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Abstract 

 

On Modeling Telecommuting Behavior: Option, Choice and Frequency 

 

Palvinder Singh, M.S.E. 

The University of Texas at Austin, 2012 

 

Supervisor:  Chandra R. Bhat 

 

The current study contributes to the already substantial scholarly literature on 

telecommuting by estimating a joint model of three dimensions- option, choice and 

frequency of telecommuting. In doing so, we focus on workers who are not self-

employed workers and who have a primary work place that is outside their homes. The 

unique methodological features of this study include the use of a general and flexible 

generalized hurdle count model to analyze the precise count of telecommuting days per 

month, and the formulation and estimation of a model system that embeds the count 

model within a larger multivariate choice framework. The unique substantive aspects of 

this study include the consideration of the “option to telecommute” dimension and the 

consideration of a host of residential neighborhood built environment variables. The 2009 

NHTS data is used for the analysis, and allows us to develop a current perspective of the 

process driving telecommuting decisions. This data set is supplemented with a built 

environment data base to capture the effects of demographic, work-related, and built 

environment measures on the telecommuting-related dimensions. In addition to providing 

important insights for policy analysis, the results in this study indicate that ignoring the 
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“option” dimension of telecommuting can, and generally will, lead to incorrect 

conclusions regarding the behavioral processes governing telecommuting decisions. The 

empirical results have implications for transportation planning analysis as well as for the 

worker recruitment/retention and productivity literature.  
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Chapter 1:  Introduction 

1.1   BACKGROUND AND MOTIVATION 

The confluence of a need to reduce traffic congestion during the peak periods, as well as 

reduce vehicle miles of travel due to work-related travel (which contributes to Green 

House Gas (GHG) emissions), has led planning organizations and regional governments 

to consider several demand management actions, one of them being the promotion of 

telecommuting. Telecommuting, generally defined as “using technologies to work at 

home or at a location close to home instead of commuting to a conventional work place at 

the conventional time” (Bagley and Mokhtarian, 1997), is particularly suited to 

companies that specialize in occupations with high usage of computers and 

telecommunications. In turn, studies in family economics and personnel management 

suggest that these companies may realize enhanced employee productivity, increased 

women and minority labor force participation, improved work force retention, as well as 

savings in office space and other office overheads (see Applebaum et al., 2005, 

Thompson and Coovert, 2006, and Golden, 2008). In fact, a study by the General 

Services Administration (GSA, 2006) reported that the financial benefit a company 

accrues by allowing its employees to telecommute far outstrips the cost to the company 

of providing the necessary telecommuting products and services (see also Robert and 

Borjesson, 2006). At the same time, potential benefits of telecommuting to employees 

include work schedule flexibility, reduced transportation costs, lower overall commuting 

stress levels, improved job satisfaction, and improved work-family life balance (Madsen, 

2003, Potter, 2003, Gajendran and Harrison, 2007, Hilbrecht et al., 2008, and Fonner and 

Roloff, 2010). Thus, instituting telecommuting programs may not only enable planning 

organizations to reduce traffic congestion/GHG emissions, but also may provide tangible 

benefits to employers and employees. However, there are also potential problems 
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associated with telecommuting for both employers and employees. For employers, 

telecommuting may lead to a loss in employee team spirit and camaraderie, inability to 

monitor employees and their work timing patterns, tax-related implications, and data 

security problems (Madsen, 2003, Canadian Teleworkers Association, 2005, Cowell and 

Dunn, 2006, and Moon, 2007). For employees, the costs of telecommuting may include 

social isolation, career prospect worries, and a loss of a clear activity rhythm (with its 

associated adverse mental psychological implications; see DeWall and Baumeister, 2006, 

Towers et al., 2006, Bartel et al., 2007, Gajendran and Harrison, 2007, Marsh and 

Musson, 2008, and Russell et al., 2009).  

The benefits and costs of telecommuting in terms of productivity, management, 

and family interaction considerations have been studied extensively in the psychology, 

management, and sociology fields, respectively (see Dambrin, 2004, Siha and Monroe, 

2006, and Morganson et al., 2010). On the other side, urban planners and transportation 

researchers have focused on examining the potential impacts of telecommuting on 

regional land-use and travel patterns (see Choo et al., 2005, Ory and Mokhtarian, 2006, 

Tayyaran and Khan, 2007, and Ettema, 2010). For instance, from an urban planning 

perspective, a natural question that arises is whether telecommuting would lead to the 

urban sprawl of our societies (that is, will people with the option to telecommute relocate 

to residences that are not in close proximity to dense work locations). Similarly, from a 

transportation perspective, a question that arises is how will potential residential pattern 

shifts due to telecommuting, as well as telecommuting itself, impact travel patterns?  

Early predictions of the telecommuting effects on travel focused exclusively on the 

substitution effect of telecommuting (that is, the reduction of work trips). However, it has 

become clear that telecommuting will not only substitute for work trips, but may also 

generate new trips due to travel to a satellite office, travel that was previously linked to 
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the work commute, travel generated by increased leisure time and increased schedule 

flexibility, and travel performed by other household members due to the increasing 

availability of a vehicle (Pratt, 2002, Glogger et al., 2008, Hjorthol and Nossum, 2008, 

and Zhou, 2008). But many of these new trips are likely to be undertaken in the off-peak 

periods, and it is generally agreed that telecommuting should contribute to a reduction of 

peak period trips. Thus, though the overall impacts of telecommuting on productivity, 

lifestyles, and travel can be complex (or should we say because of this), there is an 

interest in understanding who the people are who are likely telecommuters, and on 

exploring the influence of the land-use and transportation systems on telecommuting 

decisions. This is central not only to understanding the impacts of telecommuting, but 

also to predict the extent of telecommuting in the future, and to identify work place, land-

use, and transportation-based policy instruments that may gainfully be used to influence 

the extent of telecommuting.  

1.2  CHARACTERIZATION AND MODELING OF TELECOMMUTING 

The discussion above clearly highlights the importance of examining the factors that 

influence telecommuting, and has led to many studies examining this issue. These earlier 

studies may be categorized based on four considerations in terms of how they have 

characterized and modeled telecommuting. Each of these considerations is discussed in 

turn in the subsequent four subsections. At the end of each subsection, we position the 

current research work within the larger context of earlier studies. 

1.2.1  Who is a telecommuter? 

The literature has used different and often rather ambiguous definitions of who qualifies 

as a telecommuter (see Felstead and Jewson, 2000, Green et al., 2003, and Mokhtarian et 

al., 2005 for discussions on this issue). In many instances, the definition is determined by 
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how the survey instrument obtained responses (or did not obtain details) regarding work 

locations and work patterns. In terms of work location, for instance, some studies 

consider salaried workers with a regular and primary work place outside home, but who 

work from home instead of traveling to their work place on some days, as telecommuters. 

This is the most common way of defining telecommuters. However, some other studies 

blur the distinction between telecommuters as defined earlier and self-employed home-

based business (HBB) workers (for example, see Drucker and Khatak, 2000 and 

Tremblay, 2002). From the standpoint of potential traffic congestion relief and associated 

benefits of working at home, it is clearly important to distinguish between employees 

whose primary work location is outside home (and where they travel to work on non-

telecommuting days) and self-employed and/or home-based business workers (whose 

primary work place is home).  Some other studies (for example, Stanek and Mokhtarian, 

1998, Valsecchi, 2006, Vana et al., 2008 and Forgacs, 2010) extend the definition of 

telecommuters to include individuals who work from a center close to home (instead of 

traveling to their regular and primary work location). While this broader definition of 

telecommuters is appropriate, most telecommuting studies confine attention to those who 

work from home, primarily because of survey data collection considerations. Finally, 

studies vary on the characterization of a telecommuter based on the number of days an 

individual works from home (or a center close to home). Thus, Peters et al. (2003) define 

a telecommuter as an individual who telecommutes at least once a week; Ducker and 

Khattak (2000), Yeraguntla and Bhat (2005), Tang et al. (2007, 2008), and Vana et al. 

(2008) define a telecommuter as an individual who telecommutes at least once a month; 

Walls et al. (2007) define a telecommuter as an individual who telecommutes at least 

once in two months; and Sener and Bhat (2010) define a telecommuter as an individual 

who telecommutes at least once a year. From the standpoint of traffic congestion relief 



 5 

and associated societal benefits, one could argue that individuals who telecommute about 

once a year would not contribute substantially, while focusing only on those who 

telecommute once a week would be restrictive. On the other hand, considering those 

individuals who telecommute once a month or more frequently would be appropriate for 

analyzing telecommuting benefits.  

In the current study, we focus on workers who are not self-employed workers and 

who have a primary work place that is outside their homes. Within this group of workers, 

a telecommuter is an individual who works at least once a month from home instead of 

going to her/his primary work place.  

1.2.2 Observable Dimensions of telecommuting 

There are three observable dimensions that characterize the extent to which 

telecommuting is adopted by firms and their employees. The first is whether or not 

employers provide their employees the opportunity to telecommute, which may depend 

on the nature of the job, the state of the technology, and the organization structure of the 

employer. While these may be considered as supply-side issues, in the medium-to-long 

term, individuals themselves have the ability to prepare themselves and seek 

employers/jobs that provide them the opportunity to telecommute. Besides, in some 

cases, individual employees may have the autonomy to decide whether to have a 

telecommuting arrangement or not by themselves or jointly with their employer 

(Tremblay, 2002). The second and third dimensions correspond to an employee’s 

adoption (or choice) of telecommuting and the frequency of telecommuting, which will 

certainly depend on whether the employee has the option to telecommute and employee 

preferences for telecommuting. Conditional on the option to telecommute, these second 

and third dimensions may be viewed primarily as demand-side issues (i.e., based on 

employee preferences). Clearly, the modeling of the final observed practice of 
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telecommuting must consider both the supply side and demand side issues in a joint 

framework, since employers’ adoption of telecommuting as perceived by the employee 

(the “supply” side) and employees’ preference for telecommuting (the “demand” side) 

come together and determine employees’ practice (choice and frequency) of 

telecommuting.  

The family economics, personnel management, and the psychology literature has 

focused somewhat more on the “supply side” option of telecommuting, including 

employer perspectives (recruitment and retention strategies and benefits packages), and 

employee perspectives on long-term job choices (for example, see Wang and Walumbwa, 

2007, Beutell, 2010, and Wang et al., 2010). The urban planning and transportation 

literature on telecommuting, on the other hand, has focused more on the demand-side 

dimensions of telecommuting, with almost no consideration of the supply-side 

dimension. On the demand side, several studies have focused directly on employee 

preferences of telecommuting, without actually modeling the revealed practice (choice 

and frequency) of telecommuting. Most of these studies use a stated preference (SP) 

elicitation approach and undertake an extensive psychometric analysis of the drives and 

constraints influencing employee telecommuting preference (see Bagley and Mokhtarian, 

1997 and Mokhtarian and Salomon, 1997). Other, more recent, studies (for example, see 

Walls et al., 2007, Tang et al., 2008, and Sener and Bhat, 2010) focus on modeling the 

actual observed choice and/or frequency of telecommuting using a revealed choice study, 

based on an econometric analysis of underlying (latent) preferences for telecommuting 

that are related to observed work-related and individual/household demographic 

attributes.1    

                                                 
1 Of course, one could combine the psychometric as well as econometric approaches by modeling both 

telecommuting preference and observed telecommuting practice, making use of attitudinal factors as well 

as observed employee attributes. This is an area that is wide open for further research.   
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It is indeed interesting to note that only two studies that we are aware of 

(Bernardino and Ben-Akiva, 1996 and Peters et al., 2003) consider both the demand-side 

and the supply-side dimensions of telecommuting. Specifically, Bernardino and Ben-

Akiva (1996) examined, using a mid-1990 survey of employers and employees of 120 

organizations who allowed telecommuting for at least some employees, the attributes of 

(a) any formal telecommuting program arrangement designed by the organization and 

whether this formal program was offered to employees (it was, however, not necessary 

that any formal program be in place within the organization), and (b) whether an 

employee telecommuted or not.  Peters et al., 2003 also examined, using a 2001 work and 

information technology survey of 849 employees in the Netherlands, (a) whether an 

employee is provided the opportunity to telecommute by her/his employer, (b) whether 

the employee would like to telecommute, and (c) whether the employee actually practices 

telecommuting. In both of these earlier works, a person is considered to be a 

telecommuter if s/he works from home at least once a week, which essentially ignores 

those who telecommute less frequently than once a week. Further, both these studies 

ignore the important dimension of telecommuting frequency. Unlike these two studies, 

the current study accommodates individuals who telecommute even once a month. Also, 

whether or not an employee has the option to telecommute (in the rest of this study, we 

will use the term “option to telecommute” to refer to the “opportunity to telecommute”) 

will most definitely impact the employee’s choice and frequency of telecommuting. In 

fact, whether the employee has the telecommuting option (that is, perceives the 

availability of this option) acts as a hard constraint on actual telecommuting practice --

individuals not having the option to telecommute will not telecommute at all. While there 

may always be the occasional work from home “bouts” by an employee who is not 

regularly allowed to telecommute, such bouts are likely to be far and few in-between if 
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the employee feels that she/he does not have the option to telecommute on her/his job. 

From this perspective, the analyst may consider the choice and frequency of 

telecommuting as being available only to those who perceive that they have the option to 

telecommute. This is exactly the same as the issue of choice set formation in typical 

discrete choice models. As already emphasized in that literature, failure to properly 

specify the choice set can lead to biased choice model parameters, and a lack of 

robustness in parameter estimates (see Shocker et al., 1991 and Basar and Bhat, 2002).  

The current study contributes to the recent demand-side literature by modeling the 

actual observed choice and frequency of telecommuting using a revealed choice data set 

as obtained from the 2009 National Household Travel Survey (NHTS) data set. However, 

in addition, it considers the supply-side “option to telecommute” dimension as well, and 

models the option to telecommute (as perceived by the employee regarding whether or 

not she/he has the opportunity to telecommute). In doing so, we draw on literature from 

the family economics, management, and psychology literature, in addition to that in the 

regional science and travel demand literature. 

1.2.3 Modeling Methodology 

In this section, we will focus on earlier studies that use revealed preference data and 

econometric methods to model the observed dimensions of telecommuting. Further, the 

section is not intended to be a detailed review of earlier studies in this area as much as it 

is intended to position the current study (for recent reviews, the reader is referred to Tang 

et al., 2008 and Sener and Bhat, 2010). As indicated in the previous section, the primary 

focus in the earlier urban planning and transportation literature has been on the demand-

side (choice and/or frequency) of telecommuting. The earliest studies in this context (see, 

for example, Mannering and Mokhtarian, 1995, Bernanrdino and Ben-Akiva, 1996, and 

Mokhtarian and Salomon, 1996) focused on the choice of telecommuting with some 
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broad representation of frequency (such as “infrequently telecommute” and “frequently 

telecommute”). On the contrary, the last decade has seen more research focused on both 

the telecommuting choice as well as a measure of frequency that includes a time frame of 

reference (such as once a month, once a week, 2-3 times a week, and 4-5 times a week). 

Most of these studies consider choice and frequency as a single frequency variable (with 

the non-choice of telecommuting being the lowest frequency level), though more recent 

studies explicitly recognize that the telecommuting choice decision and the frequency of 

telecommuting may be governed by quite different underlying behavioral processes. 

These studies use separate models for choice and frequency, while also accommodating 

dependency in the two decisions due to common unobserved factors by considering a 

joint decision framework. For instance, unobserved individual-specific factors such as 

being techno-savvy or having a general preference to travel less may increase the 

propensity to telecommute and increase the frequency of telecommuting. Examples of 

such joint frameworks include Popuri and Bhat, 2003, Walls et al., 2007, Tang et al., 

2008, and Sener and Bhat, 2010. 

From a methodological perspective, there are two important differences between 

the current study and earlier studies. First, rather than use intervals for frequency among 

those who telecommute (such as once a month, 2-4 times a month, 5-8 times a month, 

and >= 9 times a month, or “once a year”, “a few times a year”, “once a month or more”, 

“once a week or more”, and “almost everyday”), we use the actual count of 

telecommuting frequency on a per month basis. Using these raw monthly counts provides 

a much better picture of the extent of telecommuting than using interval-level data. 

Besides, the number of telecommuting days per month take values anywhere from 1 to 

30, and warrant treatment as counts rather than as discrete interval level data. At the same 

time, while an ordered-response model may be used with each count value being an 
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ordered-response discrete category, this leads to too many discrete categories for 

estimation, especially because the number of individuals in the higher count categories 

can be as low as 1. In the current study, we use a count system for frequency that is based 

on the recent work by Castro, Paleti, and Bhat (2011) who show how any count model 

can be recast in the framework of a generalized ordered-response (GOR) model. In fact, 

the authors show how the recasting in the GOR form subsumes both the traditional 

ordered-response model structure as well as the traditional count model structure as 

restrictive and special cases. Their GOR formulation for count data allows high or low 

probability masses for specific count outcomes and makes it much easier to embed the 

resulting count model into multivariate equation systems, as discussed next. Second, we 

consider all three dimensions of telecommuting (option to telecommute, choice of 

telecommuting, and frequency of telecommuting). In this framework, we explicitly 

recognize that the choice and frequency of telecommuting decisions are applicable only 

to those individuals who have the option to telecommute. In addition, the frequency 

dimension of telecommuting comes into play only for those who make the choice to 

telecommute. At the same time, we model all the decisions jointly to account for the 

possible presence of common individual-specific unobserved factors that may impact all 

three decisions. 

1.2.4 Variables Considered 

Most previous large-scale econometric studies on telecommuting choice and frequency 

have considered household/individual demographic variables as explanatory variables 

(see, for example, Popuri and Bhat, 2003 and Drucker and Khattak, 2000). On the other 

hand, Walls et al. (2007) and Sener and Bhat (2010) considered demographic variables as 

well as an extensive set of work-related factors. Tang et al. (2008) examined the effects 

of objective residential neighborhood built environment factors, as well as subjective 



 11 

perceptions of these factors. However, they consider few demographic variables and no 

work-related variables (other than commute time). In this study, we consider an extensive 

set of demographic, work-related, and built environment variables.  A limitation of our 

variable specification, though, is that we do not have variables related to the employer in 

terms of employer size and organizational characteristics. Also, the range of industry 

types and job types captured in the survey we use is coarse.  

In Summary, the current study aims to contribute to the existing literature on 

telecommuting by focusing on the number of days per month that employees work from 

home. In doing so, we focus on workers who are not self-employed workers and who 

have a primary work place that is outside their homes. The study models all the three 

observable dimensions of telecommuting – option to telecommute, choice to 

telecommute, and frequency of telecommute -- using an integrated model system. The 

2009 NHTS data is used for the analysis, and allows us to develop a current perspective 

of the process driving telecommuting decisions. This data set is supplemented with a built 

environment data base to capture the effects of demographic, work-related, and built 

environment measures on the telecommuting-related dimensions.  

 



 12 

Chapter 2: Data Source and Sample Description 

2.1  DATA SOURCES 

The primary data for the current study is drawn from the 2009 National Household Travel 

Survey (NHTS) conducted by the U.S. Department of Transportation during the period of 

March 2008 through May 2009. The survey was administered by telephone using a Random 

digit dialing (RDD) procedure and Computer - Assisted Interviewing (CATI) technology, and 

allowed respondents to provide information in English or Spanish. The survey collected 

information from respondents aged five years or more for about 150,000 households, 

including details of household demographics, person level attributes, household vehicle fleet 

characteristics, and trip characteristics on the survey day (see U.S. DOT-NHTS, 2009).  

Several questions regarding employment were solicited in the survey. In the current 

study, the focus is on individuals who indicated that (a) they worked for pay or profit in the 

week prior to the survey day, (b) were not self-employed, and (c) had a primary work location 

outside home. The question that formed the basis for determining whether the worker (as 

identified above) had the opportunity to telecommute was as follows: “Do you have the option 

of working at home instead of going into your primary workplace?”. A positive response to 

this question led to another subsequent question: “How many times in the last month did you 

work only at home for an entire work day instead of traveling to your usual {primary} 

workplace?”.  This subsequent question formed the basis for constructing the choice and 

frequency of telecommuting dependent variables. To be specific, all the respondents who 

reported a non-zero value for the number of times they worked at home in the last month are 

coded as choosing to telecommute, and the corresponding actual positive count serves as the 

frequency variable. 
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2.2  SAMPLE DESCRIPTION 

In the current study, we focused on the NHTS sample corresponding to the San Francisco Bay 

area for two main reasons. First, the research team has developed an extensive set of built 

environment (BE) measures at the level of traffic analysis zones (TAZs) for the Bay area, 

which was used in the study to investigate the effects of residential TAZ characteristics on 

telecommuting behavior
2
. Second, the research team has access to the California add-on data 

of the NHTS sample with information on the census tract of each household residence, which 

was used as the basis to merge the BE measures with the demographic and work-related 

characteristics of individuals and households obtained in the NHTS survey. The study area 

comprises nine counties, including Alameda, Contra Costa, Marin, Napa, San Francisco, San 

Mateo, Santa Clara, Solano, and Sonoma.  

In addition to BE measures such as length of bicycle lanes and highway lanes within 

each TAZ, we also developed several TAZ-level accessibility measures for the analysis. 

These accessibility measures are Hansen-type measures (Fotheringham, 1983) and are 

computed for the auto mode, using the land-use/demographic and level-of-service files 

obtained from the Metropolitan Transportation Commission (MTC).  The accessibility 

measures take the form below: 

  ,
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where 
d

iA  denotes the accessibility from zone i for activity type d, 
d

jE  is the number of 

establishments of activity purpose d in zone j (except for the recreational purpose, where 
d

jE  

is the open space in acres in zone j), ijt  is the travel time from zone i to zone j by auto and N is 

the total number of TAZs in the San Francisco Bay area.  

The final sample used for the analysis includes 2563 workers, of whom 582 workers 

(22.7% of total work force) have the option to telecommute. Of the 582 workers who have the 

                                                 
2 See Bhat and Guo, 2007 for a description of the data sources and methodologies for computing the BE 

measures. 
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option to telecommute, 394 (about 68% of those with the telecommuting option and 15.4 % of 

all workers) choose to telecommute. The number of telecommuters as a percentage of all 

workers (with a primary work place outside home) is similar to those reported in the Sener 

and Bhat (2010) study for the Chicago region (14%) (after re-classifying workers who 

telecommute less than a month in the Sener and Bhat study as non-telecommuters, to be 

consistent with the telecommuter definition in the current study). Figure 1 presents the 

distribution of frequency of telecommuting days in the past one month of telecommuting. 

Among those who telecommute, the mean frequency of telecommuting per month of 

telecommuting is 6 days (the range is from 1 to 30). 
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Figure1: Distribution of frequency of telecommuting days in past one month 
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Table 1 presents the sample descriptive statistics for key explanatory variables 

considered in our analysis.3 The sample statistics in Table 1 are quite close to the 

corresponding population statistics for the San Francisco Bay region. For instance, among the 

individual demographics, the first variable indicates that the workforce for the San Francisco 

Bay Area in the data set is about equally split between males (51.42%) and females (48.58%). 

The corresponding split obtained from the statistics presented by “San Francisco Department 

on the Status of Women” shows 54% male and 46% female involvement in the labor force. 

Similarly, among the work characteristics, the first variable indicates that about 80% of 

individuals worked full time (greater than 34 hours per week), while about 20% worked on a 

part time basis. These percentages are close to the overall percentages of full-time (78.58%) 

and part-time (21.42%) workers in the State of California (see Census, 2000).  

 

 

 

 

 

 

 

 

 

 

 

                                                 
3 For presentation ease, and as in Table 2 and Table 3, we will include three variables; internet usage 

characteristics, whether the individual made any walk trips during the past week, and whether the individual 

made any bicycle trips during the past week; within the category of individual demographics. Similarly, we will 

include location factors such as “TAZ in rural area or suburban area” as well as TAZ demographics (such as 

population and number of households) within the category of built environment measures. This presentation 

structure will be used throughout the study.  
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Table 1:   Sample Characteristics 

Explanatory Variables Count 
Sample 

Share (%) 

Individual Demographics     

  Gender     

   Male 1318 51.42 

   Female 1245 48.58 

 Marital Status   

  Married 1637 63.87 

  Single 926 36.13 

  Age      

  16 to 35 years 462 18.03 

  36 to 50 years 1025 39.99 

  51 to 65 years 964 37.61 

  More than 65 years 112 4.37 

 Education    

  High School 432 16.86 

  College or Associate's Degree 675 26.34 

  Bachelor's Degree (BA, AB, BS) 742 28.95 

   Graduate/Professional Degree (MA, MS, MBA, MD, PhD, EdD, ID) 714 27.85 

 Internet Usage   

  Rarely in one month 278 10.85 

  Several times a week 241 9.40 

  Almost everyday 2044 79.75 

 Walk trips in past one week   

  zero trips 701 27.35 

  1 to 4 trips 982 38.31 

    5 trips 880 34.34 

 Bicycle trips in past one week   

  zero trips 2238 87.32 

  1 to 4 trips 247 9.63 

    5 trips 78 3.05 

 Work  Characteristics    

  Employment status     

   Part-time ( 34 hours per week) 513 20.02 

   Full-time ( > 34 hours per week) 2050 79.98 

 Flexibility to start work time   

            Yes 1263 49.28 

            No 1300 50.72 

  Occupation    

   Sales/service 510 19.90 

   Clerical or admin. Support 339 13.23 

   Manufacturing, construction, maintenance or farming 243 9.48 

   Professional, managerial or technical 1454 56.73 

   Other 17 0.66 



 18 

Table 1 (Contd.):   Sample Characteristics  

Explanatory Variables Count 
Sample 

Share (%) 

 Work  Characteristics  

          One-way commute Distance   

Less than or equal to 3miles 530         20.68 

Between 3-7 miles 543         21.19 

Between 7-12 miles 434         16.93 

Between 12-20 miles 483         18.84 

More than 20 miles 573         22.36 

          Have more than one job    

                  Yes 199           7.76 

                  No 2364         92.24 

 Household Demographics    

  Presence of children in the household     

   no child 1643 64.11 

   less than or equal to 5 years old 343 13.38 

   between 6 to 15 years old 577 22.51 

  Presence of a non-working senior citizen in the household     

   Yes 206 8.04 

   No 2357 91.96 

     Number of workers in the household     

   One 289 11.28 

   Two 1635 63.79 

   three or more 639 24.93 

        Household Income (in U.S. dollars)        

  Less than 30 K 187 7.30 

  Between 30-60 K 357 13.93 

  Between 60-100 K 613 23.92 

  More than 100 K 1406 54.85 

  Number of vehicles in the household     

   Zero 42 1.64 

   One 359 14.01 

   Two 1159 45.22 

   three or more 1003 39.13 

  Household race     

   Caucasian 1828 71.32 

   African American or Hispanic 194 7.57 

   Asian 430 16.78 

   Multiracial 27 1.05 

      Other Race 84 3.28 
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Table 1 (Contd.):   Sample Characteristics  

Explanatory Variables Count Sample Share (%) 

 BE Characteristics of Residential TAZ 

  TAZ Location         

            Rural area 204  7.96 

            Urban area 1106 43.16 

            Suburban area 810 31.60 

            Second City 443 17.28 

Descriptive Statistics 

Explanatory Variables Minimum Maximum Mean Std. Dev. 

  Total number of households  15    7787 2606.07 1137.99 

  Total Population 74  22141 6997.35 3181.25 

  Length (mileage) of bicycle lanes 0 56.43 4.76 5.96 

  Length (mileage) of highways 0 54.77 1.59 3.86 

  Employment accessibility  13.33 260.02 59.84 28.62 

  Accessibility to recreational (open spaces) opportunities  46.88 166.49 74.69 13.88 

  Accessibility to eat-out opportunities  0.12 2.36 0.49 0.32 

  Accessibility to religious opportunities  0.04 0.51 0.16 0.09 

  Accessibility to maintenance activities  0.66 9.18 2.71 1.41 

  Accessibility to automotive/carwash/repair centers  0.09 0.91 0.35 0.15 

 Accessibility to personal business centers 0.27 3.18 1.09 0.52 

  Accessibility to medical centers  0.24 4.28 1.03 0.62 

  Number of zones accessible by bicycle from the home zone within 12 miles 1 222 85.07 59.96 

  Number of zones accessible by bicycle from the home zone within 3 miles 0 78 14.13 12.58 

 

 



 20 

Chapter 3:  Methodological Framework 

3.1 THE FORMULATION 

Let q (q = 1, 2, …, Q) denote the index for individuals. The model structures for the option to 

telecommute and choice of telecommuting take the form of binary probit models as follows:  

       qqq vt  xβ
'*

,   01 *  qq tift and 00 *  qq tift                                      (2) 

       qqqc  wδ
'*

,  01 *  qq cifc and 00 *  qq cifc , qc observed if 1qt                  (3) 

where tq and cq are binary variables indicating whether individual q has the option to 

telecommute or not, and whether the individual chooses to telecommute or not, respectively; 

*

qt and 
*

qc  are the underlying continuous latent propensities of the two observed binary 

variables tq and cq respectively; β and δ are the vectors of parameters associated with the 

explanatory variables xq and wq (both including a constant); and q  and q  are random error 

terms, independently and identically distributed across all individuals, which represent all the 

unobserved factors impacting the first two choice decisions respectively. 
 
The frequency 

dimension takes the form of a count, and is modeled using a Generalized Ordered-response 

(GOR) framework as follows: 
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In the above equation, 1 denotes the inverse of the univariate cumulative standard 

normal function, yq is the count variable that represents the number of days individual q 

telecommutes per month, and 
*

qy  may be interpreted as the underlying latent continuous 

variable representing the long-term drive or propensity for telecommuting. This latent 

propensity is mapped to the observed count yq using the qψ vector, which is a vertically 

stacked column vector of thresholds ),.....,,,( ,2,1,0,1,


 Kqqqqq  . Note that 1,q  and 
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Kq, . The thresholds are written as functions of individual-related attributes (in the 

vector sq) that moderate the translation of the long-term telecommuting propensity to the 

observed telecommuting frequency. In addition, these thresholds include the k  
terms that 

allow
 
for the aligning of predicted and actual counts. The restriction 00   is imposed for 

identification given the parameterization of the kq,  terms. In addition, we identify a count 

value k
* 

such that for all k > k
*
, k  is fixed at *k

 . With this specification of the threshold 

values, the GOR framework can predict the probability of an arbitrary count, similar to a 

traditional count model. (see Castro et al., 2011 for more details). γ and ς  are the vectors of 

parameters corresponding to the vectors of observables zq (not including a constant) and sq 

(including a constant), respectively. q  is a random error term representing unobserved 

factors influencing the long-term propensity to telecommute and is assumed to be 

independently and identically distributed across individuals.4  

As discussed earlier, we model all the decisions jointly to account for the possible 

presence of common individual-specific unobserved factors that may impact all three 

decisions. To do so, we assume that the three error terms q , q and q  
in the equations 

corresponding to the three dimensions of telecommuting are realizations from a tri-variate 

normal distribution with mean ]0,0,0[μ  and correlation matrix 
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4 The model in Equation (4) is a generalization of the usual count data model with a Poisson discrete distribution 

with mean q . To see this, assume that k
k

 0  and 0 . Then, the probability expression in the GORP 

model of Equation (4) collapses to a Poisson model. 

 
5 The scale of each of the error terms must be set to 1 for identification resulting in a correlation matrix. 
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3.2 MODEL ESTIMATION 

Let (.)E  denote the cumulative distribution function of the E-variate normal 

distribution. Then, the probability that individual q does not have the option to telecommute is 

given by: 

)(][Pr]0[Pr qqqqt xβxβ
''                                           (5) 

The probability that individual q does not choose to telecommute even though she/he has the 

option to telecommute is given by: 

],[Pr]0,1[Pr  qqqqqq ct  wδxβ
''
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The probability that individual q telecommutes k (k = 1, 2,…, 30) times per month provided 

he/she has the option to telecommute and also chooses to telecommute is given by: 
*

, 1 ,

3 , 3 , 1
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(7) 

The probabilities based on the above equation for all k >0 have to add up to

 ]1,1[Pr qq ct ],,[2  vqq wδxβ
'' . However, because of the structure of the 

GOR model for telecommuting frequency, there is a non-zero probability assigned to the 

"0,1,1"  qqq yct  event given by the following expression: 

],,;,,[]0,1,1[Pr 1,3

*

   vvqqqqqqq yct zγwδxβ
'''

                                 (8)
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Thus, the probabilities ],1,1[Pr* kyct qqq   for k > 0 have to be scaled appropriately in 

this hurdle count setting to obtain the final probabilities: 

factorqqqqqq Skkyctkkyct  ]0;,1,1[Pr]0;,1,1[Pr *
                 (9a) 

where 
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                          (9b) 

Further, because the count probabilities kick-in only for positive counts, we have to impose 

the normalization 01   in the threshold specification of Equation (4). The log-likelihood 

function can then be written as: 
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where I [.] is an indicator function which takes the value 1 if the expression in the parenthesis 

is true, 0 otherwise, and ][]1[]1[, kyIcItIM qqqkq  . All the parameters are 

estimated by maximizing the log-likelihood function above and the corresponding asymptotic 

covariance matrix of the estimator can be obtained in the usual way as the inverse of the 

information matrix.  
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Chapter 4: Empirical Results 

In this chapter, we present the results of the final specification of the joint model framework 

of telecommuting option, choice, and frequency. Several variables and functional forms for 

variables were considered before arriving at the final model specification. A few variables that 

were significant only at above the 0.05 level of significance were still retained because of 

their intuitive effects and potential to guide future research efforts. The results are discussed 

by each of the four variable categories: (1) individual demographics, (2) work characteristics, 

(3) household demographics, and (4) built environment (BE) measures. The focus is on the 

effects of these variables on the latent variables impacting the observed dimensions of 

telecommuting option, choice, and frequency. 

In addition to the joint trivariate model of option, choice, and frequency, we also 

estimated a bivariate model of choice and frequency, assuming that everyone in the sample 

had the option to telecommute (as earlier telecommuting studies have considered). Table 2 

and Table 3 present the estimation results of the bivariate model of choice and frequency and 

trivariate model of option, choice and frequency of telecommuting respectively. In the 

subsequent sections, we specifically discuss the findings of the trivariate model. However, we 

comment on the bivariate model results at appropriate places.  

The first row of the tables provide the values of the constants for the option (in 

trivariate model) and the choice binary models (in both the bivariate and trivariate models). 

These constants do not have substantive interpretations, because they simply serve as overall 

adjustor terms to fit the data best given the exogenous variables. If the exogenous variables 

were all purely dummy variables, the constants may be viewed as sample share indicators in 

the base segment formed by the combination of the base context for each dummy variable; 

however, this interpretation does not hold in the presence of ordinal and continuous 

exogenous variables. Notwithstanding this caveat, the highly statistically significant negative 
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constant for the option dimension (in trivariate model) may be attributed, in part, to the high 

proportion (about 78%) of individuals who do not have the option to telecommute.  
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Table 2 :  Estimation Results of Bivariate Model  

Explanatory Variables 
Choice Frequency 

Estimate t-stat Estimate t-stat 

   Constant -3.136 -14.894 - - 

 Individual Demographics 
    

    Age (Base: 16 to 35 years) 
    

  Age between 36 to 50 years - - -0.327 -2.867 

   Education (Base: upto high school or College or Associate degree) 
    

 
Bachelor's degree (BA, AB, BS)  0.257 2.397 0.202

*
 1.799 

 
Graduate/Professional degree (MA, MS, MBA, MD, PhD, EdD, ID) 0.278 2.540 - - 

   Internet usage 
    

  Everyday 0.495 2.940 - - 

   Person made at-least one walk trip in the last week 0.291 3.029 - - 

   Person made at-least one bike trip in the last week 0.236 2.326 - - 

 Work Characteristics 
    

   Part-time employment (  34 hours per week) - - 0.820 5.028 

   Flexible work start time 1.340 11.277 - - 

   Occupation (Base: professional/managerial/technical job and "other" jobs) 
    

  Sales/service -0.461 -3.240 - - 

  Clerical/admin support  -0.599 -3.744 -0.829 -2.614 

  Manufacturing/construction/maintenance/farming -0.782 -2.847 -1.245 -2.097 

   One-way commute distance more than 20 miles 0.948 5.010 0.273 2.220 

   Professional/managerial/technical × One-way commute distance more than 20 miles -0.815 -3.879 - - 

 Household Demographics 
    

   Presence of children less than or equal to 5 years 0.286 2.871 -0.409 -2.614 

   Household income greater than 100 K dollars 0.393 4.084 - - 

* The significance level of these parameters is lower than 0.05, as can be observed from the t-statistic 



 27 

Table 2 (Contd.) :  Estimation Results of Bivariate Model  

Explanatory Variables 
Choice Frequency 

Estimate t-stat Estimate t-stat 

 BE Characteristics of Residential TAZ         

  TAZ Location (Base: Second City) 
    

  Rural area - - -0.680 -2.568 

  Employment opportunities in the neighborhood 
    

  Retail trade employment/1000 - - 0.210
*
 1.815 

 Threshold Variables 
    

   Threshold Specific Constants 
    

   - - 0.000 - 

   - - -0.106
*
 -1.654 

   - - -0.341 -4.208 

   - - -0.451 -4.730 

   - - -0.726 -6.957 

   - - -1.050 -9.499 

   - - -1.396 -12.010 

   - - -1.571 -12.424 

   - - -1.890 -14.400 

    Ϛ  Vector 
    

  Constant - - 1.085 11.551 

  Individual Demographics 
    

         Person made at-least one walk trip in the last week - - -0.128 -3.106 

  Household Demographics 
    

         Household income greater than 100 K dollars - - 0.085 3.794 

    Number of parameters estimated 14 20 

    Number of observations                                           2563 

    Joint Log- likelihood at convergence  -1740.239 

* The significance level of these parameters is lower than 0.05, as can be observed from the t-statistic 
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* The significance level of these parameters is lower than 0.05, as can be observed from the t-statistic 

Table 3 :  Estimation Results of Trivariate Model  

Explanatory Variables 
Option Choice Frequency 

Estimate t-stat Estimate t-stat Estimate t-stat 

    Constant -2.503 -13.507 -2.106 -2.863 - - 

 Individual Demographics       

    Female -0.246 -2.111 0.292 2.295 - - 

    Married female 0.117
*
 1.036 - - - - 

    Age  (Base: 16 to 35 years)       

  Age between 36 to 50 years 0.074
*
 1.017 - - -0.409 -2.585 

   Education (Base: upto high school or College or Associate degree)       

  Bachelor's degree (BA, AB, BS) 0.246 2.487 - - 0.298 2.184 

  Graduate/Professional degree (MA, MS, MBA, MD, PhD, EdD, ID) 0.256 2.519  0.196
*
 1.588 - - 

   Internet usage       

 Everyday 0.328 2.455 0.584 2.008 - - 

    Person made at-least one walk trip in the last week 0.096
*
 1.187 0.482 3.235 - - 

    Person made at-least one bicycle trip in the last week 0.242 2.433 - - - - 

 Work Characteristics       

    Part-time employment (  34 hours per week) -0.249 -2.177 - - 0.787 4.166 

    Flexible work start time 1.400 14.887 0.356
*
 1.339 - - 

   Occupation (Base: professional/managerial/technical job and "other" jobs)       

  Sales/service -0.397 -2.882 - - - - 

  Clerical/admin support  -0.465 -3.525 - - -0.640
*
 -1.757 

  Manufacturing/construction/maintenance/farming -0.792 -3.578 - - -1.353
*
 -1.931 

    One-way commute distance more than 20 miles 0.539 2.812 0.555 3.642 0.386 2.410 

    Female × One-way commute distance more than 20 miles 0.208
*
 1.339 - - - - 

    Professional/manager × One-way commute distance more than 20 miles -0.635 - 3.241 - - - - 
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Table 3 (Contd.) :  Estimation Results of Trivariate Model  

Explanatory Variables 
Option Choice Frequency 

Estimate t-stat Estimate t-stat Estimate t-stat 

 Household Demographics             

    Presence of children less than or equal to 5 years 0.223 2.364 0.170
*
 1.041 -0.506 -2.643 

    Presence of non-working senior adult (> 65 years old) - - -0.793 -2.785 - - 

    Number of workers in the household - - -0.195
*
 -1.915 -0.310 -2.296 

    Household income greater than 100 K dollars 0.370 4.251 - - - - 

    Number of vehicles in the household - - 0.112
*
 1.764 - - 

BE Characteristics of Residential TAZ       

    TAZ Location (Base: Second City)       

  Rural area - - 0.428
*
 1.409 -0.781 -2.417 

  Urban or suburban area 0.163
*
 1.845 - - - - 

    Household density (number of households per square mile) of the neighborhood/10000 -0.176
*
 -1.909 - - - - 

    Total population/10000 - - -0.409
*
 -1.883 - - 

    Employee density (number of workers per square mile) of the neighborhood/10000 0.515 2.136 - - - - 

    Length (mileage) of bicycle lanes /10 - - 0.202
*
 1.527 - - 

   Employment opportunities in the neighborhood       

  Retail trade employment/1000 - - - - 0.300 2.021 

   Accessibility measures       

  Employment accessibility/10 - - -0.089
*
 -1.800 -0.078

*
 -1.867 

  Accessibility to recreational (open spaces) opportunities/10  - - 0.133 1.996 - - 

  Accessibility to eat- out opportunities × 10 - - 0.589 2.042 - - 

  Accessibility to religious opportunities × 10 - - 1.022 2.419 - - 

  Accessibility to maintenance activities × 10 - - -1.161 -2.474 - - 

  Accessibility to automotive/carwash/repair centers × 10  - - 0.945
*
 1.913 - - 

  Accessibility to personal business centers × 10 - - 1.199 2.523 - - 

  Accessibility to medical centers × 10 - - 1.010 2.450 - - 

   Number of zones accessible by bicycle from the home zone within 12 miles - - - - 0.348
*
 1.710 

* The significance level of these parameters is lower than 0.05, as can be observed from the t-statistic 
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Table 3 (Contd.) :  Estimation Results of Trivariate Model  

Explanatory Variables 
Option Choice Frequency 

Estimate t-stat Estimate t-stat Estimate t-stat 

 Threshold Variables             

    Threshold Specific Constants             

   - - - -  0.000 - 

   - - - - -0.100
*
 -1.564 

   - - - - -0.315 -3.705 

   - - - - -0.408 -3.921 

   - - - - -0.660 -5.672 

   - - - - -0.962 -7.570 

   - - - - -1.288 -9.468 

   - - - - -1.442 -9.331 

   - - - - -1.740 -10.572 

     Ϛ  Vector             

  Constant - - - - 1.320 7.652 

  Individual Demographics             

         Person made at-least one walk trip in the last week - - - - -0.099
*
 -1.379 

  Household Demographics             

         Household income greater than 100 K dollars - - - - 0.094
*
 1.192 

         Household size - - - - 0.040
*
 1.432 

    Number of parameters estimated 22 22 24 

    Number of observations 2563 

    Joint Log- likelihood at convergence  -2194.751 

 * The significance level of these parameters is lower than 0.05, as can be observed from the t-statistic 
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4.1  INDIVIDUAL DEMOGRAPHICS 

Among the individual demographics, the effect of the “female” dummy variable indicates that 

women are less likely to have the option of telecommuting, but are more likely to choose to 

telecommute when they have the opportunity.6 The first finding is somewhat surprising, since 

women have been identified as a “target” group for adding diversity (or, perhaps more 

appropriately, maintaining equitable representation) in the workforce; thus, it would seem that 

employers would consider providing the teleworking option to women as a human resource 

strategy to increase the pool of women in the work force. This is particularly so because 

several studies have suggested that telecommuting is sought (and adopted), in part, to maintain 

a better work-family life balance; and also that women continue to bear a disproportionate 

share of family-oriented responsibilities as well as place a higher premium on work-life 

balance (see Elridge and Pabilonia, 2007, Golden, 2008, and Thompson and Aspinwall, 2009). 

However, there may also be other opposing forces at work. For instance, Safirova and Walls 

(2004) and McCrate (2005) suggest that women, in general, have less access to work flexibility 

of any kind because of the lower autonomy and bargaining power they may wield in the market 

place (even after controlling for job characteristics). Interestingly, though, the positive effect of 

the “married female” variable reveals that the negative likelihood of women having the option 

to telecommute becomes less pronounced for married women, to the point that there is no 

statistically significant difference between a married woman and a man in how likely they are 

to have the option to telecommute. This is consistent with the notion that married women more 

aggressively seek (and are provided) the option to telecommute (relative to unmarried 

women).7 Of course, for all the reasons mentioned above, it is no surprise that women, when 

                                                 
6 As we will discuss later, the option effect mentioned here is only valid for women who have a one-way 

commute of less than or equal to 20 miles, though the choice effect is for all women. 
7 We also tested the interaction of female and the presence of children in different age categories (0 to 5 years, 5 

to 10 years, and 11 to 15 years). However, none of these came out to be even marginally statistically significant in 

all three telecommuting components. 
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they have the opportunity to telecommute, are more likely to do so than are men. An important 

point to note here is that gender did not have any impact on the choice and frequency 

dimensions in the bivariate model we estimated (this was also the case in the bivariate models  

of Walls et al, 2007 and Tang et al., 2008). Essentially, when the option dimension is ignored, 

the lower ability of women to locate themselves in jobs where telecommuting is available as an 

option cancels out with the higher choice of telecommuting if provided the option, leading to 

the “incorrect” finding that gender has no role to play in telecommuting choice. The results in 

the current study, on the other hand, clearly shed light on a demographic group (i.e., women) 

that would value the ability to telecommute, but do not seem to be provided much opportunity 

to do so. Employers who are looking for equitable representation as well as the “best and the 

brightest” minds may need to consider this issue as part of their workforce development and 

retention strategy, especially in an environment where it is being increasingly argued that a 

work force representative of the global market place of consumers is nothing short of a 

corporate necessity (Thompson and Aspinwall, 2009).  

 The age-related effects have an impact on both the option and frequency dimensions. 

Middle-aged individuals (36-50 years of age) are most likely to have the option to 

telecommute, but are less likely to do so frequently relative to individuals of other age groups 

who also have the option to telecommute. This may be reflecting the “power” position of 

middle-aged individuals with more “perks” associated with their jobs, but they may also hold 

senior management positions that require going in to work frequently.  

 Individuals with higher education levels have more leverage and bargaining ability 

with their employers, thus having the ability to maintain the option to telecommute and adopt 

telecommuting. This result has also been found in earlier studies (see Peters et al., 2003, and 

Golden, 2008).  However, most of the earlier studies do not explicitly model the effects of 

education levels on the option to telecommute, as we do here; rather, these earlier studies 
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simply hypothesize the “option effect” based on the propensity to telecommute. In our own 

bivariate analysis (in Table 2), the coefficients on the education variables are positive and 

highly statistically significant on the choice dimension, since the option effects get transferred 

to the choice dimension. On the other hand, our results in Table 3 clearly show that, given the 

option to telecommute, there is no statistically significant difference in the choice to 

telecommute based on education levels. Next, workers who use the internet frequently are 

more likely to have the option to telecommute, a result that is reasonable given that strong 

internet skills lead to targeting jobs that provide the telecommuting option. In their study, 

Thompson and Aspinwall (2009) found that individuals with strong internet self-efficacy 

(defined as “ones’ belief that she/he can successfully use the technology of the internet to 

accomplish her/his instrumental work tasks”) are attracted to jobs with the telecommuting 

option. Again, the bivariate model is unable to disentangle the “option” dimension and 

“choice” dimension effects, and attributes all the internet self-efficacy impacts to the “choice” 

effect. On the other hand, our model disentangles the effect into an option effect (as above) as 

well as a choice effect (individuals who use the internet frequently are also likely adopters 

when given the option, perhaps because of the higher perceived value of telework 

arrangements). Overall, the results show that ignoring the option dimension would suggest that 

employers can expect highly educated and internet-savvy individuals to start telecommuting 

more because of a company-wide policy to promote telecommuting, while our model results 

indicate that employers should be prepared to see a much broader base of their employees 

choosing to telecommute because of the policy. Finally, individuals who use the walk or 

bicycling modes have a higher probability of having the telecommuting option. People who 

prefer walking/biking are perhaps more health conscious and environment friendly, and thus 

look for jobs that provide them the option to telecommute. As in earlier cases, the bivariate 
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model that ignores the option dimension transfers the “option” effect of walking/biking to a 

“choice” effect.  

4.2  WORK CHARACTERISTICS 

Part-time employed individuals ( 34 hours per week) are less likely to have the 

telecommuting option compared to those working full-time (>34 hours per week), Perhaps this 

is a reflection of the fact that part-time employees already work for limited hours and 

employers are less willing to allow flexibility within the reduced hours of work. However, 

given the option to telecommute, part-time employees work more frequently from home 

compared to full-time employees. This is intuitive because part-time employees may have 

targeted the limited work duration arrangement because of work/family balance considerations 

and, so, when having the telecommuting option, will “jump” at it and telecommute frequently. 

The bivariate model that ignores the option dimension captures the “frequency” effect, but 

indicates, incorrectly, that there is no significant difference in telecommuting choice itself 

based on “part-time versus “full-time” work arrangements. As in the case of women, our 

trivariate model indicates that part-time employees are a group that particularly values the 

opportunity to telecommute, but are more likely not to have the opportunity. In the long run, 

this may create retention and motivation problems among part-time workers, and could result 

in overall productivity concerns.  

Individuals who have a flexible work start time are not only more likely to have the 

option to telecommute, but also more likely to choose to telecommute given the option (see 

Walls et al., 2007, and Sener and Bhat, 2010). Indeed, the effect of flexible work start time on 

having the option to telecommute is strong and highly statistically significant. As suggested by 

Sener and Bhat (2010), individuals who value work flexibility will look for jobs that can 

provide them both temporal (work timing) and spatial (work location) flexibility. Our results 

here more directly support this hypothesis, because we model the “option” dimension 
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explicitly, while Sener and Bhat (2010) could only speculate based on the effects of education 

on the “choice” and “frequency” dimensions. The results in Table 3 show clearly that the work 

flexibility impact is almost exclusively through the “option” dimension, and has little to no 

statistically significant impact on the choice and frequency to telecommute, given the option to 

telecommute.  

 The occupation type variables in Table 2 and Table 3, as obtained from the NHTS 

survey, are actually a combination of job type and industry type. The NHTS survey solicits 

occupation type in five broad categories: (1) Professional/managerial/technical (PMT), (2) 

Sales/services, (3) Clerical/Administrative, (4) Manufacturing/construction /maintenance 

/farming (MCMF), and (5) Other. In our analysis, we used the first category as the base, and 

specified four dummy variables for the remaining categories. However, the dummy variable 

for the “other” category was not significant, and so it is included in the base category.8 The 

results of the occupation type dummy variables indicate that individuals in sales/service, 

clerical/administrative support, and the MCMF occupation categories are less likely to have the 

option to telecommute compared to workers in professional, managerial or technical (PMF) 

jobs, perhaps because non-PMF jobs either require face-to-face interactions with 

workers/clients on a regular basis or involve physical work of some sort. Again, while Storper 

and Venables, 2004, Walls et al., 2007, Vana et al., 2008, and Zhou et al., 2009 also reach a 

similar conclusion based on the effects of occupation type on choice and frequency, our model 

results more directly disentangle the option, choice, and frequency effects of occupation type. 

Among those who have the option to telecommute and choose to telecommute, individuals in 

sales/service, PMF jobs, and “other” jobs have a higher propensity to telecommute than 

individuals involved in clerical/administrative and MCMF types of jobs.  

                                                 
8Admittedly, the occupation type categorization in the NHTS data is very coarse. It also co-mingles industry type 

and job type. The effects of the occupation type variables should, therefore, be viewed with some caution, and 

only as broad characterizations of job and industry mix. 
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The next set of variables relate to commute characteristics. While a legitimate argument 

could be made that such variables are endogenous to telecommuting related options and 

choices, we consider these variables as exogenous in this study (as have almost all earlier 

studies of telecommuting behavior analysis).9 The results related to commute trip 

characteristics show that individuals whose (one-way) commute distance is longer than 20 

miles are more likely to have the option to telecommute, as well as a high propensity to 

telecommute and telecommute frequently (see also Mokhtarian and Meenakshisundaram, 

2002, and Zhou et al., 2009). The coefficient on the interaction of the “female” dummy 

variable with one-way commute needs to be considered together with the effects of the 

“female” and “married female” variables discussed earlier. Essentially, the results indicate that 

the lower likelihood of women (relative to men) to have the option to telecommute is valid 

only for those with a commute distance of less than or equal to 20 miles. For women and men 

with a commute distance of more than 20 miles, there is effectively no statistically significant 

difference in the option availability. That is, gender differences in the availability of the 

telecommuting option vanish at long commute distances. The interaction effect of being in a 

professional/managerial/technical occupation and commute distance also shows that, in 

general, the differences between the occupation categories in their telecommuting option 

availability become statistically insignificant at commute distances of longer than 20 miles. 

The implication is that differences based on sex and occupation categories are not relevant at 

long commute distances.  

                                                 
9 More broadly speaking, there could be some validity to the argument that all work-related decisions (including 

telecommuting, work schedule flexibility, full time versus part-time) and residential location choice decisions 

should be modeled in one single joint model system that implicitly determines the choice of a work location and 

commute trip attributes.  But such a framework would become unwieldy. Also, there is some suggestion in the 

literature (see Ellen and Hempstead, 2002, and Ory and Mokhtarian, 2006) that individuals tend to make their 

work/home location choices prior to decisions on telecommuting. Further exploration of this endogeneity issue is 

needed to inform modeling.   
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4.3  HOUSEHOLD DEMOGRAPHICS 

Among the household demographic variables, the presence of children aged 0-5 years in the 

household positively influences the option and choice dimensions of telecommuting. This is to 

be expected since either employers provide more flexibility to employees with small children 

at home as a family-friendly policy, or individuals with children consider only those jobs that 

provide them the option to work at home. Given the option, workers with children also choose 

to telecommute to take care of children and their travel/activity needs (see Tremblay, 2002 and 

Golden, 2008). However, the results suggest that workers with children at home telecommute 

only occasionally, presumably to avoid distractions in their work and to maintain balance 

between their familial responsibilities and work commitments (see Walls et al., 2007 for a 

similar result). A similar situation (avoiding distractions) may be the reason for the lower 

probability of telecommuting among individuals with non-working senior adults and other 

workers in the household (both these variables were not even moderately statistically 

significant in the bivariate case).  

Individuals belonging to households with high income (>$100K) are more likely to 

have the option to telecommute, presumably because they are “high up the ladder” and have 

autonomy in determining their work arrangement. The bivariate model that ignores the option 

dimension transfers the “option” effect entirely to the “choice” dimension, incorrectly 

suggesting that employers who allow a broad-based telecommuting policy will see more of the 

high income individuals embrace it than the low income individuals. Finally, within the 

category of household demographics, individuals in households with a higher number of 

vehicles are more likely to choose to telecommute, possibly because there is less disruption in 

carpooling or dropping off/picking up responsibilities during the commutes when there are 

more vehicles. 
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4.4  BUILT ENVIRONMENT (BE) MEASURES OF RESIDENTIAL TRAFFIC ANALYSIS ZONE 

(TAZ)  

In the current research study, several BE measures associated with the worker’s TAZ are found 

to have moderately significant impacts on telecommuting behavior. Individuals living in urban 

and suburban areas are more likely to have the option of telecommuting than those living in 

rural areas and second cities, perhaps because of higher accessibility to telecommunication, 

wireless, and internet resources in urban and suburban areas.10 However, given the option to 

telecommute, individuals in rural areas are more likely to choose to telecommute, though 

telecommute less frequently.  

  Employees residing in neighborhoods with high household density are less likely to 

have the option to telecommute, while individuals in neighborhoods with a large population are 

less inclined to telecommute. Workers living in areas with high employee density are more 

likely to have the option of telecommuting. The results also suggest that individuals residing in 

traffic analysis zones (TAZs) with high mileage of bicycle lanes are more disposed to 

telecommute, and those residing in TAZs with high retail employment telecommute frequently. 

This last result may be a reflection of the opportunities during break time to be able to visit 

retail areas, which should increase the appeal for telecommuting.  

 The results in Table 3 indicate that several accessibility measures impact the choice to 

telecommute. Specifically, high accessibility to recreational, eat-out, religious, auto-repair 

centers, personal business, and medical centers implies a higher likelihood to telecommute, 

though there is no impact on the option to telecommute. Those who live closer to non-work 

and leisure activity opportunities attach more value to telecommuting, and so are more likely 

adopters. The lack of impact of BE measures along the option dimension is consistent with 

intuition, since there is no reason to believe that individuals who have the option to 

                                                 
10 A “Second City” as used in the NHTS data, refers to secondary cities surrounding a major metropolitan area. 

However, they are not equivalent to suburbs of the metropolitan area, which are within the major metropolitan 

area boundary. “Second cities” are generally satellite cities outside the major city metropolitan area. They may be 

viewed as somewhere between a suburb and a rural area in built-up land-use density. 
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telecommunicate will be resident in TAZs with specific BE characteristics. The BE results also 

indicate that high accessibility to maintenance and employment opportunities at the residential 

end negatively impacts the choice to telecommute. Finally, under the category of BE measures 

individuals residing in TAZs with high bicycle accessibility to other zones telecommute more 

frequently. This may be viewed as another proxy measure for the intensity and spatial 

compactness of residential-end activity opportunities, which increases telecommuting 

frequency if telecommuting is adopted.  

 A salient aspect of this study is its inclusion of a host of BE measures, as just presented 

and discussed. Our results provide support for the notion that BE measures influence 

telecommuting choice, raising the possibility that land-use policies can be used as vehicles to 

promote telecommuting and reduce traffic congestion. However, when we removed the option 

dimension and modeled only the choice and frequency dimensions in a bivariate setting, none 

of the accessibility measure effects (as well as the household density, population, length of 

bicycle lanes, and the employment density effects) discussed above turned out to be 

statistically significant (even at a 0.15 level of significance). This is not surprising, and is a 

manifestation of the “choice set” effect on choice model results in discrete choice models. 

Essentially, when the pool of individuals who have the option of telecommuting is not 

appropriately constructed, the effect of variables on the choice dimension can get corrupted 

even if the variables do not impact the option dimension at all (as in the case of the 

accessibility measures in the current empirical analysis). A simple example will help to 

illustrate this point. Assume two zones A and B. Both are identical in BE measures, except that 

zone A offers a higher accessibility to eat-out places. Assume that there are 100 employees 

residing in each zone, with each employee in one zone having a replicate in the other zone. The 

fraction of employees who have the telecommuting option is 20%. Of the 20 employees in 

zone A, say 15 telecommute (because the availability of eat-out places is a draw during work 
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breaks and increases the value of telecommuting). However, only 5 employees in zone B 

telecommute. Then, when the option dimension is not considered, the model “sees” that 15% 

of employees telecommute in zone A, while 5% telecommute in zone B. The differential in 

telecommuting percentages between zones A and B that the model has to work with and 

attribute to “eat-out accessibility” is 10%, which is relatively small in magnitude and may not 

be adequate for the model to declare a clear statistical difference given sampling 

considerations. On the other hand, the choice model that operates only on the pool of 

individuals who have the telecommuting option would “see” that 75% of employees in zone A 

choose to telecommute (given the option) compared to only 25% of employees in zone B, 

providing a differential of 50% for the choice model to work with and attribute to “eat-out 

accessibility”. This results in a high magnitude and statistically significant effect on the BE 

variable. Of course, this is just a simple example, but illustrates the potential pitfalls in terms of 

parameter estimation when the option dimension is not considered.  

Overall, our results indicate that BE measures of the type used in this study do affect 

telecommuting choice. However, caution needs to be exercised before jumping to the definitive 

conclusion that improving non-work and bicycle accessibility will lead to higher 

telecommuting adoption. This is because of the spatial coarseness of our accessibility 

measures. It is perhaps likely that workers will also consider their immediate micro-urban form 

surroundings and “place aesthetics” in determining how appealing it is to work from home. 

Thus, for example, a land-use design that builds a five-storey food-court and thus increases 

“eat-out” accessibility may in fact lead to lower telecommuting, as workers may find that it 

disturbs their sense of quiet and aesthetic sight. Nonetheless, there is a suggestion that 

improving accessibility to non-work activities will contribute to higher rates of telecommuting 

choice among those who have the option. Of course, even if so, there may be other 

considerations such as an increase in mid-day trips. 
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4.5  TELECOMMUTING FREQUENCY COUNT MODEL THRESHOLD SPECIFICATION 

The count threshold parameters include the threshold specific constants ( k values), as well as 

a constant and variables associated with the individual as part of the   vector (see Equation 

(4)).  

The threshold specific constants )( k  in Table 2 and Table 3 do not have any 

substantive interpretations. However, their presence provides flexibility in the count model to 

accommodate high or low probability masses for specific frequency outcomes. As indicated in 

Chapter 3, identification is achieved by specifying 00  , 01  , and 
*

* kk
kk   In 

the present specification, we initially set k
*
  to 29 (telecommuting days per month), and 

progressively reduced k
*
 to 9 (telecommuting days per month) based on statistical significance 

considerations and general data fit.  

The elements in the   vector are presented next in Table 2 and Table 3. The constant 

does not have any particular interpretation. For the other variables, a positive coefficient shifts 

all the thresholds toward the left of the telecommuting frequency propensity scale, which has 

the effect of increasing telecommuting frequency. Thus, the positive coefficient for high 

household income (>$100K) variable in the threshold parameterization suggests a higher 

telecommuting frequency among individuals who are in high income and large-sized 

households, and who prefer to walk. These effects may be explained in a manner similar to the 

effects of these variables on telecommuting option and choice. 

4.6  CORRELATION MATRIX ELEMENTS AND LIKELIHOOD MEASURES OF FIT 

All the three parameters ),,(   vv  in the correlation matrix Σ  (see Chapter 3) did not turn 

out to be statistically significant in our empirical analysis suggesting that, after controlling for 

the exogenous variables in the model, there are no remaining unobserved factor effects 

influencing the option, choice, and frequency dimensions. While the absence of unobserved 

correlation effects collapses the joint model into independent models of telecommuting option, 
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telecommuting choice, and a hurdle model of telecommuting frequency, it is important to note 

that the joint model formulated in this study needs to be estimated before one can arrive at this 

conclusion.  

The log-likelihood value at convergence of the final joint model (which collapsed to 

independent models) is -2194.751.  The corresponding naïve value with only constants in the 

option and choice equations, and with only a constant in the   vector for the count model, is    

-2833.371. Obviously, a log-likelihood ratio test indicates the important value provided by the 

explanatory variables in explaining the telecommuting option, choice, and frequency 

dimensions.  

As has been discussed in earlier chapters, this study explicitly considers the option 

dimension of telecommuting, while almost all earlier studies in the field have ignored this 

dimension. The importance of considering the option dimension has already been discussed 

from the standpoint of model parameter estimation. But, ignoring the option dimension can, 

and in general will, also impact data fit. To compare the data fit measures of the model with all 

three dimensions (the trivariate model) and the model that ignores the option dimension (the 

bivariate model), we computed the predictive log-likelihood corresponding to the choice of 

telecommuting and the frequency of telecommuting from the trivariate model by noting the 

following: 

 

Pr[ 0] Pr[ 0] Pr[ 1, 0]q q q qc t t c                      (11a) 

 Pr[ 1, ; 0] Pr[ 1, 1, ; 1]q q q q qc y k k t c y k k                                                             (11b) 

This predictive log-likelihood can then be compared with the log-likelihood at 

convergence for the bivariate model. The predictive log-likelihood from the trivariate model is 

1705.718, while that the convergent log-likelihood from the bivariate model is 1740.239.  

Since these two models are non-nested, one can use a non-nested predictive likelihood ratio 

test to compare the two models. The difference in the adjusted rho-bar squared (
2

c ) values 
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between the two models is 0.0007.11 The probability that this difference could have occurred 

by chance is less than }.)]3265()(0007.02[{ 5.0 CL  This value, with                    

L(C) = 2193.99, is almost zero (9.657 10
-10

) indicating that the difference in adjusted rho-

bar squared values between the two models is statistically significant and that the trivariate 

model is significantly superior to the bivariate model even from a data fit perspective.  

4.7  ELASTICITY EFFECTS 

In this section, we discuss the elasticity effects of variables from the bivariate model of 

telecommuting choice and frequency (ignoring the option dimension and assuming everyone 

has the option to telecommute) and our trivariate model. As already discussed, we expect that 

the magnitudes of these elasticity effects will be different between the two models. At the same 

time, the elasticity effects provide a sense of the magnitude effects of variables on 

telecommuting frequency, while the results in the previous section do not do so directly. 

We compute aggregate-level elasticity effects of variables on the expected number of 

telecommuting days per month. To do so, and using the notation already established in Chapter 

3, we write the expected number of telecommuting days per month for individual q as follows: 

kkkyctyE qqq

K

k

q 


]0;,1,1[Pr)(
1  

(k = 1, 2, …,30) – For the trivariate model  

          (12a) 

kkkycyE qq

K

k

q 


]0;,1[Pr)(
1  

(k = 1, 2,…,30) – For the bivariate model12       (12b) 

                                                 

11The adjusted rho-bar squared value 
2

c
  is computed as 

2 ˆ1 [( ( ) ) / ( )]
c

L H L C    , where ˆ( )L  is the 

predictive log-likelihood for the trivariate model and the convergent log-likelihood for the bivariate model, H  is 

the number of model parameters excluding the constants in the binary models and the constant in  the   vector 

for the count model, and L(C) is the log-likelihood from the bivariate model with only the constant in the binary 

choice model and the constant in the   vector.  
12 The hurdle set-up for the telecommuting frequency in the bivariate case is derived in the same way as that for 

the trivariate case.  
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       The expected values above are functions of variables in all the dimensions of 

telecommuting. If there are common variables across two or more dimensions, the variables 

will impact the expected value through all the dimensions.13  

To compute the aggregate-level “elasticity” effect of a dummy exogenous variable, we 

change the value of the variable to one for the subsample of observations for which the 

variable takes a value of zero and to zero for the subsample of observations for which the 

variable takes a value of one. We then sum the shifts in the expected aggregate number of 

telecommuting days per month in the two subsamples after reversing the sign of the shifts in 

the second subsample, and compute the effective percentage change in the expected total 

number of telecommuting days per month across all individuals in the sample due to a change 

in the dummy variable from 0 to 1. To compute the aggregate level “elasticity” effect of a 

multinomial exogenous variable (such as occupation type), we take the base category sub-

sample and change the value of the variable from zero to one (for each specific non-base 

category) for all individuals in the base sub-sample. Subsequently, we compute the percentage 

change in the expected aggregate number of telecommuting days per month across all 

individuals in the base sub-sample. For the aggregate level “elasticity” effect of an ordinal 

variable, we increase the value of the variable by 1 and compute the percentage change in the 

expected total number of telecommuting days per month across all individuals in the sample. 

Finally, to compute the aggregate level “elasticity” effect of a continuous variable, we increase 

the value of the continuous variable by 20%. The elasticity effects for both the bivariate and 

trivariate models are shown in Table 4. 

                                                 
13 The elasticity effects here computed in this section provides the cumulative effect of variables on the expected 

number of days of telecommuting per month. While helpful in terms of the bottom line, the effects of variables on 

each individual dimension still provides insights for policy analysis, as already discussed in the previous section. 

The elasticity effects presented here are simply to illustrate the overall differences in magnitude effects between 

the bivariate model (that ignores the option dimension) and the trivariate model. One can further break down the 

elasticity effects shown here into separate components specific to each dimension of effect to gain more insights, 

but this is straightforward to do and we do not pursue this here to conserve on space.  
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Table 4: Elasticity Effect of Variables on Expected Number of Telecommuting Days  

Explanatory Variables 
Bivariate Model Trivariate Model 

Elasticity Elasticity 

Interaction Effects     

   Individual demographics and commute distance     

   Males, one way commute distance less than or equal to 20 miles- Base Case  0.000  0.000 

   Males, one way commute distance more than 20 miles 182.579 97.554 

   Unmarried female, one-way distance less than or equal to 20 miles  0.000 -4.558 

   Unmarried female, one-way distance more than 20 miles 182.579 93.580 

   Married female, one-way distance less than or equal to 20 miles 0.000 2.736 

   Married female, one-way distance more than 20 miles 182.579 112.203 

   Occupation type and commute distance     

   Professional/manager/technical job and one way commute distance less or equal to 20 miles- Base Case 0.000 0.000 

   Professional/manager/technical job and one way commute distance more than 20 miles 178.799  99.929 

   Clerical/Admin. Support job and one way commute distance less than or equal to 20 miles -70.085 -41.814 

   Clerical/Admin. Support job and one way commute distance more than 20 miles 5.894 10.308 

   Sales/Service job and one way commute distance less than or equal to 20 miles -43.597 -23.847 

   Sales/Service job and one way commute distance more than 20 miles  98.574 54.790 

   Manufacturing/construction/maintenance job and one way commute distance less than or equal to 20 miles -79.872  -51.275 

   Manufacturing/construction/maintenance job and one way commute distance more than 20 miles -24.560 -15.900 

 Individual Demographics     

    Age     

   Age between 36 to 50 years -17.743 -10.264 

   Education (Base:  upto High School or College/Associate Degree)    

   Bachelor's degree (BA, AB, BS) 30.031 24.969 

   Graduate/Professional degree (MA, MS, MBA, MD, PhD, EdD, ID) 19.056 19.421 

   Internet usage     

  Everyday 28.730 28.105 

    Person made at-least one walk trip in the last week  5.244  9.286 

    Person made at-least one bicycle trip in the last week 16.438 12.177 
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Table 4 (Contd.): Elasticity Effect of Variables on Expected Number of Telecommuting Days  

Explanatory Variables 
Bivariate Model Trivariate Model 

Elasticity Elasticity 

 Work Characteristics     

    Part-time employment (   34 hours per week) 52.317 23.472 

    Flexible work start time 88.743 83.784 

 Household Demographics   

    Presence of children less than or equal to 5 years -5.172 -5.462 

    Presence of non-working senior adult (> 65 years old) 0.000  -17.048 

    Number of workers in the household 0.000 -17.870 

    Household income greater than 100 K dollars 33.319 27.207 

    Number of vehicles in the household 0.000 4.295 

    Household size 0.000 4.170 

BE Characteristics of Residential TAZ   

   TAZ Location (Base: Second City)   

   Rural areas                -33.476  -13.877 

   Urban or suburban area 0.000 7.655 

   Household density (number of households per square mile) of the neighborhood 0.000 -0.488 

   Total population 0.000 -1.824 

   Employee density (number of workers per square mile) of the neighborhood 0.000 5.172 

   Length (mileage) of bicycle lanes  0.000 1.149 

   Employment opportunities in the neighborhood   

   Retail trade employment 1.118 1.041 

   Accessibility measures   

   Employment accessibility  0.000 -4.799 

   Accessibility to recreational (open spaces) opportunities  0.000 8.467 

   Accessibility to eat- out opportunities  0.000 10.922 

   Accessibility to religious opportunities  0.000 5.802 

   Accessibility to maintenance activities  0.000 -37.637 

   Accessibility to automotive/carwash/repair centers 0.000 15.202 

   Accessibility to personal business centers  0.000 93.428 

   Accessibility to medical centers  0.000 64.890 

   Number of zones accessible by bicycle from the home zone within 12 miles 0.000 1.817 
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The sign and the relative magnitude of the elasticity effects can be used to compare the 

effects of variables on expected number of telecommuting days per month. For variables that 

have an interaction effect with another variable, the elasticities are computed for all sub-groups 

characterized by the main and interaction effects. For example, the first set of variables in Table 

4 correspond to combinations of gender, marital status, and commute distance, because there are 

interaction effects among these variables. Thus, six sub-groups are developed: (1) Males, one-

way commute distance less than 20 miles, (2) Males, one-way distance  more than 20 miles, (3) 

Unmarried female, one-way distance less than 20 miles, (4) Unmarried female, one-way distance 

more than 20 miles, (5) Married female, one-way distance less than 20 miles, and (6) Married 

female, one-way distance more than 20 miles, The elasticity effects are computed for these 

variables with respect to the first sub-group (“male, one-way commute distance < 20 miles”) as 

the base instance.  

Table 4 provides the elasticity effects corresponding to all interaction-based effects, and 

then the effects for the other variables. The second row in the table indicates that, according to 

the bivariate model, the number of telecommuting days per month for men who commute over 

20 miles each way is, on average, about 182% more than the number of telecommuting days per 

month for men who commute less than or equal to 20 miles each way. The corresponding figure 

from the trivariate model of this study is about 97%. Thus, according to the bivariate model, men 

commuting more than 20 miles are, on average, are three times as likely to telecommute relative 

to men commuting less than or equal to 20 miles, while the trivariate model indicates only about 

a two-fold increase. Other entries may be similarly interpreted. In the rest of this section, we will 

only highlight three key points from this table. First, there are many variables with (incorrect) 

zero effects in the bivariate model. This is particularly so for the BE measures, reinforcing the 

results from earlier that telecommuting models that do not consider the option dimension should 

be used with substantial caution for informing land-use policies and instruments. Second, for 
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most variables that have an effect in both the bivariate and trivariate models, the effects are 

overstated in the bivariate model. This is because any choice effect in the bivariate model is 

“implemented” on the entire “population” of workers whether or not they have the option to 

telecommute, which magnifies the aggregate effects of variables. As can be observed, the 

overstated effects (differentials between the bivariate and trivariate model effects) are quite high 

as a percentage of the “true” effects from the trivariate model (ranging from 2.22% to 141.24%, 

with an average overstated effect of 60.82%). Third, according to the trivariate model results, 

married women in professional/managerial/technical (PMT) jobs with a one-way commute of 

more than 20 miles have the most number of telecommuting days per month relative to other 

individuals. More generally, those with a one-way commute of more than 20 miles have a high 

number of telecommuting days per month. Other important positive drivers of telecommuting 

levels are flexible work start times and accessibility to personal business centers. The latter result 

is indeed very interesting, and suggests that employees who have good access to personal 

business centers feel particularly more comfortable working from home, perhaps due to access 

(when needed) to more advanced communication methods (such as video-conferencing) and 

even low-tech needs such as large-scale copying. This is an issue that needs further careful 

examination, since it can increase the penetration of telecommuters through good land-use 

mixing of residences and personal business centers. Note that one cannot attribute this result to 

employers granting employees more opportunity to telecommute if the employee residence is 

close to personal business centers, or to telecommuting-oriented individuals locating themselves 

close to personal business centers. This is because the option dimension effect did not come out 

to be statistically significant in the trivariate model; this is a pure “worker choice of 

telecommuting if having the option” effect.  
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Chapter 5: Conclusions and Implications 

The current study contributes to the already substantial literature on telecommuting by estimating 

a joint model of three dimensions- option, choice and frequency of telecommuting, The unique 

methodological features of this study include the use of a general and flexible generalized 

ordered-response (GOR) model to analyze the precise count of telecommuting days per month, 

and the formulation and estimation of a model system that embeds the count model within a 

larger multivariate choice framework. In doing so, a hurdle count structure is used within the 

multivariate structure (while hurdle count systems have been estimated by themselves, our 

recasting of the count model as a GOR model is the key to embedding the hurdle count structure 

within a larger multivariate framework). The model structure can be used in predictive mode (as 

we do in Section 4.7) to estimate the number of days that a person will telecommute in a month. 

The unique substantive aspects of this study include the consideration of the “option to 

telecommute” dimension, the use of a sample based on recent telecommuting behavior, and the 

consideration of a host of residential neighborhood built environment variables. In considering 

the option to telecommute dimension, we draw on literature from the family economics, 

management, and psychology literature on work-life balance considerations and how these 

considerations may be valued differently by different individuals. Along these lines, an area for 

further improvement on the substantive side is to incorporate a more detailed classification of 

employment industry and job type, as well as consider a host of employer-related variables. 

Another extension would be to include the possibility of center-based telecommuting, and 

modeling the option, adoption, and frequency of center-based telecommuting (jointly with the 

option, adoption, and frequency of home-based telecommuting). Unfortunately, data for these 

substantive improvements and extensions are not available in the 2009 National Household 

Travel Survey (NHTS) used in this study.  
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The study considered several individual and household level demographics, work 

characteristics, and built-environment measures in the empirical analysis, many of which proved 

to be valuable in analyzing telecommuting choices. An important and unique aspect of this study 

is the ability to examine the effects of these variables on each of the three dimensions of option, 

choice, and frequency of telecommuting. In addition to providing important insights for policy 

analysis, the results indicate that ignoring the “option” dimension of telecommuting can, and 

generally will, lead to incorrect conclusions regarding the behavioral processes governing 

telecommuting decisions.  

The empirical results have implications for transportation planning analysis as well as for 

the worker recruitment/retention and productivity literature. On the transportation planning side, 

the model can be used to predict telecommuting trends due to projected changes in demographics 

and employment-related variables (such as age, households with and without children, and work 

characteristics) in the U.S. population. On the worker recruitment/retention and productivity 

side, the model results can be used by employers to target specific employee groups to increase 

the extent of telecommuting. This is because our model distinguishes between the option and 

choice dimensions, providing important, even if indirect, information regarding who values 

telecommuting more (high likelihood to choose to telecommute if provided the option), but are 

the ones who are less likely to have the option (low likelihood of having the option). Such 

information can be used gainfully to have a productive work force, as well as to recruit a high 

quality and diversified work force to provide a competitive edge in the market place.  
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