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ABSTRACT: This study applied a multidimensional item response model to measure police
officers’ ability on conducting red-light running enforcement. The ability to conduct
red-light running enforcement was found to consist of five component constructs, including
ability on mental demands (AMD), on stopping and chasing vehicle (ASC), on
psychological demands (APD), on physical demands (APHD), and under abnormal
environment (AAE). The multidimensional Rasch models was then applied to assess the
perceived enforcement ability of officers and item/task difficulties of conducting traffic law
enforcement. The results showed that most participant police offices performed well on
AMD, ASC, and APD constructs, but half of them were weak on APHD and AAE
constructs. Young officers were more appropriate to conduct red-light running enforcement
than the other officers. Finally, some management strategies are suggested to improve
performance when conducting red-light running enforcement.
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1. INTRODUCTION

Red light running is a prevalent traffic violation. To curb this trend, many cities have
installed red-light cameras or high-tech ASE system; however, these kinds of enforcement
have some drawbacks and has been a topic of constant debate in the literature (Erke, 2009).
First, these devices increased rear-end collisions by 15 percent because anxious drivers are
more likely to stop abruptly (Burkey and Obeng, 2004, Shin and Washington, 2007).
Nattaporn (2004) further pointed, at camera sites, the number of killed and seriously injured
casualties increased by 15 percent. Next, the vehicle owner prosecuted may not the real
driver running red light. As the automatic device can only identify violated vehicles but not
the drivers, the justice of punishment made upon the automatic device is questionable. Last,
red light camera is costly, so they can not be installed everywhere, especially in the districts
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with limited budgets. For above reasons, in Taiwan, excluding patrols, the stand guards at
intersection are still in widespread used for deterring red light running. As a result, this
enforcement method needs to be systematically researched and aptly used in order to
prohibit red light running.

Table 1. Designed Items of TPCRRES
Ability on mental demands (AMD)

Item01: I can find the best position to stand guard for red-light running.

Item02: | can detect red-light running vehicles unhesitatingly.

Item03: | can detect the escaping intention of red-light runner easily.

Item04: | can record the escaping red-light running vehicle’s extraordinary characteristics.

Ability on stopping and chasing vehicle (ASC)

Item05: | can stop the red-light running vehicle whenever | want to do so.

Item06: | can react rapidly to stop the vehicle when the red-light running violator intends to escape.
ItemO7: | can rapidly get in the patrol car to chase the escaped vehicle.

Item08: | can easily intercept an escaping red-light running vehicle.

Ability on psychological demands (APD)

Item09: | can direct the red-light running vehicle to stop without endangering myself.

Item10: Seldom do | become enraged by the traffic violator as | know how to manage my emotions.
Item11: When a traffic violator losses temper at the scene, | can wittily calm him/ her down.
Item12: Rarely does the red-light runner argue against my disposal at the scene.

Item13: Rarely does the red-light runner lodge a complaint after | write him/ her a ticket .

Ability on physical demands (APHD)

Item14: | don’t have sore legs or a sore waist after two hours duty on red light running.
Item15: | don’t have sore legs or a sore waist after four hours duty on red light running.
Item16: | am not tired after two hours duty on red light running.

Ability under abnormal environment (AAE)

Item17: I can enforce the duty on red-light running without other officers’ help.
Item18: | can enforce the duty on red-light running effectively on a rainy day.

Item19: | can enforce the duty on red-light running effectively in extremely cold weather.

Item20: | can enforce the duty on red-light running effectively during peak traffic hours.

Latent traits are commonly explored by means of questionnaires that include
appropriate items to which the respondents can answer based on their experience. In order
to measure policy officers' enforcement ability, Chang and Shih (2007) had designed a
questionnaire which was well-designed in reflecting officers' perceived ability to conduct
red-light running enforcement, and then applied a special technique —the Rasch model —to
transfer the ordinal responses into an equal-interval logit scale for further statistical
inference. The model used by them was a unidimensional Rasch model, which ignored the
existence of multi-dimension and the correlation between dimensions.
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Pearson correlation on the person measures for two latent traits can be indirectly
computed when two unidimensional approaches are used. Skevington et al (2004) and
Hsiung et al (2005) have proposed that multidimensional Rasch analysis can be valuable,
given that the length of each subscale is short and that the high correlations among them
subsist. Furthermore, De Ayala (1994) and Wang et al (2004) also have argued that there are
always non-zero correlations between latent traits. As the length of each subscale in this
study was no more than 5 items, in order to promote measure precision and fitness, using
unidimensional approaches to measure police’s enforcement ability was suggested.

The purpose of this paper is to introduce a multidimensional item response model in
policy officers' behavior. The multidimensional Rasch model is utilized to analyze the data
collected from the Taiwan Police Conducting Red-light Running Enforcement scale
(TPCRRES) developed by Chang and Shin (2007). The questionnaire measured the
respondent attitudes by 7-point Likert scale, and the principal component factor analysis
showed that the enforcement ability could be divided into five latent constructs: abilities of
mental demands (AMD), stopping and chasing vehicle (ASC), psychological demands
(APD), physical demands (APHD), and ability under abnormal environment (AAE), in
which 20 items (See Table 1) in total were contained. 358 traffic police officers' self-reports
of their perceived confidence to accomplish the tasks required to conduct red-light running
enforcement were collected. Their responses were analyzed to estimates the perceived
ability of each individual respondent, and explore the difficulty level for each task in
enforcing traffic law enforcement in a consistent scale. Accordingly, the valuable
information behind the measurement provides transportation management departments with
directions to develop improvement programs to enrich the ability of police to conduct
red-light running enforcement.

2. THE RASCH MODELAND ITS EXTENDED MODELS

.........................................................

X; = The item i within the single latent trait.

6 = Single estimate of the latent trait.
Figure 1(a). Unidimensional approach of Rasch model

X; = Each item i belongs to a specific component latent trait.
6, = Latent ability estimate of the independent latent traitd, d=1, 2, ..., D.
Figure 1(b). Consecutive approach of Rasch models
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Xi = Each item i belongs to a specific component latent trait.
6, = Estimate of the component latent traitd, d=1, 2, ..., D.
Correlations exist between component latent traits.

Figure 1(c). Multidimensional approach of Rasch models

Figure 1. Diagrams of the unidimensional, consecutive, and multidimensional Rasch
approaches

The Rasch model (Rasch, 1960) is the simplest model in item response theory (IRT), and
requires all the items to measure the same latent trait. This is the unidimensionality
assumption of the Rasch model. In some cases, respondents’ abilities are composed of
several component latent traits. The typical approach, called the consecutive Rasch model,
is to calibrate the Rasch model for each component latent trait with its own items separately.
The consecutive Rasch models, which ignore the possibility that performance of items
might be interrelated across different component latent traits (Briggs and Wilson, 2003),
might yield imprecise results when models are estimated independently. Figures 1(a) and
1(b) (Chang and Shih, 2012) depict the unidimensional approach and consecutive approach,
respectively. To take the correlations between component latent traits into account, the
multidimensional Rasch model that simultaneously calibrates the component latent traits
has been developed to increase measurement precision (as illustrated in Figure 1(c)).

2.1 The unidimensional Rasch model and consecutive Rasch model

To simplify our introduction to the Rasch model and its extended models, we shall first
consider the dichotomous responses The items in the questionnaire are first assumed to be
the type of “Can you easily achieve the following necessary tasks while conducting
red-light running enforcement?” The response is either “yes” or “no”. A score of 1 is
assigned to an item to which the police officer responds “yes, I can”; otherwise, a score of 0
is assigned. The probability that an officer n will respond with “yes, I can” for item i is
then expressed as

exp (6, -3)
L+exp (6,-3)

I:)ni (1|0n ' 5| ) = (1)

The probability that an officer n will respond with “no, I can’t” for item i is then
expressed as

P (016n. 8) =1 P 116, 8) =1 ?e ) X




Proceedings of the Eastern Asia Society for Transportation Studies, Vol.9, 2013

Thus the odds ratio that an officer n can achieve item i is

P.6,.5) _
m =exp(6, - 9)) 3

and the logarithm of the odds ratio, known as the “logit”, is

0.0 _y s @
ni (0|0n’5|)

which isolates the parameters of interest.

The person and item parameters can then be estimated through the response odds
ratios in the data set using the formulation of Eq. (4).

In addition to dichotomous responses, the Rasch model can also be modified to be
applicable to polytomous rating scale instruments, such as the five-point Likert scale
(Andrich, 1978; Masters, 1982). The modified Rasch model decomposes a polytomous
response into several dichotomous responses and formulates one rating scale problem into

several binary-choice problems. That is, it assigns J, as the value of the item parameter
for rating category k to item i and assumes that Equation (5) refers to the probability of
officer n responding with rating category k rather than k-1 to item i. Thus, we can model
the log odds of the probability that an officer responds in category k for item i, compared
with category k-1, as a linear function of the person parameter (i.e., the police officer’s
perceived ability in this study) &, and the relative parameter of category k, namely, J, ,

foritem i:

mﬂﬂﬁi:%_% (5)

ni (k—1)

Per Andrich’s (1978) modification of the Rasch model for polytomous responses, two
types of formulation are widely applied in assessing the values of item and person
parameters: the rating scale Rasch model and the partial-credit Rasch model. The rating
scale Rasch model is used for instruments in which the definition of the rating scale is
identical for all items, whereas the partial-credit Rasch model is used when the definition of
the rating scale differs from one item to another. The partial-credit Rasch model differs from

the rating scale Rasch model in the possession of its own threshold parameters, F, , for each
category k (Wright, 1977). This is achieved by a reparameterization of Equation (6):

5ik :é}+l:ik (6)

and the partial-credit model can be demonstrated as
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mﬂﬁﬁi=@—@—a )

ni (k—1)

The partial-credit model (Masters, 1982) is used for items where (1) credits are given
for partially correct answers, (2) there is a hierarchy of cognitive demand on the
respondents for each item, (3) each item requires a sequence of tasks to be completed, or (4)
there is a batch of ordered response items with individual thresholds for each item. In
assessing the police officer’s ability to conduct red-light running enforcement, it is not
necessary to assume that the rating scales of the items are the same, and thus we adopted the
partial-credit model for our model formulation.

The consecutive Rasch approach assigns each item to its corresponding component
latent trait exclusively, and separately measures each component latent trait with its own
items like a unidimensional Rasch model.

2.2 Multidimensional Rasch model

The statistical problems of multidimensional item response models have been addressed
with the development of the multidimensional random coefficients multinomial logit
(MRCML) model (Adams, et. al, 1997; Wang, et. al, 2004). The MRCML advances
sufficient flexibility to present a wide range of Rasch family models, including those that
apply to scales having either yes/no or Likert-type responses. The MRCML model is a
direct extension of the unidimensional random coefficients multinomial logit (RCML),
which has been described in earlier papers (Adams, et al., 1997; Wang, et al., 1997) and is
built up from a basic conceptual building-block. It assumes a set of d (d = 1,...,D)
component latent traits that determine test performances (i.e., underlie the individuals’
responses). The persons responding to a given item are indexed by n (n = 1,..., N). Then,
the log odds of the probability a person’s response in category k of item i (P,) compared

to category k—-1(R, ) asa linear function of latent ability on that dimension (¢, ), and
the relative difficulty of category k (o,) can be modeled as (Briggs and Wilson, 2003):

|{ihﬂ=%—m ®)

ni (k—1)

The 6,,in equation (8) represents the latent ability of the person as a function of the
dimension of ability mapped onto item i. The mapping then would indicate that item i was
related to only latent component d, and the value of &, , commonly called a “step difficulty”,

would indicate whether it was relatively easier or harder for a police officer to be classified
as achieving category k-1 compared to k.

The general MRCML formulation for the probability of a response vector, x, is
(Cathleen, 2005):
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P :56,) = exp[x’n (BO, - Aﬁ)]

Y exp[z/(BO, - Ad)]

zeQ)

(9)

where,
The individuals’ positions in the D-dimensional latent space are described by the D by
1 column vector 0=(6,,6,,...,6,), & is the vector of calibrated item parameters and Q

is the set of all possible response vectors. We use z to denote a vector coming from the full
set of response vectors while x denotes the one of interest. The matrices A and B are known
as the scoring and design matrices respectively. The scoring matrix B allows the description
of the score that is assigned to each response category k on each of the D component latent
traits. The design matrix A is used to specify the linear combinations of the D ingredient
parameters & to describe the behavior of the response categories to each item.

3. SAMPLE DESCRIPTION

A sample consisting of 358 policemen was randomly selected (126 from north Taiwan, 118
from the middle of Taiwan, 114 from south Taiwan); 92.2% (n = 330) of them are male and
7.8% (n = 28) are female. The age of the participant officers ranged from 22 to 55 years
with an average of 37.45. Ages are further categorized into three groups in this study,
including 108 young participants (age<36), 149 mid-age participants (36<age <46), and
101 senior participants (46 <age<55). The sample consisted of 297 (82.96 %) police
officers (sergeants included) and 61 (17.04%) branch captains. In terms of age, gender, and
rank, the characteristics of participants are not found to significantly deviate from those of
population at ¢ = 0.05.

4. MODEL DIAGNOSIS
4.1 Model selection

The multidimensional Rasch model is a nested model, if the variances associated with
additional random effects are 0, it reduces to a unidimensional model (Rijmen and Briggs,
2004). The deviance index (G2) is equal to —2xIn(Likelihood) (Myers, et al., 2006). This
fitness statistic follows a chi-square distribution, and a lower G2 indicates better fit. Using a
likelihood ratio (LR) test, the relative fit of the unidimensional and multidimensional
models can be compared. The LR statistic is equal to the difference of deviance indexes
between these two models. It has been shown by Verbeke and Molenberghs (1997) that the
asymptotic null distribution of this LR statistic is an equally weighted mixture of two
chi-square distributions with a degree of freedom that equals the difference in the number of
parameters estimated by the two models. The deviance for the multidimensional model was
smaller than the unidimensional model. The LR statistic was significant at 0.01 level

(x° =736, df =14), which confirmed that in this investigation, the multidimensional model
fits the data significantly better than the unidimensional model.

4.2 Analysis approach selection
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Given the limited relevant literature, it is too premature to conclude the multidimensional
approach is better than the consecutive approach. In order to verify which is better, we
compared these two approaches before conducting Rasch analysis. Between the
multidimensional Rasch model and consecutive Rasch model, two major measurements are
commonly used to diagnose model precision and fitness: the reliability index and Akaike’s
Information Criterion (AIC).

A. Reliability
The reliability index (Rp) represents the percentage of reproducible observed response
variance (Wright and Masters, 1982).

_SA,

R =
p 2
SD?

(10)

The denominator is the total person variability, which demonstrates how much people
differ on the measure of interest. The numerator is the adjusted person variability, which is
obtained by subtracting error variance from total variance. The adjusted person variability
represents the reproducible part of this variability; that is, the amount of variance that can be
reproduced by the Rasch model. This reliability index helps us examine whether or not the
model is convincing and the material is replicable. A higher ratio indicates a higher
reliability.

Table 2. Reliabilities comparison

Approach ADM ASC APD APHD AAE
Consecutive 0.833 0.835 0.805 0.857 0.757
Multidimensional 0.897 0.867 0.831 0.941 0.844

Table 2 showed the reliabilities for consecutive and multidimensional approaches.
Using multidimensional approach, the reliability for each dimension was higher than that
obtained from the consecutive approach. This evidence demonstrated that the
multidimensional approach yielded more precise measurement than did the consecutive
approach.

B. The AIC test

The second method is on the basis of comparison of Akaike’s Information Criterion (AIC)
(Akaike, 1974). The Akaike’s Information Criterion offers a relative measure of the
information lost when a given model is used to describe reality. It describes the tradeoff
between bias and variance in model construction. Given a data set, several competing
models may be ranked according to their AIC, and the one having the lowest AIC is the best.
The general form for calculating AIC is

AIC =-2In(Likelihood) + 2K (11)

where K is the number of parameters in the model, including (a) variance parameters,
(b) the item parameters, (c) the step parameters’, and (d) the covariance parameters for

! The number of step parameters that have been estimated for each item is one less than the number of
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multidimensional Rasch model.

The figures in Table 3 provided the evidence that the multidimensional approach fits
the data better, as the AIC for the multidimensional approach is lower than that for
consecutive approach. Both criteria confirmed the advantage of the multidimensional
approach, so in this study the multidimensional approach was applied to address further
investigations.

Table 3. AIC comparison

Approach No. of parameters G? AIC
Consecutive 125 20066 20316
Multidimensional 135 19359 19629

Note: G? is equal to —2xIn(Likelihood).

5. FINAL SCALE
5.1 Evaluation of fit to the Rasch model

The fit of the Rasch model, which can be expressed by either the form of responses
observed for each candidate on all items (person fit) or the form for each item on all persons
(item fit), is the degree of match between the form of observed responses and the modeled
expectations. Indices of fit statistics estimate the extent to which responses show adherence
to the modeled expectations. Two kinds of fit statistics, namely infit and outfit statistics can
be expressed in two forms: unstandardized mean squares and standardized t values, and are
used to determine how well the data meet the requirements of the model. Infit and outfit
statistics are sensitive to violations of assumptions of the Rasch model, such as unexpected
variation in response forms (e.g., a person with little ability endorses a severe symptom) or
unequal slopes (e.g., item discrimination) across item response functions (Bond and Fox,
2001). Infit statistics, which are more sensitive to irregular inner forms, have more emphasis
on unexpected responses near a person’s or item’s measure; outfit statistics, tending to be
influenced by off-target observations, place more emphasis on unexpected responses far
from a person’s or item’s measure. Compared with the outfit statistics, that are more
sensitive to the influence of outlying scores, the infit t statistics give more weight to
on-target performances.

As the estimation of fit is concerned, the calculation of a response residual (Y,;) for

each item i of person n is encountered. In other words, how far does the actual response (Xy;)
deviate from Rasch model expectation (E;) (Wright and Master, 1982)?

Yni = Xni - Eni ! and (11)
K-1
E. =2 k(RFu) (12)

k

Il
o

thresholds for the item (Wu, et al., 2007).
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where K is the available response categories for observations and P, is the

probability of person n being observed in category k on item i.
The outfit statistic is an unweighted average of the standardized residual (Z,;) variance
across both person and item as following equation:

N
Means-square Outfit = ()" Z2)/ N (13)
n=1

Table 4. Estimates of model fit statistics for 20-item scale

e 5 : Outfit _ Infit _
MNSQ t statistic MNSQ t statistic
1 0.292 1.07 1.0 1.08 1.0
2 -1.057 0.93 -1.0 0.93 -1.0
3 0.238 1.00 0.0 1.01 0.1
4 0.528 0.98 -0.3 0.99 0.1
5 0.298 0.86 -1.9 0.89 -1.6
6 -0.829 121 2.6 1.21 2.6
7 0.368 1.03 0.5 1.05 0.7
8 0.162 0.86 -1.9 0.86 -1.9
9 0.194 0.91 -1.2 0.93 -0.9
10 0.379 0.93 -0.9 0.98 -0.2
11 -0.146 1.04 0.5 1.05 0.7
12 -0.312 0.97 -04 1.01 0.1
13 -0.116 111 1.5 1.14 1.8
14 -0.041 1.10 1.3 1.11 15
15 0.157 0.86 -1.9 0.86 -1.9
16 -0.116 1.01 0.1 1.03 0.5
17 -0.189 0.94 -0.8 1.02 0.3
18 -0.737 0.93 -1.0 0.98 -0.3
19 0.481 111 1.5 1.13 16
20 0.445 1.10 1.3 1.13 16

“ MNSQ is the fit statistic in the form of mean square.

where Z,; is obtained by standardizing the residual that is the deviation of actual
response from modeled expectations, and N is the number of items/persons. The
standardized residual, Z ., is calculated:

ni?

Zni :Yni /(ani )UZ ! (14)
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K
where W,, :Z(k—Em)zPnik is the variance of X;. These standard residuals are
k=0

squared and summed to form a chi-square statistic:
r'=27; (15)

However, infit statistics are generally preferred as they are weighted locally and, thus,
are less susceptible to outlier influences (Bond and Fox, 2001). Residuals are weighted by
their individual variance (Wp;) to diminish the impact of off-targeted improbable responses:

N N
Means-square Infit=" > W, Z2 /> W, (16)
=1

n=1

Both infit and outfit statistics can be expressed as the form of mean square with an
expected value of unity and reported by the standardized form as a t statistic as well. ltems
for which the fit mean square statistic (MNSQ) is smaller than 0.8 or larger than 1.2
(Linacre and Wright, 1994; Wang et al., 2004), and for which the fit t statistic is smaller
than -2.0 or larger than 2.0 (Smith, 1992) are considered to be a poor fit. To process the
collected data, the Acer ConQuest was applied to this study. The marginal maximum
likelihood estimation proposed by Bock and Aitkin (1981) is estimated using the EM
algorithm. According to the estimation results of multidimensional approach (as shown in
Table 4), the statistics of infit mean square (MNSQ) and t statistics for all individual items
fell within the expected range of 1+ 0.2 and £ 2, respectively, except for Iltem 6. Thus, Item
6 is removed from further analyses.

5.2 Differential item functioning analysis

Subsequent to removing Item 6, the differential item functioning (DIF) analysis was applied
to evaluate scale stability across samples. The ability perception measures estimated by the
Rasch model provide the opportunity to compare the differences among respondent groups.
This comparison ensures that different group characteristics do not affect interpretation of
the total measures of ability and thus equal comparisons can be made. The estimation of
differential item functioning (DIF) involves comparing analyses conducted separately
within each group (Holland and Wainer, 1993). When developing new tests, items
displaying DIF have long been recognized as a potential source of bias in person
measurement. Furthermore, since gender has long been recognized as the most important
factor for developing an unbiased scale (David, et al., 2005, Mackintosh, 2006), DIF
analyses were applied to examine whether differences in item difficulty exists between male
and female police officers.

Wu et al. (2007) proposed that the between-groups differences in item difficulties
larger than 0.2 logit somewhat presents the evidence of DIF. However, Cohen (1977)
showed that the criterion for explaining significant differences between groups was 0.5 logit,
at least in the difference of item difficulty estimates. This argument was consistent with
Wright and Douglas’ (1975) suggestion that differences in item parameters less than 0.5
logit had little effect on the accuracy of tests. Moreover, Smith (2004) and Wang et al. (2006)
pointed out that differences smaller than 0.5 logit are hard to be detected. Thus, 0.5 logit is

11
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commonly used as an acceptable criterion of removing individual items for remarkable DIF.
However, investigation indicated that the differences between male and female police
officers for all items were less than 0.5 logit, which implied the effects of DIF for the 19
items were not substantively important and they could be retained.

5.3 Final scale evaluation

Table 5. The correlations matrix

ADM ASC APD APHD AATE

ADM 1 0.581 0.730 0.604 0.702

ASC 0.645 1 0.699 0.673 0.430

APD 0.805 0.641 1 0.638 0.777

APHD 0.508 0.570 0.539 1 0.506
AAE 0.672 0.640 0.667 0.660 1

Note: The 19-item scale correlations are shown below the diagonal; the 20-item scale correlations

are shown above the diagonal.

The procedure for the above analyses of fit statistics and DIF suggest that Item 6 was a
removable item. In order to identify if it is without losing crucial information because of
removing Item 6, by comparing the final 19-item scale with the designed 20-item scale, we
evaluated the goodness of fit of the final scale. The reliabilities of the designed scale for
each dimension were 0.897, 0.867, 0.831, 0.941 and 0.844, whereas those for the final scale
were 0.893, 0.872, 0.911, 0.905, and 0.893, respectively.

After removing Item 6, the average reliabilities increased from 0.876 to 0.895 and
only two of five dimensions became smaller. This evidence confirmed that the reliabilities
of latent constructs were not harmed by this item elimination. Moreover, as shown in Table
5, six of ten correlations between dimensions for the final scale were smaller than those for
the designed scale. Nevertheless, those decreases were marginal (< 0.1), which implied that
in applying the multidimensional Rasch model Item 6 can be removed without meaningfully
decreasing correlations among latent straits.

Table 6 is the estimate result for the final scale. The fit statistics including infit and
outfit for all items were within the acceptable range, and the t statistics all were insignificant,
which indicated that the final 19-item scale was consistent with the assumptions of the
Rasch model. Although the last form of the scale was brief, it estimates the true relations
among underlying constructs. All the above evidence points to the fact that the shortened
final 19-item scale possessed good attributes to assess police officers’ perceived abilities to
enforce red-light running.

Table 6. Final estimates of model fit statistics

Person  with Outfit Infit
ﬁonstruct / o enough ability &,°
em (%)° MNSQ  tstatistic MNSQ tstatistic
AMD 0.494 62.35
2 81.8 -0.684 0.92 -1.0 0.95 -0.6

12
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1 70.2 -0.176 0.91 -1.2 0.97 -0.4
4 48.7 0.413 1.07 1.0 1.08 1.0
3 48.7 0.447 11 13 1.09 12
ASC 0.249 56.8

5 88.5 -0.987 0.92 -1.1 094 -09
7 44.3 0.364 0.96 -0.5 096 -0.5
8 37.7 0.624 0.99 -0.1 1.00 0.0
APD 0.619 65.0

13 71.8 -0.322 1.05 0.7 1.07 0.9
12 71.8 -0.174 0.93 -0.9 095 -0.6
11 66.7 -0.129 0.97 -0.3 096 -0.5
9 60.7 0.215 1.09 1.2 110 1.2
10 53.8 0.410 0.93 -0.9 096 -0.5
APHD -0.201 465

14 47.2 -0.029 0.92 -1.1 095 -0.6
15 41.2 0.211 1.04 0.5 1.09 11
16 51.2 -0.182 0.89 -1.4 091 -12
AAE 0.141 47.7

17 71.7 -0.710 1.04 0.6 1.05 0.7
18 42.5 0.174 1.14 1.8 110 14
20 42.5 0.215 1.04 0.6 1.02 03
19 34.2 0.321 1.13 1.6 113 16

& This statistic is the average enforcement ability of all participating police for latent constructs.
®The bold is the average percentage across items in the same construct.

°The mean value of ¢, is 0 logit.

6. RESULTS

As stated, the Rasch model suggests that the answer to an item can be explained by two
parameters: the difficulty of the item and the ability of the person. First, in terms of item
parameters, according to the definition of item difficulty, the lower the item difficulty, the
easier the task will be accomplished. In other words, large &, represents greater difficulty

than does small 6,. The coefficient &, measures the difficulty of an item, which cannot be
reached by traditional measurement. The magnitude of &, parameter can be used to

measures the relative distance of performance between items, so that we can directly apply
this knowledge to related applications, such as arranging a training curriculum.

Thus, among the items of the AMD construct, the most difficult item was Item 3
followed by Item 4, while Items 2 was the easiest item. It indicated that recording the
escaping red-light running vehicle’s distinguishing characteristics was a difficult task. As to
the constructs of ASC, APD, APHD and AAE, the most difficult items were Items 8, 10, 15
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and 19, respectively. On the contrary, the easiest items were Items 5, 13, 16 and 18,
respectively. These results suggested that intercepting escaping vehicle (Item 8), emotional
intelligence (Item 10), sore waist (Item 15) and weather condition (Item 19) were the four
serious problems experienced by police officers when conducting red-light running.

Logit AMD ASC APD APHD AAE
person item  person item person item person item person item
4
X
X X
3 X X X X
X X XX X
X X X XX X
XX X XXX XXX X
XX XX XXX X XX
2 XXXX XXX XXXX XX XX
XXXXX XXX XXXXX XXX XXXX
XXXXX XXX XXXXXX XXXXX XXXX
XXXXXXX XXXXXX XXXXX XXXX XXX
XXXXXXXX XXXXXXX XXXXXXXXX XXXX XXXX
1 XXXXXXXX XXXXXXKX XXXXXXKX XXXX XXXXXX
XXXXKXX XXXXXXXXXK XXXXKXX XXXXXX XXXXXXX
XXXXXXXX XXXXXXKX 8 XXXXXXKX XXXXXX XXXXXXX
XXXXXXXX 3,4 XXXXXXX 7 XXXXXXXX § 10 XXXXXXX XXKXXXXXXK | 19
XXXXXXXX XXXXXXXX XXXXKXK i 9 XXXXXXXX 115 XXKXXXXXX |18, 20
0 XXXXXXXXX XXXXXXXXX XXXXXX 11 XXXXX 14 XXXXXXXX
XXXXXXXXXX | 1 XXXXXXXXX XXXXXXXXX | 12, 13 XXXXXX 16 XXXXXXXXX
XXXXX XXXXXXXX XXXXXX XXXXXX XXXXXXXXX
XXXXXXXX 2 XXXXXX XXXXX XXXXXX XXXXXXXX 17
XXXX XXXXXXX XXXX XXXXX XXXXXX
-1 XXXX XXX 5 XXXX XXXXX XXXX
XXX XX XX XXXXXX XXXXXX
XX XXXX X XXX XX
X XX X XXXX XX
-2 X X XXX XXX
X XX XX
X XXX X
XX
XX
-3 XX
XX X
X
X
X
-4 X

Note: Each 'X' represents 3.0 persons.

Figure 2. Person map of item for the respondents

Next, as person parameters concerned, Rasch analysis converts the original ordinal
raw scores into the measurements on an interval scale and provides the opportunity to
meaningfully compare officers’ abilities conducting red-light running enforcement with
item difficulties on a consistent basis. The mean value of all item difficulties for each
component construct is anchored at 0 logit, thus the positive mean ability values of AMD
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(0.494 logit), ASC (0.249 logit), and APD (0.619 logit) for all participant officers indicated
they were confident in their mental abilities, stopping and chasing vehicle abilities,
psychological abilities, and abilities under abnormal environment when conducting red-light
running enforcement (see Table 6). On the contrary, the negative mean value (-0.201 logit)
of APHD implied that traffic police officers did not have enough confidence in their
physical abilities to conduct red-light running enforcement. In view of the AAE construct,
the average enforcement ability value was positive (0.141 logit), but less than 50% of police
were capable of performing the tasks. It can be categorized as the second difficult construct
to achieve.

Figure 2 further plots the distributions of item difficulties and person abilities on
red-light running enforcement for the five constructs. It provides a visual illustration to
demonstrate the relative positions between a person’s abilities and item difficulty. The
vertical dash-line represents a scale with the logit unit, and the numbers on the right hand
side of the logit scale are the corresponding items whose positions are arranged from low to
high in order of item difficulties. Similarly, the distributions of persons’ abilities are
displayed on the left hand side of the logit scale. The officer located at a higher position
suggests a higher ability on a certain construct to conduct red-light running enforcement.

When a police officer is located on the same level as a certain item/task, he/she will
have a probability of 50% to accomplish this task well; when a police officer lies higher
than a certain item/task, he/she will have a probability of more than 50% to handle this task
well. Therefore, from the item-person maps for the five constructs in Figure 2, we can
calculate the percentage of police with enough ability to complete the task, which is
displayed on the third column of Table 6.

The second column of Table 6 shows the average enforcement ability of all participant
police for certain constructs, which is calculated by averaging the person parameter estimate

(6h) across all respondents. The estimates of item difficulty (5;) for each task are listed in

the fourth column. The results of average enforcement ability showed that police had the
highest APD, which was followed by the AMD. On average, more than 60% of police were
capable of performing the tasks for these two constructs. However, there were some tasks
not well controlled by police. For example, of four tasks measuring police AMD, Items 3
and 4 were possessed by less than half of capable police, indicating that most police are
weak in detecting escape intentions and recording the escaping vehicle’s distinguishing
characteristics. In addition, the positive and higher bis confirmed these two tasks were
difficult. As to the APD, most police agreed that they can conduct the tasks correctly,
thereby their execution was convincing. Yet, police needed to improve their Emotional
Intelligence (EI), as they were weak in “EQ Management” (Item 10).

The worst performing were the APHD and the AAE constructs. On average, less than
half of police possessed enough abilities for the tasks in these two constructs. All tasks for
the APHD construct were poorly performed by police. The physical condition of Taiwan
police was worrisome, and needed attention by the authorities. This may be a common
circumstance for other countries, especially in safe and stable areas. In addition, the police
perceived that their enforcement abilities were influenced by weather, temperature, and
traffic conditions. Of them, enforcing during a cold winter (Item 19) was viewed as
extremely difficult (0.321 logit) and only 34.2% of all participants had enough ability to
accomplish it well. When conducting red-light running enforcement during extremely cold
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winters police officers are often exposed to high winds which slow their actions and thereby
decrease enforcement efficiency. Intercepting an escaping vehicle (Item 8) was the second
most difficult (0.624 logits) of all tasks as only 37.7% of participant police officers had high
ability to accomplish it well, so it needs expert police to conduct the difficult task of
intercepting an escaping vehicle safely.

7. DISCUSSIONS

Factor analysis demonstrated that the ability of conducting red-light running enforcement
was found to be comprised of five component constructs based on 20 design items. One of
these was removed due to model fit issues without meaningfully decreasing correlation
among the five dimensions (from 0.722 to 0.720). Applying the multidimensional approach
of Rasch modeling to examine the issues of interest in this study is justified. The evidence
of less error and higher reliability confirmed that the multidimensional Rasch model indeed
develops a more precise measurement for our research. Although the final form of the scale
is shorter, it estimates the true relations among underlying constructs and lends support to
establishing invariance of the measure across groups. Moreover, the estimated parameters of
ability and item difficulty can be further applied as follows.

First, clustering persons according to their abilities could provide relative information
about excellent and unqualified persons, which is helpful for supervisors to assign duties to
the right persons, as well as to design a suitable training program for those unqualified
persons. The thresholds required for each construct were assumed to be the highest value of
item difficulty among all items, which were respectively 0.447, 0.624, 0.41, 0.211 and
-0.321 logits for the five constructs. Among 358 participating police officers, 223 (62.4%),
268 (74.9%), 214 (59.8%), 246 (69.7%) and 194 (54.2%) persons were qualified for
conducting the five constructs’ tasks respectively, and the other participants for the five
constructs were classified as unqualified and who needed more education and training if
they were to be allowed to conduct such missions.

Table 7. The estimated results of regression models
Model/Construct AMD ASC APD APHD AAE
(2.143*) | (-2.798*) | (0.615%) (-6.327*) | (-5.526%)
Gender (male:ly female:O) 0231 0299 0273 0363 0284
(1.271) (1.691) (1.416) (1.607) (1.610)
Rank (captain=1, others=0) | 0.520 0.165 0.073 -0.070 0.142
(0.405) (1.320) (0.538) (0.431) (1.137)
Aged 36-45 -0.506 -0.446 -0.637 -1.227 -0.696
(-4.413*) | (-3.988*) | (-5.236%) (-8.509%) (-5.526%*)
Aged 46-55 -0.560 -0.537 -0.822 -1.616 -0.774
(-4.382*) | (-4.315*) | (-6.070%) (-10.054*) | (-6.239%)
R2 0.093 0.187 0.168 0.449 0.323
Adjusted R 0.083 0.178 0.159 0.443 0.316
Note: The numbers in parentheses are t-statistics.
*significant at 5% level

Next, the interval scale measurements of the five constructs obtained from Rasch
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analysis provided a convenient opportunity to explore whether the police officers with
different characteristics will have different abilities to conduct red-light running
enforcement. Thus, five multiple regression models were applied to investigate the effect of
gender, rank, and age of police officers on these abilities. The study results shown in Table 7
indicated no significant difference between the two rank groups or the two gender groups.
Yet, the officers aged 36-55 had significantly lower abilities for all ability constructs than
those aged under 36.

In this study, moderate to high correlations were found between each pair of the five
ability constructs, as shown in Table 5. It implied that police officers qualified on each
ability construct were also qualified with at least one other construct. Thus, only the 35.2%
(n=126) of participant police officers had enough or the five abilities and were considered
as the qualified to conduct red-light running enforcement, and those (12.3%, n=44) who
failed to pass all five minimum required abilities were definitely not qualified to conduct
red-light running enforcement. As to the remainders (52.5%) who failed to pass between
one and four of the required abilities, they should be forced to take further training and
education to enhance their abilities in which they are weak if they are allowed to conduct
red-light running enforcement.

Age was highly correlated with the seniority of police officers in Taiwan and found to
be the most influential factor to determine police officer ability to conduct red-light running
enforcement. Among the police officers qualified for conducting red-light running
enforcement, only 15.1% (n=19) and 37.3% (n=47) of them were over 45 and 36-45 years
of age, respectively; however, 36.4% (n=16) and 50% (n=22) of those unqualified to
conduct red-light running enforcement were over 45 and 36-45 years of age, respectively. It
further indicated that young police officers were more appropriately qualified than older
police officers to conduct red-light running enforcement.

8. CONCLUSION

The Rasch measurement provides the difficulty of item and the ability of person to interpret
the response of a participant to an item, and converts ordinal responses into an
equal-interval logit scale. Next, the person ability contributes reasonable judgment to
discriminate qualified persons from unqualified persons to conduct red light running
enforcement as well as to compare perceived enforcement abilities for different groups.
Thus, this study used the Rasch model to assess the perceived enforcement ability to
conduct red-light running enforcement. The evidences demonstrated that the
multidimensional Rasch approach developed a more appropriate questionnaire than
unidimensional approach and consecutive Rasch approach did.

The results found that police had the highest ability on tasks that measure APD, which
is followed by tasks that measure AMD and ASC. Taiwan police agreed that they can
conduct the enforcement correctly; however, there were some tasks not well controlled by
police. According to the study results and further analyses, we found that some missions for
conducting red-light running enforcement were not well controlled by traffic police in
Taiwan, especially in intercepting escaping vehicles (Item 8), emotional intelligence (Item
10), APHD, and enforcing under abnormal environment (Items 18, 19, 20). It indicated that
some improvement is needed in order to conduct the mission more effectively and some
strategies and programs were suggested as follows.
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1. Continuing professional development programs to improve police officers’ enforcement
abilities:

According to the study results, only 46.5%, 47.7%, and 56.8% of traffic officers had
enough APHD, AAE, and ASC, respectively, to be qualified to conduct red-light running
enforcement in Taiwan. It implies that the effectiveness of the enforcement would not be
significantly improved unless some continuing professional development programs could be
implemented to enhance those abilities. These programs should focus on improving the
critical weaknesses of police officer abilities in intercepting escaping vehicle, enforcing
under extremely cold weather, and physical condition. Considering the unique occupational
characteristics, police often conduct their duties under risk. Maintaining a good physical
condition is not only for improving police enforcement performance, but to also help them
deal with all kinds of unexpected troublesome or risky situations. In view of ASC, police
officers should be educated and trained not only in how to stop, chase, and intercept DWI
vehicles, but also in how to protect themselves and other road users.

2. Applying video equipments to promote enforcement performance

As we found, to perceive an intention to escape (Item 3) and to chase and intercept an
escaped vehicle (Item 8) are difficult tasks. Considering the limitation of reading others’
minds and the hardship of chasing fleeing violators, instead of chasing escaping violator we
suggest that police set up video recording cameras in the enforcement area to collect
evidence about escaping vehicles. As stated previously, the current physical condition of
police is weak and enforcement performance is influenced by weather. If video is used to
collect evidence of violations, red-light running enforcement will be more successful and
less risky to conduct.

3. Designing an emotional intelligence education program

Excessive enforcement is harmful to the reputation of the police, and some cases even
result in more serious consequences such as protests and riots. A lot of improper
enforcement starts when police are exasperated by the challenges of the violators.

When facing an irritable violator, it is arduous to keep in good emotion all the time.
To ask a violator to maintain a good attitude is difficult, so we would rather expect police
officers to possess high EQ. Therefore, an education on the work-load pressure and the
methods of accommodation is helpful for enhancing police EQ.

4. Efficient use of human resources

Young police officers are found to be more appropriate to conduct red-light running
enforcement in this study. Thus, some incentive policies should be established to encourage
young officers to devote themselves to traffic enforcement. Furthermore, unqualified
officers should be educated and trained with priority in order to help them do the job well
and protect themselves from being hurt if they are allowed to conduct traffic law
enforcement.

Actually, the duty of a traffic police is multi-tasks. He/She has to treat any kind of
violations, not only red light running, but also drunk driving, speeding, etc. Besides, it can be
that a policeman with high ability on red light running enforcement has less ability on
speeding and/or drunk driving, etc. Therefore, a further research that integrated in larger
context in which the police would have abilities to carry out any required enforcement is truly
needed. However, for speeding or/and drunk driving, it is necessary to use an instrument for
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collecting violated evidences, and their dangerous levels are much higher than other
enforcements. Therefore, we suggested that the items of questionnaires for these kinds of

tasks should take these characteristics into account in further studies.
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