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A B S T R A C T

Statistical evaluation of road safety interventions can be undertaken using a variety of different approaches,
typically requiring different assumptions to obtain causal identification. In this paper, we conduct a simulation
study to compare the performance of empirical Bayes (EB) and propensity score (PS) based methods, which have
featured prominently in the recent literature, in settings with and without violation of key assumptions. The
estimators considered include EB, inverse probability weighting (IPW), and Doubly Robust (DR) estimation. We
find that while the EB approach has good finite sample properties when model assumptions are met, the con-
sistency of this estimator is substantially diminished when the reference and treated sites follow different
functions. The IPW estimator performs well in large samples, but requires a correctly specified PS model with
sufficient overlap in covariate distributions between treated and control units. The DR estimator allows for
violation of assumptions in either the regression or PS model, but not both. We find that this added level of
robustness affords overall better performance than attained via EB or IPW estimation.

1. Introduction

Road accidents place a great burden on individuals, property and
society. Over several decades, a considerable body of research has de-
veloped with the aim of identifying key factors underpinning the in-
cidence of road accidents, including traffic characteristics, road char-
acteristics, socio-economic and environmental factors (e.g. Gu et al.,
2019; Wang et al., 2018; Xu et al., 2019; Lee et al., 2015). In recent
years, attention has increasingly turned to evaluation of the effects of
road safety interventions. The motivation behind this focus on quanti-
fication of the effectiveness of specific safety measures is to help policy
makers choose the most appropriate course of action for accident mi-
tigation.

Several approaches have been used in previous road safety evalua-
tion studies. The earliest work was mainly based on simple before–after
control methods and cross-sectional regression approaches. It became
evident, however, that these approaches can fail to fully address issues
such as regression to the mean and confounding, particularity in the
presence of site selection bias and unobserved confounding (Hauer,
1997; Tarko et al., 1998; Sasidharan and Donnell, 2013). Widespread
adoption of the empirical Bayes (EB) approach arose as a response to

the limitation of before–after and cross-sectional regression models. EB
is viewed as a statistically defensible means of increasing the precision
of estimation and correcting for the regression to the mean bias.
However, EB relies on inference relative to a reference group that must
be similar to the treatment group in baseline characteristics, and recent
studies have shown that the performance of the EB approach can be
adversely affected when this assumption is violated (Wood and Donnell,
2017; Lord and Kuo, 2012). In response to this potential limitation of
EB, a small number of recent studies have proposed use of propensity
score (PS) methods to evaluate the effects of road safety measures (e.g.
Karwa et al., 2011; Wood et al., 2015a,b; Sasidharan and Donnell,
2013; Li et al., 2013; Li and Graham, 2016). The PS approach provides a
credible mean of ensuring that treated and control units are matched in
their baseline characteristics, but it relies on the key identifying as-
sumption that the probability of treatment given confounders is cor-
rectly represented in the PS model.

In this paper we conduct a simulation study to compare the per-
formance of EB and PS methods in settings with and without violation
of key assumptions. The paper is organized as follows. In section two we
describe methods for road safety evaluation based on EB, PS, and out-
come regression (OR). We do so using the potential outcomes
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framework for causal inference, sometimes referred to as the “Rubin
causal model”. Our simulation study is described in Section 3, followed
by presentation of results in Section 4. Discussion and conclusions are
given in the final section.

2. Literature review

In this section, we first discuss the estimands in road safety eva-
luation studies. Then we review the fundamentals of EB and PS
methods, and explain the conditions under which they can be applied,
as well as their key identifying assumptions and limitations.

2.1. Estimands in road safety evaluation studies

In road safety evaluation studies, traffic interventions or ‘treat-
ments’ can be policies, legislation and enforcement, physical changes to
the network; and other general-purpose measures which directly or
indirectly affect traffic conditions, driver behavior and the travel en-
vironment. In most cases, treatment is assigned to ‘units’ (i.e. locations
or links etc.) to address specific concerns and is therefore non-randomly
assigned. Crucially, under a non-random assignment the treatment is
allocated in relation to some baseline characteristics of the unit under
study, thus producing a situation in which units differ by treatment
status regardless of the effect of the treatment.

Consider a binary treatment denoted by random variable Ti for unit
i, where i=1, …, n, and n denote the total population. Ti takes a value
of 1 if unit i receives the treatment and a value of 0 otherwise. Let Yi(T)
be the potential outcome of unit i under treatment T, then we define the
average treatment effect (ATE) as




=φ Y

Y
[ (1)]
[ (0)]

i

i
ATE

The fundamental problem of causal inference is that it is impossible
to observe the outcomes of any i under both treatment status at the
same time (Holland, 1986). So the dual expectations in the expression
above are not simultaneously observed and have to be estimated. We
now review three such estimation methods that have been used recently
in safety evaluation studies.

2.2. Empirical Bayes

The EB method combines prior and observed data to derive an es-
timate for the ATE. In road safety applications, prior information is
obtained from a group of similar sites and the observed information is
the accident frequency for the treated site. A safety performance
function (SPF) is applied to model the relationship between the acci-
dent frequency of the control sites and covariates deemed to be re-
levant. An improved estimate of the long-term accident frequency can
be obtained by combining the model-predicted number of accidents
with the recorded accident number of treated sites. EB methods have
been widely used and discussed in traffic safety studies over the last two
decades, especially in before–after evaluations (Wood and Donnell,
2017; Elvik et al., 2017; Hauer, 1992, 1997; Hauer et al., 2002; Li et al.,
2008; Miaou and Lord, 2003; Park and Lord, 2007; Persaud et al., 1997,
2004, 2010; Persaud and Lyon, 2007; Quddus, 2008; Aguero-Valverde
and Jovanis, 2006; El-Basyouny and Sayed, 2011).

The insight underpinning the EB approach is that “accident counts
are not the only clue to the safety of an entity. Another clue is in what is
known about the safety of similar entities” (Hauer, 1997). Accordingly,
the predicted number of crashes without treatment is derived by com-
bining the observed crash counts in the before treatment period and
expected number of crashes from the safety performance functions
(SPFs), which relates the accident frequency of the control group to
their characteristics (Hauer, 1995). There has been an extensive dis-
cussion of the regression methods used for developing SPFs in the EB
(e.g. Wood et al., 2015a,b; Shin and Washington, 2012), among which

standard negative binomial regression (NB) has been widely used (Shin
and Washington, 2012). In this study a Poisson-Gamma (negative bi-
nomial) model is considered:

∼Y μεPoisson( )

= + +μ α δT βXln( )

where Y is the observed number of accidents, μ is the expected number
of accidents, ϵ is a Gamma distributed random effect, (α, β) are the
regression coefficients and X is the vector of covariates.

Using this model, the expected number of accidents in the before
period, M̂B can be obtained by

= + −M ρμ ρ Xˆ ˆ (1 )B B B

where XB is the observed number of accidents in the before period, μ̂B is
the predicted number of accidents based on SPF before treatment, and
the weight
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uses the shape parameter ϕ from the NB distribution.
To account for the trend in accidents between the before and after

periods, the expected accidents in the after period is calibrated using a
reference group. The estimate of accidents in the after period had
treatment not occurred, M̂A, can be calculated after adjusting the time
trend effect using
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where NA,POP and NB,POP are the numbers of accidents for total popu-
lation in the before and after periods.

The treatment effect under the EB approach can then be estimated
as

=
+

τ X M
M M

ˆ / ˆ

1 [Var( ˆ )/ ˆ ]
,A A

A A
EB 2

where XA is the observed number of accidents in the after period.
Control or reference groups are usually employed to calibrate the

SPF to account for the trend in accidents, as well as the effects of
changes in flow, between the before and after periods. Ideally control
groups should have the same or similar traffic flow and road char-
acteristics, i.e. the control group should be representative of the treated
sites. However, The EB method is a quasi-empirical Bayesian method,
which uses a weighted combination of observed and predicted acci-
dents frequencies to estimate potential outcomes based on an outcome
regression. It does not use an explicit mechanism for assessing common
support between treated and control groups.

Another important characteristic of the EB approach relates to the
specification of the SPF, which may strongly affect model development
and consequently the results of before and after evaluation. In the EB
model it is assumed that all the reference and treated units follow the
same SPF, which is typically hard to defend in practice. Furthermore, it
is not necessarily obvious which covariates should be included in the
SPFs and some deemed relevant may not be observed. For these rea-
sons, it is important to understand how the misspecification of the SPF,
or the omission of covariates, can affect the estimates of the EB ap-
proaches.

2.3. Propensity score methods

Rosenbaum and Rubin (1983) introduced the use of propensity
scores to systematically address the issue of similarity in treated and
control group characteristics. The PS is a scalar value measuring the
probability that a unit is selected into treatment conditional on ob-
served covariates. For treatment evaluation, “similar” groups can be
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defined as those with similar propensity score values, and by using this
simple principle we can adjust for selection bias and ensure that the
difference between the treated and control groups can be attributed
solely to the treatment. PS methods have been widely studied and used
in many evaluations of social, economic and medical programs
(Heckman et al., 1998; Rudner and Peyton, 2006; Hirano and Imbens,
2001; Dehejia, 2005; Dehejia and Wahba, 2002; Kurth et al., 2006;
Lechner, 2001; Abadie and Imbens, 2006, 2016).

In recent years, the PS method has also been applied in road safety
analysis. For example, Wood et al. (2015a,b) compared EB, PS and
regression methods with cross-sectional data. Their results indicated
that all three methods yield consistent results, and the PS approach is a
viable alternative to the EB method for road safety evaluation studies.
Another study by Li et al. (2013) examined the impacts of speed limit
enforcement cameras on road accidents. The PS method is compared
with the naive before and after approach and the EB method. Although
the PS and the EB methods show similar results, it is suggested that the
PS is superior for selection of an appropriate control group.

2.3.1. Assumptions
Three crucial assumptions underlying the PS method are introduced

by Rosenbaum and Rubin (1983)

1. Stable Unit Treatment Value Assumption (SUTVA) – the observed
response under a given treatment allocation must be equivalent to
the potential response under that treatment allocation.

= + −Y T Y T Y(1) (1 ) (0)i i i i i

for all i=1, …, n.
2. Conditional Independence Assumption (CIA) – the potential out-

comes for unit i must be conditionally independent of the treatment
assignment given the PS.

⊥Y Y T P T X(0), (1)) | ( | )i i i i i

In other words, the treatment assignment can be considered as a
random assignment conditional on P(Ti|Xi). The CIA ensures that
differences between treated and untreated units can be accounted
for and the untreated units can be used to estimate a counterfactual
outcome for the treatment group.

3. Common support condition (CSC) – units with the same X values
have a positive probability of being both treated and untreated.

< = = < ∀P T X x x0 ( 1| ) 1,i i

This assumption ensures that The CSC is also known as the overlap
condition, because there is sufficient overlap in the X of the treated
and untreated units to find adequate matches.

2.3.2. Inverse probability weighting
Inverse probability weighting (IPW) uses the PS to effectively adjust

for non-random assignment. Under a non-random assignment certain
sub-populations may be over- or under-sampled. The idea underpinning
the IPW estimator is that a pseudo population can be created in which
the distributions of confounders among the treated and untreated are
the same as the overall distribution of those in the original total po-
pulation (Sturmer et al., 2006). This is achieved by using a function of
estimated PS to effectively weight the sample observations according to
their conditional probability of being treated.

For a binary treatment, the PS is estimated using an appropriate
model. In this paper, a logit model as follows is used

= ∣ =
′

+ ′
P T X

β X
β X

( 1 )
exp( )

1 exp( )

where α is the intercept and β′ is the vector of regression coefficients.
The IPW estimator is then formed as the inverse of the conditional
probability of the observed treatment status of units. The IPW is 1/P′ for
the treated and 1/(1− P′) for the untreated and the IPW estimator of

the ATE is computed as

=
−

′

− −
− ′

τ
N

N

Σ

Σ
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As with other PS based estimators, the IPW estimator can be biased if
the model for calculating the PS is misspecified.

2.3.3. Doubly robust estimation
The DR estimator combines PS and outcome regression (OR) models

to provide an additional level of robustness to model misspecification
that can arise via violation of identifying assumptions. For the Poisson-
Gamma model,

∼Y μεPoisson( )

we can estimate an OR

= + +μ α δT βXln( )

and form an estimator of the ATE as

= + −τ δ ε εˆ exp( ˆ (ˆ (1) ˆ (0))OR

This estimator will be unbiased if all potential confounders X are ob-
served and correctly specified in the regression model. In other words
the treatment assignment T is independent of the error term ε, T⊥ ε ∣ X.
Proper specification of this model, however, can be difficult when
multiple potential confounders exist.

The Doubly Robust (DR) estimator proposed by Robins et al. (1995)
combine OR and IPW in a single model. The DR estimator can be
written

=
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where ′ = ∣Y E Y T X( , )i is the predicted value from the OR model given
T=0, 1 and the baseline covariates X. The two average terms are es-
timates of the mean potential outcomes, YX=1 and YX=0, if all units
were treated or untreated. As a consequence, the difference in means is
the effect due to the treatment. In the above equation, the first terms in
each average are the IPW estimators for E(YX=1) and E(YX=0) respec-
tively. The second terms are called “augmentations” (Funk et al., 2011)
as this component is formed by taking the product of two bias terms:
one from the PS model and one from the outcome regression model. If
either bias term equals zero, then it excludes the other non-zero bias
term from the incorrect model. That is the DR estimator will be con-
sistent for the true ATE, if either the PS model or OR model is correctly
specified. (for more details see Lunceford and Davidian, 2004; Graham
et al., 2015).

3. Simulations

Previous studies have focused on the ability of the EB and the PS
methods to address the issue of selection bias. However, they have not
investigated how the assumptions required for consistent identification
are met, and the performance of these methods when these assumptions
are violated. The main challenge when making comparisons of different
safety evaluation methods based on observational data is that the true
ATE of the safety measures is not known. Recently a “no treatment”
evaluation has been suggested as an effective way to assess the per-
formance of Bayesian methods for before–after observational studies
(Sacchi and Sayed, 2015; Wood and Donnell, 2017; Kuo and Lord,
2017). However, this method requires that no safety treatment or other
operational changes were implemented in the time framework (Sacchi
and Sayed, 2015), which usually cannot be fully guaranteed. Instead
this paper compares the effectiveness of each method based on a si-
mulation study.
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Table 1 summarizes the models and simulation scenarios in-
vestigated in this paper. While Scenario 1 is the basic scenario, alter-
native models and scenarios are set up to test the key assumptions/
issues in the EB and PS methods including:

(1) Unmeasured confounding. Besides the correct models, models with
minor and major misspecification are simulated for the EB, IPW and
DR models separately.

(2) Sample size. The model performances with small sample size are
tested in Scenario 2.

(3) Similarity of the control group. Two SPFs with minor/major dif-
ferences are tested separately in Scenario 3 and 4, while a PS with
unstable weights is tested in Scenario 5.

The following models are tested in the simulations:

1 τEB1 – an empirical Bayes model based on a correctly specified SPF:

∼ + + + +Y α δT α X α X α XPoisson(exp( )*ϵ)0 1 1 2 2 3 2
2

The EB estimator is calculated as:

=
+

τ X M
M M

ˆ / ˆ

1 [Var( ˆ )/ ˆ ]
A A

A A
EB 2

2 τEB2 – same as [1.] except based on a “minor” misspecified SPF with
X2

2 excluded.
3 τEB3 – same as [1.] except based on a “major” misspecified SPF with

X X,2 2
2 excluded.

4 τIPW1 – an IPW model based on a correctly specified PS model:

= ∣ =
+ + +

+ + + +
P T X

β β X β X β X
β β X β X β X

( 1 )
exp( )

1 exp( )
0 1 1 2 2 3 2

2

0 1 1 2 2 3 2
2

The IPW estimator is calculated as:
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5 τIPW2 – same as [4.] except based on a “minor” misspecified PS
model with X2

2 excluded.
6 τIPW3 – same as [4.] except based on a “major” misspecified PS

model with X X,2 2
2 excluded.

7 τDR1 – a DR model based on correctly specified PS and OR models.
The DR estimator is

=
−

−

−
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8 τDR2 – same as [7.] except based on a “major” misspecified OR
model (X X,2 2

2 excluded) but with weights based on the correct PS
model.

9 τDR3 – same as [7.] except based on a correctly specified OR model
but with weights based on a “major” misspecified PS model (X X,2 2

2

excluded).
10 τDR4 – same as [7.] except based on a “major” misspecified OR

model (X X,2 2
2 excluded) with weights based on a “major” mis-

specified PS model (X X,2 2
2 excluded).

The simulations are conducted in five scenarios, two basic scenarios
and three alternative scenarios (sensitivity tests).

Scenario 1. The data generating process (DGP1) for a sample of 5000
is

∼X Normal(0, 1)1,pre

∼ +X XUniform(0, 1)1,post 1,pre

∼X Normal(1, 1)2

A binary treatment T is assigned as a function of covariates X1 and
X2.

∼ + + +T β β X β X β XBernoulli(expit( ))0 1 1 2 2 3 2
2

The SPF1 can be described as:

∼ + + +Y α α X α X α XPoisson(exp( )*ϵ)pre 0 1 1,pre 2 2 3 2
2

∼ + + + +Y α δT α X α X α XPoisson(exp( )*ϵ)post 0 1 1,post 2 2 3 2
2

∼ϵ Gamma(2, 0.5)

where ϵ is a Gamma distributed random error term, β0=−1, β1= 0.1,
β2= 0.1, β3= 0.1, α0= 1, α1= 0.1, α2= 0.1, α3= 0.01 and δ=1.
The true value of treatment effect is τ= exp(δ)= 2.718.

Scenario2 . Same as scenario 1 except the sample size is 500.
Scenario3 . Same as scenario 1 except that the outcome Y is gener-

ated based on a different SPF (SPF2) for a sample of 2500:

∼ ′ + ′ + ′ + ′Y α α X α X α XPoisson(exp( )*ϵ)pre 0 1 1,pre 2 2 3 2
2

∼ ′ + + ′ + ′ + ′Y α δT α X α X α XPoisson(exp( )*ϵ)post 0 1 1,post 2 2 3 2
2

∼ϵ Gamma(2, 0.5)

where ′ = ′ = ′ = ′ =α α α α1, 0.5, 0.1, 0.010 1 2 3 and θ=1.
Scenario4 . Same as scenario 1 except that the outcome Y is gener-

ated based on a different SPF (SPF3) for a sample of 2500:

∼ ″ + ″ + ″ + ″Y α α X α X α XPoisson(exp( )*ϵ)pre 0 1 1,pre 2 2 3 2
2

∼ ″ + + ″ + ″ + ″Y α δT α X α X α XPoisson(exp( )*ϵ)post 0 1 1,post 2 2 3 2
2

∼ϵ Gamma(2, 0.5)

where ″ = ″ = ″ = ″ =α α α α0.1, 1, 0.01, 0.010 1 2 3 and θ=1.
Scenario5 . Same as scenario 1 except that covariates X1, X1 are

generated based on a different DGP (DGP2) for 2500 of the data sample:

∼X Normal(5, 1)1,pre

∼ +X XUniform(0, 1)1,post 1,pre

∼X Normal(5, 1)2

Table 1
Summary of the models and simulation scenarios.

Scenario 1
(N=5000):
stable
weights +
single SPF

Scenario 2
(N=500):
stable
weights +
single SPF

Scenario 3
(N=5000):
stable
weights +
two SPFs
with minor
differences

Scenario 4
(N=5000):
stable
weights +
two SPFs
with major
differences

Scenario 5
(N=5000):
unstable
weights +
single SPF

EB1 Correct OR and correct PS
EB2 Minor misspecification with OR and correct PS
EB3 Major misspecification with OR and correct PS
IPW1 Correct OR and correct PS
IPW2 Correct OR and minor misspecification with PS
IPW3 Correct OR and major misspecification with PS
DR1 Correct OR and correct PS
DR2 Major misspecification with OR and correct PS
DR3 Correct OR and major misspecification with PS
DR4 Major misspecification with OR and major misspecification with PS

Correct OR: ∼ + + + +Y α δT α X α X α XPoisson(exp( )*ϵ)0 1 1 2 2 3 2
2

Correct PS: = ∣ ∼ + + +−P T X β β X β X β X( 1 ) Logit ( )1
0 1 1 2 2 3 2

2

Minor misspecification with OR: Y∼ Poisson(exp(α0+ δT+ α1X1+ α2X2) * ϵ)
Major misspecification with OR: Y∼ Poisson(exp(α0+ δT+ α1X1) * ϵ)

Minor misspecification with PS: P(T=1 ∣ X)∼ Logit−1(β0+ β1X1+ β2X2)
Major misspecification with PS: P(T=1 ∣ X)∼ Logit−1(β0+ β1X1
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The models are simulated for 1000 iterations in each scenario. Mean
values, relative bias in percentage, variances of the estimates of the
treatment effect τ̂ and the mean squared error (MSE) are reported.

4. Results

4.1. Tests for PS methods

We first check the validity of the PS based methods. We perform
balancing tests to verify that treatment is independent of the covariates

after weighting. The PS methods aim to balance characteristics between
the treated and control groups, i.e., there should be no significant dif-
ferences between covariate means. Fig. 1 shows diagnostic statistics for
the raw and the weighted data based on 1000 iterations. For scenario 1,
3 and 4 the standardized differences are all close to zero and the var-
iance ratios are all close to one, indicating that weighted on the esti-
mated propensity score the covariates are all well balanced. For a small
sample of 500 in scenario 2, although the results also indicate balanced
covariates, the variance ratios for X3 is not sufficiently close to 1. For
scenario 5, covariates are generated based on two different DGPs to

Fig. 1. Tests of overlap and covariates balance.
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increase the imbalance in the characteristics of the original data. As
expected, the results show that the scale of imbalance in the raw data is
larger than those in previous scenarios. For X3, the weighted standar-
dized difference is close to zero, but the weighted variance ratio still
appears to be considerably larger than one, indicating a lack of balance
in X3.

We further conduct a visual inspection of the propensity score dis-
tributions for both the treatment and control groups. From the histo-
grams of propensity scores for both groups, the extent to which there is
overlap in the scores between the treatment and control groups is ap-
parent. Fig. 1 shows the densities of propensity scores for both groups in
different scenarios. For scenario 1, 2, 3 and 4, the propensity scores for
both treated and untreated groups appear to have sufficient overlap,
indicating that the overlap condition is not violated. For scenario 5,
although the two estimated densities overlap each other to a certain
extent, a possible problem is that the support of the density gets very
close to 0 for most treated units and 1 for the untreated.

4.2. Simulation results

The simulation results are summarized in Fig. 2. We first investigate
the robustness to unmeasured confounding for different models. For
misspecified models, the estimates are almost unaffected when only the
quadratic term X2

2 is excluded. However, both the IPW and EB models
fails to provide precise estimation of the true treatment effect when
confounder X2 is excluded from the models, while the DR models
consistently provide less unbiased estimates, indicating that the DR
models can offer additional robustness to model misspecification.

We then compare the model performances across different sample
sizes (scenario 1 and 2) as shown in Table 2. For scenario 1, the correctly
specified EB, IPW and DR models all show similar results regarding the

precision of effect estimates (relative bias (%)=0.037, 0.037 and
0.074 respectively). For models with misspecification, the EB and IPW
models with the quadratic term excluded results in similar effect esti-
mates with small degree of bias. However, both models fail to provide
precise approximation to the true value of τ when the confounder X2 is
further excluded. Although the DR models consistently produce valid
estimates of the treatment effect when the OR and/or IPW models are
wrongly specified, the estimate is biased when both models are in-
correct. For scenario 2 with a small sample of 500, the performance of
the EB and DR models is similar to the ones in scenario 1 except that the
bias and MSE are slightly increased. However, the bias of the effect
estimates increases dramatically for misspecified IPW models, sug-
gesting that the PS methods are “data hungry”.

In the EB approach, the expected accident number of a site is usually
estimated based on observed and prior information. A reference group
of similar characteristics to the treated group is used to calibrate a SPF
to obtain the prior information. However, in practice it is not always
feasible to assume that the accident frequency of the reference sites
follow the same SPF. To further investigate this issue, in scenario 3 and
4, the outcome Y is generated based on different SPFs (SPF2 and SPF3)
for half of the sample. As shown in Table 3, for scenario 3 minor dif-
ferences exist between SPF1 and SPF2, resulting in slight increases in the
estimation bias, while higher bias is reported when half of the sample is
generated based on SPF3. These findings demonstrate that the perfor-
mance of the EB methods relies heavily on the assumption that all the
reference and treated units follow the same SPF, and that estimation
can be seriously biased when this assumption is violated. In terms of the
IPW and DR models, similar patterns are observed as in scenario 1, al-
though the estimation variance is increased slightly.

In terms of the PS based models, in scenario 5 covariates are gen-
erated based on a different DGP (DGP2) for half of the data sample to
increase the imbalance in the characteristics of the original data. The
simulation results show that under unstable weights the IPW models
provide relatively high bias even with a correctly specified PS model.
The bias and MSE are even higher for the IPW models with unmeasured
covariates. The EB approaches based on a correctly specified OR model
provide a good approximation to the true value τ. Compared to the IPW
models, the DR model consistently provide good estimation with small
bias when either the PS model or the OR is correctly specified.
However, in most scenarios except scenario 4, the DR estimates are the
least accurate when both the PS and OR models are wrongly specified.

5. Discussion and conclusions

The EB approach has been widely used in before-and-after road
safety studies due to its ability to address regression to the mean bias. In
recent years, causal models based on PS methods have been proposed as
an alternative to the conventional EB method. Both methods are based

Fig. 2. Estimation bias of treatment effects in different scenarios by EB, IPW and DR models.

Table 2
Results for basic scenarios with sample size of 5000 and 500 (τ=2.718).

Model Scenario 1 Scenario 2

Av. Est. Relative
bias (%)

Var. MSE Av. Est. Relative
bias (%)

Var. MSE

EB1 2.719 0.037 0.002 0.002 2.724 0.221 0.023 0.023
EB2 2.719 0.037 0.002 0.002 2.750 1.177 0.015 0.016
EB3 2.758 1.472 0.045 0.047 2.835 4.305 0.022 0.035

IPW1 2.719 0.037 0.004 0.004 2.727 0.331 0.052 0.053
IPW2 2.727 0.331 0.004 0.004 2.822 3.826 0.064 0.075
IPW3 2.828 4.047 0.005 0.017 3.165 16.446 0.093 0.293

DR1 2.720 0.074 0.004 0.004 2.723 0.184 0.056 0.056
DR2 2.717 0.037 0.005 0.005 2.729 0.405 0.049 0.049
DR3 2.716 0.074 0.004 0.004 2.740 0.809 0.053 0.053
DR4 2.836 4.341 0.005 0.019 3.187 17.255 0.099 0.319
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on a series of key identifying assumptions. Since in practice these as-
sumptions are often violated, this study investigates and compares the
performance of the evaluation methods via simulation in settings with
different model specifications and data conditions.

We investigated three critical assumptions concerning: (i) con-
founding, (ii) sample size, and (iii) similarity between treated and
control groups. The EB and IPW approaches fail to provide consistent
estimation in the presence of unmeasured confounding, but their per-
formances are less affected by minor model misspecifications (e.g.
quadratic term excluded). The DR estimator allows for violation of the
unconfoundness assumption in either the OR or PS model, but not both.
We further compared the model performances with data sample sizes of
5000 and 500 in scenarios 1 and 2. Both the estimation bias and var-
iance of the PS based methods (except for the full DR) are increased
with a small sample size (scenario 2), indicating that the propensity
score methods perform better in large samples.

In terms of the similarity of the control group, it is usually assumed
in the EB approach that the accident records of the reference sites
follow a single SPF to those of the treated sites. In practice, this as-
sumption can be easily violated. In scenarios 3 and 4, two different SPFs
are specified for the outcomes. While the IPW and DR methods are less
affected, due to their ability to successfully match treated and control
units, the bias is dramatically increased for EB estimates especially
when there are major differences between the two SPFs. In terms of the
IPW and DR approaches, two DGPs are also employed in scenario 5 to
increase the imbalance of the data, resulting in unstable weights. While
the performance of the full model is less affected, the precision of the
estimates is greatly reduced for the IPW models with incorrect speci-
fication. In contrast, the DR models consistently provide precise esti-
mation.

In summary, this study contributes to the literature by investigating
and comparing the performance of the EB and the PS approaches in
settings with various model specifications and data conditions via si-
mulation studies. The results suggest that the DR methods are superior
to the EB and IPW in most cases. Specifically, the DR methods can
provide consistent and unbiased estimates when either the OR or IPW
model is correctly specified. The IPW models can provide unbiased
estimates only with large data sample and sufficient overlap in cov-
ariate distributions between treated and control units. The EB approach
performs better than the IPW and DR models with data sets of small
sample size (e.g. 500). However, the performance of the EB models
heavily relies on correctly specified SPF functions. In addition, the EB
approaches require that all the reference sites follow the same SPF. Our
results show that the precision of the estimates can be seriously affected
if this condition is not satisfied.
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