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Abstract 29 

Bicycling is expected to increase as a mode of transportation for all trip purposes. City planners are constantly 30 

searching for technical methodologies that provide decision-support around bicycle infrastructure and changes 31 

attitudes from seeing cycling as a ‘recreational activity’ to a primary mode of transport. However, four steps transport 32 

models (generalization, distribution, mode split, and network assignment) have been designed for motorized transport 33 

and provide limited applicability to bicycling. Cycling trips are different to those by vehicle as users’ main concern is 34 

not road congestion caused by cars but other riding factors such as road safety and comfort. This paper presents a 35 

methodology that combines geographic information systems and discrete choice modeling to incorporate cycling in 36 

the fourth step of the transport model. Extensive geographically based surveys of routes were used to build a statistical 37 

model that considers both riders’ demographic and cycling infrastructure characteristics. Results from the case study 38 

in Bogota suggest that this methodology opens an opportunity to consider cycling as a main transport mode by 39 

allowing planners to assign cycling trips to an entire urban transport network, something not achieved before. 40 

However, the determination of the parameters of the methodology developed is highly dependent on the city of study 41 

and these appeared not to be transferable without proper fieldwork. Results from the investigation open research 42 

opportunities to develop the methodology for the assessment of different types of cycling infrastructure proposals and 43 

to apply it in different contexts both in developed and developing countries. 44 

 45 
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Introduction 71 

Today, authorities pay particular attention to the performance of cities in terms of pollution and sustainable 72 

development. Transport projects for cities are key to sustainable development. These projects have to respond to 73 

mobility goals and new challenges such as social inequality and climate change. Additionally, it is expected today that 74 

transport systems should contribute to air quality and provide comfort and efficiency.              75 

For every 10 minutes a person spends in a car, there is a 10% decrease in participation in community life 76 

(Putman, 2000) and research has shown that the greater the traffic volume in a city, the lower the social interactions 77 

(Appleyard, Gerson, & Lintell, 2009). In American cities, lack of physical activity due to excessive use of the car is 78 

leading to a decline in life expectancy in the new generation, increasing health care costs by 4% of the federal budget 79 

in the country (PeopleForBikes and Alliance for Biking & Walking). 80 

Bycicling has been proven to be a sustainable transport mode option (Pucher & Buehler, 2006). It is 81 

considered by its users to be inexpensive and healthy (Heinen, Maat, & Van Wee, 2010).  82 

The benefits for implementing politics and projects around the bicycle in a city are in many areas. Different 83 

studies conducted in the United States conclude that there is an increase in economic benefits due to proximity to 84 

stations for bicycles and bike paths. A survey conducted in Washington D.C concluded that the flow of people 85 

increased significantly due to the stations of public bicycles, generating a positive impact on sales and in the 86 

neighborhood (Buehler R. , 2014).  87 

As for the public health benefits, a review study evidenced that in Copenhagen the population using the bike 88 

to commute (at least three hours per week) experienced 40% less risk of death compared with those who did not use it. 89 

In Shanghai, China, the behavior of more than 70,000 women were studied over six years and found that those using 90 

bicycles and walking as transportation were 40% less likely to die from heart disease or cancer compared with women 91 

who did not engage in physical activities, those with a more sedentary life (Jacoby & Pardo, 2010). 92 

Based on the benefits of the bicycle, it is important to promote its use in a city. One method to do this is by 93 

planning, designing, and building cycling infrastructure. The bike paths have to connect at least the main zones in a 94 

city by direct routes, offer secure infrastructure and smooth pavement, protect the cyclist from motorized traffic, and 95 

attract users by integrating land use and transit (Kuijper & Braakman, 2009). 96 

To evaluate the feasibility of a bike path project, normally the traffic planners start with the traditional 97 

four-step algorithm (trip generation, trip distribution, mode choice, and route assignment). The ultimate goal of the 98 

algorithm is to allow the allocation of traffic volumes to individual links so they can be designed (or evaluated) under 99 

different scenarios.  100 

However, there is a gap in the four-step algorithm for bicycle trips because route assignment principles 101 

(fourth step) have been designed for motorized transport. Assigning a travel network refers to predicting and selecting 102 

the paths or routes used by travelers in order to map flows on the network. This step is modeled on a trade off principle 103 

and it is assumed the user will choose the route with less congestion and/or distance. Both bicycling users do not 104 

always follow this assumption and other factors such as road safety, personal safety, and comfort are important.  105 

Additionally, traditional route assignment needs to have capacity constraints in every link of the network so 106 

when shortest routes are congested, users take alternatives. Increases in bicycling users on a link would rarely cause 107 

additional traffic, making the fourth step inapplicable for bicycling. 108 

This study proposes an alternative to assigning bicycle trips to the network. It combines advanced 109 

geographic information systems and discrete choice modeling to incorporate cycling in the fourth step of the transport 110 

model. Results from the case study in Bogota suggest that this methodology opens an opportunity to consider cycling 111 

as a main transport mode by allowing planners to assign cycling trips to an entire urban transport network.  112 

The next section presents the research background and how findings from previous research studies were 113 

used to support the methodology proposed. 114 

1. RESEARCH BACKGROUND 115 

It is recognized that how cyclists choose a route differs from the drivers of motorized vehicles. While drivers seek to 116 

reduce travel time and vehicle operation costs, cyclists when choosing a route in addition to valuing travel time, they 117 

consider its suitability (safety, traffic volume, traffic speed, dedicated lanes, type of terrain, etc.).  118 

Each cyclist chooses the route based on its preferences and the factors that affect its decision. Ehrgott et al. 119 

(2012) proposed a model to determine a set of possible routes taking into account two specific objectives, travel time 120 

and suitability of the route. Papinski and Scott (2011) developed a model to create bicycling routes that minimize 121 

travel time and the travel distance between two zones. These options were compared with observed routes to find their 122 

differences. This conclusion was that there are other factors that affect route selection as each person has a pattern of 123 

travel depending on personal preferences. Therefore, knowing the trip information of each user helps determine 124 

transportation habits (Papinski & Scott, 2011).  125 
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Factors that affect the route selection can be divided in two groups: infrastructure characteristics and user 126 

characteristics. In relation to infrastructure characteristics, the distance of a route affects negatively its selection. As a 127 

result, users are more likely to choose routes that included not segregated infrastructure for short distances (Kang & 128 

Fricker, 2013). The value of travel time savings for cyclists is greater than that of other transport modes (Borjesson & 129 

Eliasson, 2012). For this reason, cyclists often value highly on-road cycling infrastructure improvements (such as bike 130 

lanes). Today, there is evidence that favors assessing bicycling improvements based on speed and comfort as they are 131 

cost effective compared with other types of investment (Borjesson & Eliasson, 2012). In this respect, bicycling should 132 

be seen as a competitive mode as the embodiment of travel and not simply as a means to better health or reduction of 133 

car traffic (Borjesson & Eliasson, 2012).  134 

Many studies have covered the area of user characteristics. Roach, Gliebe, and Dill (2009) followed 164 135 

cyclists with GPS units in order to understand better the cyclist route preferences. The results were coded to a very 136 

detailed bicycle network. The authors used 1449 commute trips to estimate a bike path choice model. This model was 137 

then incorporated into a generation algorithm according to the travel choice set. The main method was to calculate 138 

multiple permutations of path attributes and, then, to take into account the overlap of alternative routes. Findings 139 

showed that cyclists are sensitive to the effects of distance, frequency, slope, signals (e.g. the presence or absence of 140 

signs), and traffic volumes. The provision of bicycle lanes tries to compensate for the negative effects of adjacent 141 

traffic, but this is not to the same magnitude as having a street with low traffic volume. Finally, the route preferences of 142 

cyclists differ between daily travel and other utilitarian trips (Roach, Gliebe, & Dill, 2009). 143 

Therefore, it could be concluded that cyclists are more sensitive to distance and less sensitive to other 144 

characteristic infrastructure of daily trips. This research by Roach, Gliebe, and Dill also developed a modified method 145 

for route assignment called labeling network. In this method alternate routes were chosen by maximizing individual 146 

criteria, thus allowing it to justify a larger portion of observed routes than other methods such as shortest path. Also, 147 

for the route selection model, they highlighted the drawbacks of Multinomial Logit for route selection as it appears to 148 

give more utility to routes that share a link. A solution to this might be the use of Path Size Logit (Roach, Gliebe, & 149 

Dill, 2009).  150 

Therefore, the literature reviewed shows that there is an approximation to understand how the cyclists 151 

choose their route. However, there is a problem assuming that the bicycle users have the same behavior choosing the 152 

travel route. The problem assigning the bicycle OD matrix to the network has not been completely resolved. In the 153 

next section an explanation of the methodology used to address this problem is presented. 154 

2. METHODOLOGY 155 

The aim of this study is to develop a methodology to assign bicycle trips (based on surveys as part of a four-step 156 

transport model) to the network. We argue that there are different cyclist profiles, with different socio-demographic 157 

characteristics, that affect their decision to choose a route between a particular origin and destination. For example, it 158 

could be possible that young people are more disposed to share the route with traffic compared with old people. 159 

A way to route utility by each type of user is using a discrete choice model such as Path Size Logit or PSL 160 

(Ben-Akiva & Bierlaire, 2003). The purpose of a PSL model applied to bicycling route utility is to determine the 161 

probability of using a specific route against the other options based on the characteristics of the person and the route. 162 

For example, we have two zones of study, one origin and one destination. There are also only three possible 163 

routes to go from the origin to the destination: Route A, Route B, and Route C. Each route option has different 164 

characteristics of slope, distance, availability of bike paths, etc. Furthermore, based on the socio demographic 165 

characteristic of cyclists in the origin zone, we can divide that population into three cyclist profiles: Profile I, Profile II, 166 

and Profile III.  With the discrete choice model, constructed from the information of the attributes of the routes and the 167 

profiles, it is possible to determine the proportion of trips of each cyclist profile in each route. We can note, for 168 

example, that of the Profile I cyclists, 50% will go by Route A, 20% by Route B, and 30% by Route C. 169 

2.1. Route set generation sub-model 170 

The methodology proposed, based on PSL, is different to that used by the four-step model, as we consider only a 171 

limited number of routes. Therefore, it is necessary to create a sub-model that generates all the possible and feasible 172 

routes that a cyclist has from a particular origin to a destination. To this end, we modified, using geographic 173 

information systems (GIS), the label generation model (Broach, Gliebe, & Dill, 2009) for route set generation. In this 174 

model a “label” refers to the attribute or characteristic that is going to be evaluated in the bicycle network 175 

 This sub-model for route set generation has the following steps: 176 

1. A city network is used and all links for cycling (such as highways, main streets, secondary streets, and bike 177 

paths) are connected. The links are then converted from vector to raster or grip with a size of 3 x 3 meters. 178 

2. With this raster a short distance route between transport zones are calculated. Short routes will be those with 179 

the lowest sum of the grid values. This shortest route will be used as the basis for other alternatives 180 
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3. Based on the literature, the following factors are used to determine different route options: 181 

 Bike paths: this label will maximize the bike paths on the route. 182 

 Highways: this label will maximize the highways on the route. (This label was chosen to determine 183 

whether there is a cyclist profile that prefers to use this route rather than the other options).  184 

 First order streets: this label will maximize the first order streets in the route. First Order Street 185 

refers to streets that follow in priority after the highway. A high traffic volume normally 186 

characterizes them. 187 

 Second order streets: this label will maximize the second order streets on the route. Second Order 188 

Street refers to the street that follows in priority after the First order streets. These streets are mainly 189 

the neighborhood streets, where traffic speed and volume are low compared with highways or first 190 

order streets.  191 

 Slope: this label will minimize the slope on the route. 192 

 Intersections: this label will minimize the number of dangerous intersections on the route. For the 193 

study, we consider a dangerous intersection one where the cyclist has to cross a highway or a first 194 

order street. 195 

 Motorized traffic volume: these labels will minimize the motorized traffic volume on the route. 196 

4. To calculate the routes based on the labels, a reference grid, with a lower utility value, is constructed. For 197 

example, if we want to determine the route with the bike path label, the grid network will have a value of 2, 198 

except for the grids that represent the bike path; they will have a value of 1. 199 

5. Definition of the label cost function: 200 

 201 

                    (                   )   (        )  (             ) 

 202 

The weight is a value between 0 and 1. 203 

 204 

If the weight is 1, the cost network will be the same as the short route network; consequently, the route that 205 

minimizes the cost will be the short route. If the weight is 0, then the cost network will be the label network; 206 

and the route that minimizes the cost for this network will be the one that maximizes the label. Figure 1 shows 207 

how the cost network is calculated. The sum of each grid of the short route network and each grid of the label 208 

network will give the cost network. 209 

6. If the weight is 1, the cost network will maximize the label. However, it is possible that the route calculated 210 

will have a long distance compared with the short route and it will not be a feasible option for the cyclist. For 211 

this reason, it is necessary to create an iterative model that will maximize the label network in each iteration. 212 

In the first iteration the weight is 0, which will increase by 0,1 in each iteration until the weight is 1 or the 213 

admissible route distance is exceeded. 214 

7. The admissible route distance is the distance that is accepted as feasible because it does not have a significant 215 

difference to the short route distance; so the cyclist will have this route as an option for a trip. The admissible 216 

route distance is calculated from field information, and it is possible to know how much (in %) the cyclists 217 

ride compared with the short route. 218 

8. The process is repeated with another attribute. 219 

 220 

2.2. Selection of alternative 221 

After the calculation of each feasible option between an origin-destination pair, it is possible to determine the 222 

probability of a cyclist profile to choose a route. For this purpose, PSL was used as a discrete choice model that could 223 

calculate the probability of using a route over the other existing options, based on the utility that it generates for the 224 

user. 225 

The PSL has the next form: 226 

 227 

Pr( lCn)  
 𝑥𝑝𝑉𝑖𝑛+𝐼𝑛 (𝑃𝑆𝑖𝑛)

∑  𝑥𝑝𝑉𝑗𝑛+𝐼𝑛 (𝑃𝑆𝑗𝑛)𝑗∈𝐶𝑛

 

Where 𝑉𝑖𝑛 is the utility of the route i and PS is the path size coefficient. 228 

The PS coefficient is a correction term for overlapping links. It avoids the error for correlated routes and 229 
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prevents an overestimation in the probability for routes that are sharing links with other routes. This factor only affects 230 

routes with overlapping links; routes with unique links will not need adjustment (Ramming, 2002). 231 

  𝑖𝑛  ∑
  
 𝑖

 ∈  

 

∑ (
 𝑖
 𝑗
)
 

  𝑗𝑗∈𝐶𝑛

 

Where: 232 

 j are the routes of a set of alternatives (Cn) for an origin destination pair 233 

    are the links of the route i 234 

    is the distance of the link a on the route i 235 

  𝑖 is the distance of the route i 236 

   𝑗 is a parameter equal to 1 if the route j includes the link a, otherwise it is 0.  The minimum value of   𝑗 is 237 

0, because at least one route has to have the link a, otherwise the link belongs to the other set of routes Cn. 238 

   is a parameter to penalize routes with long distances compared with the other options in the set Cn. Because 239 

we are taking into account this fact in the set generation model, we assign   as 0 240 

 241 

  𝑖𝑛  ∑
  
 𝑖

 ∈Γ 

 

∑   𝑗𝑗∈𝐶𝑛

 

The PS coefficient is always between 0 and 1. In the PSL, this coefficient is inside Ln (Ln  242 

(PS)), resulting in a negative value that will decrease the utility (consequently, the probability) of a route if it has 243 

overlapping links with other routes (Ramming, 2002). 244 

The other value in PSL is the utility. For our purpose, we define the utility as: 245 

 246 

𝑉𝑖𝑛     ∑  𝑛  𝑥𝑛

𝑛           𝑖    

 

 ∑    𝑥 

      𝑖       𝑖       𝑖    

 

 

Where: 247 

 𝑉𝑖𝑛 is the dependent variable, the utility that a route generates to a cyclist based on the characteristics of the 248 

route and the user 249 

    is the constant of the model 250 

  𝑛 are the parameters for the route attributes 251 

    are the parameters for the cyclist profile attributes 252 

*The attributes defined for the route are: 253 

 Percentage of bike path on the route 254 

 Percentage of highway on the route 255 

 Percentage of First Order Street on the route 256 

 Percentage of Second Order Street on the route 257 

 Average slope  258 

 Public traffic volume on the route 259 

 Private traffic volume on the route 260 

*These attributes are calculated for each of the routes determined in the set model generation. 261 

The attributes defined for the profile cyclist are: 262 

 Gender 263 

 Age 264 

 Stratum 265 

 Income 266 

 Education 267 

 Skills using the bicycle (1 to 5, where 5 means high skills) 268 

 Experience using the bicycle as a transport mode for daily trips 269 
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3. CASE OF STUDY 270 

Both the route set generation sub-model and route selection model were applied in Bogota, Colombia. Bogota has 271 

more than 360 km of bike paths, and generates approximately 611500 trips by bicycle per day, which corresponds to 272 

3% of the total trips of the city (Preparado por la Unión Temporal Steer Davies & Gleave Limited y Centro Nacional 273 

de Consultoría, 2011). There are three peak hours for the bicycle trips: 6 am to 8 am, 12 pm to 2 pm, and 5 pm to 6 pm. 274 

In these peak hours, the percentage of trips made by bicycle increases more than 3%. Also, 72% of these trips are 275 

mandatory trips (work, study, job searching, and work issues). Low-income people make the majority of cycling trips 276 

in Bogota. Work commuting is the most common purpose for these trips. For people with high-income, the main 277 

reason for using a bicycle is recreational. The average travel time made by bicycle is 26 minutes, and the distance 278 

traveled average is 6,6 km. Additionally, low-income people in Bogota have to expend more time and travel long 279 

distances compared with the averages (Preparado por la Unión Temporal Steer Davies & Gleave Limited y Centro 280 

Nacional de Consultoría, 2011).  281 

To find the parameters of the model PSL, extensive geographically based surveys that included socio 282 

demographic characteristics were conducted. To determine the place to make the survey, we chose the 283 

origin-destination pairs with the highest number of bicycle trips according to mobility surveys. Then, we identified 284 

which were the main streets, the bike paths, and secondary roads that connect those OD pairs. With these options, we 285 

selected 12 points across the city (covering the entire city and the entire strata) to make the survey. In total, 605 surveys 286 

were conducted. 287 

Cyclists were stopped at intersections so they could answer a set of questions that included socio 288 

demographic characteristics (described in the previous section), bicycle skills, frequency of trips, and its 289 

geographically-based travel route. For the route, interviewed people had to draw on a map the route, describing the 290 

links on the transport network used during the bicycle journey.  291 

4. RESULTS 292 

Socio demographic variables that affect the route selection based on the survey were identified for Bogota. For this 293 

purpose, we conducted standard linear regressions. In the regression, the dependent variable was % of the route – the 294 

bike path – and the independent variable was the level of study. The main results from the regression analysis are 295 

shown in table 1. 296 

 297 

 298 

TABLE 1 Linear Regression Use of Bike Paths Based on Education Level 299 
  300 

 (Reg1) (Reg2) 

VARIABLES %Bike Path % Bike Path 

   

Bikepath_MS 0.0657**  

 (0.0282)  

Bikepath_B  0.129*** 

  (0.0300) 

Constant 78.59*** 78.06*** 

 (1.058) (1.011) 

   

Observations 605 605 

R-squared 0.009 0.030 

Standard errors in parentheses 301 

*** p<0.01, ** p<0.05, * p<0.1 302 

 303 

 304 

In Table 1, MS refers to the cyclists whose maximum level of study is middle school, and B refers to the 305 

cyclists whose maximum level of study is high school. Comparing the regression 1 with the regression 2, we found 306 

that, on average, the highest level of education means more use of bike paths. 307 

 308 

 309 

 310 
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 311 

TABLE 2 Linear Regression Use of Highways Based on Education Level 312 
 313 

 (Reg1) (Reg2) (Reg3) 

VARIABLES Highway Highway Highway 

    

Highway_Stratum1and2 0.944***   

 (0.0211)   

Highway_MS  0.849***  

  (0.0597)  

Highway_B   0.696*** 

   (0.164) 

Constant 2.115*** 5.586*** 6.934*** 

 (0.303) (0.518) (0.581) 

    

Observations 605 605 605 

R-squared 0.768 0.251 0.029 

Standard errors in parentheses 314 

*** p<0.01, ** p<0.05, * p<0.1 315 

 316 

In this case, shown in Table 2, the dependent variable was the percentage of highway on the route selected. 317 

The results from this regression show that, on average, people with a low income find it more significant to use 318 

highways than people with high income. Similarly, for education, people with a low level of study, on average, prefer 319 

to use the highway compared with people with a high school degree. It is important to note that for al the cyclists, the 320 

bike path on the route is significant, but the significance has a variance depending on the characteristics of the cyclist. 321 

By using the same regression methodology, it was possible to conclude other relationships between route 322 

characteristics and user demographics. For example, those users who consider themselves competent or have more 323 

than three years of experience would also favor routes with a highway component.  324 

On the other hand, people with less experience (less than one year) prefer segregated cycling infrastructure 325 

such as bike paths. 326 

In relation to income, the results from our analysis suggest that residents of low-income areas, on average, 327 

have a significant portion of routes on highways. However, it is important to note that although Bogota has more than 328 

360 km of bike paths, there are some low-income districts without segregated bicycle paths. Therefore, it cannot be 329 

concluded that a low-income person prefers on-road cycling as today limited off-road alternatives are offered.  330 

In contrast, based on the data collected, low-income users are not educated but highly experienced riding 331 

bicycles.  332 

It was also interesting to find that in the survey, the women use more bike paths compared with the men. 333 

And the men found it more attractive to use the highway than the women. It is possible that the survey did not 334 

represent well the behavior of the female gender, the variance is not significant, and the percentage of women in the 335 

survey (13%) is less than the percentage of women in the mobility survey (26%). 336 

Finally, considering the geographically based surveys of routes conducted, longer routes would have more 337 

segments in main roads and less in secondary roads. This is due to the fact that routes using highways in most cases 338 

represent the shortest route. Therefore, users of long distance routes are more likely to prefer the shortest path even 339 

though it might not provide proper cycling infrastructure.  340 

Before a PSL model could be developed for all types of users, a route set generation sub-model was 341 

developed for the area of influence of the surveys conducted. Seven options (one for each label) and the short route 342 

were created for 545 surveys. The remaining surveys (10% of the total) were reserved for validation purposes of the 343 

route set sub-model and network assignation model. The results for the eight options analyzed are presented in the 344 

following table. 345 

 346 

TABLE 3 Label Characteristics 347 

Option  Label 

Characteristics 

% of 

bike 

path 

% of 

highway 

% of First 

Order Street 

% of Second 

Order Street 

Public 

traffic 

volume 

Private 

traffic 

volume 

Slope  

% 

1 Bike path 79,55% 4,71% 4,45% 11,19% 34,21 163,73 1,95 
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2 Highway 2,80% 65,26% 14,18% 17,87% 362,76 1183,6 1,99 

3 
First Order 

Street 
11,50% 16,67% 49,33% 22,51% 107,31 530,03 2,08 

4 
Second Order 

Street 
5,21% 5,74% 5,42% 83,62% 148,59 420,09 2,13 

5 Slope 17,29% 27,53% 18,41% 36,77% 182,1 672,38 2,06 

6 Intersection 31,39% 29,37% 9,82% 29,41% 188,41 897,36 1,98 

7 Traffic Volume 65,67% 4,84% 2,68% 26,80% 56,49 351,31 1,93 

8 Short route 14,13% 30,16% 19,96% 27,85% 364,32 675,77 2,01 

 348 

 349 

With this route set, a discrete choice model based on PSL was developed. This PSL uses statistical 350 

descriptions and the regressions deducted from the surveys. As a result, four combinations of model results appear to 351 

have statistical significance. They are described next. 352 

Model 1 353 
Model 1 takes into account the % of bike path on each route. This model allows determining how much the % 354 

of bike path on a route increases the utility for cyclists. The results from model 1 are shown in table 4. The following 355 

equation expresses the model in a mathematical way: 356 

 357 

    ( 𝑝      |          𝑗)  
 𝛽0+𝛽1×%         ℎ𝑖+ln𝑃𝑆 

∑  𝛽0+𝛽1×%         ℎ𝑖+ln𝑃𝑆 
𝑗
𝑖

 

TABLE 4 Paramaters Model 1 358 

Option Parameter Value Z  

All the 

options 
β1 (%Bike path)  0.07  12.37  

1 β0  -1.16  -2.97  

2 β0  0(base)  . 

3 β0  -0.24  -0.42  

4 β0  -0.08  -0.22  

5 β0  0.30  0.77  

6 β0  -2.90  -3.11  

7 β0  -1.96  -4.92  

8 β0  -0.52  -0.94  

Model 2 359 
In this model, we included the gender factor. This variable was investigated in relation to the % of bike path 360 

or segregated infrastructure on each route. The first was because the gender was a dummy variable where 1 is male and 361 

0 female. The second was to evaluate the PSL based on the interaction between gender and bike path; this interaction 362 

reveals whether there is more utility for gender over the other. The following equation expresses the model in a 363 

mathematical way: 364 

 365 

    ( 𝑝      |          𝑗)  
 𝛽0+𝛽1×%         ℎ𝑖+𝛽2×%         ℎ𝑖 ×𝑑 𝑚𝑚  𝑔 𝑛𝑑   + ln𝑃𝑆 

∑  𝛽0+𝛽1×%         ℎ𝑖+𝛽2×%         ℎ𝑖 ×𝑑 𝑚𝑚  𝑔 𝑛𝑑   + ln𝑃𝑆 
𝑗
𝑖

 

 366 

TABLE 5 Paramaters Model 2 367 

Option Parameter Value Z  

All the 

options 

β1 (%Bike 

path)  
0.12  5.08  
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All the 

options 

β2 (dummy 

gender * % 

bike path)  

0.07  -2.13  

1 β0  -1.20  -2.99  

2 β0  0(base)    

3 β0  -0.22  -0.37  

4 β0  -0.07  -0.18  

5 β0  0.31  0.78  

6 β0  -2.87  -3.06  

7 β0  -1.99  -4.86  

8 β0  -0.50  -0.90  

 368 

 369 

Model 3 370 
In model 3 the utility was only calculated based on the percentage of highway. As expected, the sign of the 371 

constant is negative, which could be interpreted as people do not prefer to use the highway if they have another option. 372 

 373 

    ( 𝑝      |          𝑗)  
 𝛽0+𝛽1×%ℎ𝑖𝑔ℎ𝑤  𝑖+ln𝑃𝑆 

∑  𝛽0+𝛽1×%ℎ𝑖𝑔ℎ𝑤  𝑖+ln𝑃𝑆 
𝑗
𝑖

 

TABLE 6 Paramaters Model 3 374 

Option Parameter Value Z  

All the 

options 

β1 

(%Highway)  
-0.019  -3.63  

1 β0  2.35  9.85  

2 β0  0(base)    

3 β0  -0.55  -1.01  

4 β0  0.99  3.51  

5 β0  0.33  1.01  

6 β0  -2.73  -3.68  

7 β0  0.95  3.58  

8 β0  -0.71  -1.41  

 375 

Model 4 376 
 377 

Finally, in model 4, the following independent variables were included:  378 

 % of highway on the route and  379 

 level of study 380 

 if the cyclist only finished middle school or earned a bachelor’s degree:  381 

    ( 𝑝      |          𝑗)

 
 𝛽0+𝛽1×%ℎ𝑖𝑔ℎ𝑤  𝑖+𝛽2×%ℎ𝑖𝑔ℎ𝑤  𝑖 ×𝑑 𝑚𝑚  𝑚𝑖𝑑𝑑     ℎ    +𝛽3×%ℎ𝑖𝑔ℎ𝑤  𝑖 ×𝑑 𝑚𝑚     ℎ    + ln 𝑃𝑆 

∑  𝛽0+𝛽1×%ℎ𝑖𝑔ℎ𝑤  𝑖+𝛽2×%ℎ𝑖𝑔ℎ𝑤  𝑖 ×𝑑 𝑚𝑚  𝑚𝑖𝑑𝑑     ℎ    +𝛽3×%ℎ𝑖𝑔ℎ𝑤  𝑖 ×𝑑 𝑚𝑚     ℎ    + ln 𝑃𝑆 
𝑗
𝑖

 

 382 

TABLE 7 Paramaters Model 4 383 

Option Parameter Value Z  
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All the 

options 
β1 (%Highway)  -0.014  -2.61  

All the 

options 

β2 (dummy Middle 

school x %highway)  
0.004  3.06  

All the 

options 

β3 (dummy bachelor x 

%highway)  
-0.053  -2.06  

1 β0  2.11  8.68  

2 β0  0(base)    

3 β0  -0.63  -1.16  

4 β0  0.95  3.38  

5 β0  0.30  0.91  

6 β0  -2.70  -3.64  

7 β0  0.80  3.00  

8 β0  -0.72  -1.43  

 384 

As in model 2, on average, people with low levels of education prefer more to use highways than people 385 

with high levels of education. It is important to note that the existence of highways on the route option generates, on 386 

average, a disutility (B1 = -0.014) for all users. However, people with high levels of education have a higher disutility 387 

compared with other users. 388 

However, validation of each model, using the 10% of surveys not used, showed a different result for each 389 

model. The coefficient of determination (r2) is 0.46 for model 1, 0.09 for model 2, 0.38 for model 3 and 0.60 for model 390 

4. Statistics tests for model 4 appear to be more significant than the others and selected as the most appropriate for the 391 

case of Bogota. 392 

Finally, having chosen model 4 as the best model to assign the trips for this case of study, we made a 393 

comparison with all or nothing model, which was normally used in Bogota. Hence, for the remaining surveys, we 394 

simulated the selected route based only on the distance, the short distance. Once we identified the shortest route, we 395 

calculated the % of bike path on the route and compared it with the value of the observed value. Then, we determined 396 

the coefficient of determination to evaluate how much all or nothing model explained the reality. The all or nothing 397 

model only explains 4 of 100 scenarios simulated. 398 

 399 

 400 

5. CONCLUSIONS 401 

Based on the sample and the model, we found that, on average, having a bike path on the route increases the utility of 402 

the cyclists, and having a highway decreases it. However, this utility or disutility is different for different kinds of 403 

cyclists. For example, for females it is more significant to have bike paths on their route than for men. Also, people 404 

with high levels of educations prefer, on average, to use the bike path or segregated infrastructure.  405 

Based on results for Bogota, it could be argued that people who have less disutility using a highway, 406 

probably have low-incomes and live in a zone with a general low-income standard. However, the research cannot 407 

determine whether this preference for highways is based on their income level or related to the fact that low-income 408 

areas have poor segregated bicycle paths.  409 

The set generation sub-model appears as an appropriate methodology to calculate the different options that 410 

cyclists have to get to their destination for two main reasons. In the first, routes are avoided that have a long distance 411 

and will not be feasible for the cyclists. The average distance of the options will be realistic because it was calculated 412 

from an observation of the reality. Second, when the options are calculated, there is an option that perfectly fits with 413 

the option that the cyclist of the sample chose. In this regard, it is possible to calculate the Path Size Logit because we 414 

have information about the options that the cyclists have, and that which they choose. 415 

The PSL, with the characteristics of the route and the cyclist in the utility function, was found to be a better 416 

option to assign bicycle trips to the network than using an all or nothing approach based on the shortest path. Survey 417 

results demonstrated in this study that cyclists have different behaviors and value differently the characteristics of the 418 

routes. Although some of them prefer to go on the shortest route, there are other cyclists who prefer to use the bike 419 

paths regardless of whether these are a longer distance. 420 

In conclusion, the aim of this study, to develop an assignment method for bicycle trips to a transport 421 
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network, was achieved. Based on these findings, with the structured model it is possible to assign the bicycle trips to 422 

the network if an OD matrix is available for the city. Also, this methodology is applicable to any city, however, the 423 

parameters have to be calculated again (with a survey) based on the determination of the socio demographic 424 

characteristics that affect the study dependent variable. 425 

For future work, it is of great value to determine which are more justifiable from statistical manner reasons 426 

that justify the perception of people of low levels of education and low incomes in relation to highways or main roads.  427 

 428 
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