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ABSTRACT 

Twenty-seven percent of the U.S. population live in rural areas, but only 6 percent of federal transit 

dollars are allocated to serve them. More than two-thirds of rural residents are older adults. About 

38 percent of rural residents live in areas with no public transportation. Paratransit in the rural area 

is therefore an important area to be looked at. 

This project takes a critical look at publicly financed paratransit systems which is an important 

social service for individuals with disabilities who do not have access or cannot afford alternative 

modes of transportation. These persons who because of physical or mental disability, income status 

or age are unable to transport themselves or purchase transportation and are therefore dependent 

on others to obtain access to health care, shopping and other life-sustaining activities. This project 

presents a methodology for travel time discrepancy prediction using regression analysis. The travel 

time discrepancy is the difference between actual travel time and google fastest route.  

Difference between actual travel time and google fastest route travel time with other factors such 

as time of day, miles covered, number of traffic signals, congestion, pick up from home, drop off 

at home and speed limit has been used in the prediction of travel time based on data from 

Transylvania County. Transylvania County is a county located in the U.S. state of North Carolina. 

As of the 2010 census, the population was 33,090. Its county seat is Brevard. 
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Background study 

Paratransit system is an important social service for individuals with disabilities who do 

not have access or cannot afford alternative modes of transportation. 

These persons who because of physical or mental disability, income status or age are 

unable to transport themselves and are therefore dependent on others to obtain access 

to health care, shopping and other life-sustaining activities. 

The provision of accurate travel time information of public transport vehicles is valuable 

for both operators and passengers. It helps operators effectively implement their 

management strategies. It also allows passengers to schedule their departure to minimize 

waiting times. Public transport travel time is affected by several factors such as traffic 

flow, passenger demand, etc, which must be considered to make precise predictions.  

Problem Statement 

The paratransit data for April 2018 of Transylvania County exhibits significant differences 

between the actual travel time and the estimated travel time from google maps.  

The focus of this project is to fit a model to predict this discrepancy (that is the difference 

between the actual travel time and the estimated travel time using Google maps.) being 

the dependent variable and Miles, speed limit, traffic signals, congestion and peakhour 

being the explanatory or independent variables. This project also exploits the 

relationships between the seven explanatory variables. 

Significance of study 

• Rural paratransit delay typically have not been directly modeled. 

• Accurate travel time information for paratransit in the rural areas can help 

passengers plan their trips and minimize waiting times. 

• Providing reliable and accurate paratransit delay, travel and arrival times would be 

an effective way to improve the service in the rural areas. 

• In addition, multiple linear regression models have the ability to reveal the degree 

of importance of each independent variable. 
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Existing literature  

Regression models use a multivariate statistical technique for examining the linear 

correlations between a set of independent variables and a single dependent variable. 

In the past decades, a variety of models and algorithms have been developed to predict 

bus arrival times or bus travel times. However very little has been done on paratransit in 

the rural areas. 

Patnaik et al. [1] developed a set of regression models to estimate arrival time for buses 

traveling between two points along a route. The research data were collected from 

automatic passenger counters (APC) installed on buses. However, the results did not 

compare the observed and estimated BAT. 

Bus arrival time prediction is a critical component of ITS applications. Accurate, real-time 

and reliable bus arrival time information can benefit both transit agencies and passengers. 

However, due to a number of stochastic variables (e.g., traffic congestion, weather 

conditions and intersection delays), precise prediction of bus arrival time is challenging. 

A variety method have been adopted in the BAT prediction, including the Time Series 

Regression (TSR), Artificial Neural Network (ANN), Kalman Filter (KF) and Support 

Vector Machine (SVM), etc. Yu et al. [2] presented SVM, a new neural network algorithm, 

to predict bus arrival time. Using the APC data, Chen et al. [3, 4] proposed a prediction 

model that combines artificial neural network and Kalman filter. The results showed that 

the predicted travel times were reasonably close to the actual arrival times. Chung and 

Shalaby [5] developed an expected time arrival (ETA) model for school buses. The model 

was evaluated based on the data collected from real-world operations of school buses on 

which a global positioning system-based automatic vehicle location (AVL) system was 

installed. The proposed model showed lower levels of prediction error than moving 

average and regression approaches. Van Hinsbergen et al. [6] incorporated neural 

networks into a combined prediction model using Bayesian inference theory in order to 

overcome the difficulty of selecting the optimal network. Chang et al. [7] developed a 

dynamic model based on the nearest neighbor non-parametric regression to forecast 

multi-interval path travel times between bus stops of origin and destination. 
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Abdelfattah and Khan used simulation data to develop several linear and nonlinear 

regression models to predict bus delay in normal conditions as well as when one traffic 

lane is blocked[8].  

 

Problems and limitations of these literature 

The discrepancy (that is the difference between the actual travel time and the estimated 

travel time using Google maps.) was not considered in the above literature. 

Abdelfattah and Khan’s research considered a zero congestion for rural areas but this is not 

the case during peak hours at intersections. 

 

List of contribution of this class project  

Providing reliable and accurate paratransit delay, travel and arrival times would be an 

effective way to improve the service in the rural areas. 

This project has included congestion for peak hours of the day. 

 

Why this contribution is important 

It is important so that management can track the number of minutes that go wasted during 

the operation of a paratransit. 

Congestion is important because considerable amount of time is wasted in traffic 

congestions during peak hours. 

Paratransit trip time is an essential component of transport system as it attracts more 
commuters and increases the commuter’s satisfaction.  
 

The main problem this project seeks to address is to predict the discrepancy time using 

some explanatory variables. 
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The assumptions 

The estimated travel time compared with the actual travel time of a paratransit driver is 

obtained using google map. 

 

Exploring Data 

 

Fig 1: Boxplot of Discrepancy against Miles 

a standardized way of displaying the distribution of data based on a five number summary 

(“minimum”, first quartile (Q1), median, third quartile (Q3), and “maximum”). It tells about 

outliers and what their values are. It also tells if the data is symmetrical, tightly grouped, 

and skewed. 
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Figure 2: Boxplot of Discrepancy against speedlimit 

 

Figure 3: Histogram plot of observation count of peakhour and non-peakhour 
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A correlation matrix  indicating degrees of linear association between a set of 

explanatory variables 

Table 1: Correlation matrix 

 

Figure 4: Correlation matrix 

 Miles speedlimit trafficsignals DOHome PUHome congestion peakhour 

Miles 1.0000 0.4502 0.1323 0.1712 -0.2262 0.5023 -0.0790 

Speedlimit 0.4502 1.0000 0.4179 -0.0234 -0.2044 0.0395 -0.0014 

Trafficsignals 0.1323 0.4179 1.0000 -0.2312 0.0512 -0.0120 -0.0074 

DOHome 0.1712 -0.0234 -0.2312 1.0000 0.3945 0.1220 0.2976 

PUHome -0.226 -0.2044 0.0512 0.3945 1.0000 -0.1858 0.5094 

Congestion 0.5023 0.0395 -0.0120 0.1220 -0.1858 1.0000 -0.1402 

peakhour -0.079 -0.0014 -0.0074 0.2976 0.5094 -0.1402 1.0000 
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• Values close to 1 indicate that there is a positive linear relationship between the data 

columns. 

• Values close to -1 indicate that one column of data has a negative linear relationship 

to another column of data (anticorrelation). 

• Values close to or equal to 0 suggest there is no linear relationship between the data 

columns. 

The diagonal of the correlation matrix is 1 through out because there is a positive relation 

between all the independent variables with themselves. 
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Acquisition of Data 

The origin and destination data of paratransit patrons from Transylvania County has been 

obtained from the North Carolina Department Of Transportation. The tool which is used 

for the modelling is MATLAB 

Linear Regression Model Tested 

Models R-Squared p-value Root 
Mean 
Square 
Error 

Discrepancy~1+DOHome+congestion+peakhour+trafficsignals 
+speedlimit+PUHome' 

0.574 2.37e-
15 

0.00964 

Discrepancy ~ 1 + congestion + peakhour + Miles + PUHome + 
speedlimit + trafficsignals + DOHome 

0.669 1.44e-
19 

0.00854 

Discrepancy ~ 1 + congestion + Miles + PUHome + speedlimit + 
trafficsignals + DOHome 

0.634 2.46e-
18 

0.00893 

Discrepancy ~ 1 + peakhour + Miles + PUHome + speedlimit + 
trafficsignals + DOHome 

0.517 6.16e-
13 

0.0103 

Discrepancy ~ 1 + congestion + peakhour + Miles + PUHome + 
speedlimit + DOHome 

0.662 6.18e-
13 

0.00858 

Discrepancy ~ 1 + congestion + peakhour + Miles + PUHome + 
trafficsignals + DOHome 

0.669 2.57e-
20 

0.0085 

Discrepancy ~ 1 + congestion + peakhour + Miles + PUHome + 
trafficsignals 

0.668 4.19e-
21 

0.00846 

Discrepancy ~ 1 + Miles + speedlimit + trafficsignals 0.464 5.52e-
13 

0.0106 

Discrepancy ~ 1 + congestion + Miles + speedlimit + trafficsignals 0.633 6.66e-
20 

0.00885 

Discrepancy ~ 1 + Miles + PUHome + speedlimit + trafficsignals 0.47 1.84e-
12 

0.0106 

Discrepancy ~ 1 + Miles + speedlimit + trafficsignals + DOHome 0.464 3.19e-
12 

0.0107 

Discrepancy ~ 1 + Miles + speedlimit + trafficsignals + 
DOHome+PUHome 

0.472 7.95e-
12 

0.0107 

Discrepancy ~ 1 + peakhour + Miles + speedlimit + trafficsignals 0.512 3.95e-
14 

0.0102 

 

 

 

 



10 
 

Quadratic Models Tested 

Models R-Squared Root mean 
square error 

Discrepancy~Miles^3+congestion^3 0.651 0.2970 

Discrepancy~Miles^2+congestion^2 0.6435 0.2937 

 

It is obvious from results above that the r-squared value of the regression model is better than 

the r-squared value of the quadratic models. A few of the tested models are presented in this 

project; the r-squared value of the rest are way lower than the ones presented. 

Fitting the stepwise linear regression using MATLAB, the model below was 

chosen as the best. 

 

 

 

• The p-Values for all the independent  variables is significant at 95% confidence 
interval as shown. 
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Model Summary 

 

 

 

 

 

Results Discussion 

 

Main Effects of the various independent variables 

 

Figure 5: main effects of the various independent variables in the model 
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The circles show the magnitude of the effect  when tracked down to the axis and the blue 

lines show the upper and lower confidence limits for the main effect with all other variables 

held constant within a 95% confidence interval for the estimated response variable. 

Confidence limits are the numbers at the upper and lower end of a confidence interval. 

This means that if we should take speed limit for instance, its main effect on expected 

discrepancy can go as low as -30 units depending on how low the speed limit can go.  

Same way, the main effect can go as high as -5 units with increasing speed limit within 

the confidence limits as indicated in figure 5.   

Also taking Miles under consideration; its main effect on expected discrepancy can go as 

low as 14 units depending on how short the distance covered. Same way, the main effect 

can go as high as 35 units with increasing distance covered as indicated in figure 5. 

Similar analysis can be carried out for the rest of the independent variables. 

Peakhour decreases the expected discrepancy by about 5 units, compared to non-

peakhour, given all other independent variables are held constant. 

Expected discrepancy increases about eighteen (18) units during congestion compared 

to when there is no congestion, again, given other predictors held constant. 

An increase in miles from 0.1 to 12.8 causes an expected increase of  35 units. 

However, a change in speed limit from 15 to 50 causes about a 16-units decrease in the 

expected discrepancy, given all else held constant. 

It can therefore be deduced from the analysis done above that Miles has a higher 

influence on the expected discrepancy. This is followed by traffic signals, congestion, drop 

off at home and pick up from home arranged in descending other of effects on the 

expected discrepancy. 
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Effects of the interaction of DOHome and PUHome on the discrepancy 

 

Figure 6: Effects of the interaction of DOHome and PUHome on the discrepancy 

This plot displays the impact of a change in one factor given the other factor is fixed at a 

value. The blue circles show the main effect of a specific term, as in the main effects plot. 

The red circles show the impact of a change in one term for fixed values of the other term. 

 

In the figure above, the interaction plot shows the effect of changing one predictor with 

the other held fixed. In this case, the plot is much more informative. It shows dropping off 

a passenger at home increases discrepancy while dropping off passengers at places 

other than home decreases discrepancy. 

Also, picking up a paratransit passenger from home leads to increase in the discrepancy 

while discrepancy decreases if pickup is not from home. 
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Effects of the interaction of speed limit and traffic signals on the discrepancy 

 

 

Figure 7: Effects of the interaction of speed limit and traffic signals on the discrepancy 

 

Increasing the speed limit from 15 to 50 while relatively decreasing number of traffic 

signals decrease discrepancy as shown the figure above. 

Obviously decreasing the number of traffic signals and increasing the speed limit means 

drivers of the paratransit will not frequently and this means they get to arrive at their 

destinations faster than when there are traffic signals. 
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Effects of the interaction of Miles and PUHome on the discrepancy 

 

 

Figure 8: Effects of the interaction of Miles and pick up from Home on the discrepancy 

 

Picking up a customer from home for shorter distances (Miles = 0.1) decreases 

discrepancy but picking up a customer from home for relatively long distances (that is 

Miles = 12.8) leads to an increase in discrepancy. 
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Effects of the interaction of peakhour and speed limit on the discrepancy 

 

 

Figure 9: Effects of the interaction of peakhour and speed limit on discrepancy 

 

Increasing speed limit from 15 to 50 during peak hours leads to an increase discrepancy. 
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Effects of the interaction of peakhour and Miles on the discrepancy 

 

 

Figure 10: Effects of the interaction of peakhour and Miles on the discrepancy 

 

Shorter Miles during peakhour leads to a decrease in discrepancy while increasing Miles   

during peakhour leads to increase in discrepancy.  
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Effects of the interaction of congestion and speed limit on the discrepancy 

 

 

Figure 11: Effects of the interaction of congestion and speed limit on discrepancy. 

Increasing speed limit during congestion leads to increase in discrepancy whilst 

decreasing speed limit during congestion leads to a decrease in discrepancy. 
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Interaction of Pick up from Home and Miles 

 

 

Figure 12: Interaction plot of Pick up from Home and Miles 

 

This plot shows the effect of changing one variable as the other predictor variable is 

held constant. 

In the first figure, the lines for PUHome and Miles are crossing which indicates a strong 

interaction between them. 

The expected discrepancy increases rapidly with increasing miles covered when  pick 

up is  from home than when pick up is from else where other than home. 
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Interaction of peakhour and Miles 

 

Figure 13: Interaction plot of peak hour and Miles 

The lines for peakhour and miles are crossing which indicates a strong interaction 

between them. 

The expected discrepancy increases with  increasing miles during non-peak hours and 

decreases slightly with decreasing mile covered during peak hours. 
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Interaction of peakhour and speed limit 

 

 

Figure 14: Interaction plot of peakhour and speed limit 

 

the lines for peakhour and speed limit are crossing which indicates a strong interaction 

between them. 

The expected discrepancy increases during peakhour but decreases with increasing 

speed limit. 
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Interaction of congestion and speed limit 

 

 

Figure 15: Interaction plot of congestion and speed limit 

 

The lines for congestion and speed limit are crossing which indicates a strong interaction 

between them.The expected discrepancy increases during congestion but decreases with 

increasing speed limit when there is no congestion. 
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Interaction of Drop Off Home and Pick Up Home  

 

Figure 16: Interaction plot of Drop Off Home and Pick Up Home  

 

The lines for DOHome and PUHome are crossing which indicates a strong interaction 

between them.The expected discrepancy increases when paratransit patrons are picked 

from home but decreases when they are picked from places other than home. 
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Residual Analysis 

The Normality Assumption 

To check the validity of the normality assumption, a histogram display of residuals was plotted. A 

bell – shaped histogram indicates that the normality assumption holds. 

 

 

Figure 17: plot of Histogram of residuals  

The figure above shows the histogram display of residuals. The histogram display looks fairly bell 

– shaped and symmetrical. This suggests that the normality assumption approximately holds for 

this model. 
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Normal probability plot 

 

Figure 18:  Normal probability plot of residuals 

Also, the Normal probability plot shown in the figure above has a straight – line appearance 

indicating that the normality assumption holds. 
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Plot of residuals vs lagged residuals 

 

Figure 19: plot of residuals vs. lagged residuals 

Serial correlation among residuals usually means that the model can be improved. 

 

Limitation of class project  

The data obtained from the NCDOT did not have much information on the characteristics of the 

customer (whether mobile or immobile). 

 

Dealing with limitation in the future 

Attempts are being made to obtain data on the demography of the patrons of the 

paratransit so that it can be included in the modelling. 
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Conclusion 

The computed R² is 0.758. That is about 75% of variability in discrepancy (dependent 

variable) has been explained by the independent variables  used in the model.  

The independent variables namely Miles, speed limit, traffic signals, peak hour, 

congestion, drop off home (DOHome) and pick up home (PUHome) have significant 

effects on discrepancy. 
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