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Abstract
Land use and transportation interactions exist at all time scales – long, medium, and short. In the long term, business location (and relocation) decisions, aggregate travel patterns and transportation infrastructure development are inter-dependent. In the medium-short term, in any neighborhood, the temporal profile of activity opportunities within a day, and destination and departure time (DDT) preferences of travelers are simultaneously determined. This paper explored these short-term interdependencies between the land-use supply and travel demand systems by developing a simultaneous model of time-of-day specific zonal employment intensity and non-mandatory tour DDT choices. The resulting model takes the form a panel linear regression model with employment intensity, as the dependent variable on the supply side and a mixed logit model with combinations of Traffic Analysis Zones (TAZs) and time periods as alternatives on the demand side. The modeling methodology accounts for possible endogeneity between the two systems and also considers importance sampling methods to reduce the computational burden due to explosion of choice alternatives in the discrete choice model component. The model was used to explore supply demand interactions in the Southern California region. The results not only underscore the importance of the proposed integrated modeling framework but also provide several useful insights into the factors that influence the temporal profile of zonal employment and its interaction with daily travel choices.
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Introduction
Integrated land use and travel demand modeling is considered to be the appropriate modeling paradigm for analyzing the bi-directional interactions between the supply (built environment) and demand (travel patterns) factors (Pendyala et al. 2012). In these integrated models, conditional land use and travel demand models are applied iteratively to replicate the joint distribution of land use and travel patterns in the study region. These integrated models are typically used for modeling long term feedback effects between the two systems. For instance, how does employment relocate in response to new transportation infrastructure in the region or how do travel patterns change in response to new development (e.g., big shopping mall) in the future. However, strong interactions between land use and transportation exist even at short-medium time scales. For instance, the opening and closing hours of businesses (on the supply side) and destination and departure time choice preferences of travelers (on the demand side) are more likely to be determined simultaneously. However, such interactions are not captured in the current modeling approaches.
Typically, zonal land use and employment data serve as inputs for travel demand models (TDMs) to predict the activity-travel patterns of the residential population in the study region. These models implicitly assume that zonal land use and employment serve as indicators of opportunities that attract travelers to pursue different types of activities. While the characterization of these decision processes in activity based models can vary substantially, in general these frameworks have two main components. The first component is the activity generation in which the model predicts the activities that each individual plans to undertake during the day. The second component is activity scheduling in which the spatial and temporal choices of the planned activities in the activity generation step are determined.  Within these two components, land use and employment information is predominantly used as follows 1) for zonal accessibility measures that affect daily planning choices in the activity generation step, 2) for zonal accessibility measures that affect scheduling choices that are modeled prior to destination choices in the activity scheduling step, and 3) as zonal attraction size variables (which are usually linear combinations of different zonal employment variables) in destination choice models in the activity scheduling step (Pinjari and Bhat 2011).
Given the importance of considering appropriate land use and employment information in ABMs, there is growing recognition in the field to develop user and context specific measures. Towards this end, space-time accessibility measures that consider variation of activity opportunities both in space and time have been proposed. There are primarily two components to these accessibility measures - (1) size of opportunities, and (2) ease of reachability measured as generalized travel costs and/or mode and time-of-day choice logsums. While gravity-based measures characterize accessibility through a generalized cost function, opportunity-based measures represent size of opportunities within a pre-selected boundary defined based on a generalized cost function (Chen et al. 2011, Paleti et al. 2014). Irrespective of the type of measures, most of the earlier studies account for temporal variation in accessibility measures using the second component (i.e. travel cost) due to changes in the transportation network conditions. For example, increased congestion levels can reduce accessibility during peak time periods. While this is very useful, it is also necessary to recognize that accessibility varies temporally due to variation in size of opportunities arising from opening and closing hours of businesses. For example, neighborhood with restaurants and night life are likely to experience increase traffic in the evening periods while affecting the neighborhood negligibly in the morning peak hours. To be sure, to address this issue, some of the recent studies have started to explicitly model the impact of varying business hours on space-time accessibility measures (Weber and Kwan 2002, Kim and Kwan 2003, Paleti et al. 2014).
While these new methods are a significant step forward in capturing linkages between supply and demand side factors, there are avenues for considerable improvements. First, there is no literature on modeling temporal variation of activity opportunities due to varying business hours. The traditional space-time accessibility measures that quantify the impact of this temporal variation use business hours information as an external input. Second, typical modeling frameworks employed to capture the land-use and travel interactions in the short to medium term time scales are sequential in nature and thus do not recognize that these are bi-directional in nature. For instance, daily departure time and destination choices are modeled conditional on employment information. However, there is no feedback from demand components to the supply side components. The primary objective of the current study is to address these two shortcomings of existing methods by developing an integrated modeling framework for analyzing both supply demand side outcomes jointly. 
As alluded to earlier, one common assumption across most ABMs is that the supply side opportunities (i.e., zonal employment) do not vary across different hours of the day, i.e., a constant zonal employment profile is assumed. In reality, a more reasonable hypothesis would be a bell-shaped temporal profile of zonal employment consistent with the expected opening and closing hours of most businesses (Paleti et al. 2014). This bell shaped temporal profile of opportunities on the supply side has significant implications to the way Destination and Departure Time (DDT) choices are modeled. First, DDT choices must be bundled together and viewed as simultaneous choices because zonal attractiveness (typically measured using size variables in destination choice models) changes significantly depending on the departure time. People are likely to compare and evaluate combinations of departure times and destinations instead of making these decisions in any pre-determined sequence. Second, the temporal profile of opportunities on supply side is not necessarily a collective decision of business establishments in the zone independent of the travel preferences of people in that region. For instance, businesses are open late night in Manhattan because they see people interested in pursuing activities during late hours. Similarly, people go shopping late night in Manhattan because they know shops are open for longer hours. The observed temporal profile of activity opportunities and the observed DDT choices are most likely the outcomes of equilibrium between the supply and demand factors. So, these two systems (i.e., supply and demand) cannot be analyzed as two separate independent outcomes. A simultaneous model that captures the dynamic interactions between activity opportunities on supply side and DDT choices on demand side is better suited for this choice context. The choices of interest in this study, zonal employment by time-of-day (which is an aggregated outcome of opening and closing hours of business establishments on a day-to-day basis) on the supply side and daily DDT choices on the demand side are typically made in the medium-to-short time horizons. So, in the current study, we aim to uncover these supply and demand side interactions that operate over relatively shorter time periods compared to the long-term land-use and transportation interactions. Third, simultaneous modeling of DDT choices will lead to explosion in the number of alternatives because all combinations of time periods and zones in the study region constitute the choice set. So, it is essential to use appropriate sampling mechanisms that can provide consistent parameter estimates for the integrated model.
From a policy perspective, models that treat destination and departure time choices as sequential decisions can provide wrong policy implications. For instance, if a new business development that is open late hours comes up in the region, such models do not predict any changes in the departure time patterns but they predict many more people choosing the destination with the new business development during all hours of the day. So, the predicted origin destination flows by time-of-day and the implied vehicle-miles-travelled (VMT) estimates would be wrong. Also, models that do not account for simultaneity between the supply and demand side decisions can lead to inflated estimates of the zonal employment variables on the DDT choices of travelers. 
In our study, from a methodological perspective, the proposed model takes the form of a simultaneous choice model with two components – 1) a continuous component that models the intensity of activity opportunities (i.e., percentage of zonal employment that is active) during each time period, and 2) a discrete component that analyzes the DDT choices as a combination alternative. The simultaneity between these two model components was accommodated using time-period and zone specific random error terms that enter both the continuous and discrete choice components. For the temporal dimension, five time periods were considered: morning peak (6:00 am to 9:00 am), midday (9:00 am to 3:00 pm), evening peak (3:00 pm to 7:00 pm), evening (7:00 pm to 9:00 pm), and night (9:00 pm to 6:00 am). For the location dimension, the analysis was undertaken at a spatial resolution of Traffic Analysis Zone (TAZ). Given that considering all TAZs can lead to explosion in the number of alternatives in the choice set (because of the combination of temporal and location dimensions), zonal sampling mechanisms that ensure consistent parameter estimates in mixed logit models were used (Guevara and Ben-Akiva 2013). The resulting model was estimated using Maximum Simulated Likelihood inference approach using quasi-Monte Carlo Halton sequences. The proposed model was used to analyze destination choice behavior of residents in the Southern California region. The next section provides details of the methodological framework adopted in the current study.

Data
The primary data source for demand model component was obtained from the Southern California Association of Government (SCAG)’s 2010 Household Travel Survey (HTS) data. In addition to travel diary information, the survey collected detailed socio-demographic information of about 20,000 households. Among these 20,000 households, travel diary information was collected for a weekend (i.e., Saturday or Sunday) for 32% households. So, these household records were excluded from our analysis to focus on weekday travel patterns bringing down the number of valid household samples to about 13,000. The travel diary information for these 13,000 households were processed to construct tours- chain of trips that start and end at home. Together these households reported about 40,000 tours. For each of these 40,000 tours, a primary tour destination was determined based on combination of rules including distance from home, activity purpose, and activity duration at the destination. After this analysis, we observed that out of the total 40,000 tours half were mandatory tours (to work, school, or university) and the remaining half were non-mandatory tours. These non-mandatory tours include both tours made by workers (in addition to mandatory tours) and non-workers. In this study, we focus exclusively on non-mandatory tours made by non-workers (people who are not workers or students) because they are not constrained spatially and temporally by mandatory activities. The travel diary recorded activity purpose at a very disaggregate level. These disaggregate activity purposes were grouped into five broad categories – escorting, shopping, social, maintenance, eating out, and discretionary. The activity purpose at the primary destination of a tour was identified as the primary purpose of that tour. The destination coordinates in the travel diary were geo-coded to one of the 11,267 TAZs covering the six-county region (spanning Imperial, Los Angeles, Orange, Riverside, San Bernardino, and Ventura). We excluded cases with missing tour purpose, destination, and departure time information from our analysis. So, the subset of valid non-mandatory tours made by non-workers with complete information included 16,634 tours. Out of these 16,634 tours, 3,000 tours were randomly sampled to be included in our estimation analysis to keep the dataset size manageable. Table 1 shows the frequency distribution of tour purpose and departure time period along with the type of person undertaking the tour in the estimation sample. Also, Figure 2 depicts the distribution of distance to primary destination of the tour in the final sample. 
On the supply side, the business hour information to construct the temporal profile of business activity in each TAZ was obtained using Google Place. The Google Place data for the Southern California included key information of businesses including name of business, phone number, opening and closing hours of business. Based on the phone numbers, the two digit North American Industry Classification System (NACIS) code was obtained from the InfoUSA data. A spatial smoothing method was used to account for missing data. Also, the factors that indicate the percentage of businesses open during different hours of the day were weighted by total zonal employment to capture differences between the temporal profiles of businesses and employment. The reader is referred to (Paleti et al. 2014) for further details on the smoothing method. Figure 1 shows the bell-shaped temporal profile of employment intensity for different industrial sectors. These smoothened time-of-day specific factors were used to construct (1) the dependent variable of the supply side model component- employment intensity in the five time periods, and (2) zonal employment during the five time periods that is used as an explanatory variable in the size variable specification of the demand side DDT choice model component.
In addition to these two main data sources, the research team had access to the transportation network skims for the study region. These skims were used to compute time-period specific mode choice logsums. Also, zonal land use information including population composition, quality of transit, bike and pedestrian infrastructure, intersection density, median income of households was also obtained from SCAG. In addition to disaggregate socio-demographic and tour information in the HTS, all these zonal variables and logsums constitute the set of explanatory variables considered in the supply and demand model specifications during model estimation.

Methodological Framework
Supply Side Employment Intensity Model Component
Let i be the index for the destination alternative (in our case, TAZ) and t be the index for time period (1 = ‘Morning Peak’, 2 = ‘Midday’, 3 = ‘Evening Peak’, 4 = ‘Evening’, and 5 = ‘Night’). The employment intensity defined as the percentage of employment that is active in zone i during time period t,  is modeled using a log-linear regression framework as follows:
 							Equation (1)	
The functional form of the dependent variable in EQ(1) ensures that  is bounded between 0 and 1. In EQ (1) above,  is a  vector of zonal characteristics during time period t and  is the corresponding zone-specific  vector of coefficients that capture the impact of  on  and is assumed to be multivariate normal distributed with mean vector  and covariance . So,  can be written as , where  is multivariate normal distributed with mean vector of  zeros  and covariance , i.e., . The  term captures all district (in which zone i lies) specific unobserved factors that impact both  on the supply side and DDT preferences of travelers on the demand side. The study used a district level common error term (as opposed to zonal level) because it is difficult to uncover the presence of common zonal level unobserved factors that affect both supply and demand outcomes from a small subset of sampled zonal alternatives. Lastly,  captures all other zonal and time-period specific unobserved factors that affect . With regard to the distributional assumptions of the error terms,  are assumed to be i.i.d. realizations across zones and time periods from univariate normal distributions -   and , respectively. Using these definitions, EQ (1) may be written as:
 						Equation (2)	
Demand Side Destination and Departure Time (DDT) Choice Model Component
Let q be the index for the decision maker (i.e., the traveler) and  denote the utility associated with zonal destination i during time period t for individual q. The utility  can be written as:  
							Equation (3)	
where,  and  are dimension-specific utility components of zonal alternative i and time period t, respectively;  is the utility component that captures cross-dimension effects for combinations of zonal and time period alternatives;  captures all other zonal and time period specific unobserved factors that influence DDT choice preferences. The  error components are assumed to be i.i.d. realizations across both zones and time-periods from a standard Gumbel distribution. Please note that  is the common term in EQ (2) and EQ (3) that captures unobserved factors that influence both supply and demand side outcomes.  
 composes of several distance decay terms (linear and non-linear) and their interaction with traveler. This component captures the spatial proximity effects on destination choice dimension where as  captures average departure time preferences of different socio-demographic segments.  includes time-period specific zonal attraction size terms and impedance measures (e.g., travel times, travel costs, and mode choice logsums). The specification details of these three components are explained below.
, where  is  vector of zonal and traveler characteristics that do not vary over time (e.g., inter-zonal distances, age, gender, etc.),  is the corresponding mean vector of coefficients and   is the random component of parameter effects that is normally distributed across travelers with covariance .
, where  is  vector of time-period attributes and their interaction with traveler characteristics,  is the corresponding mean vector of coefficients and   is the random component of parameter effects that is normally distributed across travelers with covariance .
, where  is the zonal and time period specific attraction size term;  is  vector of level-of-service variables characterizing travel to destination i during time period t,  is the corresponding mean vector of coefficients and  is the random component of parameter effects that is normally distributed across travelers with covariance . Lastly, the size term  comprises of several zonal population and employment variables and may be written as follows:
 									Equation (4) 
where p is the index for tour purpose,  is the indicator variable for whether the tour purpose is p (1= ‘Escorting’, 2 = ‘Shopping’, 3 = ‘Maintenance’, 4 = ‘Eating out’, 5 = ‘Social’, and 6 = ‘Discretionary’),  is  vector of zonal attraction variables, and  is the corresponding vector of coefficients on attraction variables specific to tour purpose p.  may include variables describing zonal population composition and zonal employment  in industry sector s. The zonal employment variable  is related to employment intensity  in EQ (1) as:
 									Equation (5)
where  is the total employment in zone i in industry sector s.
For each tour purpose p, one of the  parameters must be normalized to one and the effect of other attraction variables are estimated relative to this normalized parameter. So, the overall utility expression may be re-written as follows:
					Equation (6)

Maximum Simulated Likelihood Estimation
The likelihood contribution of zone i during time period t from the supply side model component conditional on the random components would be:
			Equation (7)
where  is the standard univariate normal probability density function. 
The likelihood function of zone i across all time periods is obtaining by taking the product of time period specific likelihood functions in EQ (7) as:
 			Equation (8)

The unconditional likelihood function for zone i can be obtained by integrating out the random components as:
 			Equation (9)
where  is the vertically stacked vector of 
So, the overall likelihood conditional contribution from the supply side model component is: 
					Equation (10)
For the purpose of notational convenience, define two additional vectors  and . On the demand side, because of the logit kernel, the probability that traveler q chooses destination i during time period t conditional on all the random components is given by:
 				Equation (11)
 
Sampling Strategy
The denominator in EQ (11) is a summation across all TAZs in the region (i.e., the universal set of TAZs) and all time periods. The study region considered in this paper has about 11,267 TAZs. Given that it is computationally infeasible to consider all these TAZs in our modeling, we sampled a subset of TAZs using an importance sampling mechanism. Specifically, up to 50 TAZs were sampled with replacement for each record in our estimation data using a simple multinomial logit (MNL) model with TAZ specific size term and a coefficient of -0.1 for “Distance from Home TAZ” variable. The conditional likelihood function in Equation (10) was modified to account for the sampling mechanism by adding a correction term  to the utility of the ith sampled alternative. In this correction term,  is the number of times alternative i is sampled into the choice set, N is the sample size (in our case, N = 50), and  is the sampling probability of alternative i obtained using the simple MNL model used for sampling. Guevara and Ben-Akiva (Guevara and Ben-Akiva 2013) proved that a naïve estimator with this added correction term will provide consistent estimates for logit mixture models. 
So, the modified conditional likelihood function for individual q is given by:
 				Equation (12)

where  is the set of TAZ alternatives sampled for individual q.
The unconditional likelihood function for traveler q can be obtained by integrating out the random components as follows:
 						Equation (13)
 		
However, one important point to note here is that, during the integration, the same draws of  that are used in EQ (9) of the supply side model component will be used in EQ (13) of the demand side model component. 
The overall unconditional likelihood contribution from the demand side model component is:
	Equation (14)
The total likelihood function for the joint demand-supply model can be written using EQ (9) and EQ (14) as follows:
 						Equation (15)

The MSL estimation was undertaken using 150 randomized Halton sequences (Bhat 2003) and the standard errors of parameters estimates were obtained using the inverse of the Godambe sandwich information matrix (Godambe 1960).

Empirical Results
Table 2 presents the estimation results of the supply side employment intensity model estimation results for the five time periods and Tables 3 and 4 present the final model parameters of the DDT choice component. Only parameters that were significant at 95% confidence level were retained in the final model specification.
Supply Side Employment Intensity Model
The constants in the model do not have any substantive interpretive meaning because there are several other continuous variables in the model. Notwithstanding this, it can be observed based on the relative magnitude of constants that employment intensity is highest during the ‘Midday’ and ‘Evening Peak’ time periods whereas ‘Night’ time period has the least employment intensity. Zones with higher household population have higher employment activity during all time periods. Also, higher population in older age category (65 years and above) were found to be associated with higher employment activity during all time periods. However, higher college enrollment was found to decrease the employment intensity during all time periods. Zones with high proportion of high income households (>$100,000) were found to have higher employment activity during all time period. This result is probably indicative of more perceived demand by business owners in zones with more high income households.
Zones with high intersection density have higher employment intensity during all time periods compared to zones with lower intersection density. This result is intuitive given that intersections in urban and suburban areas usually serve as activity centers with shopping malls, restaurants, and other businesses. It is also likely that this variable is serving as a proxy for degree of local transportation network connectivity within the zone. So, higher intersection density is probably indicative of better transportation infrastructure in the region. Zones that have bike lane access, high bus stop density, and higher percentage of zone in High Quality Transit Area (HQTA) have higher employment activity during all time periods. Overall, these variables suggest that better transit and non-motorized infrastructure is conducive to more economic activity. Lastly, zones that fall in the CBD region have high employment intensity during all the five time periods compared to non-CBD zones. The study also found strong evidence for the presence of time invariant zone specific random effects that impact employment intensity.
Demand Side DDT Model Component
Destination Dimension Utility Component: Spatial Proximity Effects
Among different non-linear distance effects that we tested, the logarithmic specification of distance gave the best data fit. Figure 3 shows the impact of distance on the utility of zonal alternatives for different demographic segments and tours of different purposes. The baseline effect is always below the x-axis suggesting that, all else being same, zones father away from the home zone are less preferred compared to other zonal alternatives with the relation being non-linear (due to the logarithmic function). Female travelers were found to be more sensitive to distance compared to their equivalent male counterparts and tend to travel to closer destinations. Also, people tend to travel shorter distances for shopping and escorting tours whereas they were found to be willing to travel longer distances for social and maintenance tours. These results are consistent with average durations of activity participation associated with these different activities. People are willing to travel farther to undertake longer activities, however, if the duration of activity is very short, it probably does not make sense to travel farther. Distance interactions with indicator variable for joint tour were also tested during model estimation but did not turn out to be statistically significant. This is different from the findings of earlier studies that found that joint tours have higher mileage compared to individual tours (Paleti et al. 2011). 
Destination Dimension Utility Component: Other Zonal Factors
The mean parameter estimate on the CBD indicator variable was negative suggesting that zones in CBD region were, on average, less attractive compared to non-CBD zones for undertaking non-mandatory tours. This result is not necessarily unintuitive because we are focusing on non-mandatory tours of non-workers and the model already controls for higher employment effects in the CBD region through the size variable. So, the CBD indicator variable is serving as a token variable for inconvenience and additional costs associated with traveling to CBD regions such as high congestion levels and parking costs. However, the standard deviation parameter on CBD indicator variable was 1.9859 indicating that nearly 24% of CBD zones are preferred over non-CBD zones (everything else being the same). Lastly, zones with high intersection density and zones that bike lane access were found to be preferred over other zones. This result is probably capturing the ease of reaching other nearby areas after reaching the destination. For instance, people can park their vehicle and move within the zone to explore different opportunities in close proximity.
Time Period Dimension Utility Component
The constants in the time period specific utility component do not have substantive behavioral meaning because of several other continuous variables in the model. Female travelers were found to have higher preference for ‘Morning Peak’, ‘Midday’, and ‘Evening Peak’ time periods compared to male travelers. Shopping tours are less likely to be made during ‘Morning Peak’ hours whereas they are most likely to be made undertaken during the ‘Midday’ time period. This finding is consistent with the typical shopping travel patterns of non-working adults. Maintenance tours, on the other hand, are mostly made during ‘Midday’ period. This is intuitive given that activities such as visiting a bank or a doctor that constitute the “maintenance” category are typically undertaken during afternoon hours. Social tours are most likely to be undertaken during the ‘Evening Peak’ time period. This is intuitive because social activities are typically undertaken with friends/families during later hours of the day because some of them might be working during daytime. Eating out tours are mostly undertaken during the ‘Evening Peak’ time period consistent with typical dinner hours. Lastly, joint tours with other household members are more likely to be scheduled in the ‘Evening Peak’ time period. 
Destination & Time Period Cross Dimensions Utility Component
Table 4 presents the parameters in the size variable specification of the final model. The employment levels for the same zone can be different for different time periods because of business opening and closing hours. So, although we sample only 50 zones, the employment for each of these 50 zones varies across the five time periods. Also, one of the coefficients in the size variable specification is normalized to one for each tour purpose and the effect of other employment variables is estimated relative to the attraction variable with fixed coefficient.  For instance, for shopping tours, the coefficient on “Retail & Other Services” employment was fixed to one and the effect of employment in the “Art & Entertainment” industry was estimated to be 0.1841. It can be seen that the attraction size variable is a function of different sets of employment variables depending on the activity purpose of the tour. This is intuitive because opportunities for activity participation vary depending on the purpose of the activity. So, it is not correct to have one single size variable specification for tours of all purposes. For instance, the most relevant attraction variables for escorting tours are “Total Number of Households” and employment in the “Educational” industrial sector. Employment in other industry sectors was found to not have any significant effect on the attraction size variable for escorting tours. Other coefficients in the Table 4 may be interpreted similarly for other tour purposes. Lastly, in the final model, the parameter estimate on time period specific mode choice logsum was fixed to 1 indicating that there is no simultaneity in mode and DDT choices. However, this logsum variable makes the overall model sensitive to evaluating the impact of a host of policy scenarios including changes in level-of-service (LOS) characteristics of auto, transit, and non-motorized modes.
Endogeneity & Model Fit
Our models for employment intensity and DDT choices do not include all possible variables that can influence these two response variables. For example, zones located in districts that contain major tourist attractions (which is not controlled in our models) might be intrinsically attractive to customers on the demand side (that is people who pursue out-of-home non-mandatory activities) as well as business establishments on the supply side. Such common unobserved variables can lead to correlation between the employment intensity and utility equations in the supply and demand model components, respectively. Ignoring this correlation between the two model components and estimating them independently will lead to bias and inconsistency of model parameters (Louviere et al. 2005). To see this, note that employment intensity enters the utility equations in the DDT choice as the size variable which will be correlated with the error term in the utility equation. This is because employment intensity is influenced by unobserved variables that are also common to the error terms in the utility equation. So, this leads to the endogeneity problem whereby the explanatory variables in the observed portion of the utility equation are correlated with the error term in the utility equation. To account for this endogeneity problem, a common error term  that is assumed to an independent realization (across districts) from univariate normal distribution (with zero mean) is added to the employment intensity and utility equations that is integrated out during model estimation. If the standard error 𝜋 of this common error term turns out to be zero, it would imply that there is no endogeneity problem. So, the parameter estimates from the independent model would be correct. However, in the empirical application, the standard error of this common unobserved term was found to be 2.608.  This finding underscores the importance of the joint modeling framework developed in this study for analyzing DDT choices that are traditionally modeled conditional on total zonal employment obtained from supply side models. 
Also, the log-likelihood (LL) of the final model that accounts for endogeneity and parameter heterogeneity both in the supply and demand side model components was -68,923.65 (M1: 94 parameters). The LL of the model that ignores endogeneity but accounts for random parameter heterogeneity in the two model components was -69,818.74 (M2: 93 parameters) and the LL of model that ignores endogeneity as well as random parameter heterogeneity was -90,257.9 (M3: 91 parameters). It can be seen that the log-likelihood ratio (LR) test statistics of comparison of the final model M1 against models M2 and M3 are much higher than the critical chi-square values for 1 and 3 degrees of freedom at any level of significance respectively; thus clearly indicating statistically superior data fit in the final model (M1).
Post Estimation Analysis
This section presents the results of post model estimation analysis that was undertaken to demonstrate the applicability of the joint model developed in this study. As part of this exercise, four policy scenarios were considered – (1) increase bus stop density by 100%, (2) increase intersection density by 100%, (3) double the percentage of zone in HQTA by 100%, and (4) provide bike lane access to a zone.[footnoteRef:1] These changes were applied only to zones in District 34 that corresponds to the Los Angeles downtown area. For each of these four scenarios, the employment intensity during the five time periods was predicted using the regression model component parameters before and after the change in the variable of interest. Next, the probabilities of all DDT alternatives were computed for each time period both before and after the change for each scenario. To maintain computational tractability, 50 zonal alternatives were sampled for each tour as was done during model estimation. Lastly, the percentage change in the average probability of all the DDT alternatives in District 34 was computed due to the policy change. This change in average probability can be either because the variable of interest appears directly in the utility equation of the DDT choice component (e.g., intersection density) or because of change in employment intensity on supply side that translated into changes in zonal employment affecting size variables in the utility of DDT choice alternatives. It is important to note that there is some time-lag between the changes on the supply side (employment intensity) and the associate changes on the demand side (i.e., DDT choices) because of the above changes to transportation infrastructure. However, for the purposes of demonstration, these changes are assumed to be instantaneous. Also, it is possible that improved transportation infrastructure can induce new trips over a longer time-horizon compared to the changes in DDT choices we considered in the policy simulation exercise. While accounting for this induced demand is beyond the scope of the current study, it can be captured using spatio-temporal accessibility measures in the activity generation model components of ABMs.  [1:  If the percentage of zone in HQTA exceeded 100% in the policy scenario, it was set to 100%.] 

Table 5 presents the results of the post-estimation analysis. It can be seen from the table that the percentage change in the average probability is different across different time periods. Traditional DDT choice models that assume total employment to be available during the entire day cannot capture this time varying effect of different policy scenarios because of time varying employment intensity on the supply side. The percentage changes are relatively higher during ‘Night’ compared to other time periods because the average probabilities in the base case (before the policy change) are lower for this time period mainly due to fewer opportunities on the supply side (i.e., low employment intensity) during night hours. Also, the results suggest that providing bike lane access and increasing intersection density within a zone (i.e., better local accessibility) are more conducive to increasing travel demand to a zone (from the perspective of business owners in that zone) than improving the quality of public transit in that zone.

Conclusion
In most travel demand models, the interactions between land use and transportation are captured either by (1) using an integrated land use and travel demand model to capture long term inter-dependencies between the two systems, or (2) using land use information as an external input to the travel choice models.   However, these existing methods cannot account for short term inter-dependencies between the two systems. For instance, daily travel choices such as destination and departure time (DDT) choices depend on spatial and temporal distribution of activity opportunities on the supply side. However, it is also true that spatial and temporal profile of activity opportunities in a region depend on the estimated level of demand for these opportunities by businesses located in that region. So, within each day, we observe an equilibrium between the temporal profile intensity of activity opportunities (as determined by the opening and closing hours of businesses) on the supply side and DDT choices of travelers on the demand side. 
To explore such inter-dependencies, an integrated modeling framework was developed that (a) accounts for potential endogeneity between the outcomes in the two systems because of common unobserved factors that influence both employment intensity on supply side and utility of travelers on the demand side; (b) treats DDT choices as a single bundle where in travelers evaluate combinations of destinations and departure time periods as opposed to any pre-determined sequence of these two choices; and (c) can accommodate importance sampling mechanisms to reduce the computational burden associated with explosion in size of choice sets because of combinations of destination and departure time alternatives. This integrated model was used to analyze temporal variation of zonal employment intensity and non-mandatory DDT choices in the Southern California region. The results offer new insights into the relationship between temporal profile of zonal employment intensity within a day and zonal demographics and transportation infrastructure. The DDT choice model component also uncovered several nonlinear spatial proximity effects, sensitivity to transportation network conditions of different modes, differences in departure time preferences across different tours and demographic segments, and tour purpose specific attraction size effects. The study also found evidence for the presence of time invariant random effects in the supply side employment intensity model component, random parameter heterogeneity in the DDT choice model component, and endogeneity between the supply and demand model components. Lastly, the post estimation analysis results demonstrated the ability of the joint model developed in the study to capture the time varying effect of different policy scenarios on travelers’ DDT choice preferences arising due to differences in employment intensity patterns.
There are several possible avenues for improving this study in the future. First, one of the assumptions in this study was that employment intensity profile is the same across all industrial sectors in a zone. So, the same employment intensity proportions were applied to all employment variables in the size terms of DDT choice model component. However, this is a restrictive assumption that is not necessarily true because the employment intensity profile can be different across different industrial sectors. This would imply that the regression model component in the supply side must be completely segmented by industrial sector increasing the computational burden in the joint model estimation. Second, the departure time choice dimension on the demand side was analyzed by defining aggregated time periods as choice alternatives instead of using of using a finer temporal resolution (e.g., 15 minutes time bins). This also has implications to the supply side model because as the temporal resolution increases, the number of time periods in the panel regression model for employment intensity also increase. Third, this study only models the destination preferences of the primary destination of a tour. In this study, primary tour destination in the survey data was defined based on a combination of rules considering distance from home, activity purpose, and activity duration at the destination. In some cases, (particularly among non-mandatory tours) the definition of primary tour destination is fuzzy because there might be tours with multiple stops that are equally important.  So, extending the modeling framework to deal with simultaneous destination choices of multiple stops in a tour presents unique challenges both in terms of computational complexity as well as identifying smart mechanisms for sampling chains of stop locations as opposed to individual locations. Lastly, in some cases, a sequential approach where departure time choices are modeled conditional on destination choices is better suited than  the joint DDT choice model adopted in this study. For instance, a sequential approach is better suited for modeling DDT choices of eating out activities with   reservations and special events such as sporting events or concerts. In the past, researchers have used latent class modeling methods with all possible dependency pathways as alternatives to address this problem (Waddell et al. 2007). For example, there are three dependency pathways in DDT choices: (1) destination choice followed by departure time, (2) departure time followed by destination choice, and (3) joint DDT choice model.  Future studies must explore these alternate dependency pathways in DDT choices of non-mandatory activities. 
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Figure 1: Employment Intensity by Industry Sector and Hour of Day
Table 1: Key Descriptive Statistics in the Estimation Sample
	 
	Frequency
	Percent

	Tour Purpose
	 
	 

	Escort
	558
	18.6

	Shopping
	667
	22.2

	Maintenance
	546
	18.2

	Social
	129
	4.3

	Entertainment
	98
	3.3

	Visiting Friends/Family
	233
	7.8

	Active Recreation
	346
	11.5

	Eating Out
	156
	5.2

	Other
	267
	8.9

	Tour Departure Time Period
	
	

	AM
	706
	23.5

	Midday
	1430
	47.7

	PM
	668
	22.3

	Evening
	121
	4.0

	Night
	75
	2.5

	Person Type
	
	

	Full-time Worker
	551
	18.4

	Part-time Worker
	469
	15.6

	Student
	93
	3.1

	Non-worker
	1162
	38.7

	Retiree
	659
	22.0

	Driving Age Child
	66
	2.2





Figure 2: Percentage Distribution of Tours by Distance to Primary Destination

Table 2: Supply Side Employment Intensity Model Estimation Results
	Parameter
	Morning Peak
	Midday
	Evening Peak
	Evening
	Night

	Constant
	-2.5898
	-0.8187
	-1.0836
	-2.6896
	-3.8682

	Number of Households in TAZ (×1000)
	0.2671
	0.2159
	0.2343
	0.3248
	0.1931

	Population Aged 65 and over (×1000)
	0.0329
	0.1629
	0.1659
	0.1500
	0.1657

	College Enrollment (×1000)
	-0.0128
	-0.0091
	-0.0090
	-0.0104
	-0.0152

	Households with income > $100,000 (×1000)
	0.1449
	0.9309
	0.9448
	0.5033
	0.1262

	Intersection density (3- and 4- legs)
	0.7887
	1.2511
	1.3498
	1.3753
	1.1093

	Bike lane access (1= if a TAZ has bike lane)
	0.2090
	0.3272
	0.3189
	0.2464
	0.1283

	Total Bus Stop Density
	0.0478
	0.0470
	0.0454
	0.0542
	0.0624

	% of TAZ  in HQTA
	0.3038
	0.4648
	0.4639
	0.4640
	0.3799

	Central Business District
	0.0800
	0.2958
	0.2676
	0.1508
	0.1175

	Time Invariant Random Effects
	0.3874

	Standard Error of Residual Error Term 
	0.4240
	0.1937
	0.1000
	0.5313
	0.5798

	Number of Observations (TAZs)
	11,267




Figure 3: Distance Effects on Utility of DDT Alternatives

Table 3 DDT Model Estimation Results: Dimension Specific Utility Components
	Explanatory Variables
	Zonal Dimension Utility Component
	Time Period Dimension Utility Component (Base: Night)

	
	Spatial Proximity Effects LN[1+Distance]*
	Other Zonal Factors
	Morning Peak
	Midday
	Evening Peak
	Evening

	Constant
	-1.1353
	 
	1.3988
	0.6019
	0.0000
	-0.9354

	Traveler Socio-demographics
	 
	 
	 
	 
	 
	 

	Female
	-0.3230
	 
	0.3953
	0.5600
	0.5665
	 

	Tour Characteristics
	 
	 
	 
	 
	 
	 

	Escorting tour
	-0.3686
	 
	 
	 
	 
	 

	Shopping tour
	-0.5621
	 
	-0.5545
	0.7927
	 
	 

	Maintenance tour
	0.2705
	 
	 
	0.4236
	 
	 

	Social tour
	0.3376
	 
	 
	 
	0.2717
	 

	Meal tour
	 
	 
	 
	 
	0.3881
	 

	Joint Tour Party Composition
	 
	 
	 
	 
	 
	 

	Joint tour (all adults)
	 
	 
	 
	 
	0.7151
	 

	Joint tour (adults & children)
	 
	 
	 
	 
	0.6145
	 

	Built Environment Effects
	 
	 
	 
	 
	 
	 

	CBD
	 
	-1.4120
	 
	 
	 
	 

	    Standard Deviation
	 
	1.9859
	 
	 
	 
	 

	Intersection Density
	 
	0.9814
	 
	 
	 
	 

	Bike Lane Access
	 
	0.2140
	 
	 
	 
	 

	
	
	
	
	
	
	

	
	
	
	
	
	
	


Table 4 DDT Model Estimation Results: Cross Dimensions Utility Component
	Size Variables
	Tour Purpose

	
	Escorting
	Shopping
	Social
	Maintenance
	Eat out
	Discretionary

	Total Number of Households
	1.0000
	
	
	1.1063
	
	0.6203

	Employment
	
	
	
	
	
	

	     Agriculture
	
	
	
	
	
	

	     Construction & Transportation
	
	
	
	
	
	

	     Manufacturing & Wholesale
	
	
	
	
	
	

	     Retail & Other Service
	
	1.0000
	1.0000
	1.0000
	0.3513
	1.0000

	     Information & Professional
	
	
	
	
	
	

	     Educational
	0.0163
	
	
	
	
	

	     Financial Institution &  Real Estate
	
	
	
	
	
	

	     Art & Entertainment
	
	0.1841
	0.3722
	
	1.0000
	

	     Public Administration
	
	
	
	0.2891
	
	

	Time Period Specific Mode Choice Logsum
	1.0000



Table 5 Post Estimation Analysis Results: % Increase in Average Probability of Visiting a Zone in District 34
	Time Period
	100% Increase in Bus Stop Density
	100% Increase in Intersection Density
	100% Increase in % of Zone in HQTA
	Provide Bike Lane Access

	Morning Peak (6:00 am to 9:00 am)
	6.4%
	15.4%
	6.8%
	16.2%

	Mid-Day (9:00 am to 3:00 pm)
	0.4%
	11.9%
	2.5%
	13.9%

	Evening Peak (3:00 pm to 7:00 pm)
	0.4%
	11.4%
	3.3%
	13.8%

	Evening (7:00 pm to 9:00 pm)
	7.3%
	24.1%
	13.4%
	19.9%

	Night (9:00 pm to 6:00 am)
	16.2%
	26.7%
	16.0%
	18.2%
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Base	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.78692999408970588	-1.247254531324905	-1.5738599881794118	-1.827194861986434	-2.0341845254146107	-2.2091917922224971	-2.3607899822691176	-2.4945090626498101	-2.6141248560761401	-2.7223305032079903	-2.8211145195043166	-2.9119870055260826	-2.9961217863122029	-3.074449393311339	-3.1477199763588235	-3.2165471095070219	-3.2814390567395155	-3.3428215730476594	-3.401054850165846	-3.4564463235474019	-3.5092604972976962	-3.5597265833443634	-3.6080445135940229	-3.654389723972868	-3.6989169996157885	-3.7417635939747149	-3.7830517804019088	-3.8228909557836439	-3.8613793874010449	-3.8986056732519865	-3.9346499704485294	-3.9695850345328951	-4.0034771035967278	-4.0363866542089308	-4.0683690508292214	-4.0994751062249879	-4.1297515671373652	-4.1592415368509874	-4.1879848442555518	-4.2160183673294007	-4.2433763176371082	-4.2700904913469016	-4.2961904913874021	-4.3217039246362434	-4.3466565774340697	-4.3710725722214292	-4.3949745076837283	-4.4183835844449941	-4.4413197180625739	-4.4638016408319272	-4.4858469937054943	-4.5074724094557244	-4.5286935880644208	-4.5495253651944241	-4.5699817744916151	-4.5900761043725646	-4.6098209498733498	-4.6292282600661636	-4.6483093814907503	-4.6670750979959603	-4.6855356673416928	-4.7037008548723067	-4.7215799645382353	-4.7391818675125164	Female	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-1.0108165334105683	-1.6021063005647045	-2.0216330668211366	-2.3470433077026485	-2.6129228339752726	-2.8377207703673633	-3.0324496002317045	-3.204212601129409	-3.3578598411132168	-3.4968506763218641	-3.6237393673858405	-3.7404656479861589	-3.8485373037779316	-3.9491496082673532	-4.0432661336422733	-4.1316750196371794	-4.2150291345399769	-4.2938753633184197	-4.3686763745237851	-4.4398270709320675	-4.507667209732432	-4.572491215089479	-4.6345559007964097	-4.6940866154052969	-4.7512821813967268	-4.8063189016941132	-4.8593538371884994	-4.9105275088692748	-4.9599661416779215	-5.0077835403006885	-5.0540826670528407	-5.0989569768865683	-5.1424915530477477	-5.1847640780700113	-5.2258456679505452	-5.2658015920090726	-5.304691896728988	-5.3425719485508631	-5.3794929079343534	-5.4155021448748926	-5.4506436043426358	-5.4849581287159221	-5.5184837431430003	-5.551255908832057	-5.5833077485000473	-5.6146702475737786	-5.6453724342069771	-5.6754415407347265	-5.7049031488158652	-5.7337813202018841	-5.762098714807296	-5.7898766975330602	-5.8171354351046816	-5.8438939840245121	-5.8701703705990687	-5.8959816638831244	-5.9213440422798431	-5.9462728544477113	-5.9707826750884889	-5.9948873561239395	-6.0186000737112577	-6.0419333714967713	-6.064899200463409	-6.0875089556888069	Escorting Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-1.0424240448441018	-1.6522030209279703	-2.0848480896882036	-2.4204336765096435	-2.6946270657720719	-2.9264542731642855	-3.1272721345323049	-3.3044060418559407	-3.4628577213537453	-3.6061947007614696	-3.7370511106161732	-3.8574273386864051	-3.9688783180083873	-4.0726366974376136	-4.1696961793764071	-4.2608695481261432	-4.3468300867000416	-4.4281417807684091	-4.5052817661978466	-4.5786572940922561	-4.648618745605571	-4.7154697513358474	-4.7794751554602755	-4.8408673530192869	-4.8998513835305069	-4.9566090627839108	-5.0113023628524891	-5.0640761987166583	-5.1150607422817149	-5.1643733568252115	-5.2121202242205085	-5.2583977216894393	-5.3032935929702454	-5.3468879496739286	-5.3892541315441438	-5.4304594488256495	-5.4705658256125105	-5.5096303596143752	-5.5477058110419488	-5.5848410311166088	-5.6210813389363574	-5.6564688539915489	-5.6910427904496732	-5.7248397183655833	-5.7578937961799497	-5.7902369782117571	-5.8218992003043768	-5.852908546328571	-5.8832913978633883	-5.9130725690541137	-5.9422754283746082	-5.9709220087910362	-5.9990331076280121	-6.0266283772711127	-6.0537264076965913	-6.0803448016963797	-6.1065002435607596	-6.1322085618898114	-6.1574847871258163	-6.1823432043302429	-6.2067974016693137	-6.2308603150202257	-6.2545442690646098	-6.2778610151960486	Shopping Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-1.1765480242824511	-1.8647844987852498	-2.3530960485649022	-2.7318599125656418	-3.0413325230677004	-3.3029878870064886	-3.5296440728473533	-3.7295689975704995	-3.9084079368480933	-4.0701874360479549	-4.2178805473501519	-4.3537450393552124	-4.4795359112889397	-4.5966444113508915	-4.7061920971298044	-4.8090963302010215	-4.9061170218529497	-4.9978907232371155	-5.0849559611305448	-5.1677723857917384	-5.2467354603304059	-5.3221878821181381	-5.394428571632603	-5.4637198251312835	-5.5302930636376635	-5.5943534963557484	-5.6560839355713908	-5.7156479418190411	-5.7731924356333426	-5.8288498808930873	-5.8827401214122563	-5.9349719348332037	-5.9856443544834725	-6.0348477995721304	-6.0826650461354008	-6.1291720649223063	-6.1744387475195666	-6.2185295381404622	-6.261503985412995	-6.3034172260238925	-6.3443204100741895	-6.3842610763782535	-6.4232834846128561	-6.4614289101361404	-6.4987359064005901	-6.5352405391426531	-6.5709765959150541	-6.6059757740129772	-6.6402678494137355	-6.6738808289862703	-6.7068410879201146	-6.7391734940633725	-6.7709015206381995	-6.8020473486135966	-6.8326319598538428	-6.8626752220223661	-6.8921959661014922	-6.9212120572855689	-6.9497404599157928	-6.9777972970477791	-7.0053979051755384	-7.0325568845769872	-7.0592881456947065	-7.0856049519208542	Maintenance Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.59943368174824063	-0.95007990724018132	-1.1988673634964813	-1.3918419066730099	-1.5495135889884217	-1.6828230969030349	-1.7983010452447221	-1.9001598144803626	-1.9912755884212507	-2.0736998319160311	-2.1489472707366626	-2.2181682043327369	-2.2822567786512753	-2.3419218139131912	-2.3977347269929625	-2.4501628999398153	-2.4995934962286031	-2.5463508291831372	-2.5907092701694916	-2.6329030041432158	-2.6731335136642715	-2.7115753979355284	-2.7483809524849034	-2.7836838133460198	-2.8176018860809773	-2.850239721720544	-2.8816904603995162	-2.9120374337723027	-2.9413554956614316	-2.9697121344387543	-2.9971684087412034	-3.023779739156212	-3.0495965816880561	-3.0746650035760443	-3.0990271779768435	-3.122721810854725	-3.145784510931378	-3.1682481115729182	-3.190142951917732	-3.2114971232858851	-3.2323366858914571	-3.2526858600517929	-3.2725671954125124	-3.2920017211533716	-3.3110090796837692	-3.3296076459588582	-3.3478146342331438	-3.3656461938060698	-3.3831174950942602	-3.4002428071799971	-3.4170355678292181	-3.4335084468398751	-3.4496734034687844	-3.4655417385890406	-3.481124142147757	-3.4964307364233189	-3.5114711155205436	-3.5262543814896663	-3.540789177409672	-3.5550837177370793	-3.5691458161869951	-3.5829829113833971	-3.5966020904894442	-3.6100101110057468	Social Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.55292350593266837	-0.87636302267055122	-1.1058470118653367	-1.2838486227486818	-1.4292865286032193	-1.5522525259014233	-1.658770517798005	-1.7527260453411024	-1.8367721286813503	-1.9128010591112603	-1.9822100345358877	-2.0460601024470675	-2.1051760318340915	-2.1602116454192331	-2.2116940237306735	-2.2600542845536431	-2.3056495512737705	-2.3487789736810694	-2.3896956346140188	-2.4286155485719743	-2.4657245650439288	-2.5011837360466824	-2.5351335404685562	-2.5676972454973637	-2.598983608379736	-2.6290890680116537	-2.65809953776676	-2.6860918835802101	-2.7131351513519011	-2.7392915930178008	-2.764617529663342	-2.7891640817818111	-2.8129777904863116	-2.8361011486501049	-2.8585730572064385	-2.8804292189162979	-2.9017024796137374	-2.9224231251176187	-2.9426191405466868	-2.9623164376100264	-2.9815390545046432	-3.0003093322887548	-3.0186480709765968	-3.0365746680897834	-3.0541072419793514	-3.0712627418841132	-3.0880570464012242	-3.1045050518028465	-3.1206207514300317	-3.1364173072241948	-3.1519071143124044	-3.1671018594405282	-3.1820125739443217	-3.1966496818599417	-3.2110230436994285	-3.2251419963516206	-3.2390153895128786	-3.2526516190035926	-3.2660586572845691	-3.2792440814510506	-3.2922150989504697	-3.3049785712425255	-3.31754103559601	-3.3299087251957493	LN(1+Distance)	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	0.69314718055994529	1.0986122886681098	1.3862943611198906	1.6094379124341003	1.791759469228055	1.9459101490553132	2.0794415416798357	2.1972245773362196	2.3025850929940459	2.3978952727983707	2.4849066497880004	2.5649493574615367	2.6390573296152584	2.7080502011022101	2.7725887222397811	2.8332133440562162	2.8903717578961645	2.9444389791664403	2.9957322735539909	3.044522437723423	3.0910424533583161	3.1354942159291497	3.1780538303479458	3.2188758248682006	3.2580965380214821	3.2958368660043291	3.3322045101752038	3.3672958299864741	3.4011973816621555	3.4339872044851463	3.4657359027997265	3.4965075614664802	3.5263605246161616	3.5553480614894135	3.5835189384561099	3.6109179126442243	3.6375861597263857	3.6635616461296463	3.6888794541139363	3.713572066704308	3.7376696182833684	3.7612001156935624	3.784189633918261	3.8066624897703196	3.8286413964890951	3.8501476017100584	3.8712010109078911	3.8918202981106265	3.912023005428146	3.9318256327243257	3.9512437185814275	3.970291913552122	3.9889840465642745	4.0073331852324712	4.0253516907351496	4.0430512678345503	4.0604430105464191	4.0775374439057197	4.0943445622221004	4.1108738641733114	4.1271343850450917	4.1431347263915326	4.1588830833596715	4.1743872698956368	Female	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.22388653932086233	-0.3548517692397995	-0.44777307864172466	-0.51984844571621436	-0.57873830856066177	-0.62852897814486619	-0.671659617962587	-0.70970353847959899	-0.7437349850370768	-0.77452017311387378	-0.80262484788152411	-0.82847864246007641	-0.85241551746572852	-0.87470021495601391	-0.89554615728344933	-0.91512791013015782	-0.93359007780046122	-0.9510537902707602	-0.96762152435793902	-0.98338074738466563	-0.99840671243473611	-1.0127646317451153	-1.0265113872023865	-1.0396968914324287	-1.0523651817809387	-1.0645553077193983	-1.0763020567865909	-1.0876365530856311	-1.0985867542768764	-1.1091778670487022	-1.1194326966043118	-1.1293719423536732	-1.1390144494510202	-1.1483774238610807	-1.1574766171213235	-1.1663264857840845	-1.1749403295916225	-1.1833304116998757	-1.1915080636788014	-1.1994837775454914	-1.2072672867055281	-1.2148676373690206	-1.2222932517555984	-1.2295519841958134	-1.2366511710659778	-1.243597675352349	-1.2503979265232488	-1.2570579562897324	-1.2635834307532912	-1.2699796793699571	-1.2762517211018012	-1.2824042880773354	-1.2884418470402608	-1.2943686188300882	-1.3001885961074533	-1.3059055595105598	-1.3115230924064933	-1.3170445943815474	-1.3224732935977386	-1.3278122581279796	-1.3330644063695647	-1.3382325166244651	-1.343319235925174	-1.3483270881762908	Escorting Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.2554940507543958	-0.40494848960306523	-0.51098810150879159	-0.59323881452320937	-0.66044254035746097	-0.71726248094178846	-0.76648215226318739	-0.80989697920613046	-0.84873286527760528	-0.88386419755347934	-0.91593659111185688	-0.94544033316032239	-0.97275653169618426	-0.99818730412627454	-1.0219762030175832	-1.0443224386191212	-1.0653910299605263	-1.0853202077207498	-1.1042269160320011	-1.1222109705448537	-1.1393582483078752	-1.1557431679914845	-1.1714306418662528	-1.1864776290464187	-1.2009343839147182	-1.2148454688091956	-1.2282505824505801	-1.2411852429330144	-1.2536813548806705	-1.2657676835732248	-1.2774702537719791	-1.2888126871565446	-1.2998164893735171	-1.3105012954649977	-1.3208850807149219	-1.3309843426006611	-1.3408142584751457	-1.3503888227633876	-1.3597209667863968	-1.3688226637872078	-1.3777050212992494	-1.3863783626446471	-1.3948522990622709	-1.4031357937293398	-1.4112372187458804	-1.4191644059903274	-1.4269246926206487	-1.4345249618835769	-1.4419716798008146	-1.4492709282221865	-1.4564284346691141	-1.463449599335312	-1.4703395195635915	-1.4771030120766888	-1.4837446332049762	-1.4902686973238151	-1.49667929368741	-1.5029803018236483	-1.5091754056350661	-1.5152681063342825	-1.5212617343276207	-1.5271594601479188	-1.5329643045263748	-1.5386791476835318	Shopping Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	-0.38961803019274527	-0.61752996746034461	-0.77923606038549054	-0.90466505057920787	-1.0071479976530897	-1.0937960947839918	-1.1688540905782359	-1.2350599349206892	-1.2942830807719532	-1.3478569328399643	-1.3967660278458351	-1.4417580338291298	-1.483414124976737	-1.5221950180395525	-1.5584721207709811	-1.5925492206939993	-1.6246779651134342	-1.6550691501894561	-1.6839011109646984	-1.7113260622443363	-1.7374749630327095	-1.7624612987737751	-1.7863840580385804	-1.8093301011584157	-1.8313760640218752	-1.8525899023810335	-1.8730321551694822	-1.8927569860353972	-1.9118130482322977	-1.9302442076411008	-1.9480901509637265	-1.9653869003003086	-1.9821672508867445	-1.9984611453631995	-2.0142959953061794	-2.0296969586973188	-2.0446871803822013	-2.0592880012894743	-2.0735191411574436	-2.0873988586944918	-2.1009440924370817	-2.1141705850313515	-2.1270929932254545	-2.139724985499897	-2.1520793289665203	-2.1641679669212239	-2.1760020882313258	-2.1875921895679835	-2.1989481313511612	-2.2100791881543436	-2.2209940942146207	-2.2317010846076477	-2.2422079325737787	-2.2525219834191721	-2.2626501853622276	-2.272599117649801	-2.2823750162281424	-2.2919837972194053	-2.3014310784250429	-2.3107221990518183	-2.319862237833846	-2.3288560297046805	-2.3377081811564717	-2.3464230844083378	Maintenance Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	0.18749631234146522	0.29717462408472373	0.37499262468293043	0.43535295531342416	0.48467093642618891	0.52636869531946229	0.56248893702439562	0.59434924816944745	0.62284926765488946	0.64863067129195928	0.6721672487676541	0.69381880119334571	0.71386500766092742	0.73252757939814783	0.74998524936586086	0.76638420956720654	0.78184556051091258	0.7964707438645221	0.81034557999635459	0.82354331940418601	0.83612698363342453	0.84815118540883505	0.85966356110911935	0.87070591062684832	0.88131511353481096	0.89152387225417107	0.90136132000239266	0.91085352201134129	0.92002389173961308	0.92889353881323211	0.93748156170732611	0.94580529537668301	0.95388052190867179	0.96172165063288639	0.96934187285237783	0.97675329537026279	0.98396705620598734	0.99099342527806944	0.99784189233781984	1.0045212440435154	1.0110396317456511	1.0174046312951086	1.0236232959748897	1.0297022034828716	1.0356474977503003	1.0414649262625708	1.0471598734505847	1.0527373906389246	1.0582022229683135	1.0635588336519302	1.0688114258762762	1.073963962615849	1.0790201845956364	1.0839836266053835	1.0888576323438581	1.0936453679492459	1.0983498343528064	1.1029738785764973	1.1075202040810783	1.1119913802588808	1.1163898511546975	1.1207179434889096	1.1249778740487912	1.1291717565067698	Social Tours	0	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	0	0.23400648815703753	0.37089150865435389	0.46801297631407507	0.54334623923775227	0.60489799681139134	0.6569392663210738	0.70201946447111252	0.74178301730870777	0.77735272739478989	0.80952944409673	0.83890448496842895	0.86592690307901488	0.89094575447811131	0.9142377478921061	0.93602595262815014	0.95649282495337862	0.97578950546574517	0.99404259936659023	1.0113592155518274	1.0278307749754276	1.0435359322537676	1.058542847297681	1.0729109731254665	1.0866924784755045	1.0999333912360525	1.1126745259630615	1.1249522426351488	1.1367990722034338	1.1482442360491438	1.1593140802341855	1.1700324407851876	1.1804209527510838	1.1904993131104162	1.200285505558826	1.2097959936227827	1.2190458873086902	1.2280490875236278	1.2368184117333687	1.245365703708865	1.2537019297193743	1.2618372631324652	1.2697811590581467	1.277542420410805	1.28512925654646	1.2925493354547186	1.2998098303373158	1.3069174612825041	1.3138785326421476	1.3206989666325422	1.3273843336077324	1.3339398793930899	1.3403705500151963	1.3466810141200991	1.3528756833344824	1.3589587307921867	1.3649341080209443	1.3708055603604712	1.376576641062571	1.3822507242061812	1.3878310165449099	1.3933205683912231	1.3987222836297815	1.404038928942225	1.409273142316767	Distance (in miles)


Utility of DDT Alternatives




