 
the effect and patterns of these improvements change at 
different penetration rates (see Fig. 4). At lower MPRs 
(10%-20%), the current study shows slightly lower SIRs 
compared to the previous analysis. For instance, at 10% 

Fig. 2  (continued)
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MPR, our study reports a 2.8% improvement in safety, 
which is lower than the 4.2% observed in the earlier study. 
Similarly, at 20% MPR, our SIR is 4.9%, compared to 8.6% 
previously. In contrast, at mid-range MPRs (30%-60%), 
our study highlights a significant deviation. Although, 
the SIR rises steadily from 18.5% at 30% MPR to 21.7% at 
40%, a slight drop is observed at 50% MPR, where safety 
improvements fall to 17.7%. This decline is followed by a 
recovery to 21.4% at 60% MPR. This drop cannot be seen 
in the [6], where the SIR increases consistently across 
the same MPR range. At higher MPRs (70%-90%), both 
studies align more closely, though our findings reveal a 
slightly larger improvement. At 90% MPR, our analysis 
shows a 49% safety improvement, compared to 43.4% in 
the [6].

In addition to publication bias and safety improve-
ment rates, Table 1 also reports the I² index and τ² val-
ues across different MPR levels to quantify heterogeneity 
among the included studies. The I² values range from 
27.3% to 83.5%, indicating moderate to substantial het-
erogeneity, depending on the MPR level. This variation is 
expected given differences in simulation contexts, such as 
traffic volumes, study locations, and vehicle types. Higher 
τ² values were observed at certain MPR levels, suggesting 
greater dispersion in effect sizes. Together, these findings 
support the use of a random-effects model in our meta-
analysis, as described in Sect.  2.5 and 2.6.

3.2  Refined relationship between MPR and SIR: Sensitivity 
analysis results
After applying the Trim-and-Fill method to correct for 
potential publication bias, a focused sensitivity analysis 
was performed to further refine the MPR–SIR relation-
ship and assess the robustness of the pooled estimates. 
This additional step aimed to identify studies exert-
ing disproportionate influence on the aggregated Safety 
Improvement Rate (SIR) values, particularly at specific 
Market Penetration Rate (MPR) levels where irregu-
lar patterns were observed. To achieve this, we targeted 
MPR levels of 30%, 40%, and 90%, where potential outli-
ers were detected. For each study, the SIR and its stan-
dard error (SE) were calculated and summarized in 
Table  2, providing a transparent overview of individual 
effect sizes and their precision. Each study was sequen-
tially removed, and the pooled SIR and correspond-
ing confidence interval were recalculated to evaluate its 
influence on the overall estimate. Studies were identi-
fied as outliers when their exclusion caused a substantial 
shift in the pooled SIR or altered the confidence interval 
range.

At MPR = 30% [21], (SIR = 0.887, SE = 0.073), which 
examined freeway merging areas, exerted a strong 
influence on the pooled estimate. At MPR = 40%, two 
studies— [22] (SIR = 0.970, SE = 0.057), focusing on 
intersection coordination of connected vehicles, and 
[23] (SIR = 0.131 and 0.014; SE = 0.077 and 0.027), 

Table 1  Publication bias and Random Effects model analysis before and after sensitivity analysis
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which analyzed low-speed urban networks—significantly 
affected both the effect size and confidence intervals. At 
MPR = 90% [24], (SIR = 0.450, SE = 0.166), evaluating 
automated vehicle performance at signalized intersec-
tions, also demonstrated a notable influence. These stud-
ies, primarily representing localized traffic environments 
(e.g., intersections, merging zones, or low-speed urban 
settings), tended to amplify safety effects at specific MPR 
levels due to limited generalizability of their simulation 
contexts. Consequently, they were excluded from the 
final pooled estimates to ensure a more stable and rep-
resentative trend across MPR levels. Figure 3(a–c) illus-
trates the effect of removing these outliers, confirming 
the improved consistency, reliability, and robustness of 
the meta-analytic results.

After implementing the sensitivity analysis, the results 
of Begg’s and Egger’s test, along with the number of anal-
yses have been updated to reflect the publication bias 
assessment across varying MPRs (see Table 1). The data 
now indicate a total of 79 analyses for low MPRs (10%-
20%), 175 for mid-range MPRs (30%-60%), and 97 for 
high MPRs (70%-90%). The number of analyses varies 
significantly, peaking at 50% MPR with 56 analyses, while 
the lowest counts are observed at both 70% and 90% 
MPRs, each with 27 analyses. At the low MPRs (10%-
20%), both Begg’s and Egger’s test consistently report low 
p-values (0.000), indicating a significant presence of pub-
lication bias. In the mid-range MPRs (30%-60%), there is 
a gradual increase in p-values; for example, Egger’s test 
p-value rises to 0.014 at 30% MPR and 0.063 at 40% MPR. 
At higher MPRs (70%-90%), the p-values from both tests 
increase significantly, with Begg’s test reaching 0.315 and 
Egger’s test going up to 0.526 at 80% MPR, indicating a 
noticeable decline in publication bias and a more bal-
anced representation of study outcomes in these ranges.

The following result derive from our second random-
effect model, updated after implementing the sensitivity 
analysis. After the adjustment, the SIR exhibited a general 
decline across all MPRs compared to the initial estimates, 
although a consistent upward trend remained evident. 
Specifically, at 10% MPR, the SIR decreased from 4.1% to 
2.8%, and at 20% MPR, it dropped from 7.9% to 4.9%. The 

same trend was observed for the MPRs at 50% and 60%, 
where the SIR decreased after trim and fill, yet the over-
all upward trend from 50% to 60% was maintained, with 
SIR values of 17.7% and 21.4%, respectively. In higher 
MPRs, the SIR was reduced from 38.7% to 28.5% at 70% 
MPR, but the upward trend resumed, reaching 33.8% at 
80% and 39.4% at 90% MPR. These findings suggest that 
while the trim and fill led to lower SIR values across the 
spectrum, the overall trend of increasing safety benefits 
at higher penetration rates remains a significant observa-
tion in this analysis, as summarized in Table 1.

The comparison of SIR across different MPRs reveals 
some differences between the findings of [6], our cur-
rent meta-analysis before sensitivity analysis, and the 
updated results after implementing sensitivity analysis. 
As shown in Table 1; Fig. 4, at lower MPRs (10%-20%), 
the SIR values remained consistent in our current meta-
analysis, both before and after sensitivity analysis, at 2.8% 
and 4.9%, respectively. These values are lower than those 
reported by [6], which were 4.2% at 10% MPR and 8.6% 
at 20% MPR. In mid-range MPRs (30%-60%), notable 
changes are observed. At 30% MPR, the SIR in our analy-
sis decreased significantly after sensitivity analysis, from 
18.5% to 8.0%, aligning more closely with [6]’s reported 
SIR of 8.1%. Similarly, at 40% MPR, the SIR decreased 
from 21.7% before sensitivity analysis to 9.4% after, which 
is now lower than [6]’s value of 12.8%. At 50% and 60% 
MPRs, the SIR values remained unchanged after sensitiv-
ity analysis, holding steady at 17.7% and 21.4%, respec-
tively, closing matching [6]’s results of 17.4% and 19.6%. 
For higher MPRs (70%-90%), the sensitivity analysis 
had minimal impact on the SIR values, with no changes 
observed at 70% and 80% MPRs, which remained at 
28.5% and 33.8%, respectively. These results are com-
parable to [6]’s values of 31.0% and 35.2%. however, the 
highest MPR of 90%, the SIR dropped from 49.0% before 
sensitivity analysis to 39.4% after, which is slightly lower 
than [6]’s value of 43.4%.

  
Figure  5 summarizes the results of different modeling 

approaches used to examine the relationship between 
SIR and MPR. Among the models assessed, the power 

Table 2  Studies Identified as Outliers through Sensitivity Analysis
Market Penetration Rate 
(MPR) Level

Study Scenario Type Safety Improvement 
Rate (SIR)

Stan-
dard 
Error 
(SE)

30% Chen et al. (2024) [21] Freeway merging area 0.887 0.073

40% Olia et al. (2015) [22] Intersection / connected vehicle 
coordination

0.970 0.057

40% Karbasi et al. (2024) [23] Low-speed urban network 0.131 0.077

40% Karbasi et al. (2024) [23] Low-speed urban network (secondary 
result)

0.014 0.027

90% Arvin et al. (2020) [24] Signalized intersection 0.450 0.166
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model stands out as the most effective, with the high-
est coefficient of determination (R2 = 0.9928), indicat-
ing that it explains the majority of variance in SIR. The 

linear (R2 = 0.9714) and exponential (R2 = 0.9663) mod-
els also demonstrate good fit, but they do not capture 
the nonlinear relationship as effectively as the power 

Fig. 3  Sensitivity analysis under different MPRs. (a) MPR = 30%. (b) MPR = 40%. (c) MPR = 90%
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Fig. 3  (continued)

Fig. 4  Comparison of SIR across different MPR before and after sensitivity analysis with Xiao et al. (2021) [6]
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model. Furthermore, the power model’s simplicity, strong 
explanatory power, and ease of interpretation make it a 
more suitable option for reporting. The goal is to bal-
ance model complexity with interpretability and general-
izability to ensure that the results are practically useful. 
Figure  5 compares four candidate models for fitting the 
relationship between MPR and SIR, clearly showing that 
the power model provides the best fit.

4  Discussion
This study provides an in-depth analysis of how CAVs 
impacts road safety as MPR vary under different condi-
tions, utilizing a meta-analysis. Building upon [6], this 
study extends the analysis timeline to include data from 
2015 to 2024, adding 33 new studies to the original 16, 
analyzing 49 relevant studies in total. Additionally, the 
sensitivity analysis conducted in the current meta-anal-
ysis led to more reliable and refined results, enhanc-
ing the credibility of the study’s outcomes. The current 
meta-analysis results align with [6] indicating that the 
widespread adoption of CAVs can lead to a significant 
reduction in traffic conflicts, particularly at higher MPRs. 
These outcomes have been consistently confirmed by 
various studies, with additional examples from differ-
ent countries further demonstrating the positive impact 
of CAVs on road safety [6]. The findings also reveal that 
safety improvement rates for CAVs are relatively mod-
est at lower MPRs (10%-20%), suggesting that managed 
lanes should be implemented during this phase [25]. As 
MPRs rise, allowing CAVs to use all lanes, they become 
beneficial, as interactions with conventional vehicles are 

reduced while communication among CAVs is enhanced. 
Higher MPRs are frequently associated with greater 
reductions in conflicts [6]. The results underscore the 
critical role of CAV technology in crash reduction, high-
lighting the importance of both technological advance-
ment and policy development in realizing these safety 
benefits.

4.1  Frequency of analyses per MPR
Based on the number of analyses, mid-range MPRs 
(30%-60%) have the highest frequency, with 175 analy-
ses, accounting for 49.9% of total analyses. Within this 
mid-range category, the MPR of 50% stood out with the 
highest share, representing 56 analyses, which constitutes 
approximately 16% of all total analyses. On the other 
hand, low MPRs (10–20%) have the least frequency, with 
a combined count of 79 analyses, representing of 22.5% 
of the total, suggesting relatively lower attention to these 
levels. High MPRs (70%-90%) fall in the middle with 97 
analyses, making up 27.6% of the total, highlighting rela-
tively less attention than the mid-range MPRs, however 
still higher than low MPRs. The mid-range analyses are 
approximately 2.2 times higher than those for low MPRs 
and about 1.8 times higher than those for high MPRs. 
The significant interest in the mid-range MPRs shows 
the effects of CAVs are likely more variable compared to 
both lower and higher MPR levels. Strong evidence of 
publication bias exists at lower to mid MPRs (10%-60%), 
indicated by consistently low p-values. In contrast, higher 
MPRs (70%-90%) show a lack of significant bias. The SIRs 
at lower to mid-range MPRs should be interpreted with 

Fig. 5  Comparison of Different Fit Models for MPR and SIR
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caution, while findings at higher MPRs likely provide a 
more accurate depiction of the effects of CAV technology 
on traffic safety.

4.2  Relationship between SIR and MPR
The best functional form for the relationship between 
SIR and MPR is a power function form. This relation-
ship indicates that both low and high MPRs contribute to 
improvement in conflict reduction and overall safety, with 
more pronounced benefits observed at higher MPRs. 
This trend aligns with the findings from previous studies, 
such as those by [26, 27], which suggest that higher MPRs 
generally facilitate more reliable traffic networks due to 
the increased volume of data shared among vehicles [28]. 
Our study reveals nuanced differences in SIRs for CAVs 
when compared to [6] across varying MPRs. At lower 
MPRs (10%-20%), our study shows improvements in SIR, 
albeit slightly lower than what reported in [6], indicating 
that safety improvements may be constrained when CAV 
technologies are not yet widely adopted. The observed 
improvements at these lower MPRs can be attributed 
to early benefits from the introduction of CAVs, such as 
enhanced driver awareness and automated safety fea-
tures that provide some level of safety even when market 
penetration is limited. These moderate improvements at 
low MPRs may also result from limited data sharing and 
communication between vehicles, as well as heterogene-
ity of vehicle types present at these lower MPRs, as noted 
in the work of [24].

In the mid-range MPRs (30%-60%), sensitivity analysis 
plays a crucial role, particularly at 30% and 40%, where it 
corrects an initial overestimation of variability in the cur-
rent meta-analysis. The irregularity in SIR at mid-range 
MPRs may be a transitional issue inherent to mixed traf-
fic scenarios, where neither conventional vehicles nor 
CAVs dominate. As [25] demonstrated, even with the 
same CAV technology at a 50% MPR, crash reductions 
varied significantly between peak (34.9%) and off-peak 
(48.5%) traffic conditions. At higher MPRs (70% − 90%), 
our findings exhibit a stronger alignment with [6]; how-
ever, we note a more significant improvements in safety 
outcome in the current meta-analysis. The increased 
SIRs reflect the dominant presence of CAVs leading 
to enhanced data sharing and communication among 
vehicles. As the proportion of CAVs rises, traffic dynam-
ics become more favorable, reducing the likelihood of 
crashes and improving safety outcomes overall. However, 
prior to sensitivity analysis, there was an exaggerated rise 
at 90% MPR. The sensitivity analysis effectively reduces 
this spike, bringing the results closer to [6]’s finding and 
ensuring a more balance trend. Overall, sensitivity analy-
sis contributes to smooth out irregularities, particularly 
in the mid and high ranges, leading to more consistent 
and reliable results.

Achieving safety improvements with CAVs is not guar-
anteed at lower MPRs. Factors such as vehicle hetero-
geneity at signalized intersections and need to reach a 
certain MPR threshold to realize positive safety outcomes 
play a critical [24]. Simulation parameters and driving 
conditions significantly influence safety outcomes, par-
ticularly at low MPRs, where accuracy tends to decrease 
due to less data and variability in vehicular behavior. Sev-
eral studies [21, 29] emphasize that the choice of evalu-
ation methods adds complexity to interpreting results 
across different scenarios. For instance, several studies 
exhibited disproportionate influence on pooled results at 
specific MPR levels, as indicated by our sensitivity analy-
sis [30]. These outliers— [21] at 30% MPR [22] and [23], 
at 40% MPR, and [24] at 90% MPR—shared a consistent 
pattern: each was based on localized or highly idealized 
simulation environments such as intersections, merging 
areas, or low-speed urban networks. These conditions 
tend to amplify safety improvements due to simplified 
interactions and assumptions of flawless communication 
or driver response. Similar tendencies have been noted 
in prior simulation-based studies [31–33], which cau-
tion that such idealized frameworks often overestimate 
real-world safety benefits. By identifying and excluding 
these outliers, the refined analysis aligns more closely 
with large-scale, mixed-traffic evaluations and provides 
a more balanced depiction of CAV safety performance 
across adoption scenarios. This outcome reinforces the 
methodological rigor of the current study and under-
scores the importance of context-aware synthesis when 
quantifying CAV safety impacts.

4.3  Distribution of safety surrogate measures in the meta-
analysis
The distribution of safety surrogate measures (SSMs) 
among the analyses included in the meta-analysis (2015–
2024) highlights the relative emphasis placed on different 
indicators of traffic risk. Measures based on Time-to-
Collision (TTC)—including TTC itself, Time Exposed 
TTC (TET), and Time Integrated TTC (TIT)—collec-
tively accounted for 64% of the analyses, reflecting their 
dominant role as primary indicators of potential colli-
sions. Post Encroachment Time (PET) was used in 15% 
of analyses, while the remaining 21% employed a variety 
of other SSMs (e.g., Time Exposed Rear-End Crash Risk 
Index, Lane Changing Conflicts).

A temporal comparison with the period analyzed by 
[6] from 2015 to 2020 reveals notable shifts in focus over 
time (Fig. 6). During 2015–2020, TTC-based measures—
including TTC, TET, and TIT—collectively accounted for 
approximately 60% of analyses, with TTC at 30%, TET at 
15%, and TIT at 15%. PET represented only 5% and other 
SSMs made up 35%. In the 2020–2024 period, TTC-
based measures slightly increased to 65%; this increase 
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was primarily driven by a significant rise in TTC, from 
35% to 57%, while TET and TIT decreased to 6% and 2%, 
respectively. PET usage rose sharply to 20%, reflecting a 
growing emphasis on near-miss and post-encroachment 
risk. Other SSMs also saw a substantial decline, dropping 
from 35% of analyses to approximately 15%. These trends 
indicate that, although TTC-based measures continue to 
dominate overall, the focus has shifted toward TTC itself, 
with PET increasingly adopted to capture additional 
dimensions of traffic safety, particularly in evaluating 
connected and automated vehicle interventions.

4.4  Advancements of this study compared to Xiao et al. 
(2021) [6]
A comparative summary between the present meta-
analysis and [6] highlights several methodological and 
analytical advancements achieved in this study (Table 
3). While [6] established the foundational relationship 
between Market Penetration Rate (MPR) and Safety 
Improvement Rate (SIR), the current analysis extends the 
study period from 2015 to 2024, encompassing 49 stud-
ies and 354 effect sizes—more than double the analytical 
scope of the earlier work. This broader dataset enhances 
statistical robustness and ensures a more balanced repre-
sentation across low-, mid-, and high-MPR scenarios. A 
key advancement introduced in the current study is the 
explicit analysis of SSM distribution across all included 
studies—an aspect absents from the earlier meta-analy-
sis—which enables the identification of methodological 
shifts and potential overreliance on specific safety indi-
cators. Building on this, we applied sensitivity weight-
ing and variance-based corrections to further reduce the 

influence of any single SSM on aggregated outcomes. 
Methodologically, the integration of a structured sen-
sitivity analysis alongside the traditional trim-and-fill 
method provides stronger bias correction, mitigating the 
influence of outliers and overrepresented studies. More-
over, heterogeneity was more effectively managed using 
a variance-based weighting approach within the random-
effects model, resulting in more stable and generalizable 
findings. The updated results reveal a smoother and more 
realistic SIR trend, increasing from 2.8% at 10% MPR to 
39.4% at 90% MPR, compared to the steeper trajectory 
reported by [6]. Additionally, the power function (R² = 
0.99) was identified as the best-fit model, outperforming 
the exponential form (R² = 0.97) previously observed.

 

4.5  Policy implications
This study provides actionable insights for policy and 
decision-making by establishing a bias-adjusted and 
methodologically robust relationship between Market 
Penetration Rate (MPR) and Safety Improvement Rate 
(SIR). The application of structured sensitivity analysis 
and the removal of outlier studies—mainly those derived 
from localized or idealized conditions such as intersec-
tions, merging zones, and low-speed urban networks—
enhance the reliability of system-wide safety estimates. 
However, addressing these outliers also presented meth-
odological challenges, as such studies often reflect critical 
yet narrowly scoped traffic environments where automa-
tion may perform exceptionally well or poorly. Recogniz-
ing and transparently managing these discrepancies is 

Fig. 6  Comparison of Safety Surrogate Measure Distribution Across Periods: TTC, TIT, TET, PET, and Other Measures
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essential to avoid overgeneralizing results beyond their 
valid operational contexts.

For policymakers, this distinction is particularly impor-
tant. Overreliance on localized findings could lead to 
unrealistic expectations about early deployment out-
comes or misaligned investment priorities. The refined 
analysis indicates that low MPRs (10%–20%) yield mod-
est but consistent safety gains—suggesting that pilot pro-
grams and managed-lane strategies are more appropriate 
at early stages—while high MPRs (70%–90%) deliver sub-
stantial system-level improvements, supporting policies 
that promote large-scale adoption through infrastructure 
readiness, interoperability standards, and public educa-
tion. By acknowledging the complexities associated with 
outlier studies and providing empirically grounded, bias-
corrected estimates, this meta-analysis offers policymak-
ers a transparent and realistic foundation for developing 
effective, evidence-based CAV deployment strategies.

4.6  Limitations and future research
Despite the comprehensive nature of this Meta-analysis, 
the findings remain subject to methodological variabil-
ity and data limitations. The results are constrained by 
the heterogeneity of the included studies, particularly 
regarding simulation settings, surrogate safety mea-
sures, and definitions of connectivity and automation. 
Differences in experimental design, traffic composition, 
and assumed behavioral models may introduce biases 
that affect the generalizability of the aggregated results. 

Although sensitivity analyses and variance-based cor-
rections were conducted to reduce the influence of indi-
vidual study biases and methodological inconsistencies, 
residual uncertainty remains due to the inherent diversity 
of the underlying data. Therefore, while the meta-analytic 
synthesis provides valuable insights into overall safety 
trends, the results should be interpreted with caution and 
regarded as indicative rather than definitive evidence of 
CAV safety performance.

Future research should seek to disentangle the respec-
tive safety contributions of connectivity and automa-
tion by developing multi-dimensional meta-models that 
independently estimate the effects of (i) connectivity-
only systems, (ii) automation-only systems, and (iii) fully 
integrated CAVs across different automation levels. It is 
important to note that the SIR, as defined in Eq. (3), con-
solidates outcomes from various surrogate safety indi-
cators (e.g., TTC, PET) and assumes that, on average, 
these indicators exhibit comparable trends with respect 
to Market Penetration Rate (MPR). Although the meta-
analysis applied sensitivity analyses and variance-based 
corrections to mitigate potential bias from any single 
surrogate measure, future meta-analytic frameworks 
could be further refined to calculate separate SIR values 
for individual surrogate safety measures, thereby offering 
a more nuanced and precise evaluation of how different 
technologies influence specific dimensions of road safety. 
Establishing standardized reporting protocols for surro-
gate measures, simulation parameters, and technology 

Table 3  Comparison of key methodological and analytical features between Xiao et al. (2021) [6] and the current study
Aspect Xiao et al. (2021)[6] Current Study (2025) Improvement / Advantage
Study period 2015–2020 2015–2024 Extended timeline includes latest CAV safe-

ty research and modeling advancements.

Number of studies included 16 49 Broader dataset enhances statistical power 
and representativeness.

Number of analyses (effect sizes) 139 354 Greater analytical depth across MPR levels 
ensures improved reliability.

Market Penetration Rate (MPR) 
range

10%–90% 10%–90% Same range, but with more balanced study 
distribution across low, mid, and high MPRs.

Analysis of Safety Surrogate Mea-
sures (SSMs) distribution

Not analyzed Comprehensively analyzed across all 
included studies

Identifies shifts in methodological focus 
and supports weighting corrections to 
reduce single-SSM influence.

Bias correction method Trim-and-fill Trim-and-fill + Structured Sensitivity 
Analysis

Additional bias control mitigates influence 
of outliers and overrepresented studies.

Handling of heterogeneity Random-effect model Random-effect model with variance-
based weighting

Improved control of heterogeneity for 
more stable and generalizable results.

Key SIR findings SIR increased from 4.2% 
(10% MPR) → 43.4% (90% 
MPR)

SIR increased from 2.8% (10% MPR) → 
39.4% (90% MPR)

Smoothed and bias-corrected trend reflects 
more realistic safety improvements.

Observed publication bias Moderate bias at low–mid 
MPRs

Significant bias corrected via sensitivity 
and trim-and-fill

Reduced asymmetry and improved reli-
ability, especially at high MPRs.

Best-fit functional form Exponential (R² = 0.97) Power (R² = 0.99=) Power model offers superior fit, interpret-
ability, and predictive strength.

Overall contribution Established the baseline 
MPR–SIR relationship

Updated, bias-adjusted, and method-
ologically advanced model for robust 
policy inference

Delivers updated and policy-relevant 
understanding of CAV safety effects.
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definitions would also enhance the comparability and 
reliability of results across studies. Expanding the geo-
graphical scope of CAV research to include a wider range 
of countries and regions is likewise recommended, as 
this would capture diverse cultural and transportation 
contexts and provide a clearer picture of CAV applicabil-
ity worldwide. In addition, long-term investigations are 
needed to assess the safety performance of CAVs over 
extended periods, accounting for the influence of evolv-
ing technologies, infrastructure, and policy frameworks 
[34]. Such studies should also consider environmental 
and operational variables—such as weather, roadway 
characteristics, and traffic density—to develop more 
comprehensive safety assessment models. To bridge 
the gap between technology and policy, future studies 
could focus on maximizing the safety potential of CAVs 
through integrated interventions that combine techno-
logical advancements with supportive regulatory mea-
sures. These efforts may include enhancing automated 
driving algorithms, increasing public awareness and 
education, and promoting policies that encourage CAV 
adoption [35]. Moreover, future work should examine 
user acceptance and broader societal impacts—including 
employment and economic changes—as these factors are 
likely to influence MPR and, in turn, affect SIR outcomes 
[36].

5  Conclusions
This study set out to answer a central research question: 
How does the market penetration rate (MPR) of con-
nected and automated vehicles (CAVs) influence overall 
traffic safety, as measured by the Safety Improvement 
Rate (SIR)? To address this, a comprehensive meta-anal-
ysis of 49 studies and 354 effect sizes published between 
2015 and 2024 was conducted, extending and refining the 
work of [6].

The results demonstrate a clear positive relationship 
between MPR and SIR, best represented by a power 
function (R² = 0.99). Safety improvements increase pro-
gressively with higher CAV penetration, ranging from 
approximately 2.8% at 10% MPR to 39.4% at 90% MPR. 
These findings confirm that the widespread adoption 
of CAVs yields substantial safety gains due to enhanced 
communication, coordination, and automation among 
vehicles. However, at lower MPRs (10%–20%), improve-
ments remain modest and more variable, reflecting the 
influence of mixed traffic conditions and limited data 
exchange between vehicles.

The study also highlights the importance of sensitiv-
ity analysis and bias correction. By removing outliers 
and adjusting for methodological inconsistencies, the 
refined model produces smoother and more realistic SIR 
trends, addressing prior overestimations at mid and high 
MPRs. This methodological advancement enhances the 

reliability of the aggregated results and provides a robust 
basis for future simulation and policy analyses.

Compared to [6], this study extends the dataset and 
introduces key methodological refinements—struc-
tured sensitivity analysis, variance-based weighting, and 
random-effects modeling—that enhance robustness and 
reduce bias from localized or idealized studies. These 
improvements yield a smoother, more realistic SIR trajec-
tory and, by identifying a power function (R² = 0.99) as 
the best-fit model, provide a more accurate and predic-
tive representation of the MPR–SIR relationship, offering 
deeper insights into CAV safety evolution across low-, 
mid-, and high-MPR scenarios.

Ultimately, this meta-analysis provides a transparent, 
bias-adjusted synthesis of the safety impacts of CAVs, 
reinforcing that higher market penetration levels corre-
spond with substantial safety improvements. The findings 
contribute valuable empirical evidence for research-
ers and policymakers, emphasizing that effective CAV 
deployment strategies must consider not only techno-
logical readiness but also realistic adoption trajectories, 
infrastructure preparedness, and human factors. Contin-
ued research integrating real-world crash data, broader 
geographical coverage, and evolving vehicle technolo-
gies will be essential to fully capture the long-term safety 
potential of connected and automated mobility.
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