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The research questions that often motivate transportation safety
studies are causal in nature. Safety researchers typically use obser-
vational studies to answer such questions. Elucidation of causal re-
lationships from observational studies must be shaped by assump-
tions about how the data are generated. The field of causal inference
presents several modeling frameworks for formulating these assump-
tions, and tools for probing empirical data to assess causal relations.
This paper focuses on exploring the applicability of two such mod-
eling frameworks - Causal Bayesian Networks and Potential Out-
comes - for a specific transportation safety problem. Nighttime crash
data from three districts in North Carolina, appended to pavement
marking retroreflectivity data, are used. The basic assumptions of the
two causal modeling frameworks are outlined, and causal e!ects of
pavement marking retroreflectivity on safety of a road segment are
estimated. The results of both modeling frameworks are generally
consistent with each other. The e!ect of increased pavement mark-
ing retroreflectivity was generally found to reduce the probability of
target nighttime crashes.

1. Introduction. An estimated 2.2 million people su!ered some kind
of transportation-related injury in 2007. About 87 percent of these injuries
resulted from highway crashes (Bureau of Transportation Statistics, 2007).
Transportation safety management aims at identifying causes of such crashes,
developing countermeasures to mitigate crashes, and evaluating the e!ective-
ness of a safety countermeasure. It is well known that causal propositions
of this kind, and e!ect sizes of countermeasures, are best estimated from
randomized experiments.

Experimental study is a tool that is not always accessible to transporta-
tion safety researchers. The types of data available in transportation safety
studies are primarily observational, which makes it di"cult to consistently
estimate the causal e!ects of countermeasures. In this paper, we evaluate
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and compare the application of two commonly used causal inference frame-
works (one that is commonly applied in computer science and another that
is commonly applied in statistics) to transportation safety. In particular, the
aim of this paper is two-fold:

• To introduce a unique transportation safety dataset, created from mul-
tiple sources, and to highlight the problems associated with the data
used in safety studies.

• To explore the application of causal inference methods in transporta-
tion safety studies and document the issues associated with the anal-
yses. We do this by estimating the causal e!ect of pavement marking
retroreflectivity on nighttime accidents using the causal modeling set-
tings of the Potential Outcomes (PO) and the Causal Bayesian Net-
works (CBN), and then compare the results.

Causal inference methods in transportation safety studies have received very
little attention. Davis (2000) provides a review and notes that the assign-
ment mechanism must be included in statistical models to consistently es-
timate the e!ect of any countermeasure on accidents. Davis (2004) uses
Pearl’s causal Bayesian networks for crash reconstruction and examines to-
ken causal claims to answer single-event causation questions; see Eells (1991)
for a review of token and type causes. In contrast to single-event causation,
our work examines the application of causal inference methods to population
level causal e!ects in transportation safety studies. Population causal claims
are more applicable to transportation safety management since they reflect
the e!ect of countermeasures in a population as opposed to singular causal
claims which are geared more towards accident reconstruction and liability
issues. We examine the hypothesis that low Pavement Marking Retroreflec-
tivity (PMR) levels are causative agents for an increase in the risk of night-
time accidents. Causal e!ects are estimated using the potential-outcomes
framework and causal Bayesian networks, and the results are compared.

It has been shown that the causal e!ects estimated by the potential-
outcome model (PO) and the causal Bayesian networks (CBN) are mathe-
matically equivalent to each other, under certain conditions (see Pearl (2000,
Chap 7), Sfer (2005) and Fienberg and Sfer (2006)). Yet, both methods of-
fer several di!erent paths to estimate the e!ect, and in practice the results
may not be similar. Apart from the common assumptions relating to the
estimation of a causal e!ect from an observational database (which will be
reviewed in the respective sections), each method requires additional para-
metric assumptions inherently tied to the e!ect estimation procedures. For
instance, the CBN method requires the data to be either discrete or Gaus-
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sian. While the CBN setting enables one to work with the complete data
set, the PO approach could lead to elimination of a part of the data set.
Sfer (2005) and Fienberg and Sfer (2006) also show on a simple simulated
logistic regression example that there is an implicit agreement between PO
and CBN frameworks. However, we are not aware of a study that compares
the results of both modeling frameworks on real data, and examines the
advantages and disadvantages associated with applying each method in a
practical context.

The remainder of the paper is organized as follows. Section 2 introduces
the problem statement. Section 3 introduces the dataset and the design of
the hypothetical experiment to estimate the causal e!ects. Sections 4 and 5
present the analyses and results of the Potential Outcomes framework and
the Causal Diagrams framework. Section 6 compares the results and Section
7 concludes with a discussion.

2. Problem Description. The fatality rate by tra"c accident fatality
rate increases by almost 75 percent during the period of time between 9 p.m.
and 6 a.m. (National Highway Tra"c Safety Administration, 2007). This
raises a question of what can be done about the fact that there is a greater
rate of accidents at night than during the day? Because the ratio of night-to-
day tra"c fatalities is nearly 2:1, the specific causes for this unbalanced ratio
should be found. It is hypothesized that low pavement marking visibility may
be one cause of the increased rate of nighttime crashes. One of the objectives
of the paper is to examine this hypothesis.

Pavement markings delineate the limits of the traveled way and provide
drivers navigation and control guidance. During the daytime, drivers are
likely to use a combination of pavement markings, other tra"c control de-
vices (e.g., signs), and visual cues along the roadside (e.g., utility poles, veg-
etation, etc.) to navigate a roadway. Pavement markings have an important
role at night. Apart from delineating the road, pavement markings reflect
the light shone from a car’s headlamps back to the driver, thus enabling the
driver to see the limits of the traveled way. This is known as retroreflectivity
and is measured in millicandelas per square meter per lux (mcd/m2/lux).
Retroreflectivity in pavement markings is provided by glass spheres that are
dropped-on or premixed with a wet pavement marking material. Pavement

marking retroreflectivity (PMR) degrades over time because of fatigue to the
material and its bond strength with glass spheres or the pavement surface.
State transportation agencies typically re-stripe pavement markings after
the end of their useful service life, defined as the time when retroreflectivity
falls below a minimum threshold level.
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A considerable amount of research has been carried out regarding the
safety benefits of PMR. To answer the question if improving PMR has any
e!ect in reducing the number of tra"c crashes, most of the published litera-
ture used regression models with observational data, ignoring the treatment
assignment mechanisms; for a literature review, refer to Bahar et al. (2006)
and Donnell, Karwa and Sathyanarayanan (2009). Also, as mentioned in
Donnell, Karwa and Sathyanarayanan (2009), none of the studies explicitly
relate the in-situ PMR levels to the crash event. This is due to the fact that
PMR levels and crash data are obtained from separate sources and merg-
ing them is di"cult. The problems associated with merging the databases
have been described in Karwa (2009). Donnell, Karwa and Sathyanarayanan
(2009) was the first study that explicitly combines the PMR data (which
is representative of real life degradation patterns of PMR) with crash data
to develop a comprehensive database. This work did show that there were
statistical associations between PMR and nightime accidents. We use this
database to examine, for the first time, the nature of the e!ect of PMR on
tra"c safety (defined in Section 3) using the potential-outcome model and
causal Bayesian networks. The results are compared with a discussion of the
application of the two methods, in an attempt to determine their possible
broader application in transportation safety studies.

3. Description of the Data and Design of the Study. The fun-
damental unit of operation in this paper is a homogeneous road segment;
homogeneous refers to having uniform geometric characteristics such as num-
ber of lanes, lane width, and shoulder width along a roadway segment. A
segment within a fixed time period is considered to be di!erent from the
same segment at any other time period. A fixed time period of one month
was selected to ensure homogeneity of PMR levels and other characteristics
of a segment. For instance, the PMR level and monthly tra"c volumes can
be assumed to be reasonably uniform within this period.

Crash and pavement marking retroreflectivity data were collected retro-
respectively from three districts in North Carolina for a period of 2.5 years.
As noted in Section 2, the data were obtained from two di!erent sources. The
PMR data were measured by a private contractor using a mobile retroreflec-
tometer with a 30-meter geometry. These data were collected on two-lane
and multi-lane highways in North Carolina. All pavement markings were of
thermoplastic material. Since retroreflectivity estimates were not measured
at the exact time and place of occurrence of the crash, a neural network
model was used to interpolate the values of retroreflectivity on the segments
where crashes were observed. The details of the model are provided in Karwa
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and Donnell (2009).
The roadway inventory and crash event data were obtained from the High-

way Safety Information System (HSIS) data files, maintained by the Fed-
eral Highway Administration (FHWA). These data were collected for the 19
roadway sections where retroreflectivity data were collected. There were 192
total segments that corresponded to the 19 sections of roadway where PMR
estimates were computed based on the degradation model. Table 1 shows the
locations where roadway inventory, crash, and PMR data could be linked.
There are a total of 5916 segments (segments are a subset of sections).

Table 1

Roadways with Pavement Marking and Crash Data Available for Safety Analysis

County Route District Begin End Number Total Nighttime
MP MP of Length Target

Lanes (miles) Crashes
Bertie US13 1 0.00 11.07 4 11.07 8
Gates US13 1 0.00 14.78 2 14.78 14

Northampton US158 1 12.35 24.04 2 11.69 4
Washington US64 1 10.54 19.67 2 9.13 2

Durham I-85 5 7.88 14.19 4 6.31 5
Durham US15 5 3.66 6.56 4 2.90 9
Durham NC98 5 0.00 11.06 2 9.44a 15
Durham NC157 5 0.70 3.98 2 3.28 2
Granville I-85 5 0.00 23.73 4 1.80b 5
Person US158 5 0.00 22.36 2 16.22 5
Vance I-85 5 0.00 14.47 4 12.47c 46
Vance US158 5 0.00 8.96 2 5.94d 1
Wake I-40 5 6.47 20.19 4/6/8 13.72 67
Wake NC98 5 0.00 4.55 2 4.55 1

Warren I-85 5 0.00 9.88 4 9.88 39
Warren US158 5 12.38 22.93 2 10.55 0
Catawba I-40 12 13.13 19.67 4 6.54 10
Iredell I-40 12 0.00 22.76 4 22.76 63
Iredell I-77 12 14.75 23.75 4 9.00 17
Total 182.03 313

Crashes that satisfy the following criteria, referred to as target crashes,
were used in the analysis: no weather contributing circumstances; occurred
during dusk, dawn, or at night; non-work zone area; no alcohol involvement;
dry roadway surface conditions; no roadway contributing circumstances; ran-
o!-the-road crashes; fixed object crashes (o!-road); and opposite- or same-
direction sideswipe crashes. It must also be noted that the data are sparse
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due to rarity of accidents. Only 6 percent of the total number of segments
had more than one target crash during the study period.

Table 2

Definition of Variables used in the Study

Variable Definition
Right Shoulder Width Outer shoulder width in feet on right side of the

traveled way(Rt. Shoulder)
Adjusted Tra"c Volume Annual average daily tra"c adjusted for the

period of a month, vehicles per day(ADT)
Percentage of Trucks Percentage of the ADT that consists of heavy

vehicles(Pct. Truck)
Average Retroreflectivity Average value of PMR of all markings on a

segment(mcd\m2\lux)(PMR)
AGE Time (in months) elapsed since the application

of pavement markings on a segment(AGE)
Multilane Indicator 1 if there is more than 1 lane in each direction
(Multilane) 0 if there is 1 lane in each direction
Median indicator 1 if the segment contains a median,
(Median) 0 if the segment has no median
Safety indicator 1 if at least 1 target crash occurred in the

segment, during the month, 0 otherwise(Safety)
Urban indicator 1 if the segment is located in an urban area,
(Urban) 0 if the segment is located in a rural area
Speed limit indicator 1 if speed limit less than or equal to 35 mph,
(Low speed) 0 if the speed limit is greater than 35 mph
Terrain indicator 1 if the segment is on flat terrain,
(Terrain) 0 if the segment is on a rolling terrain

District
0 if the segment is located in District 1
1 if the segment is located in District 5
2 if the segment is located in District 12

PMR

0(Low) if PMR 139 < retroreflectivity ! 200,
1(Medium) if PMR 200 < retoreflectivity ! 280
2(High) if PMR 280 < retroreflectivity !
446.53

Safety of a road segment is defined as a Bernoulli random variable, taking
the value 1 if there was at least one target crash in the segment during the
treatment (or control) application period, and 0 if there was no target crash
in the segment. The safety of a segment is stochastic and each segment
has a fixed probability p of witnessing at least one target crash, which is
assumed to be an inherent property of the road segment. This definition
was chosen to ensure the absence of confounders between safety and PMR,
based on the past PMR related safety literature. For instance, if it was
clear according to the police crash report, that a particular crash occurred
due to driving under the influence, such a crash would have been deemed to
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occur because of human error, and hence excluded from the current analyses.
Similarly, crashes in which weather was a contributing factor (such as heavy
snow, or icy road conditions) were also excluded from the analyses. Weather
conditions, human errors, etc. are stochastic factors that may cause crashes
and not an inherent property of the segment; hence, any crash occurring due
to such conditions would fall into the error term of the observed safety of a
road segment.

Treatment variable on a segment is defined as the application of PMR
with levels {Low,Med,High}; the exact range of PMR levels for each class
is specified in Table 2. Control is defined as application of pavement markings
at one of the two remaining levels of retroreflectivity. Out of the total sample
size (N = 5916), about 36 percent of the segments had Low levels of PMR,
about 46.5 percent had Med levels and the remaining segments had High
levels of PMR. The assignment of PMR levels is clearly not random.

Table 3

Descriptive Statistics of Data

Continuous Variables
Variable Mean Standard Min Max

Deviation
Lt.Shoulder Width 2.84 4.24 0 13
Rt. Shoulder Width 9.39 4.03 0 14
Adjusted ADT 30383.31 27580.07 1615 114400
Percentage Trucks 14.77 8.54 0 83
Average PMR 227.36 64.46 139.64 446.53
AGE (in Months) 15.52 8.63 1 30

Categorical Variables

Variable Percentage
Multilane 65.38 %
Median 67.92 %
Safety 6.36 %
Urban 45.3 %

Low Speed 14.84 %
Terrain 22.31 %

District 1 21.81 %
District 5 55.54 %
Low PMR 36.07 %
Med PMR 46.45 %
High PMR 17.48 %

Number of Observations = 5916

Apart from the data on PMR and the crash counts per month, data on 13
other covariates were collected. Information on the attributes of a segment
such as the shoulder width, number of lanes, presence of a median, level
of access control and posted speed limit, tra"c flow characteristics such
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as monthly tra"c volumes (hereafter referred to as ADT ), percentage of
trucks, location related variables such as the geographic district in which
the segment is located, the urban or rural setting of the segment location,
and the terrain type were collected. Definitions of all variables are provided
in Table 2 and the summary statistics are provided in Table 3. The data
are very sparse which is typical of safety data. For instance, in the five way
cross-classification of the entire sample with respect to the discrete variables
District, T errain, PMR,Multilane and Safety, 58 percent of the cells have
sampling zeros.

As per Rubin (2008) and Maldonado and Greenland (2002), we conceptu-
alize our problem as a hypothetical experiment to make the problem state-
ment clear. Consider a population of homogeneous road segments. We wish
to examine the e!ect of increased PMR on the safety of a road segment.
Ideally, we would like to apply treatment (e.g., PMR = Low) and con-
trol (e.g., PMR = High) to the same population and observe the expected
safety outcome to measure the causal e!ect. The causal e!ect is defined as
the risk ratio of expected safety outcome under the treatment and controls,
for the same population. Since this is not possible in practice, we use analyt-
ical simulations of this process. Sections 4 and 5 describe conceptualization
of this hypothetical experiment under two di!erent frameworks.

4. Potential Outcomes Framework. In this section we present the
potential outcomes framework as applicable to the current study as well
as the results of the analysis. Section 4.1 defines the causal estimands (the
“science”, (see Rubin, 2005)) and the corresponding assumptions. Section
4.2 is concerned with the assignment mechanism and balancing of the data
using propensity score matching. Section 4.3 explains the estimation of aver-
age causal e!ect, after matching, using regression adjustment method, and
Section 4.4 presents the results of the analysis.

4.1. Treatment and Potential Outcomes. Let the homogeneous segments
be indexed by the letter i. We focus on one hypothetical experiment at a
time, introduced in Section 3, and estimate the e!ect of a binary PMR
treatment on safety from a sample of segments. Extension to the case of
three levels of treatment of PMR is performed using the method proposed
by Rubin (1998) which involves creating a separate propensity score model
for each two-level treatment comparison, equivalent to conducting three hy-
pothetical experiments. Thus, in the present case, three separate propensity
score models would be estimated. This method is followed since it is di"cult
to simultaneously balance all three treatment groups on all covariates.

The PO model uses potential outcomes as the fundamental element to
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estimate the causal e!ects. We denote the treatment variable by Ti, where
Ti = 0 denotes no treatment or the baseline condition for unit i, and Ti = 1
denotes the treatment condition. For instance, if we wish to estimate the
e!ect of changing the PMR levels from Med to Low, the treatment would
be application of PMR = Low and the control would be application of
PMR = Med. Associated with each segment are two potential outcomes:
Safety(S) of the segment at the end of a month after the treatment has been
applied, Si(T = 1), and Safety of the same segment at the end of the month
if there was no treatment (i.e., the baseline condition was applied, Si(T = 0)
). Covariates that represent the attributes of a segment are denoted by the
vector Xi = (xi1, xi2, . . . , xip) for unit i. The causal e!ect of the treatment
relative to the baseline for segment i is then defined as the ratio of E[Si(1)]
and E[Si(0)] where E[.] denotes expectation. We assume that E[Si(0)] > 0,
and drop the T in the notation for simplicity.

For any particular segment, only one of the two values of S(0) and S(1)
can be observed. This has been termed the “fundamental problem of causal
inference” (Rubin, 1978; Holland, 1986), because of which unit level causal
inferences are not possible1. However the average causal e!ect of the treat-
ment on a population can be estimated consistently from a randomized
experiment under certain assumptions. The assumptions required for esti-
mating average causal e!ect are given below.

Stable unit treatment value assumption (SUTVA) (Rubin, 1990). This as-
sumption states that the treatment applied to one unit does not a!ect the
outcome of any other unit and that there are no hidden versions of the treat-
ment (i.e., no matter what mechanism was used to apply the treatment to
the unit, the outcome would be the same). The last part is sometimes re-
ferred to as the consistency assumption (Cole and Frangakis, 2009). We make
this assumption in the current study even though the treatment has been
applied in groups (several segments along a particular route may have the
same value of PMR). The following example illustrates a scenario where
this assumption could be violated. Consider two consecutive segments on
the same route. A vehicle traveling on this road could end up in a crash
in segment 2 because of low visibility on segment 1. Such scenarios are not
uncommon, but when accidents are reported, the reporting o"cer estimates
the approximate segment location where the crash was initiated (based on
a subjective assessment of skid marks of the vehicle and other crash specific
parameters) and the crash is attributed to that segment. Moreover, most
segments are long enough to ensure that any crash attributed to that seg-

1Except in cases where the mechanism of causation is known, this is called token
causation, see Pearl (2000, chap. 7)
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ment originated in the same segment. Hong and Raudenbush (2005) extend
SUTVA to account for possible interference among segments, but we do not
consider this extension here.

Positivity. The positivity assumption states that there is a nonzero prob-
ability of receiving every level of treatment for every combination of values
of exposure and covariates that occur among individuals in the population
(Rubin, 1978; Hernan and Robins, 2006). We make the positivity assump-
tion since, in principle, each segment can be assigned any level of PMR
treatment.

Unconfoundness. The treatment mechanism is said to be unconfounded
given a set of covariates xi, if the treatment is conditionally independent of
the potential outcomes given the covariates:

(4.1) ti !! S(0), S(1) | xi.

In a randomized experimental setting, ti would be unconditionally inde-
pendent of the potential outcomes by design. In the current setting this is
not the case, but the treatment assignment can be made independent of the
potential outcomes by balancing on observed covariates. This is done using
propensity score matching and is discussed in Section 4.2.

4.2. Assignment Mechanism, Propensity Score, Matching and Balancing.

The second part of the PO framework is to formulate the propensity scores
used in assignment of the treatment to the segments and to match on the
propensity scores to achieve balance as follows:

Let P (Ti = 1 | Xi) be the propensity score. Following Rosenbaum and
Rubin (1983), treatment assignment is strongly ignorable given a vector of
covariates X if unconfoundedness and common overlap hold:

S(0), S(1) !! T | X(4.2)

0 < P (T = 1 | X) < 1(4.3)

In the current setting, the treatment assignment mechanism can be as-
sumed to consist of two parts. In the first part, pavement markings are
applied by transportation agencies at di!erent segments with a similar level
of retroreflectivity (usually falling into the category High). In the second
part, the markings are left to deteriorate over a period of 2.5 years. The
PMR levels decrease due to stress on the pavement marking material from
vehicle passes and natural factors such as weather. Thus it can be assumed
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that nature assigns a level of PMR based on the time elapsed since the
initial application period (AGE) of the pavement marking, number of vehi-
cle passes and weather conditions. The assignment of PMR levels for each
segment depends on the AGE of the marking within the segment and the
number of vehicle passages over the segment within that period. Apart from
this, PMR levels may also depend on the location of the segment (due to
di!erences in weather conditions), the percentage of trucks that compose
the tra"c volumes (stress on the marking material is generally greater due
to the heavy vehicles when compared to a passenger car), the number of
lanes in a segment (the PMR levels used are the average of the di!erent
pavement markings present in a segment, and multi-lane segments generally
have at least one extra marking when compared to two lane segments). All
of these variables are included to form a rich propensity score model that
specifies the assignment mechanism.

As noted earlier, three di!erent propensity score models are estimated
using binary logistic regression by selecting two out of the three treatment
levels {Low,Med,High} of PMR. As per Rosenbaum (1995), all covariates
with a p-value of less than 0.5 are retained in the propensity score model.
Balance is achieved by matching the treatments to controls on the estimated
propensity scores. Rosenbaum and Rubin (1983) demonstrate that balance
on the distribution of covariates can be achieved by balancing on the scalar
value of propensity scores. For variables used in three propensity score mod-
els see Table 4.

Table 4

Variables in Propensity Score Models

Comparison Level
Variable Med to Low High to Med High to Low
Dist1 ! !

Dist5 !

Urban ! ! !

Terrain ! !

Median ! !

Multilane !

Rt. Shoulder ! !

Pct. Truck ! ! !

AGE ! ! !

ADT ! ! !
!

Sample Size 4882 3782 3168
!log transformation used

Nearest Neighbor matching (Dehejia and Wahba, 2002) on the logit propen-
sity scores was carried out using a caliper of 0.25 and the groups are tested
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for balance. The software developed by Leuven and Sianesi (2003) was used.
In this method, if e is the estimated propensity score, then for each individ-
ual in the treatment group, a pool of potential matches in the control group
is identified whose logit propensities are in the interval e± c, where c is the
value of the caliper selected. Within this pool, the closest individual in terms
of the Mahalanobis distance of propensity score is selected. Matching is done
without replacement. If balance is not achieved, the propensity score model
is re-specified and the process is repeated. The balance between treated and
comparison groups for all measured covariates is tested using an unpaired
t-test. The distribution of propensity scores across the two groups is also
examined, since comparison between one variable at a time does not take
into account the correlation among the covariates (Cochran, 1965). Obser-
vations that were out of the common support of the propensity scores were
discarded to ensure su"cient overlap of distributions of key covariates for
the treatment and control groups. Su"cient overlap is needed to produce
stable estimates of the Average Causal E!ect (ACE) (Dehejia and Wahba,
1998; Rubin, 1997). Specific details are provided in the Results section 4.4.

4.3. Estimation of the Average Causal E!ect. Once the samples are di-
vided into control and treatment groups and balance is achieved, several
methods exist to estimate the ACE of the treatment (Schafer and Kang,
2008). We follow the regression estimation with propensity score covariates
strategy suggested by Little and An (2004) and Schafer and Kang (2008).

One can think of the use of regression estimation of the potential outcomes
serving two di!erent purposes. In the first scenario, regression is used as a
tool to mimic stratification or conditioning on the covariates of a treated or
control population. In this case, the conditioning must be performed on the
same covariates for both the treatment and the control groups. In the second
scenario, regression is used simply as a prediction tool. Thus, the policy to be
followed when estimating the regression equations for each of the control and
the treatment groups is to ensure that the equations possess generalization
capabilities. In this scenario, it may be the case that including the same
covariates in both regression models violates this policy due to overfitting
of the data. In this study, we follow the second scenario, that is we consider
parsimonious regression models that help predict the safety outcome under
treatment or control.

We use binary logistic regression to estimate a probability distribution of
the safety outcomes for the treated segments. Similarly, for the control seg-
ments. Only those segments in the matched sample are used that fall under
the common support. We classify the segments into five strata with bound-
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aries defined by the 20th, 40th, 60th, and 80th percentiles of the estimated
propensity scores. Categorical variables representing the strata are included
in the regression model along with other covariates. The regression models
are given by the following equations:

logit(P (Si(1) = 1)) = xi!1(4.4)

logit(P (Si(0) = 1)) = xi!0(4.5)

The regression equations are used to predict the probability distributions
of Si(1) and Si(0); see Table 5 for significant covariates. As noted in Section
3, the ACE is estimated as a causal risk ratio:

(4.6) ACE 0 to 1 =
E[Si(1)]

E[Si(0)]

where E[Si(.)] = E[E[Si(.)|P (Si(.) = 1)]]. According to Cochran (1968),
Little and An (2004), and Schafer and Kang (2008), the inclusion of these
categorical variables should remove about 90 percent bias in the regression
estimate. Kang and Schafer (2007) and Schafer and Kang (2008) use a simu-
lated dataset to show that this method produces the most unbiased estimate
of ACE, but there has been much discussion on the simulated dataset used
(Ridgeway and McCa!rey, 2007; Robins et al., 2007).

Table 5

Significant Covariates for Safety Models

Variables
Med to Low High to Med High to Low

PMR PMR PMR
Safety Med Low High Med High Low
Urban ! ! ! !

Median !

Multilane !

Propensity1 !

Propensity2 !

Propensity3 !

Propensity4 !

Rt. Shldw ! ! ! !

Pct. Truck ! ! ! !

ADT ! ! ! ! !

Obs 629 693 314 317 119 224

The ACE of equation (4.6) was estimated in two ways, and the standard
errors for these estimates were obtained by bootstrapping. The predictions
of probability distribution of Safety (S) from the estimated regression mod-
els (Table 5) were used in both methods. In the first method (referred to
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as individual prediction from here on), the prediction was restricted only
to the respective groups that were used to estimate the logistic regression
model. In the second method (referred to as combined prediction), each of
the two estimated models was used to predict the safety distribution for the
combined matched sample of treatments and controls. For instance, in the
comparison of Low PMR and Med PMR, the regression equation for the
safety of Low PMR segments was used to predict the safety distributions for
both the Low PMR segments and well as the Med PMR segments. Simi-
larly, the regression equation for the safety of Med PMR segments was used
to predict the safety of both the Low PMR and the Med PMR segments.
The ACE estimates from the combined prediction method are generally un-
stable due to the extrapolation of the potential outcomes. However, when
the regression models of the potential outcomes are very close to the true
model, the combined prediction method is reliable and o!ers more statis-
tical power, since all of the matched data are used. The results of the two
methods and their comparisons are presented in the next section.

4.4. Results. As noted previously, three separate propensity score mod-
els were estimated and matching was performed using each model. Table 4
shows the covariates used in the final propensity score models. All variables
with a p-value < 0.5 were retained in the model.

Table 6

Matches based on Propensity Score for Treatment = Medium and Control = Low

Treatment Support
Assignment O! Support On support Total
Untreated 1,441 693 2,134
Treated 2,119 629 2,748
Total 3,560 1,322 4,882

4.4.1. Comparison of Safety between Low and Medium PMR levels. The
subsample for the Low and Med PMR levels consists of 4882 observations,
of which about 56 percent have Med PMR level (T = 1) and the remaining
44 percent have the Low PMR level (T = 0). Table 6 illustrates the results
of matching and distributional support. A total of 693 controls were matched
to 629 treated segments, which had a common support. Table 7 illustrates
the balance before and after the matching. It includes the standardized bias
(Rosenbaum and Rubin, 1985) before and after matching and the percentage
decline in the bias. As per Table 7, there was a considerable improvement
in the balance of key covariates in the treatment and the control groups. It
also shows that the sample contains no control segments with Low speed =



CAUSAL INFERENCE IN TRANSPORTATION SAFETY STUDIES 15

Table 7

t-test before and after matching for Treatment = Medium and Control = Low

Mean % t-test
decline

Variable Sample Treated Control %bias bias t p>t

Multilane
Unmatched .525 .899 -91.0 -30.64 <0.001
Matched 0.731 0.715 4.1 95.5 3.38 0.005

Urban
Unmatched .425 .534 -21.8 -7.56 <0.001
Matched .4213 .445 -4.9 77.7 -1.08 0.279

Terrain
Unmatched .266 .112 40.3 13.70 <0.001
Matched .273 .327 -14.0 65.2 -0.73 0.466

Median
Unmatched .561 .890 -82.5 -27.80 <0.001
Matched .731 .714 4.1 95.0 2.47 0.01

Low Speed
Unmatched .225 0 74.6 24.96 <0.001
Matched 0.11 0 37.6 50.8 6.07 0.00

Rt. Shoulder
Unmatched 8.699 10.774 -56.1 -18.85 <0.001
Matched 10.245 10.282 -1.0 98.2 1.9 0.058

Pct. Trucks
Unmatched 12.326 19.469 -85.5 -30.56 <0.001
Matched 15.124 14.449 8.1 90.6 3.18 0.002

ADT
Unmatched 25694 44222 -68.9 -23.65 <0.001
Matched 35663 34147 5.6 91.8 2.48 0.013

AGE
Unmatched 16.197 19.751 -47.5 -16.33 <0.001
Matched 18.383 18.605 -3.0 93.7 0.81 0.416

1. Since for such segments, the counterfactual outcome cannot be estimated,
the ACE estimates are only for a sub-population of segments where posted
speed limit is greater than 35 mph (Low speed = 0).

To estimate the causal e!ect, separate binary logistic regression models of
safety were estimated for the treatment and the control groups. The variables
used in the safety models are shown in Table 5. The estimates of ACE of
changing PMR from Med to Low on Safety are shown in Table 8. Based
on the results of prediction from both groups, the risk of a target crash
on segments with Low PMR is 1.54 times that of Med PMR. Similarly,
based on the results from the prediction from individual groups, the risk
of a target crash on segments with Low PMR is 1.46 times that of Med
PMR. The point estimates of the ACE are close to each other. Also, there
is considerable overlap in the confidence intervals from both methods.

4.4.2. Comparison of Safety between Medium and High PMR levels. The
subsample for the Med and High PMR levels consists of 3782 observations,
of which about 27 percent of the segments have the High PMR (T = 1)
and the remaining 73 percent have Med PMR (T = 0). The summary of
matched samples and the balance between the covariates before and after
matching are shown in Tables 9 and 10, respectively. A total of 317 controls
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Table 8

Average Causal E!ect for change in PMR from Med to Low

Prediction using both Groups
Variable Obs Mean Std. Dev. Min Max
Safety for Control(Low) 1322 0.1037 0.0849 0.0472 0.5494
Safety for Treatment(Med) 1322 0.0673 0.0407 0.0162 0.1799

ACEMedtoLow =
E[S(T = Low)]

E[S(T = Med)]
=

0.1037
0.0673

= 1.54

Confidence Interval = [1.43,1.65]
Prediction using individual Groups

Variable Obs Mean Std. Dev. Min Max
Safety for Control(Low) 693 .0995 .00831 .01499 .517
Safety for Treatment(Med) 629 .0683 .0454 .0162 .1799

ACEmedtoLow =
E[S(T = Low)]

E[S(T = Med)]
=

0.0995
0.0683

= 1.46

Confidence Interval = [1.11, 1.99]

were matched to 314 treatment segments. The variables used in the safety
model are shown in Table 5 and the ACE of changing PMR level from High
to Med is shown in Table 11.

Table 9

Matches based on Propensity Score for Treatment = High and Control = Medium

Treatment Support
Assignment O! Support On support Total
Untreated 2431 317 2748
Treated 720 314 1043
Total 3151 631 3782

Based on the results of prediction from both groups, the risk of a target
crash on segments with Med PMR is 1.36 times that of High PMR. Based
on the results from the prediction from individual groups, the risk of a
target crash on segments with Med PMR is 1.32 times that of High PMR.
There is less overlap in confidence intervals based on the two methods in
comparison to the Med to Low case. Furthermore, the confidence interval
based on individual predictions indicates that the e!ect of change in PMR
from High to Med is not significantly di!erent from 1 which is consistent
with hypotheses found in safety literature.

4.4.3. Comparison of Safety between Low and High PMR levels. The
subsample for the Low and High PMR levels consists of 3168 observations, of
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Table 10

t-test before and after matching for Treatment = High and Control = Medium

Mean % t-test
decline

Variable Sample Treated Control %bias bias t p>t

Multilane
Unmatched 0.489 0.525 -7.1 -1.94 0.052
Matched 0.513 0.559 -9.20 -30.20 -0.480 0.629

Urban
Unmatched 0.360 0.425 -13.5 -3.67 <0.001
Matched 0.366 0.429 -12.800 5.000 -1.710 0.087

Terrain
Unmatched 0.338 0.266 15.7 4.38 <0.001
Matched 0.169 0.244 -16.400 -3.90 -2.430 0.016

Median
Unmatched 0.538 0.561 -4.7 -1.29 0.197
Matched 0.532 0.571 -8.0 -69.0 -0.22 0.826

Low Speed
Unmatched 0.249 0.226 5.3 1.47 0.143
Matched 0.169 0.181 -2.8 47.3 -0.980 0.327

Rt. Shoulder
Unmatched 8.360 8.699 -7.7 -2.08 0.037
Matched 8.796 8.887 -2.1 73.40 0.140 0.887

Pct. Truck
Unmatched 11.580 12.326 -12.4 -3.4 0.001
Matched 13.392 14.000 -10.1 18.5 -0.380 0.705

ADT
Unmatched 14284 25694 -51.2 -12.27 <0.001
Matched 20002 23503 -15.7 69.3 -1.620 0.106

AGE)
Unmatched 4.997 16.197 -187.5 -44.380 <0.001
Matched 6.541 4.987 26.0 86.10 6.720 <0.001

which about 33 percent of the segments have High PMR level (T = 1), and
the remaining 67 percent have the Med PMR level (T = 0). A total of 224
control segments were matched to 119 treated segments.Several segments
were discarded due to lack of overlap. The summary of matched samples and
the balance between the covariates before and after matching are shown in
Tables 12 and 13, respectively. Table 12 shows zero control segments with
Low speed = 1. Since for such segments the counterfactual outcome cannot
be estimated, the ACE estimates are only for a sub-population of segments
where the posted speed limit is greater than 35 mph (Low speed = 0) The
ACE of changing PMR level from High to Low is shown in Table 14.

Based on the results of prediction from both groups, the risk of a target
crash on segments with Low PMR is about 1.83 times that of High PMR.
Similarly, based on the results from the prediction from individual groups,
the risk of a target crash on segments with Low PMR is 2.13 times that of
High PMR. The results show the same trend, and have considerable overlap
in the confidence intervals.

5. Causal Diagrams. In this section we present the Causal Diagrams
framework to estimate ACEs. Section 5.1 provides a brief introduction to
Causal Bayesian Networks (CBN), di!erent parts of the causal model, and



18 KARWA, SLAVKOVIĆ, DONNELL

Table 11

Average Causal E!ect for change in PMR from High to Medium.

Prediction using both Groups
Variable Obs Mean Std. Dev. Min Max
Safety for Treatment(High) 631 0.0365 0.0568 0.0007 0.3494
Safety for Control(Med) 631 0.0495 0.0640 0.0018 0.3558

ACEHightomed =
E[S(T = Med)]

E[S(T = High)]
=

0.0495
0.0365

= 1.36

Confidence Interval = [1.04, 1.67]
Prediction using individual Groups

Variable Obs Mean Std. Dev. Min Max
Safety for Treatment(High) 314 0.0382 0.0639 0.0007 0.3494
Safety for Control(Med) 317 0.0505 0.0637 0.0020 0.3312

ACEHightomed =
E[S(T = Med)]

E[S(T = High)]
=

0.0505
0.0382

= 1.32

Confidence Interval = [0.55, 2.27]

Table 12

Matches based on Propensity Score for Treatment = High and Control = Low

Treatment Support
Assignment O! Support On support Total
Untreated 1963 171 2134
Treated 763 271 1043
Total 2726 442 3168

the required assumptions. Section 5.2 briefly illustrates the algorithms used
to recover a causal model from observational data in light of the assumptions
made in Section 5.1. Section 5.3 provides estimation procedures of the ACE
and Section 5.4 presents the results of the analysis.

5.1. Causal Diagrams and components of a Causal Model. In the Causal
Diagrams setting, conditional independence relations between variables are
used as fundamental elements to estimate casual e!ects, in contrast with the
PO model, where potential outcomes are the fundamental quantities. Let V
denote the set of variables representing the attributes of a road segment
which includes both the treatment assigned to a segment and its safety out-
come. A Bayesian Network describes the conditional independence relations
between the variables in V. The qualitative part of the conditional indepen-
dence relations are represented by a graph using a set of nodes and edges,
and the quantitative part by a set of conditional probability distributions
associated with each node in the graph. For more details on graphs and
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Table 13

t-test before and after matching for Treatment = High and Control = Low

Mean % t-test
decline

Variable Sample Treated Control %bias bias t p>t

Multilane
Unmatched 0.489 0.899 189.1 -28.7 <0.001
Matched 0.782 0.812 -7.400 93 -0.580 0.563

Urban
Unmatched 0.359 0.534 20 -9.31 <0.001
Matched 0.529 0.462 13.900 61 1.040 0.299

Terrain
Unmatched 0.338 0.112 -47.2 16.01 <0.001
Matched 0.227 0.188 9.700 83 0.730 0.464

Median
Unmatched 0.538 0.899 185 -25.35 <0.001
Matched 0.723 0.812 -21.700 75 -1.62 0.106

Low Speed
Unmatched 0.248 0 4.8 26.56 <0.001
Matched 0.109 0.00 35.7 56 3.77 <0.001

Rt. Shoulder
Unmatched 8.359 10.774 42.9 -19.87 <0.001
Matched 9.740 10.342 -17.2 75 -1.34 0.181

Pct. Truck
Unmatched 11.58 19.469 5 -23.08 <0.001
Matched 15.084 16.983 -22.8 76 -2.04 0.042

log(ADT)
Unmatched 9.225 10.479 126.9 -41.19 <0.001
Matched 10.086 10.236 -18.4 88 -1.38 0.168

AGE
Unmatched 4.997 19.751 -272.8 -64.6 <0.001
Matched 6.681 7.086 -7.5 97 -0.81 0.418

graphical models, see Lauritzen (1999).
We restrict our analysis to the class of directed acyclic graphs (DAGs)

with discrete variables referred to as discrete Bayesian Networks (BNs). The
probability distributions associated with each node is then a conditional
probability table (CPT). Figure 1 shows an example of such a graph, where
for instance W is a child of Y . These restrictions are made to enable the
use of e"cient algorithms for the generation of and inference in BNs. BNs
with continuous variables are possible, but algorithms for handling arbitrary
continuous distributions are not well developed. Also, many BN algorithms
cannot handle mixed BNs (mixed here refers to the combination of continu-
ous and discrete variables) that have continuous parents of discrete children.
To avoid such issues, the data are discretized. The discretization rules for
the continuous covariates are given in Table 15.

A BN is an e"cient way to represent the joint probability distribution of V
and the interpretation of conditional independence in the network does not
necessarily imply causation. A Causal Bayesian Network (CBN) is a model
that allows such interpretations. It is a DAG in which the predecessors of
a node are interpreted as directly causing the variable associated with that
node. Formally this the Causal Markov Assumption (CMA) and must be
satisfied by all of the variables in the network.
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Table 14

Average Causal E!ect for change in PMR from High to Low.

Prediction using both Groups
Variable Obs Mean Std. Dev. Min Max
Safety for Treatment(High) 343 0.0281 0.0131 0.0072 0.0584
Safety for Control(Low) 343 0.0514 0.0325 0.0043 0.3083

ACEHightoLow =
E[S(T = Low)]

E[S(T = High)]
=

0.0514
0.028

= 1.83

Confidence Interval = [1.59, 2.07]
Prediction using individual Groups

Variable Obs Mean Std. Dev. Min Max
Safety for Treatment(High) 119 0.0252 0.012 0.007 0.052
Safety for Control(Low) 224 0.0535 0.028 0.004 0.172

ACEHightoLow =
E[S(T = Low)]

E[S(T = High)]
=

0.0535
0.0252

= 2.13

Confidence Interval = [1.88, 2.37]

Table 15

Discretization rules for continuous covariates for Bayesian Networks

Variable Definition

Rt. Shoulder
0 if shoulder width < 7 feet
1 otherwise

ADT
0 if ADT < 30,000 vehicles per day,
1 otherwise

Pct. Trucks
0 if Pct. Trucks < 18,
1 otherwise

AGE
0 if AGE < 10 months,
1 if 10 < AGE < 20 months,
2 otherwise

The CMA states that given the values of a variable’s immediate causes
(i.e., its parents), the variable is independent of its non-descendants (Pearl,
2000, chap. 1). This assumption implies that we must include in the model
every variable that is a cause of two or more other variables. It also implies
Reichenbach’s (Reichenbach, 1956) common cause assumption, which states
that, if any two variables are dependent, then one is a cause of the other
or there is a third variable causing both. These implications are important
both when using algorithms to recover causal networks from observational
data and when estimating the ACE.

The problem of causal inference involves learning the causal structure,
represented by a DAG and a CPT, from data. The ACE of a treatment
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U

Fig 1. An Example Directed Acyclic Graph

under intervention is estimated using intervention theory, as explained in
the next section.

5.1.1. Causal Diagrams as models of intervention. According to Pearl
(2000), CBNs can be regarded as models of interventions if it is assumed that
a DAG models the causal mechanism which generated the data. The edges in
a directed graph represent a deterministic functional relation coupled with
mutually independent error terms. These edges can be used to specify the
changes in the joint distribution of variables V due to external intervention.
For instance, in Figure 2, forcing the node PMR to take a particular value,
say Low, amounts to lifting the existing mechanism on PMR and putting it
under the influence of a new mechanism whose action is to force PMR to the
value Low, keeping everything else constant. This action is mathematically
represented by do(PMR = Low). The e!ect of ‘setting’ a node to a fixed
value corresponds to applying the low PMR treatment to all the segments
in the sample.

As explained in Pearl (2000, chap. 3), such interventions, called atomic
interventions are modeled in a DAG G by creating a new mutilated DAG
GPMR from G. In GPMR, the links between Pa and PMR are removed
(where Pa represent the set of parents of PMR), keeping the rest of the
graph the same, simulating the e!ect of an external intervention. The distri-
bution imposed by the new graph GPMR under the condition PMR = Low
represents the e!ect of intervention and is called the post-intervention dis-
tribution. An example is shown in Figure 2.

5.1.2. Causal E!ect. ACE is defined using the interventional notation.
Given the safety outcome S and the treatment variable PMR, the ca-



22 KARWA, SLAVKOVIĆ, DONNELL
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Gx

Fig 2. An example of the interventional distribution. The graph G represents the original
DAG. The mutilated graph Gx under the intervention of forcing PMR to take a particular
value is obtained by deleting the arcs between PMR and its parents (e.g., ADT )

sual e!ect of PMR on S, denoted by P [S|do(PMR = i)], where i "
{Low,Med,High}, is a function from PMR to the space of probability
distribution on S. For each realization of PMR, P [S|do(PMR = i)] gives
the probability of S = s induced from the mutilated graph GPMR and sub-
stituting the value of PMR as i in this graph. Mathematically, in the case
of atomic intervention do(PMR= i), the joint probability distribution of
variables in V can be obtained by the following equation:

(5.1) P (x1, . . . , xn|do(PMR = i)) =

!

P (x1,...,pmr,xn)
P (pmr|pa) if pmr = i

0 if pmr #= i

Based on equation 5.1, given a causal diagram in which all the parents of
manipulated variables are observed, the casual e!ect can be estimated from
passive or non-interventional data. However, when some parents of a child
node ch are not observed, P (ch|pai) may not be estimable in all cases. A
graphical test has been provided by Pearl (2000, chap. 3) to find out when
P [S|do(PMR)] is estimable from the observed data. In the present case,
we make the assumption that all potential confounders are included in the
analysis. This is a strong assumption and must come from subject matter
experts. These assumptions are reviewed in Section 5.2.

The ACE of PMR on S is estimated by marginalizing the joint probability
distribution in equation 5.1. When PMR has two possible states (Low and
Med), the ACE is given by the following equation

(5.2) ACE =
P (S = 1|do(PMR = Low))

P (S = 1|do(PMR = Med))
,

where P [S = 1|do(PMR = Low)] is the marginal probability of S = 1
under the atomic intervention PMR = Low; notice the similarity to equa-
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tion (4.6) from the PO framework. The marginal probabilities are obtained
from the mutilated graph GPMR by intervening on PMR and stratifying on
a set of covariates and marginalizing the probability distribution of S over
each stratum2. In the next section, we describe the algorithms that were
used to learn the components of the causal model.

5.2. Learning Causal Bayesian Networks from data. Structure learning
algorithms are used to recover a DAG G and parameter learning algorithms
are used to estimate the CPTs.

5.2.1. Structure Learning. Learning the structure of causal networks from
observational data has received a thorough treatment in the literature, see
Pearl and Verma (1991); Heckerman (1996); Spirtes and Glymour (1991);
Tsamardinos, Brown and Aliferis (2006). The most common strategies fall
into two di!erent classes called constraint based learning and score based

learning. We adopt a simple combination of both approaches to learn the
structure of the BN. Our approach is similar in principle to Tsamardi-
nos, Brown and Aliferis (2006). The PC algorithm (Spirtes, Glymour and
Scheines, 2001) is used as a constraint based strategy to recover a DAG
structure from the data. This DAG is supplied as an initial structure to
the score based learning strategy, which then attempts to find an opti-
mum DAG structure. The simulated anneal strategy of Hartemink (2005)
is used to search for optimum scored BN. The scoring function proposed
by Heckerman, Geiger and Chickering (1994) is used. The scoring search is
implemented in Java using the BANJO library (Hartemink, 2005) and the
constraint search is performed using the BNT toolbox in Matlab (Murphy,
2001). Since the scoring method need not produce the globally optimum
structure of the BN, we use the 10 best networks recovered by the algorithm
and perform Bayesian model averaging to estimate the average causal e!ect.
For details on the averaging, refer to Madigan and Raftery (1991), Hoeting,
Adrian and Volinsky (1998) and Heckerman, Geiger and Chickering (1994).

Irrespective of the strategy used, the structure of a DAG can be recovered
from observational data (up to d-separation equivalence, (see Pearl, 2000,
chap. 1)) only if the three assumptions briefly outlined below are satisfied.
Causal interpretation of BNs is possible only because of these assumptions,
which are in general untestable from observational data and must come from
subject matter experts.

2Conditioning on so called colliders in a DAG can actually introduce bias in the ACE,
see Pearl (2003). In simple terms, a variable is a collider if it has two arrows into it. In
the present case, there are no such colliders on the path between Safety and PMR
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Causal Markov Assumption: The Causal Markov assumption (CMA) is
an assertion that each variable in the model is independent of its nonde-
scendents, given its parents or immediate causes. The natural question that
arises is what are the immediate factors that a!ect the safety of a segment?
For instance, is driving at a high speed considered an immediate cause of
reduced safety? To understand the CMA in light of safety, it is important to
first consider the factors that cause a crash. Factors causing crashes can be
divided into the following three broad categories: road user (driver), road-
way characteristics (geometric elements, environment conditions, roadway
volume, etc.), and the vehicle. Analysis using drivers as fundamental units
create several problems. The immediate causes of crashes (75 percent of
which are due to human error (Stanton and Salmon, 2009)) become very
specific to a particular crash and are governed by complex human behavior
which is di"cult to model and predict. Generally, information on the factors
related to drivers and the vehicle is available only for vehicles involved in a
crash, and not for non-crash vehicles. Thus, in a driver level analysis, most
of the data would be missing. To avoid these issues, analysis is done at the
segment level. Only stable attributes of a roadway segment are included in
the analysis; specific human factors are included in the disturbance or error
terms considered to be stochastic in nature. Thus, the Markov assumption is
treated as a guiding principle rather than an assumption, where it defines the
granularity of the model being considered ensuring that all relevant causes,
as defined by subject matter experts and previous knowledge, are included
in the analysis.

Faithfulness: The faithfulness assumption ensures that the population
that generated the DAG model has exactly those independence relations
specified by the DAG structure and no additional independencies. If there
are any independence relations in the population that are not a consequence
of the Causal Markov condition, then the population is unfaithful. By as-
suming Faithfulness we eliminate all such cases from consideration.

Latent Variables: This assumption states that there are no hidden vari-
ables in the model that violate the causal Markov condition. That is, all of
the variables that e!ect more than two variables in the model are observed
and included in the database. Again, this is a strong assumption, whose
validity could be ensured by verification from subject matter experts. For
instance, the definition of safety ensures that the causes due to driver and
weather factors do not influence the outcome, else these would have to be
entered into the model as latent variables.
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5.2.2. Parameter Learning. The parameters of the CPT are modeled us-
ing Dirichlet distributions and the usual assumptions of parameter indepen-
dence are made. For details on parameter learning, see Heckerman, Geiger
and Chickering (1994). The Bayesian Dirichlet Equivalent Uniform Priors
(BDEU) were used to compute the parameters of the CBN.

The Dirichlet hyper parameters !xi,!i
are specified by following equation:

(5.3) !xi,!i
= !$ p(xi,"i),

where !xi|!i
pertains to variable Xi in a state xi given that its parents are

in joint state "i, for i = 1, . . . , n where ! is the number of pseudo-counts,
and p is a (marginal) prior distribution of pseudo-counts; this ensures the
likelihood-equivalence of Markov equivalent structures (Heckerman, Geiger
and Chickering, 1994). The value of ! is taken to be 1. The distribution
p is chosen to be uniform between 0 and 1 for all variables (representing
non-informative prior), i.e. for any CPT, each parent-child combination is
given an equal probability.

The expected value of the parameters (#xi|!i
) has the simple expression:

(5.4) Ep("xi|!i
|D,G)[#xi|!i

] =
kxi,!i

+ !xi,!i

k!i
+ !!i

where kxi,!i
is the number of segments in the database with attributes xi

and parents are in joint state "i.

5.3. Estimation of ACE. The ACE of PMR on safety is computed using
equation 5.5. The intervention probability distributions of the safety vari-
able, under each of the interventions of do(PMR= i), i " Low,Med,High
are obtained by marginalization in the mutilated DAG.

ACEHightoLow =
P (Safety = 1|do(PMR = Low)

P (Safety = 1|do(PMR = High)

ACEHightoMed =
P (Safety = 1|do(PMR = Med)

P (Safety = 1|do(PMR = High)

ACEMedtoLow =
P (Safety = 1|do(PMR = Low)

P (Safety = 1|do(PMR = Med)
(5.5)

Computing the marginal probability of a variable from the conditional
probability distributions specified by a DAG under an evidence or inter-
vention is not a trivial task when the number of variables is large. This is
because the joint probability table increases exponentially with an increase
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in the number of variables (Jensen, 2001). There are several methods in
the literature (Cowell, 1998) to e"ciently perform inference in a BN. We
compute the marginal probability of Safety(S) by using the junction tree

algorithm that performs exact inference. The ACE of PMR on S is esti-
mated as the ratio of the expected value of safety under the intervention
level corresponding to the treatment and the expected value of safety under
the intervention level corresponding to control; compare this to equation
(4.6). A full bayes model of the Dirichlet parameters is specified and the
confidence in the value of the ACE is estimated by computing a 95 percent
Bayesian credible interval.

5.4. Results. Table 16 summarizes the 10 final models selected for the
estimation of ACE of PMR on safety. In Table 16, each cell shows the
parents of the corresponding variable. The first row represents the parents
common to all DAGs, and the subsequent rows are numbered in decreasing
order of the score. As per these DAGs, PMR levels in a segment are a!ected
by the AGE of the marking, the percentage of trucks and the ADT in the
segment. The safety of a segment is a!ected by the right shoulder width,
PMR level, and the number of lanes in the segment. Most of the relations
in the DAGs are in line with the common understanding of tra"c safety
research.

The DAG with the highest score is shown in Figure 3. In this DAG,
the Low speed variable does not appear. This could be because given the
combination of variables like ADT,Median and Multilane, the value of
Low speed is completely determined, and the discretization of ADT into
two levels makes it highly collinear with Low speed. It was surprising to see
the safety of a segment una!ected by ADT in this particular DAG, since it
is commonly observed that the higher the ADT , the higher the probability
of a target crash on a segment. However, two of the top 10 graphs show that
ADT does indeed a!ect safety. Other possible reasons could be the fact that
ADT has been discretized into two levels, and hence possess high correlation
with the Multilane variable. Similar problems were encountered in the PO
framework. Segments with more than two lanes generally have high ADT .
This could be the reason why the Multilane indicator a!ects safety in 8 out
of the 10 highest scoring models.

Figure 4 shows the mutilated DAG used to model the e!ect of interven-
tion on the PMR levels. As noted earlier, the mutilated DAG is formed
by deleting all the edges from the original DAG that direct into the PMR
variable, and fixing the value of PMR at a particular level. The marginal
probability distribution of safety in such a DAG represents the e!ect of
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Table 16

10 Best DAGs Used for Bayesian Model Averaging

Variables
DAG Mlane Urb RShld Med ADT Ptrk PMR Safety

Con-
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane
Urb Trn Trn Urb Urb Ptrk PMR

sensus Trn Dist

1
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane
Urb Trn Trn Urb Urb Ptrk PMR

Trn Dist RShld

2
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane

Mlane Trn Trn Urb Urb Ptrk PMR

Trn Dist

3
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane
Urb Trn Trn Urb Urb Ptrk Med

Trn Dist PMR

4
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane

Mlane Trn Trn Urb Urb Ptrk Med
Trn Dist PMR

5

Dist Dist Mlane Mlane Mlane Mlane ADT Med
Urb Trn Trn Urb Urb Ptrk ADT

Trn Dist Ptrk
PMR

6

Dist Dist Mlane Mlane Mlane Mlane ADT Med
Mlane Trn Trn Urb Urb Ptrk ADT

Trn Dist Ptrk
PMR

7
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane

Mlane Trn RShld Urb Urb Ptrk PMR
Trn Trn Dist

8
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane
Urb Trn RShld Urb Urb Ptrk PMR

Trn Trn Dist

9
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane

Mlane Med Trn Urb Urb Ptrk PMR
Trn Trn Dist

10
Dist Dist Mlane Mlane Mlane Mlane ADT Mlane
Urb Med Trn Urb Urb Ptrk PMR

Trn Trn Dist

Dist = District Urb = Urban Med = Median Presence
Mlane = Multilane Trn = Terrain Ptrk = Percentage Truck
RShld = Rt. Shoulder Width
Terrain and District variables do not have any parents
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High�scoring�network,�score:�-3921 1.0213
Networks�searched:�28052000

District

Multilane

Urban

Rt�Shld�WidthMedianADT Pct Trk

Safety

PMR

Terrain

Age

Fig 3. The best scoring DAG recovered by the search algorithm

High�scoring�network,�score:�-3921 1.0213
Networks�searched:�28052000

District

Multilane

Urban

Rt�Shld�WidthMedianADT Pct Trk

Safety

PMR�=�Low

Terrain

Fig 4. The Mutilated Graph under the Manipulation of PMR = Low
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Table 17

Estimate of ACE from Causal Model

Change in Visibility Level Point Estimate 95 % limits
High to Low 3.12 [2.32, 4.11]
Medium to Low 1.79 [1.31, 2.28]
High to Medium 1.86 [1.60, 2.17]

manipulating the PMR variable on safety. We compute the full Bayesian
posterior of ACE using Monte Carlo simulation, averaging over the 10 best
selected networks. Table 17 shows the final results of e!ect of PMR on
safety, computed via the Causal Diagrams approach. Based on the results,
higher PMR levels correspond to lower probability of a target crash. In par-
ticular, the expected safety of a segment decreases 3.12 times under the Low
PMR conditions when compared to the High PMR conditions; decreases
1.79 times under the Low PMR conditions when compared to Med PMR
conditions, and decreases by 1.86 times under Med PMR conditions when
compared to High PMR conditions.

6. Comparison of Results. Figure 5 shows the estimates of means
and confidence intervals of ACEs. It compares the results from both model-
ing methods and shows the overlap amongst the estimates of ACEs. It can
be seen that the casual e!ect of increased PMR levels is to generally reduce
the risk of a target crash. The results of the analysis follow transporta-
tion engineering intuition and the expectation of nighttime driver experts in
terms of trend. The trend is shown in the figure as dotted lines. In general,
the results show increasing magnitudes of risk of a target crash with an in-
crease in the PMR level variation, with estimates from the PO framework
typically smaller in magnitude when compared to the CBN estimates.

In the PO results, the ACE of PMR change from High to Low is the
largest, followed by the ACE of PMR change from Med to Low and Med
to High. The results from the di!erent PO models are generally consistent
with each other except in the case of High to Med comparison. In this case,
the individual estimates of ACE assert that the risk of a target crash does
not change due to changes in PMR from High to Med. This result is in
line with the hypothesis of safety experts, which states that drivers may
be incapable of identifying di!erences in changes in PMR levels defined by
Med and High in the present study. On the other hand, the ACE estimate
from the combined predictions asserts that there can be an increased risk of
target crashes in Med PMR, when compared to High PMR, the magnitude
of which could be between 4 and 67 percent. However, as pointed out earlier
such estimates maybe less accurate due to possible extrapolation. In the
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CBN setting, the ACE of PMR change from High to Low is also the largest,
about 3.12, and then decreases to 1.79 for Med to Low, and to 1.85 for the
High to Med comparison; the last two are not significantly di!erent. But,
the CBN results imply that there is a significant di!erence in the e!ect of
PMR between High and Med levels which is in contradiction to the PO
results and engineering intuition.

There could be several reasons for the small di!erences in the results from
the PO model and the CBN. One is distributional support. The samples used
in the estimation of Causal e!ect from the Bayesian Network were discretized
to ensure the use of e"cient algorithms in relation to BNs. On the other
hand, there was no such discretization performed in the PO model. Secondly,
the PO model discards samples for which no matches were obtained, thus
reducing the sample size, although aiming to establish necessary balance.
Furthermore, crashes are rare events. In modeling such a response with
binary logistic regression, it is likely that the P (S = 1) is underestimated,
thus leading to risk estimates in the PO framework which are overall smaller
in magnitude.

Thirdly, the di!erences could also be due to the Bayesian estimation pro-
cedure. The Bayesian Dirichlet Equivalent Uniform Priors (BDEU) were
used to compute the parameters of the CBN. Although the results of the
ACE were not sensitive to the strength (pseudo sample size) of the priors,
the priors assign non-zero values to those combination of cells in the CPT
with sampling zeros to avoid degenerate probabilities. Zero counts happen
due to the exponential increase in the number of cells of a CPT with the
increase in the levels of a categorical variable as well as the increase in num-
ber of parents. Since all of the variables are discrete, the size of the CPT
can be very large. In the present case, the largest CPT had 3 $ 24 cells.
The estimates from the PO framework are also a!ected by this problem,
although in part mitigated by the presence of continuous variables. How-
ever, the problem of degenerate cells was encountered during the matching
procedures. We were unable to check the balance between the interaction
terms of the categorical covariates of the segment due to sampling zeros.
Ensuring balance between the marginal value of the variables itself proved
to be very di"cult and forced us to discard a significant proportion of the
original samples. An attempt to ensure balance between the interactions of
the variables was even more di"cult. The resulting sample had very few
observations left to enable any useful estimation of ACE.

In the present case, since the true ACE is not known, it is di"cult to ex-
amine which method provides the closest estimate to the true value of ACE.
Although, some recent studies indicate that the Bayesian network models
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Fig 5. Overlap Between the Confidence Intervals of ACE from both the methods

are more sensitive to changes to model parameters than previously thought
(see Druzdzel and Onisko, 2008). Future studies should look at a simulated
dataset and compare both the CBN and the PO methods, including full
Bayesian PO analysis, and compare the results.

7. Conclusion and Discussion. The examination of causal inference
methods to transportation safety reveals that there is considerable scope of
their application to estimate safety e!ects of a countermeasure. The purpose
of this paper was to examine the applicability and perform a comparison of
two popular causal inference methods in the context of an important trans-
portation safety issue. A comparison was made between the Potential Out-
comes framework and the Causal Diagrams framework. In this exploratory
analysis, it was found that increased PMR levels in general improve the
nighttime safety of a segment.

In this analysis we modeled safety as a binary outcome. Alternatively,
one could model the number of crashes in a segment with Poisson or Nega-
tive Binomial regressions. Sampling zeros were encountered in both the PO
model as well as the CBN setting. In the PO framework, such sampling
zeros created problems in matching and achieving balance over interactions
of covariates. In the CBN setting, the use of Bayesian Inference in part ad-
dressed the estimation problem. A similar approach in the PO framework



32 KARWA, SLAVKOVIĆ, DONNELL

would be to use a full Bayes model of both the propensity scores as well as
safety outcomes (Rubin et al., 2008), which we hope to do as part of further
investigations.

Also, to obtain a better comparison of the methods, future studies should
aim at using data from simulation. Crash data could be simulated to mimic
real life data. The true casual e!ect of the population would be known a
priori, and the quality and size of data can be controlled. Other advances
on this exploratory work can be made by using more complex causal model-
ing methods and improving upon the limitations of this study. For instance,
the PMR treatment variable was discretized in this study. This can be
avoided by estimating ACE using a dose-response model (Hirano and Im-
bens, 2005). The PMR treatment can also be modeled as a time varying
treatment (Gill, van der Vaart and Robins, 2004). In this study, the e!ect
of a simple treatment variable on crashes was considered. Specification of
the assignment mechanism for the PMR treatment variable is convenient
when compared to other possible countermeasures, such as those related to
geometric properties of a segment. For instance, a railroad crossing installed
on a segment as a countermeasure may create additional challenges for esti-
mation of causal e!ects. The assignment mechanism for a railroad crossing is
generally influenced by factors such as local design policies, complaints from
residents, or even arbitrary discretion of the tra"c engineer. These factors
may be di"cult to measure and account for. The assignment mechanism
may also be related to past crash history. Such assignment mechanisms may
prove di"cult to model and may require the use of latent variables. These
explorations are left to the scope of future work.

A parallel can be drawn between the assignment mechanism introduced
in the potential-outcome framework and interventional notation used in the
CBN. The potential outcomes framework models the probabilistic mecha-
nism by which the value of a treatment attribute is assigned to each unit. The
DAG structure of a CBN models the probabilistic mechanism by which the
values of all attributes are assigned to a unit. The CBN approach provides
an intuitive and graphical way to represent casual assumptions and make
them more explicit. However, inference in CBN is computationally expensive
and requires strong distributional assumptions. Learning and inference al-
gorithms for BN structures that can handle combinations of arbitrary prob-
ability distributions are limited. The potential-outcome framework is less
limited by these problems, and considerable statistical literature has shown
the importance of careful study design and balancing. A combination of the
best features from both methods can provide a rich framework to estimate
the safety e!ects of countermeasures in transportation studies.
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