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Travel time reliability has attracted increasing attention in recent years 
and is often listed as a major roadway performance and service quality 
measure for traffic engineers and travelers. Measuring travel time reli-
ability is the first step toward improving it, ensuring on-time arrivals, and 
reducing travel costs. Most measures of travel time reliability derive from 
continuous probability distributions and apply to traffic data directly. 
However, little previous research shows a consensus for selection of a 
probability distribution family for travel time reliability. Different 
probability distribution families could yield different values for the 
same measure of travel time reliability (e.g., standard deviation). The 
authors believe that specific selection of probability distribution fami-
lies has few effects on measuring travel time reliability. Therefore, they 
proposed two hypotheses for accurately measuring travel time reliabil-
ity and designed an experiment to prove the two hypotheses. The first 
hypothesis was proved by (a) conducting the Kolmogorov–Smirnov test 
and (b) checking log likelihoods and the convergences of the corrected 
Akaike information criterion and of the Bayesian information criterion. 
The second hypothesis was proved by examining both moment- and 
percentile-based measures of travel time reliability. The results from test-
ing the two hypotheses suggest that (a) underfitting may cause disagree-
ment in distribution selection, (b) travel time can be precisely fitted by 
using mixture models with a higher value of K (regardless of distribution 
family), and (c) measures of travel time reliability are insensitive to the 
selection of the distribution family. These findings allow researchers and 
practitioners to avoid testing of various distributions, and travel time 
reliability can be more accurately measured by using mixture models 
because of the higher values of log likelihoods.

Travel time reliability has attracted increasing attention in recent 
years and is often listed as a major roadway performance and service 
quality measure for traffic engineers and travelers. The tendency for 
easily remembering a few bad traffic conditions rather than normal 
ones shows the importance of studying travel time reliability (1). In 
addition, many researchers have noted the value of measuring travel 
time reliability. For example, Small et al. translated both mean travel 
time and the standard deviation of travel time into monetary values 
($2.60 to $8.00/h and $10 to $15/h, respectively) to indicate that 
unreliable trips are more costly for travelers than reliable trips (2). 

Additional examples illustrating the value of travel time reliability 
can be found in Carrion and Levinson’s study (3) and a report by 
Sadabadi et al. (4).

Measuring travel time reliability is the first step toward improving 
it, ensuring on-time arrivals, and reducing expenses. Polus conducted 
the first study about measuring travel time reliability for arterials 
(5). In the past decade, an increasing number of studies about mea-
suring travel time reliability have been published (6–18). Most of 
these studies measured travel time reliability in two steps: (a) build 
travel time distributions on the basis of given travel time data and  
(b) calculate statistical indicators from the distributions (18). Because 
travel time is a continuous variable, most of these studies fitted 
travel time data by using continuous single probability distributions 
(e.g., Gaussian, lognormal, and gamma distributions). For example, 
Polus applied the gamma distribution to fit 211 travel time samples 
on an arterial (5), and the Weibull distribution was used in a study 
by Emam and Al-Deek (9). The researchers usually tested multiple 
families of continuous probability distributions and selected the one 
best fitting the data. For example, Emam and Al-Deek tested four 
probability distribution families (Weibull, exponential, lognormal, and 
Gaussian) before settling on the lognormal after applying goodness-
of-fit tests (9). The most commonly used continuous single probability 
distribution was the lognormal [e.g., Guo et al. (12), Guo et al. (15), 
and Pu (17)]. Yang et al. provides a more comprehensive examination 
of continuous probability usages (18). On the basis of the variety 
of distributions identified in these studies, few have demonstrated 
any agreement on the selection of a continuous single probability 
distribution for travel time reliability.

The reliability measures are more generally defined. Most measures 
of travel time reliability can be derived directly from continuous 
probability distributions, and they can also be applied to the data 
directly. For example, the 90th- or 95th-percentile travel time is 
considered the “simplest method to measure travel time reliability” 
(1). The standard deviation and the coefficient of variance derived 
from probability distributions can also be used to measure travel time 
reliability (11). Several measures of travel time reliability are further 
derived from these basic measures. For instance, the “buffer index” 
(BI) is the additional time that “travelers must add to their average 
travel time when planning trips to ensure on-time arrival” (1). Van Lint 
et al. defined BI as TT90 – M/M, where TT90 is the 90th percentile 
travel time and M is the mean value for travel time (11). Van Lint et al. 
also derived new measures on the basis of distribution skewness and 
kurtosis. The “planning time index” (PI), similar to BI, represents 
“how much total time a traveler should allow to ensure on-time 
arrival” (1). One definition of the PI used in a study by Pu is TT95/
free–flow travel time, where TT95 is the 95th percentile travel time 
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(17). Further information about existing measures of travel time 
reliability was summarized in several studies (11, 17, 18).

In general, two categories of measures of travel time reliability can 
be broadly identified, including moment-based measures (e.g., mean, 
standard deviation, skewness, kurtosis, and coefficient of variance) 
and percentile-based measures (e.g., the 90th or 95th percentile, BI, 
and PI). These measures of travel time reliability are derived from 
probability distributions. However, few studies show agreement on 
the selection of probability distribution families, a lack indicating that 
different single probability distribution families could yield different 
values for the same measure of travel time reliability.

Intuitively, the same travel time data set should tell a consistent 
story about travel time reliability for a particular statistical indicator 
(e.g., moments and percentiles). The statistical indicators derived 
from the same travel time data set should not vary even after different 
probability distribution families are applied. The main reason for 
testing different probability distribution families before statistical 
indicators are derived is to check whether travel times statistically 
follow the tested distributions. If travel time data and the tested 
distributions have no statistical relationship, then measures of travel 
time reliability may be inaccurate and biased. According to their 
intuition, the authors believe that the specific selection of continuous 
probability distribution families has few effects on measuring travel 
time reliability. Two hypotheses are proposed in hope of accurately 
measuring travel time reliability: (a) travel times can be fitted with 
multiple probability distributions independent of distribution fam-
ily, and (b) measures of travel time reliability are insensitive to the 
selection of distribution family. These hypotheses suggest that travel 
times can be fitted by using any probability family (e.g., Gaussian 
or lognormal) and that the measures of same travel time reliability 
(e.g., standard deviations or coefficient of variances) derived from 
the selected probability distributions should be insensitive to the selec-
tion. If these two hypotheses are valid, the benefits for conducting 
studies of travel time reliability could include that (a) the data fitting 
process can be simplified and the statistical tests on probability dis-
tribution family selection may not be required and, thus, that (b) travel 
time reliability could be more accurately measured regardless of 
probability distribution families and data sets.

The rest of this paper is organized as follows: first, the issue of 
underfitting and overfitting is discussed in relation to distributions 
of travel time reliability. Next, an experiment is designed to prove 
the hypotheses. This experiment is applied to a study corridor along 
I-270 in Saint Louis, Missouri. Finally, the conclusion addresses 
the results from the experiment and evaluates the validity of the 
hypotheses.

Underfitting and Overfitting issUes

Underfitting and overfitting are two major issues when mathemati-
cal models are used to fit a given data set (19, 20). Models may 
fail to capture the underlying trend of the data set when underfit-
ting occurs, while they may capture excess noise from the data set 
when overfitting occurs. Essentially, “underfitting leads to biased 
estimation and overfitting leads to increased variances” (20). Using 
a linear model, say y = ΣN

i=0wixi = wnxn + wn−1 x n−1 + . . . + w1x + w0,  
to fit a given data set with N samples is a simple way to illustrate the 
problem of underfitting and overfitting. If N = 1, the linear model 
becomes y = w1x + w0; a line with slope w1 and intercept w0 is equiv-
alent to the model, and an optimal set of w1 and w0 can be estimated 
to best fit the given data set. However, y = w1x + w0 may be too 

simple to capture the underlying data trend for which the data set 
clearly is not linear. In this case, underfitting occurs. A linear model 
with a higher value of N would be a better choice. In theory, a model 
to the N − 1 power would perfectly fit the given data with N samples 
(21), but fitting to the N − 1 power may cause overfitting, with no 
discernible data trend. To avoid both issues, the selection of N can 
be based on the bias–variance trade-off principle (20).

Similarly, a data set (e.g., a travel time data set) could be fitted with 
mixture probability models, denoted as p(x |Σ) = ΣK

k=1 wipi(x |Σi) = 
w1p1(x |Σ1) + . . . + wKpK(x |ΣK), where p(x |Σ) is a continuous prob-
ability distribution, wi is the weight of the distribution pi(x |Σi),  
K is the number of distributions, and Σi is a set of parameters in 
the ith distribution. Mixture probability models are simplified to single 
probability distributions if and only if K = 1, indicating that single 
probability distributions are special cases of mixture probability 
models. When single probability distributions are used, underfitting 
can occur and the goodness of fit may be low. Failure to capture the 
underlying probability trend may lead to an inaccurate measurement 
of travel time reliability.

The proposed hypotheses suggest that, if a given travel time data 
set could be better fitted by using mixture probability models, then 
the associated information and statistical indicators will be in agree-
ment, regardless of which form of pi(x|Σi) is chosen (e.g., Gaussian, 
lognormal, or gamma). This agreement will be especially notable 
when underfitting is corrected.

The following section describes both an experiment to test the 
two hypotheses and a specific field study that uses the experiments.

MethOdOlOgy

Mixture Probability Models

The general expression for mixture models was presented earlier. To 
implement mixture probability models, the form of p(x |Σ) needs to 
be specified. Single probability distributions can generally be cate-
gorized as symmetric and skewed. To test the two hypotheses thor-
oughly, the most commonly used symmetric distribution, Gaussian, 
and two skewed distributions, lognormal and gamma, were selected 
to specify p(x |Σ) in the field study described next. The mathemati-
cal expressions of these three distributions are listed in Table 1. 
The expressions for the corresponding mixture models are shown 
in Equations 1 through 3:

∑( ) ( )µ σ = µ σ
=

T w ti i i i

k

K

Gaussian , Gaussian , (1)
1

∑( ) ( )µ σ = µ σ
=

T w ti i i i

k

K

lognormal , lognormal , (2)
1

∑( ) ( )θ = θ
=

T b w t bi i i i

k

K

gamma , gamma , (3)
1

where

 T = travel time data set;
 wi = weight of ith distribution;
 µi and σi =  mean and standard deviation of the ith Gaussian or 

lognormal distribution, respectively; and
 bi and θi =  shape and scale of the ith gamma distribution, respec- 

tively.
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Several parameter values must be estimated for each mixture model, 
including the weights (wi), the parameters for individual distribu-
tions in mixture models (either µi and σi or bi and θi), and the num-
ber of individual distributions (K). The expectation–maximization 
algorithm is the most popular approach for estimating the weights 
and parameter values in individual distributions when K is given. 
Rogers and Girolami showed extensive detail about parameter 
estimation in the Gaussian mixture model by using the expectation–
maximization algorithm (21). Following the procedure to estimate 
their parameter derivative, the parameters in the lognormal mixture 
model and the gamma mixture model can also be estimated by using 
the expectation–maximization algorithm. Unlike arbitrarily selected 
initial values for the weights and parameters in individual distribu-
tions, the K-means method was used to initialize these weights and 
parameters so that the optimal weights and parameters could be effi-
ciently estimated (22). The three mixture models were implemented 
by using the R language (23), and the source code is available to the 
public at the authors’ website (24).

Measures of travel time reliability

Moment-Based Measures of Travel Time Reliability

The most popular moment-based travel time reliability measures 
include (a) the three basic moments [the first moment µ(1) (the mean 
travel time), the second moment µ(2) (the variance of travel time), 
and the third moment µ(3) (the skewness of travel time)] and (b) two 
standardized moments (the coefficient of variance and the standard-
ized skewness). Equations 4 through 7 show the expressions for the 
three basic moments by using mixture models. Equation 4 shows 
that the mean value of mixture models is the summation of weighted 
mean values of individual distributions. The mathematical expres-
sion for the ith moment of mixture model represents E[(T − µ)i], 
and the expression can be rewritten as Equation 5 on the basis of a 
binomial expansion (25). Equations 6 and 7 show, respectively, the 
second and third moments of mixture models.
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where

 µ(i) = ith moment about mean value and i ∈ {1, 2, . . . , I},
 µk

(i) =  ith moment about mean value for kth distribution in 
mixture models,

 E [∗] = expectation, and
 wk = weight for kth distribution in mixture models.

Expressions for the different choices on p(x |Σ) are listed in Table 1.
From the expressions for the three basic moments, the two stan-

dardized moments are derived in Equations 8 and 9. Equation 8 
incorporates Equations 4 and 6, while Equation 9 incorporates 
Equations 6 and 7.
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Percentile-Based Measures of Travel Time Reliability

The ith percentile of an arbitrary probability distribution is located 
at the value t that represents the area under the probability distribu-
tion curve ranging from negative infinity to t for which the area 
equals i/100. Figure 1 gives an example of calculating percentiles 
in an arbitrary distribution. The gray area is the given i, and t is the 
corresponding ith percentile. Because mixture models are the sum-
mations of weighted individual distributions, the expressions for 
calculating percentiles of mixture models are difficult to derive. The 
fundamental method of calculating mixture model percentiles is to 
estimate the area by discretizing the gray area to small portions and 
summing these portions.

TABLE 1  Statistics of Three Distributions

Distribution Family Gaussian Lognormal Gamma

Probability density  
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experimental design

Figure 2 depicts an experimental design for testing the hypotheses. 
The three mixture models were estimated on the basis of a given 
travel time data set, and then the moment- and percentile-based mea-
sures of travel time reliability were calculated by using the estimated 
mixture models. The one-sample Kolmogorov–Smirnov (K-S) test 
was conducted to determine whether the given travel time data sta-
tistically follows the probability distributions generated from the 

mixture models. The log likelihoods, corrected Akaike information 
criterion (AIC), and Bayesian information criterion (BIC) of the 
mixture models were also calculated to determine convergence. If 
the one-sample K-S test suggests that the travel time data statistically 
follows the three mixture models and the log likelihoods of those 
mixture models converge, then the first hypothesis will be accepted; 
if the measures of travel time reliability estimated on the basis of 
mixture models remain unchanged, then the second hypothesis will 
be accepted.

The number of distributions (K) in the mixture models varied 
from one to six; this variation means that up to six individual distri-
butions in the mixture models were used to fit the estimated travel 
times for the two cases. The first step was to apply each mixture 
model to fit the travel times with different K-values. Then, the one-
sample K-S test was performed to examine whether the travel times 
statistically follow the three mixture models. The null hypothesis in 
the K-S test is defined as H0: the travel times statistically follow the 
probability distributions generated from the three mixture models. 
The alternative hypothesis is H1: the travel times do not follow the 
distributions generated from the mixture models. Two significance 
levels (α = 0.01 and α = 0.05) were selected as the thresholds for 
indicating whether the travel times follow those generated probability 
distributions. The resulting value of the one-sample K-S test is the 
maximum distance between an empirical cumulative probability 
function generated by the travel times and a cumulative probability 
function produced by one of the three mixture models.
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FIGURE 1  Example of calculating percentiles given  
arbitrary distribution.
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stUdy COrridOr and data desCriPtiOn

More than 700 intelligent transportation system sensors have been 
installed on major freeways and arterials in the Greater Saint Louis 
area. Traffic data collected from these sensors provide vehicle move-
ment details every 30 s. An 8.1-mi segment of the I-270 southbound 
corridor (Figure 3a) was selected to be the study corridor for the 
experiment outlined earlier. Previous studies usually used a large 
amount of traffic data to measure travel time reliability by time of 
day and day of week [e.g., van Lint et al. (11) and Yang et al. (18)]. 
Similarly, this study included traffic data collected on the study cor-
ridor from October 2013 to March 2015 and grouped them by time 
of day and day of week to measure travel time reliability on the cor-
ridor. The time slice model was used to estimate travel time every 
30 s, and the estimated travel times were aggregated every 5 min to 
avoid short-duration travel time fluctuation (18).

The study corridor usually suffers from recurring traffic conges-
tion during the afternoon peak hours (4 to 7 p.m.) every weekday and 
experiences uncongested flow the rest of the day. To test the hypoth-
eses, two cases (Case 1, 3 to 4 p.m. Tuesday, and Case 2, 6 to 7 p.m. 
Tuesday) were tested in this study. The two selected periods required 
additional attention because of the traffic complexity resulting from 

the congestion. Travel time histograms for the two cases are shown in 
Figure 3, b and c.

resUlts

test of first hypothesis

The purpose of this section is to verify the first null hypothesis: 
travel times can be fitted with multiple probability distributions no 
matter which distribution family is chosen. Table 2 summarizes the 
maximum distances produced from the K-S test. Two critical values 
were determined from the two significance levels. If the distances 
were less than the critical values, then the null hypothesis could not 
be rejected; otherwise, the null hypothesis would be rejected; that is, 
the travel times did not statistically follow the distributions generated 
by the mixture models. In Table 2, a 1 indicates acceptance of the 
null hypothesis and a 0 indicates dismissal of the null hypothesis. 
The travel times did not statistically follow the single Gaussian dis-
tribution, the single lognormal distribution, or the single gamma 
distribution in both cases. This finding conflicted with many of the 
previous studies of travel time reliability. The null hypothesis in the 
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FIGURE 3  Background information on study corridor on I-270 southbound: (a) map of study area (source of background 
image: https://www.openstreetmap.org/); (b) histogram of travel time, Case 1; and (c) histogram of travel time, Case 2.
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K-S test was even rejected when the Gaussian mixture model with 
K = 2 was used in Case 1; but the travel times fit both the lognormal 
and gamma mixture models with K = 2. One major reason for the 
failure of the Gaussian mixture model with K = 2 could be related 
to the symmetric shape of the Gaussian distribution. The nonskewed 
Gaussian distribution failed to capture the long-tail shape of the 
travel times. However, the travel times can be accurately fitted by 
adding one more Gaussian distribution to capture the long-tail travel 
times (K = 3), and the null hypothesis could not be rejected. Because 
of their skewed shapes, the lognormal and gamma mixture models 
(K = 2, 3, 4, 5, and 6) could be used to fit the travel times and support 
the null hypothesis.

In addition to application of the K-S test, the log likelihoods of 
the probability distributions with variable K were also computed. 
Figure 4 clearly shows that the log likelihoods increased with an 
increase in K, a result indicating that the mixture models with a higher 
value of K can better fit the travel times. The log likelihoods converged 
when K was greater than four; that is, the addition of further indi-
vidual distributions may not improve mixture model performance. 
The convergence curves in Figure 4 can help researchers to avoid 
both underfitting and overfitting and thereby to determine proper 
selection of K (21). In addition to the log likelihoods, the measures 
of statistical model quality AIC and BIC also appear in Figure 4. 
The values of log likelihoods, AIC, and BIC suggest that K = 3 was 
the appropriate level to mitigate both underfitting and overfitting 
issues in Case 1, while K = 5 was considered the appropriate level 
in Case 2. The low log likelihoods when K = 1 show that the model 
was underfitted by the travel times. No significant performance 
improvement can be found between the three mixture models with 
higher K-values. Two other interesting findings were these: (a) given 
the appropriate level of K, the Gaussian and the lognormal mixture 
models performed similarly and the differences in their log likeli-
hood values were fairly small; and (b) both the Gaussian and log-
normal mixture models performed slightly better than the gamma 
mixture model.

Figure 5 shows the generated probability distributions from the 
three mixture models when K = 1 and K = 3 for Case 1. The mix-
ture models with K = 3 fit the travel times better than the three single 
distributions.

Overall, the test showed that the first hypothesis is valid. More 
specific findings from testing the first hypothesis are summarized 
below:

1. Single probability distributions are unsuitable for fitting the 
travel times in the two case studies because the travel times were 
underfitted. The potential reason is that travel times may be generated 
from different traffic flow states in the selected periods (12, 15).

2. Travel times can be precisely fitted by using the three mixture 
probability models with a proper number of individual distributions. 
Mixture models with symmetric probability distributions (e.g., the 
Gaussian distribution in this study) using a higher value of K can 
be used to fit travel times. In the two study scenarios, K had to be 
≥3 to pass the one-sample K-S test. The other two mixture models 
with skewed shape distributions (i.e., the lognormal and gamma 
distributions) and K ≥ 2 can be used to fit travel times.

test of second hypothesis

This section examines the testing of the second hypothesis, that is, 
determining whether the measures of travel time reliability were 
insensitive to the form p(t |Σ). More specific findings from testing 
the second hypothesis follow.

Moment-Based Measures of Travel Time Reliability

The first moment (mean travel time), the second moment (variance 
of travel time), the third moment (skewness of travel time), the coef-
ficient of variance, and the standardized skewness were selected for 
measuring travel time reliability for the two cases. Figure 6 depicts 

TABLE 2  Testing Using One-Sample K-S Test

Gaussian Mixture Model Lognormal Mixture Model Gamma Mixture Model

K Distance α = 0.01 α = 0.05 Distance α = 0.01 α = 0.05 Distance α = 0.01 α = 0.05

Case 1

1 0.21541 0 0 0.16713 0 0 0.16446 0 0

2 0.14159 0 0 0.07199 1 1 0.10861 1 1

3 0.02886 1 1 0.02672 1 1 0.07764 1 1

4 0.02936 1 1 0.01451 1 1 0.03403 1 1

5 0.01418 1 1 0.01368 1 1 0.06536 1 1

6 0.01385 1 1 0.00730 1 1 0.08614 1 1

Case 2

1 0.14020 0 0 0.16556 0 0 0.18539 0 0

2 0.06273 1 1 0.04388 1 1 0.11997 1 1

3 0.04506 1 1 0.04487 1 1 0.05431 1 1

4 0.04761 1 1 0.00502 1 1 0.0827 1 1

5 0.00709 1 1 0.00526 1 1 0.05917 1 1

6 0.00661 1 1 0.00608 1 1 0.04492 1 1

Note: Critical values = 0.13309 [at significance level (α) 0.01] and 0.11104 [at significance level (α) 0.05].
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the values of travel time reliability by means of the three mixture 
models with different K. Several findings are summarized below.

All the selected moment-based measures of travel time reliabil-
ity trended closer together with increasing K. No major differences 
between these moment-based measures of travel time reliability could 
be observed when K ≥ 5. These measures trending together reflected 
the log likelihood convergences and indicated that, if the travel times 
could be better fitted with the mixture models, the moment-based 
measures of travel time reliability would not change.

Because the Gaussian distribution is a symmetric probability distri-
bution, the skewness and standardized skewness of the Gaussian dis-
tribution are zero, and thus the skewness and standardized skewness of 
the Gaussian mixture model are also zero by Equation 9.

Percentile-Based Measures of Travel Time Reliability

Figure 7 shows 10th, 50th, 90th, and 95th travel time percentiles, 
the BI, and the PI produced from the three mixture models with 
variable K. Similarly, the trend in Figure 6 can be observed in the 
percentile-based measures of travel time reliability measures; that is,  
no major differences between these percentile-based measures can 
be observed when K ≥ 5. Insignificant differences exist when the 
three single probability distributions (K = 1) are used; those measures 
were not reliable because of underfitting. For example, the 90th and 
95th percentile travel times based on the three single probability 
distributions were around 20 and 25 min, respectively. These two 
numbers may not convey the truth because they were calculated from 
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FIGURE 7 (continued)  Percentile-based measure of travel time reliability by using the three mixture models: (g) 95th percentile travel 
time, Case 1; (h) 95th percentile travel time, Case 2; (i ) BI, Case 1; ( j ) BI, Case 2; (k) PI, Case 1; (l) PI, Case 2.

the underfitted distributions. Instead, when the travel times were better 
fitted with the three mixture models, the 90th and 95th percentile 
travel times were, respectively, 11 and 14 min in Case 1.

COnClUsiOns

Many previous studies also showed the importance of travel time 
reliability. To improve travel time reliability and ensure travelers’ 
on-time arrivals, accurately measuring travel time reliability is the 
first step. Previous researchers contributed to the field by proposing 
new methods to measure reliability through two basic steps: (a) data 
fitting using continuous probability distributions and (b) measuring 
the reliability on the basis of the distributions. However, little agree-
ment was reached on which distribution best fit all conditions, a 
situation suggesting that a new approach was necessary. Intuitively, 

measures of travel time reliability are supposed to be independent 
of the selection of the probability distribution family. Therefore, this 
study verified two hypotheses: (a) travel times can be fitted with 
multiple probability distributions and are independent of distribution 
family, and (b) measures of travel time reliability are insensitive to 
the selection of distribution family. A systematic experiment was 
designed and conducted to test the two hypotheses. Three mixture 
probability models were used to fit the travel times collected from 
a Saint Louis freeway corridor. The moment- and percentile-based 
measures of travel time reliability were derived from these mixture 
models. The K-S test was used to determine whether the travel times 
statistically follow the probability distributions generated from the 
mixture models. The results of the K-S test suggested that the travel 
times can be more accurately fitted by using the three mixture mod-
els with higher values of K to avoid the issue of underfitting; and 
the log likelihoods and AIC and BIC values suggested appropriate 
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values of K (K = 3 and K = 5 were the most appropriate values of 
K in this study) to avoid overfitting. The successes in testing the first 
hypothesis suggest that (a) underfitting may cause disagreement in 
probability distribution selection and (b) travel time can be precisely 
fitted by using mixture models with higher values of K instead of 
using single probability distributions, regardless of the probability 
distribution family in the mixture models. The second hypothesis 
was tested through comprehensive investigation of moment- and 
percentile-based reliability measures. The results of these measures 
of travel time reliability suggested  insensitivity to the selection of 
probability distribution family.

This research provided a detailed insight into the selection of prob-
ability distribution family for travel time reliability. The contribution is 
that researchers and practitioners can avoid the work of testing various 
distributions. In addition, travel time reliability can be more accurately 
measured by using mixture models because of the higher value of log 
likelihoods. Future research could focus on testing additional mixture 
models on multiple corridors with various traffic conditions. A math-
ematical proof on the two hypotheses would be conducted instead of 
designing experiments.
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