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ABSTRACT 
Congested urban areas are faced with the difficulty of balancing the needs of their 

residents, businesses, and goods movements, all of which are competing for coveted real 

estate and curbside. It is increasingly more difficult to park a delivery truck in these areas 

due to size and location restrictions, which causes drivers to take illegal actions, such as 

double parking. These parking decisions are influenced by the uncertainty of the levels of 

congestion and the strictness of parking ticket enforcement. 

To investigate this problem, a survey was conducted on truck drivers who make 

routine deliveries in congested urban areas. In addition to the respondents’ demographics, 

their behavior when facing uncertainty was collected through a series of chained lottery-

style questions, which leveraged the tradeoff method in conjunction with cumulative 

prospect theory (CPT). Behavioral parameters for the CPT functions were estimated 

through a three-stage limited information maximum likelihood model, which was first 

validated using 2,300 sets of synthetic data. 

Diminishing sensitivity was observed for outcomes in the gain domain, but not for 

losses. Probabilities in the gain domain were not transformed, while those in the loss 

domain were overweighted, indicating pessimism. Slight loss aversion was detected with 

a coefficient of 1.168, which is much lower than the original CPT estimate of 2.25. 

Drivers working for less than truckload operations exhibited a higher degree of 

pessimism in the loss domain. Those delivering food or beverages displayed a traditional 

inverse-S curve in the gain domain, contrary to the linear results for all respondents, and 

overweighted these probabilities, indicating optimism. These results suggest that, within 

the bounds of this study, it may be more impactful to focus on enforcement efforts rather 

than increasing the amount of the parking fine. Future data collection efforts would 

benefit from finer details pertaining to industry sectors and delivery locations. 
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1. BACKGROUND AND MOTIVATION 
City planners are tasked with the allocation of limited resources, be it the roadway 

network or coveted curbside space. In order to develop ideal policies and allocation 

schemes, it is necessary to identify all key stakeholders, ranging from pedestrians to 

different vehicle classes, and, most importantly, understand their decision-making 

processes, or how they will interact with these resources and policies. 

Increases in population density and the demand for goods, not only in commercial 

areas but also in residential zones as a result of a growing on-demand economy [1] will 

put additional strain on already-congested urban centers. It has been reported that 54% of 

the world’s population already lives in urban areas, and this is projected to grow to 66% 

by 2050—an estimated increase of 2.5 billion people [2]. These trends have increased the 

need for non-motorized personal travel (e.g., walking and bicycling), and, to alleviate 

safety concerns, the appeal of Complete Streets policies [3]. These upgrades, however, 

tend to come at the expense of curbside parking access. 

The supply of on-street parking in cities is already very limited and highly 

competitive, which is made worse through the availability of free or subsidized parking, 

often offered by employers. The underpricing of parking increases its demand and leads 

drivers to seek out these spaces—this searching contributes even more to congestion [4]. 

Subsequently, the body of literature addressing parking issues strongly focuses on pricing 

strategies, and balancing curbside with off-street options. 

The curbside parking capacity issue is addressed in Arnott [5], which sheds more 

light on the complexity of a city’s parking systems. As a result, studies choose to focus 

only on a subset of parking features, including: (1) the availability of and spatial 

competition between parking garages (or other off-street options); (2) land use 

regulations, specifically minimum parking requirements; (3) cruising or searching for 

parking, and the contribution of these activities to congestion; (4) the interaction between 

parking and mode choice, and when to consider public transit; and (5) parking for freight 

delivery. Each of these subject areas has multiple sources cited by Arnott [5], with the 

exception of freight delivery parking. 

In recognition of the fact that commercial vehicles (CVs) have unique parking needs, 

many large cities have considered solutions outside of traditional pricing strategies [6]. 
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Policies have primarily targeted time restrictions, space management, and parking 

enforcement. In New York City, as an example, delivery timing has been leveraged for 

adoption of delivery windows, which are curb lengths that are only available for CV 

parking during specified times, and off-hour deliveries, where goods are brought to their 

destinations outside of traditional business hours. Space management has manifested in 

the form of extended loading zones, which accommodate larger trucks that were not as 

widely used when the zone was first designated, and loading zones located on the 

approach end of a block. Enforcement could be increased during peak hours, or a city 

might designate high-priority streets, with respect to traffic flow needs, on which 

ticketing will be more prevalent. 

Despite these considerations, curbside parking capacity is still a major issue, and can 

be as extreme as in New York City where CV occupancy rates are over 100% [7]. This 

forces CV drivers to default to illegal options, such as double parking, especially because 

trucks cannot utilize some options available to cars, like parking garages. The type of 

behavior has three major effects: (1) increased cost of doing business or of goods, 

depending on the industry, as a result of parking tickets; (2) increased congestion from 

blocked travel lanes; and (3) safety conflicts, especially when trucks are parked in bike 

lanes—referring back to policies like Complete Streets, there are examples of dedicated 

bike lanes being installed between the parking lane and the curb. On point (2), illegal CV 

parking is the third leading cause of delay in the United States each year [8]. 

The major motivation for this research effort was to then identify how best to capture 

and quantify this type of behavior, in order to better inform policymakers on what 

solutions may be most effective. This was achieved through an extensive literature 

review of urban parking studies and decision theory models, found in Chapter 2. The 

model chosen is specified in Chapter 3 and tested for applicability in Chapter 4. The 

design of an online survey and outreach efforts are provided in Chapter 5. Chapters 6 and 

7 pertain to the data collected from the survey with a description of the data and the 

model estimation, respectively. Limitations and policy implications can be found in 

Chapter 8, and the conclusions of this work are in Chapter 9. 
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2. LITERATURE REVIEW 
This chapter opens with a discussion on parking studies focusing on urban areas, and 

then moves to a review of decision choice models. Cumulative prospect theory is the 

main topic, with consideration of the different functional forms and estimation methods. 

There is also a brief section on its application within the field of transportation. 

2.1 Parking in Urban Areas 

There is an ample base of literature pertaining to parking in urban settings; however, 

these studies almost exclusively consider passenger vehicles. It is made clear that parking 

policies are the link between transportation and land use objectives, where a policy is 

considered to be a pricing scheme and/or the availability of spaces. Marsden [9] provides 

a review of evidence on which many of these policies are based. Pricing-based policies 

are suggested by Adiv and Wang [10], Arnott and Rowse [11], Petiot [12], Kelly and 

Clinch [13] and many others.  

One of the earliest parking studies that attempts to predict parking choices is [14], 

which is also one of only a few works found that includes CVs. Choices are modeling 

with multinomial logit considering different trip purposes. One of them is loading or 

unloading activity, and it was found that an illegal spot had significant impact. 

There are many studies which focus on the search for legal spaces, with an early 

review included in Polak and Axhausen [15]. Thompson and Richardson [16] uses a 

hypothetical central business district, and estimates the utility of each parking option 

based on costs incurred in transit, fees, walking, and any waiting time. Alternatives are 

compared by these utilities, and the search continues if there is an expectation of a gain. 

The direction of the search is also considered as this creates a subset of all options 

accessible from the current location. For this competitive urban environment, it was 

concluded that choice behavior can be represented through a search process. 

Arnott and Inci [17] appears to be the first study to integrate the externalities of the 

search process into the parking model. When on-street parking spaces are full and 

vehicles are trying to find an opening, this contributes to the congestion in downtown 

areas. A portion of the Manhattan grid section is used due to its spatial symmetry, and 

aspects such as traffic conditions and driving distance are fixed. Through optimization of 

social costs, it is suggested that either the fees be increased, as this would reduce 
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saturation and ease the search, or the amount of curbside dedicated to parking be 

increased if the fee is already optimal.  

Gallo, et al. [18] developed a network assignment model capable of simulating 

choices and the impacts of the search process on traffic conditions. This is accomplished 

through a multi-layer supply model, with the layers being: car travel from origin, search 

for parking near the destination, and walking from the space. The model was tested using 

different values for demand to ensure that the search behavior matched expectations.   

Benenson, et al. [19] developed an agent-based simulation model for city parking, 

referred to as PARKAGENT, which can be used within geographic information systems 

software, and takes into account the same layers as above. Important outputs of the model 

include search time and parking costs broken down by different user groups. The benefits 

of the model are explored using field survey data, and it is proven that the simulation 

process can be used to assess parking policy changes, such as increases in supply. It can 

be considered an extension to Thompson and Richardson [16], which focuses on a fixed 

spatial setting. 

The other most utilized simulation model is SUSTAPARK, developed by Dieussaert, 

et al. [20]. This is a spatiotemporal tool used to simulate traffic and parking behavior 

using a multinomial logit model. The decision maker’s choice between on- and off-street 

parking is continually updated to take into account cruising time, and eventually this time 

will increase to the point of making off-street more attractive. 

Freight vehicles are given consideration in Munuzuri, et al. [21], another parking and 

traffic simulator, referred to as TRAMOS. Passenger vehicles and CVs are separated out 

as different user groups and assigned different facilities, behavioral patterns, and number 

of stops, the latter to mimic a delivery tour for goods movement. The network is only a 

few nodes and is too simple to be impactful in the policy discussion. 

The integration between parking choice and simulation is more recently studied in 

Nourinejad, et al. [6], which evaluates parking policies using a binary logit model. The 

authors utilize some of the space management and enforcement tactics discussed in the 

background chapter, and find that relaxing the restrictions on trucks increased passenger 

vehicle search time, so there is a tradeoff to manage. 



5 
 

Wong, et al. [22] considers the link between travel choices and parking decisions, as 

do many others. In this study, the authors consider both private cars and goods vehicles 

when developing parking demand models. The demand is linearly related to land use in 

each area, including residential, educational, and employment. Through surveying, the 

parking levels associated with each different land usage were studied, and there were also 

distinctions made for on- or off-street options, as well as illegal activity. The demand 

models follow the traditional four-step approach. 

Lam, et al. [23] also makes the connection to travel choices through a network 

equilibrium problem that considers multiple user classes, such as commuters, and parking 

facilities. The choices are time-dependent in that departure time from the origin is jointly 

considered with chosen route to destination, choice of parking location, and length of 

parking time. The interaction between road traffic and parking congestion, considered in 

the search process literature, is here expanded to both temporal and spatial factors, 

making this a more useful tool for policy analysis. 

There is a small body of literature which solely focuses on the factors that influence 

parking behavior, and those include trip purpose, monetary costs, walking distances, and 

other measures of comfort, such as safety. Teknomo and Hokao [24] presents a case 

study of the central business district of Surayaba, Indonesia, with data collected through 

surveys. The information collected allowed the authors to consider differences in choices 

based on socio-economic factors, such as age and gender, with a multinomial logit model. 

The parkers’ preferred choices, versus actual parking locations, were also modeled. 

Bonsall and Palmer [25] uses data generated from a parking choice simulator to 

develop discrete choice models based on, separately, the first choice for parking location 

and a revised choice accounting for actual conditions encountered. While the common 

factors mentioned did play a role, interesting additions in these models include an 

individual’s previous parking choices and their expectations of conditions. The models 

are capable of being integrated into network assignments. 

Leephakpreeda [26] uses fuzzy sets to consider knowledge of all parking spaces, so 

that the decision-maker can consider everything from walking distance to safety to shade. 

Each component has a particular weight assigned, leading to the calculation of a truth 

value for each space—the one with the highest value is selected. The study considers a 
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driver being guided through university parking lots to this optimal choice in real-time via 

lights within the parking lots. That is, a sign may indicate that a driver should turn into 

one lot because the other is full. 

Mei, et al. [27] provides a very detailed outline of the cost components of parking, 

which are linearly combined, and include search time, walking distance, and a stochastic 

component to account for behaviors. These are used in the development of a choice 

model, and based on these behaviors, a curbside parking price model is optimized. The 

system is constrained such that on-street parking is for shorter visits, while off-street lots 

are available for longer durations. Additionally, there cannot be a situation of curb 

parking being saturated while off-street options are empty. The goal is to identify 

conditions that lead to an even distribution. 

The behavioral parking studies mentioned do not account for varying degrees of risk 

or uncertainty attitudes, and assume that drivers have perfect knowledge of the situation 

upon departure, or are given updates. Petiot [12] notes the influence of the probability of 

receiving a fine, though the focus there is on how non-compliance reduces the 

effectiveness of pricing policies; all decision makers are said to be risk-neutral. This and 

the others above follow expected utility theory (EUT). 

2.2 Expected Utility Theory 

The first known development of EUT dates back to the 1730s under mathematician 

Daniel Bernoulli, as a solution to the St. Petersburg paradox discovered by his brother 

Nicolaus [28]. The modern version of EUT was developed by von Neumann and 

Morgenstern [29]. This popular formulation, often cited as the vNM utility, defines a 

rational decision maker as one that follows four axioms.  

The first is completeness, where for any two lotteries (X and Y), the decision maker 

can always decide between them—the choices are to either prefer X to Y, prefer Y to X, 

or to be indifferent between them. The second is the transitivity axiom with a third lottery 

Z, and a decision maker who prefers (or is indifferent to) X to Y and Y to Z must then 

prefer (or be indifferent to) X to Z. The third, continuity, assumes that there exists a 

probability p that would make Y equally as good as the combination of pX nd (1-p)Z. 

The final axiom, independence, is the most scrutinized. If X is preferred to Y, then for all 
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possible p the combination of pX and (1-p)Z would be preferred to that of pY and (1-

p)Z—preferential order is preserved. 

When a decision maker satisfies these four axioms, then the individual will choose 

one lottery over another only when the expected utility of that lottery is greater than the 

other. These preferences can be represented by a linear utility function that is the sum 

product of the outcome utilities and their respective probabilities. This function is 

monotonic, correlating to first-order stochastically dominating preferences.  

Under EUT, there are three assumptions guiding the choice process: (1) the total 

utility of a prospect is a summation of the expected utility of the outcomes, each given as 

the product of its probability and utility; (2) the utility function deals with final wealth 

states, and a prospect is only acceptable if its integration with current wealth exceeds the 

wealth on its own; and (3) decision makers are risk averse in that they prefer a certain 

prospect to a risky one which has the same expected value. 

2.2.1 Expected Utility Theory and Risk 

The decision maker’s risk attitude under EUT depends on the curvature of the vNM 

utility function, with three possibilities: (1) linear, indicating risk neutrality; (2) concave, 

indicating risk aversion; and (3) convex, indicating risk seeking. The degree of curvature 

of this function would then indicate the amount of risk premium. In parallel, Pratt [30] 

and Arrow [31] developed a way to measure the curvature, taking into consideration non-

linearity of the transformations and the properties of a monotonic function. This led to the 

Arrow-Pratt measure of absolute risk aversion: -u’’(x) / u’(x). If this evaluates as a 

positive number, then the decision maker is risk averse. 

It has been argued, though, that EUT simplifies risk too much by only associating it 

with the shape of the utility function [32, 33]. When using wealth as the choice variable, 

a decision maker is risk averse when his or her utility function for wealth is concave. 

When the decision maker is already wealthy, there is a reduced degree of marginal utility 

when adding wealth, compared to someone who is poor. This leads to questionable 

behavior for moderate outcomes when the decision maker is even slightly risk averse at 

that level. If this is the case, then for all concave utility functions, this individual would 

be overwhelmingly risk averse for large outcomes. It is clear that the definition of risk 

attitude cannot rely on any one single measure. 
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2.2.2 Violations of Expected Utility Theory 
There are numerous empirical studies that have uncovered observed behaviors that 

violate the axioms of EUT. A summary of these violations will be provided here to 

establish the rationale for the development of prospect theory; the reader is referred to 

Starmer [34] for a more comprehensive discussion. The majority of these studies, though, 

highlight that behavior specifically violates the independence axiom, first documented by 

Allais [35]—in fact, the majority of non-EUT theories, some discussed in the next 

section, rely upon the Allais paradox as proof of such an inconsistency.  

Allais designed a choice problem (Figure 1) involving two pairs of lotteries to 

determine the decision maker’s preference in each. Following EUT, the decision maker 

would prefer a1 and a4 or a2 and a3, but would not mix those preferences. However, Allais 

[35] found that the majority of decision makers chose a1 and a3. 

 

Figure 1: Allais Paradox Choice Problem 
 

Continued investigation into the Allais paradox has determined that it is, in fact, a 

special case of what is referred to as the common consequence effect [36]. Revisiting the 

independence axiom, the decision maker should remain indifferent to lotteries X and Y, 

even when they are mixed with lottery Z. However, it was observed that the individual 

will change these preferences as the prize associated with lottery Z increases. This is due 

to X and Y payouts being seen as consolation prizes, so the objective is to then minimize 

the risk of possibly not winning the higher Z prize. 

Related to this is the common ratio effect [35]. Again, considering lottery pairs, this is 

generalized by looking at lottery X with outcomes x and 0, matched to probabilities p and 

1-p. The other pair is lottery Y with outcomes y and 0, and probabilities sp and 1- sp. It is 
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known that y > x and s is a scalar that represents the ratio of winning probabilities. Under 

EUT, the preference between these prospects should not depend on the probability; 

however, it was discovered that individuals tend to change their preference from X to Y 

as p decreases. 

2.3 Non-Expected Utility Theory 
With the overwhelming evidence of violations to EUT came the emergence of non-

EUT methods in an attempt to better predict observed behavioral patterns. While there 

are multiple families of models, only three will be discussed in this section: (1) weighted 

expected utility (WEU); (2) rank-dependent expected utility (RDEU); and (3) original 

prospect theory (OPT)—the review of cumulative prospect theory (CPT) is reserved for 

the following section. The reader is referred to Starmer [34] for discussion on additional 

models. 

2.3.1 Weighted Expected Utility 

The development of a WEU function is attributed to Chew and MacCrimmon [37], 

and is a generalization of EUT that allows for behavior observed by Allais by relaxing, or 

weakening, the independence axiom. The equation representing preferences includes a 

standard valuation function and a weighting function, both requiring outcomes as inputs, 

and the probabilities of observed the respective outcomes—in the special case that the 

weighting function is a constant, then WEU reduces to EUT.  

The weakened form of independence essentially states that, instead of there being no 

influence of a third lottery (Z) regardless of the probability, there exists a probability px 

and a corresponding py for which the decision maker would still prefer X to Y with Z in 

the mix. That is, the combination of pxX and (1-px)Z is preferred to pyY and (1-py)Z for 

all possible Z. As critiqued in Starmer [34], WEU may not have any “intuitive appeal” 

and is really only a simple way of addressing the EUT violations set forth in Allais [35]. 

2.3.2 Rank-Dependent Expected Utility 
Rank-dependent expected utility (RDEU) was pioneered by Quiggin [38], and is an 

important development for CPT, to be discussed later. The roots of this theory are traced 

back to Edwards [39], who proposed a decision weighted utility function that was the 

sum product of the valuation function and a probability weighting function, which always 
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preserved the probability of 0 and 1 to be weighted as is. Fishburn [40] brought to light 

the fact that there is only one choice for the weighting function that will maintain 

monotonicity, and this will also reduce the model to that of expected utility.  

After this discovery, decision weighted utility was developed no further, which led to 

the RDEU model. Previous to this development, lotteries had the simple form of pairs of 

outcomes and respective probabilities. Under RDEU, these are ranked from worst to best, 

and the valuation of a prospect depends on both this ranking and the probability of 

receiving each outcome. For example, if a prospect had the possible outcomes [9, 12, 5, 

and 6], the ranking would rearrange these as [5, 6, 9, 12].  

The weighting function has a function π(.) within it, which transforms the 

probabilities. The ultimate weight for a specific payout is the difference between 

π(probability of getting at least that amount) and π(probability of getting strictly better 

than that amount). The valuation is then, as has been seen previously, the sum product of 

the weighting and utility functions—the major difference here being this extra layer in 

the weighting function. This concept of decision makers valuing a single payout in a 

manner relative to the other payouts has much more intuitive rationale than WEU. 

The specification of the π(.) transformation function is important when taking into 

consideration the complementary utility function, especially as it will reflect choice 

preferences like pessimism or optimism. Someone who is optimistic will have a convex 

transformation curve, and will overweight outcomes ranked higher; in contrast, a 

pessimistic decision maker’s curve is concave, so the transformation of the probability is 

always lower than the raw probability, and higher ranked outcomes are underweighted. 

These preferences also tie into risk aversion versus risk seeking, where a concave 

utility function indicates risk aversion. However, the decision maker’s risk attitude is not 

solely dictated by the utility curvature, or for that matter, by the weighting either. 

Quiggin [38] discusses the inverted-S shaped transformation function, where there is a 

point of inflection at which the probability is not transformed. Below that point, the curve 

is concave (pessimism), and above it is convex (optimism)—this shape has been favored 

by and confirmed by many subsequent studies. A major difference between them, though, 

is the location of that inflection point, or the value of the untransformed probability.  
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2.3.3 Original Prospect Theory  
Prospect theory in its first form, referred to here as original prospect theory (OPT) to 

distinguish it from the expansion to cumulative prospect theory (CPT), applied to 

lotteries with two possible outcomes. This was developed by Kahneman and Tversky 

[41] in an attempt to capture the two-stage process observed in decision-making. In the 

first stage, the decision maker is presented with all of the various lotteries and uses 

individual-specific knowledge or decision rules obtained through previous trial and error 

to determine a reference point and then determine which outcomes are gains (or losses) 

with respect to that point. Through this, it is possible that stochastically dominated 

outcomes are not screened out, which would violate transitivity. The second stage is 

when the preference is made, and more closely resembles the other non-EUTs with 

respect to a utility and probability weighting function. 

In addition to the two-stage process, another unique feature of OPT is the use of a 

reference point, from which the gains and losses are measured. This point could be the 

decision maker’s current wealth position, or some other amount, but the key is that this is 

where the shape of the value (utility) function switches from concave for gains and 

convex for losses. The loss curve is also steeper than that in the gain domain.  

 

Figure 2: Hypothetical Value Function [41] 

This S shape of the utility curve implies two behavioral characteristics that have often 

been observed: (1) diminishing sensitivity, where changes in value closer to the reference 

point are considered to be more important than those of the same size further away from 
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this point; and (2) loss aversion, where losses are felt more than gains. The hypothetical 

curve proposed by Kahneman and Tversky [41] is in Figure 2. 

2.4 Cumulative Prospect Theory 

Under both EUT and CPT, decision makers choose between prospects, which are 

denoted by Xr = (x1, p1; …, xs, ps). This is essentially a contract that outcome xs will occur 

with some probability ps, constrained such that p1 + p2 + … + ps = 1. The index s refers 

to a specific event. A binary prospect is one with two potential outcomes, and is set up as 

(x1, p1; x2, 1 – p1); one of the outcomes is often zero. A prospect for which there is only 

one outcome is referred to as riskless, or certain, since the probability is always 1.0. 

As noted, OPT can only be used on prospects with at most two outcomes, so CPT 

expands the applicability to multiple outcomes using elements of RDEU, while removing 

the editing phase [42]. There still exists the utility function and the probability weighting 

function—this is now applied to the cumulative probability distribution function, not to 

the probabilities associated with individual outcomes. The w(p) equations are used to 

determine decision weights,  and  for gains and losses, respectively. Each outcome 

has some marginal contribution to the probability of receiving a better (or worse) 

outcome. This evaluation, for outcomes 𝑥! ≥ ⋯ ≥ 𝑥! ≥ 0 ≥ 𝑥!!! ≥ ⋯ ≥ 𝑥!, is: 

 

𝑓𝑜𝑟 𝑖 ≤ 𝑘 ∶  𝜋! = 𝜋 𝑝!!!!!!⋯!!! = 𝑤! 𝑝! +⋯+ 𝑝! − 𝑤! 𝑝!!! +⋯+ 𝑝!  

𝑓𝑜𝑟 𝑗 > 𝑘 ∶  𝜋! = 𝜋 𝑝!!!!!!⋯!!! = 𝑤! 𝑝! +⋯+ 𝑝! − 𝑤!(𝑝!!! +⋯+ 𝑝!) 
(2.1) 

 

This modification addresses the potential under OPT for a first order violation of 

stochastic dominance. There is a quadrant of risk attitudes, where an individual is risk 

averse for gains of a high probability and losses of a low probability, and is risk seeking 

for gains of a low probability and losses of a high probability. It is again noted that 

studies have observed asymmetry between gain and loss curvature, which cannot be 

explained by risk attitude alone, and is instead due to loss aversion. 

2.4.1 Utility Function Specifications 
The utility function is denoted by u(x), where x is the outcome of an event as 

described above. The specification proposed for OPT, and subsequently CPT is: 
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𝑥 > 0: 𝑢 𝑥 = 𝑥!
𝑥 = 0: 𝑢 𝑥 = 0
𝑥 < 0: 𝑢 𝑥 = −𝜆 −𝑥 !

   (2.2) 

where α is the power for gains, β is the power for losses, and λ is the measure of loss 

aversion. Note that for diminishing sensitivity α, β < 1, and for steeper losses than gains 

λ > 1. Equation (2.2) is by far the most commonly applied throughout prospect theory 

literature; however, it has been noted that power functions can exhibit extreme behavior 

near α	= 0 [43]. This form is often a good fit to experimental data, though. Tversky and 

Kahneman [42] found that α, β = 0.88 and λ = 2.25 best fit the survey data, so losses were 

felt roughly twice as much as gains. 

An alternative specification was proposed in Vendrik and Woltjer [44], which tries to 

mitigate some of the issues associated with estimating loss aversion from a power 

function, which is not differentiable at 0. This is given by: 

𝑥 > 0: 𝑢 𝑥 =
1+ 𝑥 !

𝛼 −
1
𝛼

𝑥 = 0: 𝑢 𝑥 = 0

𝑥 < 0: 𝑢 𝑥 = −
𝜆 1− 𝑥 !

𝛽
+
𝜆
𝛽

 (2.3) 

For this function family, u(x) = -u(-x) for any small x, so there will be consistent 

estimates of loss aversion. Wakker [43] describes the advantages in more detail. The 

application of this form, however, appears to be more limited than that of Equation (2.2). 

2.4.2 Probability Weighting Function Specifications 
The weighting function, w(p), transforms the objective probabilities of an outcome 

occurring—which are not transformed in EUT—where w(p) satisfies w(0) = 0 and w(1) 

= 1. Generally, a small increase in probability relative to a very low or very high chance 

is weighted differently than in the mid-range. People tend to overweight low likelihoods 

and conversely underweight almost certain outcomes. 

The weighting function proposed by Tversky and Kahneman [42] has the form: 

 

𝑤! 𝑝 = !!
!

!!!! !!! !!
!/!! ,𝑤

! 𝑝 = !!
!

!!!! !!! !! !/!! (2.4) 
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where 𝑤! is for gains, 𝑤! is for losses, and  and  are the respective parameters that 

set the curvature, or likelihood sensitivity. The curvature is with respect to the fixed end 

points, as described above, and if the respondent exhibits diminishing sensitivity, then 

changes in probability further away from those points are weighted less heavily. The 

authors did not have different parameter estimates for gains and losses, and found that γ = 

0.61 best fit the data. It is also noted that γ must be at least 0.28, as the functions are not 

strictly increasing for smaller values [43]. 

Two other weighting functions are commonly applied. The first was presented by 

Goldstein and Einhorn [45] and is given by: 

𝑤! 𝑝 = !!!!
!

!!!!!! !!! !! ,𝑤
! 𝑝 = !!!!

!

!!!!!! !!! !! (2.5) 

 

where 𝑤!, 𝑤!, , and  are as defined for Equation (2.3). The additional parameters 

𝛿! and 𝛿! set the elevation for gains and losses, respectively, and are a measure of 

optimism, which is the tendency to overweight the possibility of positive outcomes. 

These parameters can also be thought of as measures of discriminability (curvature away 

from the extremes) and attractiveness (of the gamble). Not many studies have estimated 

parameters for both domains, but for gains, γ = 0.69 and δ = 0.77 has best fit the data 

[43]. In this domain, as γ decreases, likelihood insensitivity increases (curves become 

more flat away from end points). As δ decreases, pessimism increases as the curve is 

pulled below the unweighted w(p) = p line rather than being elevated above it. 

A third weighting function, proposed by Prelec [46], is as follows: 

  

𝑤! 𝑝 = exp −𝛿! − ln𝑝 !! ,𝑤! 𝑝 = exp −𝛿! − ln𝑝 !!  (2.6) 

 

The δ parameters are often taken to be 1, which reduces the model to a one-parameter 

specification like Equation (2.3), and only allows for controlling the curvature. 

De Palma, et al. [47] and Wakker [43] provide further discussion on other 

specifications of the CPT functions. 



15 
 

2.4.3 Reference Point Definitions 
As noted, the use of a reference point in prospect theory distinguishes it from other 

non-EUT models that apply non-linear probability weighting functions. Historically, 

there have been other studies that consider changes in wealth; however, the distinction 

here is that utility is reliant on these changes and not on a final wealth position [41]. 

Indeed the consideration of wealth, or some tangible monetary stakes, has driven the 

enormous body of literature that applies CPT to strictly financial contexts (e.g., stock 

markets); additionally, the reference point is often taken to be true $0 or the status quo, 

meaning current level of wealth. 

Kőszegi and Rabin [48] proposed a novel definition of the reference point that takes 

into account a decision maker’s prior knowledge and experiences, making it a more 

conscious assignment of a value. The authors introduce the idea of expectation as a 

reference point, which is based on outcomes in recent past. The validity of this approach 

is further explored in Song [49] where lab experiments compare the use of status quo 

versus expectations. It was found that expectations play a larger role on influencing the 

reference point, and the evidence of subjects quickly adjusting these reference points as 

the experiments were varied suggests expectations have traction in this application.  

2.4.4 Estimation of CPT Parameters 

Studies that determine the shape of the utility and probability weight functions from 

empirical data fall into two estimation approaches: (1) those that assume parametric 

forms for both functions simultaneously; and (2) those that implement a non-parametric 

design that accommodates separating the two. The body of literature on parametric 

approaches appears to be more extensive due to being more straightforward to interpret. 

A noted drawback of these, though, is that a misspecification of either the utility or the 

probability weighting function will negatively impact the estimation of the other, which 

seems even more prevalent when using a one-parameter weighting function [50, 51]. 

Since the non-parametric approaches do not assume a form, this type of bias does not 

impact them. However, in order to determine behavioral parameters, the questions must 

be chained, which could propagate errors [52]. 
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2.5 Prospect Theory in Transportation Studies 
To the authors’ knowledge, there are no studies that apply CPT to parking choices. 

Parking decisions under uncertainty are found in Guo, et al. [53], which instead of CPT 

uses a dynamic neo-additive capacity model, but validates that a non-EUT approach has 

higher predictive accuracy. CPT has been adopted more recently for other transportation 

applications, however. A review of these works is found in Li and Hensher [54], and 

includes route choice, departure time choice, and network equilibrium studies.  

Gao, et al. [55] developed both CPT and EUT models for a risky simplified road 

network, and predicted path choices within a multinomial logit framework—the idea of 

estimating non-EUT models within a discrete choice framework is discussed at length in 

De Palma, et al. [47]. The study used simulated data and discrete choice estimation 

software to highlight the differences in predictions between the two specifications, and 

prove that CPT better fit the behavior.  

In de Blaeij and van Vuuren [56], it is noted that the application of prospect theory 

within transportation is indeed quite limited, which is surprising given that multiple 

facets of the field that deal with risky decision-making. In this particular study, the 

applicability of CPT in a safety context is explored, looking at traffic accidents as bad 

outcomes. Respondents were asked to provide a certainty equivalent value that was 

essentially the amount they would be willing to pay to avoid an accident. It was found 

that decisions were primarily based on possible outcomes and not so much on the 

probability when the risk of a bad outcome was very small. 

Major takeaways from the review by Li and Hensher [54] are: (1) there is a lack of 

studies which empirically estimate the behavioral parameters, and rather most studies 

assume values or directly use the originals from Tversky and Kahneman [42]; (2) some 

sources only implemented pieces of CPT, despite it being shown that all components 

should be applied simultaneously for results to be analytically sound; and (3) many 

studies suffered misspecification or errant assumptions related to the reference point, 

which is arguably the most important component of the CPT formulation.  
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3. MODEL SPECIFICATION 
Based on the literature reviewed in Chapter 2, it was determined that the utility 

function from Tversky and Kahneman (Equation 2.2) and the probability weighting 

function by Goldstein and Einhorn (Equation 2.5) have the most promise in terms of 

intuitive appeal and breadth of application in previous studies. Considering the 

implications of assuming parametric forms upfront, and balancing the drawbacks of non-

parametric estimation procedures, the hybrid approach by Booij, et al. [57] was chosen. 

The notion that the reference point could be an expectation, rather than true zero or 

the status quo, further solidified the choice to pursue CPT. With regard to truck parking, 

the reference point could be the cost that a driver is expecting to pay for a specific 

delivery, which is kept in mind before arriving at the location and assessing the 

alternatives. This expectation can include money, time, and distance, and the composite 

number is compared to the actual cost of each alternative to measure losses and gains. 

Thus, when drivers encounter true conditions and associated costs that are better (worse) 

than what was expected, they would feel this as a gain (loss). 

Also within this context, these probabilities of a gain or a loss can be tied to the 

chance of getting a ticket. By applying the probability weighting, a driver would more 

heavily weight the increase from 5% to 6% than from 55% to 56%, whereas the latter 

would be weighted more than from 95% to 96%. 

3.1 Model Specification 
The development of the survey questionnaire (discussed in Chapter 5) and its related 

equations relies on the tradeoff method [52], which requires the main sequence of utility 

questions to be chained. The respondents are asked to make a basic comparison between 

two lotteries: (x1, p; g) and (x0, p; G) for x1 > x0 and G > g (these are the reference values, 

and g will denote small gain while G is larger gain). The values of p, x0, g, and G are 

fixed, and the objective is then to provide the value of x1 that makes the two lotteries 

equally attractive (or unattractive). This leads to: 

𝑝𝑢 𝑥! + 1− 𝑝 𝑢 𝑔 = 𝑝𝑢 𝑥! + 1− 𝑝 𝑔(𝐺) (3.1) 

By rearranging the term, the equality becomes: 

𝑝 𝑢 𝑥! − 𝑢 𝑥! = 1− 𝑝 𝑢 𝐺 − 𝑢 𝑔  (3.2) 
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Since the questions are sequential and chained, a second lottery would have the form 

of (x2, p; g) versus (x1, p; G) for x2 > x1. Similar equations to (3.1) and (3.2) follow, and 

since G and g are fixed—and thus so are their utility evaluations—the right side of 

Equation (3.2) allows for equating the subsequent left sides. This creates the relationship: 

𝑢 𝑥! − 𝑢 𝑥! = 𝑢 𝑥! − 𝑢(𝑥!) (3.3) 

The shape of the utility function for each individual can be elicited then non-

parametrically, which helps protect against any misspecification of the weighting 

function. Some drawbacks, though, are that there is no modeling of error propagation as 

individual error is not statistically accounted for, and that there could be errors leading to 

violations of the monotonicity requirement that are not modeled when eliciting 

probabilities, leading to functions that cannot be interpreted.  

The survey questions then generate the following set of equations: 

𝑤! !
!

𝑈 𝑥!,! − 𝑈 𝑥!!!,! = 1 − 𝑤! !
!

𝑈 𝐺! − 𝑈 𝑔! ∗ 𝑒!,!!! ∗ 𝜂!!, 𝑖 = 1,… , 6 (3.4) 

𝑤! !
!

𝑈 𝑦!,! − 𝑈 𝑦!!!,! = 1 − 𝑤! !
!

𝑈 𝐿! − 𝑈 𝑙 ∗ 𝑒!,!!! ∗ 𝜂!!, 𝑖 = 1,… , 6 (3.5) 
𝑈 𝑥!,! − 𝑈 𝑥!,! = 𝑤! 𝑝!,! 𝑈 𝑥!,! − 𝑈 𝑥!,! ∗ 𝑒!,!

!!, 𝑖 = 1,… , 5 (3.6) 
𝑈 𝑦!,! − 𝑈 𝑦!,! = 𝑤! 𝑞!,! 𝑈 𝑦!,! − 𝑈 𝑦!,! ∗ 𝑒!,!

!!, 𝑖 = 1,… , 5 (3.7) 

𝑤! 1
2

𝑈 𝑏! − 𝑈 𝑥!,! = 1 − 𝑤! 1
2

𝑈 𝑥!,! ∗ 𝑒!! (3.8) 

𝑤! 1
2

𝑈 𝑐! − 𝑈 𝑦!,! = 1 − 𝑤! 1
2

𝑈 𝑦!,! ∗ 𝑒!! (3.9) 

𝑤! 1
2

𝑈 𝑑! − 𝑈 𝑥!,! = 𝑤! 1
2

𝑈 𝑦!,! − 𝑈 𝑦!,! ∗ 𝑒!! (3.10) 
 
where 𝑒!,!∗  is the multiplicative stochastic error, and is 𝜂!∗   the effect highlighting the 

differences in probability weighting between individuals. The subscript i refers to the 

questions in each set, and n is each individual. The superscripts o and p are used for 

outcomes and probabilities, respectively, and + and – correspond to the gain and loss 

domain, respectively. The b, c, and d denote the responses to the set of loss aversion 

questions, which uses values around the zero point and a mixed prospect.  

It is assumed that the errors are independently log-normally distributed with different 

variances, such that 𝑒!,!∗ ~ 𝐿𝑁 0,𝜎!∗! .  Additionally, a multiplicative error specification 

was chosen because it satisfies monotonicity, whereas an additive specification would be 

more numerically complex to reach this satisfaction.  
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Dividing successive outcome equations by one another, and taking the logarithms of 

this process, can eliminate the probability weighting terms and individual-specific effects 

and will yield: 

𝜀!,!!! ≡ ln
𝑒!!!,!!!

𝑒!,!!!
= ln

𝑈 𝑥!!!,! − 𝑈 𝑥!,!
𝑈 𝑥!,! − 𝑈 𝑥!!!,!

, 𝑖 = 1,… , 5 (3.11) 

𝜀!,!!! ≡ ln
𝑒!!!,!!!

𝑒!,!!!
= ln

𝑈 𝑦!!!,! − 𝑈 𝑦!,!
𝑈 𝑦!,! − 𝑈 𝑦!!!,!

, 𝑖 = 1,… , 5 (3.12) 

𝜀!,!
!! ≡ ln 𝑒!,!

!! = ln 𝑤! 𝑝!
𝑈 𝑥!,! − 𝑈 𝑥!,!
𝑈 𝑥!,! − 𝑈 𝑥!,!

, 𝑖 = 1,… , 5 (3.13) 

𝜀!,!
!! ≡ ln 𝑒!,!

!! = ln 𝑤! 𝑞!
𝑈 𝑦!,! − 𝑈 𝑦!,!
𝑈 𝑦!,! − 𝑈 𝑦!,!

, 𝑖 = 1,… , 5 (3.14) 

𝜀!!" ≡ ln 𝑒!! ∗ 𝑒!!/𝑒!! = ln
1 − 𝑤! 1

2 𝑈 𝑑! − 𝑈 𝑥!,!

1 − 𝑤! 1
2 𝑈 𝑏! − 𝑈 𝑥!,!

𝑈 𝑐! − 𝑈 𝑦!,!
𝑈 𝑦!,! − 𝑈 𝑦!,!

𝑈 𝑥!,!
𝑈 𝑦!,!

 (3.15) 

where LA stands for loss aversion and the other terms are as previously defined.  

The transformed error terms from Equations (3.11) – (3.15) are normally distributed 

with a mean of zero and a covariance matrix Σ. Except for in the case of the outcomes 

given by Equations (3.4) and (3.5), the off-diagonal elements of the covariance matrix are 

equal to zero. Looking back then at Equation (3.4), if it is assumed that the error variance 

is constant, the covariance matrix for positive outcomes is: 

Σ!! = 𝑐𝑜𝑣 𝜀!,!!!,… , 𝜀!,!!! = 2𝜎!

1 −1/2
−1/2 1

0 … 0
⋱ ⋱ ⋮

0 ⋱
⋮ ⋱
0 …

⋱ ⋱ 0
⋱ 1 −1/2
0 −1/2 1

 (3.16) 

 

Equation (3.13) shows a tridiagonal matrix, where the correlation between the 

successive errors is -1/2. As is noted in Booij, et al. [57], those first off-diagonal elements 

will vary, so for the model estimation, the outcome covariance matrices are assumed to 

be flexible. For the probability matrices, it is assumed that the off-diagonal elements are 

equal and the diagonal elements are equal and non-zero—this is due to those questions 

not being chained, contrary to the outcome matches. Potential correlation of answers 

within a specific subject is accounted for by assuming non-zero off-diagonal elements. 

The means of these diagonals and off-diagonals, which are utilized in the Stata code (see 

Chapter 4), are given by 𝜎 and 𝜌, respectively. 
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The log-likelihood function is then given by: 

𝑙 𝛼,𝛽, 𝜆, 𝛿!, 𝛾!, 𝛿!, 𝛾! = − !
!

!
!!! ln 2𝜋 + 2 ln Σ + 𝜀!! Σ!!𝜀!  (3.17) 

  

3.2  Model Estimation Procedure 
In order to estimate the parameters for responses from the survey, Stata code was 

provided by the authors of Booij, et al. [57]. This section will describe the stages of the 

estimation process; however, the code itself is not included in this report. Readers should 

contact the original code authors for additional information.  

Before running the stages of the limited-information maximum likelihood (LIML) 

estimation, the error matrices from Equations (3.11) – (3.15) must be built and the values 

filled in using Mata, a matrix programming language that extends the functionality of 

Stata. After the error matrix is created, the transformed error terms with zero mean, 

shown by Equation (3.16), can be calculated by referring back to the diagonal elements, 

sigmas, of the error matrix, and then the likelihood function is pieced together, according 

to Equation (3.17).  

After these background calculations are completed, the LIML estimation is completed 

in three stages to obtain the following: (1) utilities: 𝛼, 𝛽, Σ!!, Σ!!; (2) probability 

weightings: 𝛿!, 𝛾!, 𝛿!, γ-, Σ!!, Σ!!; and (3) loss aversion: 𝜆, 𝜎!". It is important to note 

that the same parameter estimate is generated for the entire dataset, and there are no 

observation-specific estimations.  

Again, this enforces that the estimation of the utility function will not be influenced 

by a potential misspecification of the probability weighting function. The outcome 

matching scenarios are thought to be easier to comprehend and thus to provide responses, 

so the utility curvature is determined solely from that set of questions. The subsequent 

stages benefit from the information obtained in the previous estimation step. 

A limitation of this approach, however, is that this removes the ability to study the 

potential correlation of errors between the different questions, such as those between the 

utility and probability modules. An adjustment used by Murphy and Topel [58] is used to 

correct the errors in the second and third stages from uncertainty in the first stage. 

Each individual stage of the estimation, as well as for each domain (gains and losses), 

follows a standard maximum likelihood specification. The estimation can be aided by 
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setting initial values for the error and behavioral parameters spelled out in the model 

definition or through a search command that instructs Stata to find better starting values 

for the algorithm used.  

In this case, a modified Newton-Raphson (NR) method was applied, and it is 

necessary to know the vector of parameters to be estimated from the function, θ and f(θ), 

respectively. From these, the first and second derivatives of the function must be 

computed: the gradient, g(θ), is the first derivative; and the Hessian, H(θ), is the second. 

There are three other algorithms available in Stata, which are considered to be quasi-

Newton methods as they do not explicitly determine the Hessian: (1) Berndt-Hall-Hall-

Hausman; (2) Davidon-Fletcher-Powell; and (3) Broyden-Fletcher-Goldfarb-Shanno. 

Readers are referred to Gould, et al. [59] for additional information.  

Naturally, calculating the function up through its Hessian is increasingly more 

computationally difficult, so the estimation process is simplified using a directional 

piecewise approach; it is easier to calculate f(θ) multiple times than H(θ) once, which is 

exploited by the NR method. The algorithm to find θ that maximizes the function 𝑓(𝜃) is 

shown in Figure 3. 

 

Figure 3: Newton-Raphson (NR) Algorithm 

Since the models in this study are maximization problems, rather than root finding, it 

is easier to handle issues that may arises with areas of nonconcavity—this would result 

1. Initial guess θi 

2. Calculate d = -{H(θi)}-1g(θi) 

4. Repeat 

Definitions: θi is the vector of parameters; f(θi) is the 
function; g(θi) is the gradient, or f'(θi); H(θi) is the Hessian, 
or f''(θi). d is the direction vector and s is the scalar for the 

stepsize calculation. 
 

3. Calculate θi=1 = θi + s0d 
where s0 = 1 

If f(θi + s0d) > f(θi), 
calculate f(θi + sjd). 

If f(θi + sjd) > f(θi + s0d), 
try j + 1 and so on for       

j = 2, 3, …, J. 

If f(θi + s0d) ≤ f(θi), 
calculate f(θi + skd). 

If f(θi + skd) > f(θi + s0d), 
try k/2 and so on for         
k = 0.5, 0.25, …, K. 
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from the second derivative of the likelihood function equaling zero and not being 

invertible. With the objective of maximizing the function, the direction of the stepping is 

based on whether g(θi) > 0 (go right) or if g(θi) < 0 (go left). The non-invertible Hessian 

can be treated as an identity matrix, now given by –{H(θi)}-1 = I. This treatment of the 

Hessian can be used because of the direction rule applied, referred to as steepest ascent. 

As was noted, Stata uses a modified NR method, which uses improvements from 

Marquardt [60]. Instead of using the identity matrix when the Hessian is non-invertible, 

the modification adds a constant to the diagonal elements of –{H(θi)}-1 until it can be 

inverted. As noted in Gould, et al. [59], this essentially combines pieces of steepest ascent 

with the otherwise “best” direction. 

The progression through the algorithm steps can be monitored via the Stata output. 

For each iteration number reported, the program is calculating the direction in Step 2, and 

the log likelihood value shown is the evaluation of f(θi). When a message of “not 

concave” is printed next to the log likelihood value, this means that -H(θi) was not 

invertible, so the current guess is not strong. This can occur when the function has a flat 

section or ridge, and combined with numerical rounding, it appears as though the gradient 

is completely flat, rather than close to flat. If the message appears in the first few 

iterations, it can generally be ignored; however, when the final iteration is not concave, 

then it may be necessary to specify options to use a different stepping algorithm. 

After the model estimation has reached convergence, Stata stores any requested 

outputs, such as the valuation of a specific parameter to be saved as a new variable, and 

also several temporary results, such as the coefficient vector b and the variance-

covariance matrix V. It is important to note that these results are temporary, and must be 

saved as new matrices in order to access and utilize the values contained within; the 

temporary values will be saved over when the next stage of the LIML estimation is 

processed. Steps were added to the provided code to save such results and generate 

output files containing sequential estimations of the same parameter set. 

The following chapter describes the process by which the model specified was tested 

for applicability using synthetic data, and the results of the model estimation on empirical 

data are provided in Chapter 6. 
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4. MODEL APPLICABILITY 
The model specified in Chapter 3 tested using synthetic data generated by working 

backward from the equations related to each question of the survey, the design of which 

is described in Chapter 5. This procedure served to determine its applicability to the study 

context and to determine if there would be any issues with parameter estimates outside 

the typical range of estimates from previous studies. The first section outlines the 

assumptions behind and procedure following to generate the data, which is followed by 

the analysis of the model’s performance.  

4.1 Synthetic Data Generation 

The original list of parking options, called prospects, included: (1) a free, designated 

loading area; (2) a metered space close to the delivery location; (3) parking illegally 

nearby the destination; (4) a metered space further away; and (5) circling the block to 

look for a nearby space. Options (1), (2), and (4) have no risk or uncertainty, whereas (3) 

and (5) have different possibilities, each of which is referred to as an event. This decision 

tree is portrayed in Figure 4. 

 

Figure 4: Decision Tree of Parking Alternatives 

 

KEY 
 
1,1:   Loading area 
2,1:   Nearby meter 
3,1: Violation, no ticket 
3,2: Violation, ticket 
4,1:   Further meter 
5,1: Circle 1 time 
5,2: Circle 2 times 
5,s: Circle s times 
 
ps: probability of event s 
occurring, conditional on 
prospect r being chosen. 
 
xs: outcome, defined here as the 
difference between expected 
and actual costs; the result of 
event s occurring. 
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It was assumed that there is no loading area available, as this should be a driver’s 

default option with minimal costs. Additionally, a driver would never select to park at a 

further meter if one were available closer to the delivery location, so it was assumed that 

the nearby, metered spaces are occupied when the driver arrives. If the driver chooses to 

circle, it will be in hopes of the loading area becoming available. This reduces the five-

alternative set to the last three: illegal options, further meter, and circling. 

4.1.1 Cost Estimation 

In the early phases of this research, it was intended to leverage ongoing parking study 

efforts to integrate the CPT survey questions with stated preference scenarios to 

determine cost function parameters. Although these scenarios were not ultimately 

included in the survey, which will be described in Chapter 5, the synthetic data generated 

in those efforts was used to seed the fixed values in the CPT scenarios. That is, by further 

investigating the cost components and range of composite costs, the values in the CPT 

survey were more realistic to what drivers may experience in the field. 

The general form for the actual cost, AC, of an event s is given by: 

𝐴𝐶! = 𝑐!,! + 𝑐!,! + 𝑎!𝑡!,! + 𝑎!𝑡!,! + 𝑎!𝑡!,! (4.1) 

where cm is the meter cost, cv is the violation, tw is the time cost of walking from the 

parking space to the delivery location, td is the time cost of delivering (referred to as the 

service time), and tt is the travel time to find a spot. The a coefficients assigned to 

variables were fixed at 1.0 for simplification, but could be estimated in further studies 

using empirical data. Depending on the prospect, some components will be zero and will 

drop from the equation. 

Commercial vehicle spaces in Manhattan are billed at $4.00 for the first hour, $5.00 

for the second, and $6.00 for the third; unless otherwise posted, three hours is the 

maximum time allowed on a single block, which includes both sides of the street. The 

time is paid in 15-minute increments, so for the first hour, $1.00 covers 15 minutes, while 

$1.25 is needed during the second hour, and so on [61]. Although this amount is fixed, cm 

is dependent on the walking and delivery times. It will be assumed that the driver knows 

how long the vehicle will be parked. Common infractions by commercial vehicles are 

double parking, angle parking, and bike lane obstruction, all of which carry a $115 fine—

this will be used as cv [62]. 



25 
 

All times will be converted using the average value of time (VoT) of $83.68 [63]. In 

order to account for value of walking distance, it is assumed that this is double the normal 

VoT. Fitzpatrick, et al. [64] revisited the commonly adapted walking speed of 4.0 ft/s, 

and found that 3.5 ft/s is a better recommendation for signal timings, or 3.0 ft/s where 

older pedestrians may be a factor. Since the drivers will either be carrying or wheeling 

goods to the delivery location, the lower value of 3.0 ft/s will be used here. For 

simplification, it is assumed that driver will make only one walking trip in each direction 

(to/from destination), and will walk the same speed for both. 

Walking distances vary by alternative, with the assumption that an illegal spot will be 

in front of the delivery location, so the distance is zero—a local, designated spot is also 

assumed to be right by the destination. A further away meter will be somewhere from 3-5 

street (versus avenue) blocks, which average 264 ft [65], leading to uniform distribution 

[792, 1320]. 

In a study of the implementation of off-hour deliveries (from 7 pm to 6 am), it was 

found that median service times at 10 am exceeded 1.5 hours, and could be anywhere 

from a few minutes to over a few hours [66]. For this study, time spent delivering will 

follow uniform distribution [20, 120] in minutes. It was also found that customer-to-

customer travel speeds during the day dropped below 3 mph, so for determining the time 

to search, the speed will vary uniformly from 2-4 mph. The travel distance for circling is 

assumed to be two streets and two avenues (at 750 ft apiece), totaling a fixed length of 

2,028 ft. The travel distance for the further meter is the same as the walking distance. 

To simplify the scenario slightly, it will be assumed that the driver travels each block 

uninhibited, and will not encounter further delays at the intersections due to pedestrians 

or red lights. It is worth noting that the effects of traffic signals could be integrated into 

the time to search by considering cycle lengths, ranging from 45-120s [67], and making 

some assumptions on phase distributions and whether the driver gets through after one 

red light, with no turns on red allowed in city limits.  

As was noted in Chapter 3, prospect theory considers a reference point, and in this 

study, that was taken to be the expected cost (EC) for a given delivery, and will be 

compared to the actual cost (AC) for each event. Three scenarios for EC have been 

identified: (1) a minimum, or best case, assumed to be associated with the loading bay; 
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(2) an average of the actual costs, which was implemented here; and (3) a maximum, or 

worst case, which may be the case of a ticket or having to circle numerous times. When 

EC is greater than AC, this will result in a gain, while EC lower than AC is a loss. This 

leads to the inputs for the utility function, where xr = EC – ACr for each prospect, r.  

Prospect 4 is riskless (p = 1), while the binary prospect 3 has p3,1 + p3,2 = 1. Prospect 

5 is constrained such that the sum of probabilities for the prospect must be 1. This means 

that only prospects 3 and 5 will be transformed under the weighting functions. When 

computing the outcomes for (3), ranking will only apply when both outcomes are gains 

(or losses). Prospect 5 could have all outcomes in the same domain, or be split between 

gains and losses, resulting in rankings either way. The probabilities for (3) are dependent 

on the level of enforcement, while (5) depends on service and circling times. 

Illegal parking activity will be monitored by a policeman who both arrives randomly 

and does not always write a ticket. A ticket will be given, on average, once every 150 

minutes. This is based on DeBartolo, et al. [68], who conducted a study of vehicles 

parked on the illegal side of the street in NYC. It was found that only 6% were ticketed 

and those that received a ticket were there an average of 107 minutes, while those that did 

not averaged 91 minutes. Although this is an older study, and both violation fines and 

enforcement efforts have changed since then, it is the only one, to the authors’ 

knowledge, with publicly available data of this nature. Considering no ticket to mean no 

enforcement in the time period, this leads to: 

Pr(3,1) = 𝑒!!!! ,Pr 3,2 = 1− Pr (3,1) (4.2) 

Prospect 5 is dependent on the assumption of a first come, first served rule. This 

means that when the metered space is vacated, it will be kept open for the circling truck. 

The vehicle already in the space has some uniformly-distributed service time, Y, so the 

probability of circling exactly once, for example, is the same as the probability that the 

service time remaining is less than the time to complete one circle. These probabilities 

are given by Equation (11), and it will be assumed that Y is 60 minutes. 

𝑝 5, 𝑠 + 𝑝 5, 𝑠 < 𝑌
!!!

!

𝑡!
𝑌

𝑝(5, 𝑠)
!!!

!
+ 𝑝 5, 𝑠 > 𝑌 1 −

𝑝(5, 𝑠)
!!!

!
> 𝑌 0

𝑠 − 1 ∗ 𝑡!
𝑌

 (4.3) 
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Table 1: Descriptive Statistics for Synthetic Cost Data 
Variable Min Max Mean

Delivery time (min) 20.0086 119.9976 70.0389
Travel time, Prospect 4 (min) 4.4002 7.3331 5.8660
Travel time, Prospect 5 (min) 5.7620 11.5224 7.9906
Walking time, Prospect 4 (min) 2.9339 5.8665 4.3940
Meter cost, Prospect 4 ($) 2.00 10.50 6.51
Probability of getting a ticket (%) 12.49 55.07 36.15
Expected cost ($) 49.88 218.56 120.17
CPT value of Prospect 3 ($) -96.53 -4.94 -38.89
CPT value of Prospect 4 ($) -94.71 7.45 -29.16
CPT value of Prospect 5 ($) -86.51 -8.74 -35.30  

 

Descriptive statistics are provided in Table 1 for the data generated as described. It 

can be seen that the travel time for circling the block ranges from 5.8 to 11.5 minutes, 

meaning that the driver may need to circle up to 11 times within 60 minutes for the spot 

to open; however, not all drivers will experience these conditions, so for those with 

longer travel times (and thus, fewer circles), only those possible outcomes were included 

in the EC calculation.  

4.1.2 Synthetic Responses 

In Chapter 3, the utility and weighting functions were specified, and it was shown 

how the survey questions would be analyzed to estimate the respective parameters. Using 

a baseline composite cost from the data generated above, the survey questions were 

solved for the unknown responses in order to generate synthetic survey data to test the 

model’s performance. Parameter values were assumed for each scenario, and the 

objective was to analyze how closely the maximum likelihood estimations matched the 

actual values, and determine to what degree the model was sensitive to changing values. 

It is also worth mentioning that having six gain (or loss) outcome matches, and then 

subsequently five for the probabilities, is not a fixed requirement of this type of model 

specification. Being sensitive of time constraints and the value of time for the truck driver 

participants, it was considered to reduce the number of CPT scenario questions if needs 

permitted. The impacts of reducing the matches were testing through synthetic data made 

from the parameters of Scenario A, and the reduction in results consistency was too large 

for this approach to be viable.  
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Looking first at the questions to estimate the utility function parameters, Equation 

(3.6) and Equation (3.7) can be solved for the responses as follows:  

𝑈 𝑥!,! =
!!!! !

! ! !! !! !! ∗!!,!
!!∗!!!!!! !

! ! !!!!,!
!! !

!
= 𝑥!,!! (4.4) 

𝑈 𝑦!,! =
!!!! !

! ! !! !! !! ∗!!,!
!!∗!!!!!! !

! ! !!!!,!
!! !

!
= −𝜆 ∗ −𝑦!,!

!
 (4.5) 

where U(*) is the utility function given by Equation (3.1), with x for gains and y for 

losses, and w(*) is the weighting function given by Equation (3.3). Repeating the terms 

from Chapter 3, α is the power for gains, β is the power for losses, λ is the measure of 

loss aversion, 𝑒!,!∗  is the multiplicative stochastic error, and is the effect highlighting 

the differences in probability weighting between individuals. The subscript i refers to the 

questions in each set, and n is each individual. The superscript o is for outcomes, and + 

and – correspond to the gain and loss domain, respectively. 

The weighting function, Equation (3.3), can also be solved for the probability inputs. 

The positive function is shown here as an example, as the negative function is identical in 

form aside from the superscript. 

 𝑤! 𝑝!,! = ! !!,! !! !!,!
! !!,! !! !!,! ∗!!,!

!! =
!!

! !!,!!!
!!
!!!

 (4.6) 

 𝑝!,! = 𝛿!
𝑤! 𝑝!,!

− 𝛿!
!
!!

+ 1

!!

 (4.7) 

where the superscript p is for probabilities,  and  are the respective parameters that 

set the curvature, 𝛿! and 𝛿! set the elevation. The other terms are previously defined. 

The final stage in the estimation is the loss aversion parameter, which requires 

questions around the zero point, and the equations are solved in a manner similar to 

Equations (4.4) and (4.5). 

𝑈 𝑏! =
!!!! !

! ! !!,! ∗!!!!!! !
! ! !!,!

!! !
!

= 𝑏!
! (4.8) 

𝑈 𝑐! =
!!!! !

! ! !!,! ∗!!!!!! !
! ! !!,!

!! !
!

= −𝜆 ∗ −𝑐! ! (4.9) 

𝑈 𝑑! =
!! !

! ! !!,! !! !!,! ∗!!!!!! !
! ! !!,!

!! !
!

= 𝑑!
! (4.10) 
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where b is the response to the gain domain question around the zero point, c is the loss 

domain, and d has mixed domain outcomes.  

Numerous scenarios were tested, with the reference point (scenario A) being the 

average parameter values from the studies included in [57]. Additional parameter sets 

were based on the range of values in those same studies, and also included considerations 

for the number of observations and error terms. Due to the variability from these error 

terms, some calculations led to probabilities of greater than 1.0, and created invalid 

outputs for the weighting function. Starting with 150 raw observations, and removing 

these bad values, the average remaining observations were around 130, so this was used 

as the baseline, consistent with a goal of at least 100 responses to the survey. 

The scenarios tested in the model are found in Table 2. 

Table 2: Model Validation Scenarios 
Scenario Alpha Beta Lambda Delta+ Gamma+ Delta- Gamma- N obs St Dev
A 0.69 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
B 0.22 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
C 0.45 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
D 0.85 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
E 1.01 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
F 1.20 0.9 2.07 0.81 0.61 1.09 0.72 130 0.5
G 0.69 0.40 2.07 0.81 0.61 1.09 0.72 130 0.5
H 0.69 0.6 2.07 0.81 0.61 1.09 0.72 130 0.5
I 0.69 1.1 2.07 0.81 0.61 1.09 0.72 130 0.5
J 0.69 1.20 2.07 0.81 0.61 1.09 0.72 130 0.5
K 0.69 0.9 1.07 0.81 0.61 1.09 0.72 130 0.5
L 0.69 0.9 1.35 0.81 0.61 1.09 0.72 130 0.5
M 0.69 0.9 1.70 0.81 0.61 1.09 0.72 130 0.5
N 0.69 0.9 2.50 0.81 0.61 1.09 0.72 130 0.5
O 0.69 0.9 3.20 0.81 0.61 1.09 0.72 130 0.5
P 0.69 0.9 2.07 0.81 0.61 1.09 0.72 50 0.5
Q 0.69 0.9 2.07 0.81 0.61 1.09 0.72 250 0.5
R 0.69 0.9 2.07 0.81 0.61 1.09 0.72 500 0.5
S 0.69 0.9 2.07 0.81 0.61 1.09 0.72 1000 0.5
T 0.69 0.9 2.07 0.81 0.61 1.09 0.72 130 0.05
U 0.69 0.9 2.07 0.81 0.61 1.09 0.72 130 0.25
V 0.69 0.9 2.07 0.81 0.61 1.09 0.72 130 0.65
W 0.69 0.9 2.07 0.81 0.61 1.09 0.72 130 0.80  

As can be seen in the table, the values for the deltas and gammas remained unchanged 

across the scenarios. Due to the manner in which the parameters are estimated in stages, 

the outputs for the deltas and gammas were consistent across datasets, and adjusting these 

factors was not of as much interest in this study. Additionally, the first scenario was 
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tested for both y0 = -$45 (consistent with the approach of Booij, et al. [57] where the loss 

domain is half the value of the gain), or y0 = -$90 to match the positive values. The 

results for 50 datasets apiece were compared, and it was found that y0 = -$45 led to more 

consistent estimations. 

4.2 Model Performance Analysis 
The scenarios presented in Table 2 were broken into groups for this analysis in order 

to focus on the impacts to all variables as one particular parameter changed. Scenario A 

was taken as the base case, where all variables are at their means, and was included in all 

of the groups. In addition to A, the following groups were used: (1) scenarios B-F for 

alpha; (2) scenarios A, G-J for beta; (3) scenarios K-O for lambda; (4) scenarios P-S for 

number of observations; and (5) scenarios T-W for the standard deviation of the outcome 

errors. The tables and graphs presented in this section will reference this segmentation. 

For each individual scenario, Stata was used to estimate and store the results for each 

model parameter, as well as the log likelihood (LL) of each module, for all 100 data runs. 

Summary statistics were computed based on these final results to determine minimum, 

maximum, mean, and standard deviation. The true values of the parameters—used to 

seed the synthetic data—were then compared to the means to compute the percent errors 

using the following equation: 

% 𝑒𝑟𝑟𝑜𝑟 =  
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 ∗ 100% (4.11) 

where the observed value is the mean across the data runs of a single scenario and the 

expected value is the true value used when generating the synthetic data. Note that the 

numerator here is allowed to be negative to identify trends in underestimation. 

When reviewing the results of the summary statistics and percent errors, it was 

discovered that there were some unusually large errors, especially with λ, the third step in 

the LIML estimation. A handful of λ values that were an order of magnitude larger, so up 

around 20 or 30 in value versus down around 2 or 3 depending on the scenario, were 

skewing the means and respective errors.  

In order to properly analyze the model’s performance and the sensitivity of its 

parameters, it was decided to identify the outliers for every scenario using boxplots (see 

Appendix A for a sample) and remove the associated observations from the set of 100 
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replication results. Table 3 includes a count of these outliers. This approach was justified 

in that the outliers within any individual dataset would have been removed before 

completing the model estimation, which will be the case using the survey data. It was 

found that the datasets that led to outlying parameters had values that would have been 

removed in this initial screening, not unsurprising given the multiple levels of noise used 

to randomize the observations. 

Table 3: Outliers for Each Parameter Across the Scenarios 

α δ+ β δ- λ Total 
Identified

Total 
Removed

A 7 0 0 0 7 14 14
B 0 4 0 1 10 15 15
C 1 3 1 1 4 10 9
D 2 3 0 1 10 16 13
E 5 3 1 1 13 23 16
F 0 2 4 4 12 22 18
G 0 0 0 0 6 6 6
H 1 2 3 0 8 14 12
I 3 2 0 3 11 19 16
J 0 0 0 0 10 10 10
K 2 3 1 2 12 20 17
L 3 2 1 0 5 11 8
M 0 1 0 1 11 13 13
N 2 2 0 2 10 16 12
O 2 2 1 3 6 14 11
P 1 1 1 2 7 12 11
Q 1 2 1 1 5 10 10
R 1 2 0 1 5 9 9
S 0 1 3 4 11 19 13
T 0 0 0 0 3 3 3
U 3 3 0 0 6 12 8
V 1 1 1 0 7 10 9
W 0 3 1 2 8 14 13

Number of Outliers from 100 Replication Results
Scenario

 
The total identified does not always match the total removed due to cases in which 

one of the 100 results had multiple outlying parameters, so removing all of the bad 

lambda values would eliminate its bad α value, as an example—there was expected to be 

more overlap between bad estimations from phase 1 or 2 and outlying λ values, and 

indeed it was discovered that many of the large λ estimates were tied to an α, β, or δ that 

was on the extreme edges of the boxplot, but not mathematically an outlier.  
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The results for the scenarios were then adjusted accordingly, and the statistics for 

scenario A are provided in Table 4 as a sample. The reader is again referred to Appendix 

A for the full tables of all scenarios, grouped as discussed above. 

Table 4: Model Performance – Scenario A Summary Statistics 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585
Note: LL references to the log likelihood for the respective estimation phase.

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

 

Table 5: Group 1 (Alpha) Results 

Alpha DeltaP Beta DeltaM Lambda
B 0.22 -24.571 10.925 -3.220 2.763 22.308
C 0.45 -15.652 9.139 -16.152 8.581 19.952
A 0.69 -13.981 8.613 -4.601 3.457 10.585
D 0.85 -23.862 14.397 -7.875 4.691 -14.796
E 1.01 -24.045 14.153 -8.955 4.912 -15.296
F 1.20 -21.055 12.314 -10.237 5.843 -3.125

True Alpha Percent errorsScenario

 
 

 
Figure 5: Group 1 (Alpha) True Value versus Percent Errors 
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As discussed in the previous section, the estimates for γ+ and γ- showed very minimal 

variation across the scenarios and were not of further interest in this analysis. The percent 

errors for the remaining model parameters were plotted to uncover any trends in 

estimation errors for each grouping. The results for group 1 are in Table 5 and Figure 5. 

The results from the first group seem to indicate that, in general, the parameters are 

not that sensitive to different levels of α. For α itself, the lowest error was seen in 

Scenario A (0.69), and aside from Scenario C, the other values of α led to errors in the 

low to mid-twenties. In all cases, α was underestimated, as β; in contrast, both of the δs 

were overestimated, and were half to two-thirds of the magnitude of their respective 

utility parameters.  

Throughout this entire analysis, λ is the parameter of most interest, not only due to 

the influence of the other parameter estimations, but because it is the key to the CPT 

analysis—to what degree are losses felt more than gains. Between Scenarios A and D, 

there is a tipping point where λ goes from being over- to under-estimated. The lowest 

absolute error is when α is at its highest; however, as noted in Chapter 3, α greater than 

1.0 violates diminishing sensitivity. Interestingly, this scenario had the greatest number of 

outliers removed, not only in this grouping but across all of the 23 scenarios tested. 

The results for group 2, shown in Table 6 and Figure 6, also show a lack of strong 

sensitivity to, in this case, different levels of β. The lowest error for β was associated with 

Scenario A (0.86), and again it was consistently underestimated, as was α. The same 

trends from group 1 with respect to the sign and magnitude of the δs are also repeated. 

In this group, λ starts as an underestimation, becoming almost exact for Scenario H (β 

= 0.61), before changing to being overestimated and continuing to climb in error. As was 

the case for α, β of greater than 1.0 (Scenarios I and J) violates diminishing sensitivity. 

Scenario I had the greatest number of λ and removed outliers in this group. Scenario J 

followed closely with 10 for λ, and even after removing them, the error remained high, 

and is second only to Scenario W from group 5. 
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Table 6: Group 2 (Beta) Results 

Alpha DeltaP Beta DeltaM Lambda
G 0.40 -18.656 11.350 -11.918 5.927 -5.318
H 0.61 -20.849 12.451 -14.893 7.629 -0.486
A 0.86 -13.981 8.613 -4.601 3.457 10.585
I 1.06 -26.054 15.675 -8.784 4.999 13.042
J 1.20 -16.438 10.146 -7.683 4.553 36.464

Percent Errors
Scenario True Beta

 
 

 

Figure 6: Group 2 (Beta) True Value versus Percent Errors 
 

Table 7: Group 3 (Lambda) Results 

Alpha DeltaP Beta DeltaM Lambda
K 1.07 -18.150 10.813 -5.066 3.222 1.426
L 1.35 -21.041 12.671 -12.771 6.791 28.951
M 1.70 -19.364 11.946 -11.198 6.144 25.183
A 2.07 -13.981 8.613 -4.601 3.457 10.585
N 2.50 -17.205 10.683 -13.589 7.481 15.085
O 3.20 -16.065 10.043 -7.731 4.600 18.629

Percent ErrorsScenario True Lambda
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Figure 7: Group 3 (Lambda) True Value versus Percent Errors 
 

Looking now at different λ values, the results for group 3 are provided in Table 7 and 

Figure 7. Estimations of α had higher errors than β, though neither exhibited great 

sensitivity to the different levels of λ. Both performed the best for the base case scenario 

(λ = 2.07), and again, both were underestimated for all of the scenarios tested. The δ 

trends previous observed held true here, as well. 

For λ, there was no point at which the errors crossed from positive to negative, or vice 

versa. The lowest error was measured for Scenario K (1.07), which would indicate a loss 

curve that is only slightly steeper than a gain curve. This scenario also had the greatest 

number of λ outliers and total identified across all parameters, the latter being the second 

highest in all 23 scenarios. While there were a few extreme values, most of the λ outliers 

were clustered just above the maximum value from the boxplot whisker. Removing these, 

and others associated with outliers from the other parameters, significantly dropped the 

mean estimate and improved the error. 
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Table 8: Group 4 (Number of Observations) Results 

Alpha DeltaP Beta DeltaM Lambda
P 50 -20.316 12.377 -13.353 7.503 28.082
A 130 -13.981 8.613 -4.601 3.457 10.585
Q 250 -15.065 9.662 -10.180 6.024 24.303
R 500 -23.113 13.920 -15.519 8.352 25.875
S 1000 -23.480 14.044 -5.011 3.220 -13.974

Percent errorsN obsScenario

 
 

 

Figure 8: Group 4 (Number of Observations) Value versus Percent Errors 
 

Changing focus from the CPT parameters to the number of observations, it was 

expected that a larger dataset would yield better and more consistent estimations. 

However, the results for group 4, shown in Table 8 and Figure 8, did not match this 

expectation. Again, the lowest percent errors for α and beta were found with Scenario A 

(n = 130), and again the parameters were underestimated regardless of the scenario. The 

two highest errors for α were found for the two scenarios with the largest sample size (R 

and S), while β’s next lowest error came with Scenario S (n = 1,000). 

The lowest error for λ was scenario A, and the highest was when the sample size was 

the lowest (n = 50 for Scenario P); however, the model still converged at this number of 
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observations, and the error was not significantly higher than sample sizes of 250 and 500. 

Similar to β, the second lowest error for λ was Scenario S, which also had the highest 

number of λ and total removed outliers in this group, aside from the base case of Scenario 

A. For S, this may be due to the outliers left in the raw synthetic data and with a larger 

number of observations, the chance of more extremes. 

Table 9: Group 5 (Standard Deviation of Outcome Errors) Results 

Alpha DeltaP Beta DeltaM Lambda
T 0.05 -0.392 0.322 -0.105 0.040 0.506
U 0.25 -4.899 2.199 -2.212 0.959 19.944
A 0.50 -13.981 8.613 -4.601 3.457 10.585
V 0.65 -30.276 24.122 -22.309 14.991 23.196
W 0.80 -22.628 22.577 -21.194 17.714 41.172

Percent ErrorStD ErrorsScenario

 
 

 

Figure 9: Group 5 (Standard Deviation of Outcome Errors) Value versus Percent 
Errors 

 
The final analysis was focused on the standard deviation of the outcome errors (e), or 

“noise,” and the results for group 5 are in Table 9 and Figure 9. Unsurprisingly, the 

percent errors were at their lowest when the noise was barely present. For α and β, the 

percent errors decreased between scenarios V and W, while the errors of δ– and lambda 
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increased. Contrary to what has previously been seen, the δ+ error became much closer in 

magnitude to that of α, almost matching it for W. 

As noted, λ errors increased for V and W as the noise increased, but this was not a 

linear relationship across the whole group. Again, Scenario A (0.50) had favorable 

results, so the error dropped from the previous noise level of 0.25. While this parameter 

set had many more outliers identified, only one additional results set was removed than 

for Scenario W. 

The major takeaway from this sensitivity analysis is that there were few, if any, trends 

in the modeling results that would indicate a degree of sensitivity to different levels of the 

CPT parameters. The model converged for sample sizes ranging from 50 to 1,000, and 

for parameter values across the whole range of what has been observed in previous 

studies—even for α and betas greater than 1.0. The results, as a whole, were significantly 

improved by removing the outliers from the parameter estimates, in this case used as a 

proxy for outliers that would be removed from empirical data before estimating the 

model. It is unclear, though, to what degree this may have made the results more 

favorable than what would have been observed if the data itself was screened, especially 

for the base case where a large number of outliers were observed. 
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5. SURVEY DESIGN 
In order to collect empirical data to run through the model specified in Chapter 3 and 

validated as shown in Chapter 4, a survey instrument was developed that leveraged the 

tradeoff method specified in Chapter 3. The following sections describe how the 

framework of the survey in Booij, et al. [57] was adapted to the parking decision context. 

The objective of that study was to parametrically measure both the utility and probability 

weighting functions for a sample of the general public, using generic lottery scenarios 

with possible gains and losses. The survey questions and values presented were not 

applied to a field environment, as is the case in this study where the values are 

representative of costs associated with freight deliveries.  

In early stages of survey development, it was anticipated that the survey would be 

administered during in-person breakfast meetings with groups of drivers, roughly 15-20 

per session. Due to budget constraints and logistic difficulties in establishing these 

meetings, the survey was migrated to an entirely online tool, which required a more 

thorough explanation of the objectives, technical terms, and instructions in order to 

ensure high quality data was obtained. The following section describes the information 

presented to the respondents and the relevance of each item. 

5.1 CPT Scenarios 

Participants were presented with a total of 25 pairs of two-outcome lottery-style 

questions, plus a sample question for each of the matching types, and were instructed to 

respond with a value that would make them indifferent between the two options – that is, 

filling in that blank should make the two lotteries equally good or equally bad. Questions 

1-15 were based on outcome matching where the driver filled in a blank dollar amount, 

and Questions 16-25 were based on probability matching where the driver filled in the 

missing percentage. 

5.1.1 Outcome Matching 
The background information for this section introduced the concepts of expectation of 

traffic conditions and costs, which is their reference point and represented by $0; a gain 

as a positive dollar amount when compared to the expectation; and a loss as a negative 

dollar amount when compared to the expectation. Visuals of a streetscape in NYC were 
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used to illustrate levels of congestion for the expected conditions, and to show how 

parking legally and walking a few blocks may compare to parking illegally with a chance 

of receiving a ticket, when determining gains and losses. These visuals reinforced the 

notion that changing traffic conditions will change the dollar amounts between questions. 

Please see Appendix B for screenshots of the visuals. 

After these basic definitions, the participants were then introduced to the scenario and 

what to expect for the part 1 questions. They were told that they have chosen to park 

illegally, which removes the possibility of ethical bias when deciding between a legal and 

illegal option, and that the city has implemented a variable parking fine. This policy led 

to two options: (1) parking farther from the delivery location where the fines are lower; 

or (2) park at the delivery location where the fines are higher. This distinction between 

the two sites is the basis for why the dollar amounts are different between the two pie 

chart lotteries. 

 

Figure 10: Outcome Matching Question Graphic 

The graphic for these questions can be found in Figure 10, where the values are 

designated, from left to right, as (A1, A2) and (B1, B2). Consistent with the trade-off 

method [52], the questions in this section were chained, requiring the survey database and 

website to be able to handle dynamic values. This means that the response for question 1 

(labeled as x1) was used to fill in A2 for question 2, and so on for the gain set and 
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similarly for the loss set. For example, if the driver provided an answer of $70 for x1, then 

the pairing of question 2 would be ($30, $70) versus ($20, [blank]). Questions 1-6 (gains 

only) resulted in responses x1-x6, while Questions 7-12 (losses only) led to y1-y6. The 

respondents were alerted that traffic conditions had changed and that they would see only 

losses (negative values) for questions 7-12. 

Table 10: Indifference Lotteries for Outcome Matching  

Ticket No Ticket Ticket No Ticket
Sample gains 25 100 15 blank

1 gains 30 90 20 x1
2 gains 30 x1 20 x2
3 gains 30 x2 20 x3
4 gains 30 x3 20 x4
5 gains 30 x4 20 x5
6 gains 30 x5 20 x6
7 losses -15 -45 y1 -10
8 losses y1 -20 y2 -10
9 losses y2 -20 y3 -10

10 losses y3 -20 y4 -10
11 losses y4 -20 y5 -10
12 losses y5 -20 y6 -10
13 gains 90 x1 0 a
14 losses y1 -45 b 0
15 mixed -45 90 y1 c

Notes:           Italics represent responses provided by the driver.
Gray cells are based on the provided responses.

Question Domain
Further away, lower 

fine
At location, higher 

fine

 
In order to fully determine the curvature of the utility function and to estimate the loss 

aversion parameter (λ), three additional questions were included with two around the zero 

point and one with mixed outcomes. The list of lottery indifferences is included in Table 

10. As was done for the transition between questions 6 and 7, an alert popped up for 

question 13 to highlight zero and gains, question 14 to highlight zero and losses, and 

question 15 to highlight the mix of values. 

5.1.2 Probability Matching 

Moving on to part 2, the relationships of expectation, gain, and loss were repeated, 

and it was stated that there is no longer an equal chance of receiving a ticket; instead, the 

probability of receiving a ticket is based now on the strictness of enforcement. The 



42 
 

graphic here indicates that there are multiple traffic enforcers in the area, whereas for part 

1 there was only one nearby. Again, the reader is referred to Appendix B for a screenshot. 

Due to the nature of these questions, where one side is a certain outcome or fixed at 

100%, the scenario was changed slightly to explain this. The respondent has still chosen 

to park illegally; however, there is now an option to pay an upfront, per delivery fee 

instead of paying parking fines as they are received. The fee must be paid even if a ticket 

is not received, so the dollar amount is fixed. If the respondent chooses instead to pay 

fines as they are received, then the amount gained or lost could be different. The NYC 

Department of Finance offers a program similar to this setup. While the stipulated fine 

program is voluntary and there is no fee to participate, the basis is similar in that 

businesses can reduce parking fines incurred while making deliveries in exchange for 

waiving the right to challenge the ticket [69].    

 

Figure 11: Probability Matching Question Graphic – Default Setting 

 

The revised graphic for these questions is shown in Figure 11 at its default setting. 

The graphic was dynamic so that the piece of the pie associated with P% scaled 

according to the response before the response was officially submitted. That functionality 

was made possible by using the Chartist plug-in. This is shown in Figure 12.  
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Figure 12: Probability Matching Question Graphic – Response  

The dollar amounts were filled in using responses from the outcome matching, and 

the list of iterations is found in Table 11. The responses were stored as p1-p5 for gains 

and q1-q5 for losses. 

Table 11: Indifference Lotteries for Probability Matching 

Option B
A1 A2 B1

Sample gains 300 75 125
16 gains x6 90 x1
17 losses y6 -45 y1
18 gains x6 90 x2
19 losses y6 -45 y2
20 gains x6 90 x3
21 losses y6 -45 y3
22 gains x6 90 x4
23 losses y6 -45 y4
24 gains x6 90 x5
25 losses y6 -45 y5

Option A
Question Domain

 

5.2 Driver and Cargo Profile 

After completing the required CPT scenario questions, drivers were asked to provide 

voluntary information about themselves, the company, and deliveries. The information 

was ultimately used to determine behavioral parameters for subsets of drivers; contrary to 
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[57], probability weights were not applied based on the likelihood of that group to 

complete the survey, as there were no incomplete CPT scenario responses recorded. 

Throughout the survey, and reiterated again in this section, the drivers were ensured that 

responses would remain confidential.  

The driver-specific information requested was age, annual personal income, years of 

commercial driving experience, and level of education. Questions pertaining to the 

company and goods deliveries included the type of company (e.g., less than truckload), 

type of vehicle based on Federal Highway Administration classifications, types of goods 

delivered, the average size and value of a single delivery, and if any of the goods require 

special equipment or care (e.g., delivery must be monitored by cameras). Additionally, 

drivers were asked to indicate who pays for parking tickets, and whether this was at the 

full rate or a split payment. 

5.3 Preliminary Survey Testing 
While the setup of the survey questions with the 50:50 lotteries and then the 

probability inputs remained unchanged from the inception, the background story tying the 

questions to the real-world context underwent several iterations. As has been noted, the 

key to receiving a valid response lied within the ability of the respondent to understand: 

(1) why the values were different between the two options; (2) for uncertain outcomes, 

why the values were different within a single option; (3) why values could be entirely 

positive, entirely negative, zero, or mixed; (4) why the values changed between 

questions; and (5) what it meant to have a chance of receiving a ticket.  

It was decided early on that the two alternatives needed to both be illegal to eliminate 

any ethical bias of having to choose between a legal and an illegal option. At first it was 

thought that one option could be paying tickets in full as they were received while the 

other was to pay into a fee system that covers tickets at a reduced rate, and must be paid 

whether or not a ticket is received. However, this comparison alone could not explain 

why, in the outcome matching, there were two different values possible for the fee system 

when all other conditions were kept constant between the two options. In other words, 

that fee amount is a certain outcome, which only makes sense for part 2. 

For this reason, it was necessary to develop a scenario in which the fine amount was 

variable based on location, so that the two options meant that there were two different 
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parking sites. The other influences on cost, such as traffic conditions, were then held 

constant between the two. The traffic conditions, though, were the means to explaining 

why the values changed between questions, which is not only explained and repeated in 

the upfront information, but also reinforced, as described, through pop-up alerts when 

values changed from positive to negative, and so on—the alert was included as a result of 

feedback from preliminary testing, described below. 

Before distributing the link to the drivers, the full survey instrument was tested by a 

group of students unfamiliar with the subject matter, and also by a couple researchers 

with experience in the trucking industry, one of who holds a CV drivers license. This 

screening of the material was aimed at ensuring that the concepts were well defined and 

could be understood by someone not tied to the development of the survey materials. As 

noted, one change made to the survey was to alert participants when traffic conditions, 

and thus signs of values, changed between questions. Given the repetitive nature of the 

questions, it was reported that it might be easy for some to overlook when these changes 

occurred. The alerts for the loss domain were also coupled with a note at the input field 

that the response was a negative value. 

In the background information, the testers felt that the terms less versus more 

congestion and stricter enforcement in the headings needed greater emphasis since the 

slides have almost identical graphics and the subtle differences might be overlooked. 

Within these specific slides, it was also important to bold the terms legal and two versus 

four blocks walked, for the legal option under expectation. There were also efforts made 

to clarify that these graphics were for illustrative purposes only, and were not the actual 

scenarios to keep under consideration while completing the survey.  

There was also text which described “Option A” and “Option B” and “left” versus 

“right” within the part 1 matching questions, and it was too complicated when 

considering that there was a left and right pie chart, and a left and right within the pie 

charts. The letter references to options were removed, and just labeled above each chart, 

and the left versus right was replaced by a color legend. To keep this relationship 

constant, the back end of the website forced the lower amounts to always be on the left 

side; for the losses, the larger number is a worse outcome (more negative), so this is 

flipped from the gains. Table 10 is set up to show this effect, assuming that the responses 
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are strictly increasing. The objective here, and then throughout the other pages, was to 

use graphics as much as possible to limit the text, and to be succinct with the text that 

was necessary to include. 

5.4 Survey Participants 
The transition to an online survey format expanded the potential audience for the 

outreach efforts by opening it up, more generally, to CV drivers that make deliveries to 

congested urban areas, not just those located within a geographically-convenient radius. 

The starting point for this outreach effort was the Motor Carrier Management Information 

System (MCMIS), which is essentially a census of CVs. All motor carriers (truck and 

bus) that must abide by federal safety regulations, over 800,000 in total, have records 

maintained in MCMIS. 

The first filter applied to the list was to locate all records that contained an entry in 

the e-mail address field, as the survey was distributed and taken electronically, which left 

roughly 540,000. The next step was to focus only on shippers and carriers (versus 

brokers, for example), and to isolate those with trucks, not buses. Specific industry types 

were also targeted based on those that were deemed likely to be making urban deliveries. 

The industries used, which are the same as the list provided in the driver profile 

questions, were: beverages, building materials, cold food, dry bulk, general freight, 

household goods, meat, produce, and paper products. These steps narrowed down the list 

to roughly 400,000 observations. 

The most important filtering applied to the list was to identify urban locations, using 

the 25 largest U.S. metropolitan areas as the starting point. Multiple states were excluded 

entirely from the list, and the decisions made of those that remained can be found in 

Table 12. In almost all cases, only the exact city matches to those included in the 

metropolitan area description were used, with a few exceptions that are noted. The 

biggest exception was in NYS, which was the original targeted area for the survey 

participants. The five counties of NYC itself (the boroughs) were included, as well as the 

immediate surrounding counties, which was done through ZIP Code filters. 

This work led to a list of over 38,500 potential survey participants, which is much 

larger than what can be reasonably handled by the research institution’s mail server. For 

this reason, alternative services were compared to find one that could send personalized 
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e-mails (using the actual first and last names), allow for the collection of metrics (e.g., 

number of bounces), and would be cost effective—the choice being to use SendGrid, 

which has built-in templates and modules to easily edit text blocks and include a button 

that links directly to the survey site. 

Table 12: Metropolitan Areas Targeted for Survey Outreach 

State Action taken Metros targeted Records

Arizona Limit to metro Phoenix-Mesa-Scottsdale 2,213          

California Limit to metro
Los Angeles-Long Beach-Anaheim; San Francisco-
Oakland-Hayward; Riverside-San Bernadino-
Ontario; San Diego-Carlsbad

2,746          

Colorado Limit to metro Denver-Aurora-Lakewood 1,765          
Connecticut Keep Stamford, Norwalk NYC 293            
Delaware Keep Wilmington Philadelphia 196            

Florida Limit to metro
Miama-Ft Lauderale-West Palm Beach; Tampa-St. 
Petersburg-Clearwater 3,926          

Georgia Limit to metro Atlanta-Sandy Springs-Roswell 1,153          
Illinois Limit to metro Chicago-Naperville 1,257          
Indiana Keep Gary, Hammond Chicago 144            
Maryland Limit to metro Baltimore-Columbia-Towson (+Bethesda) 1,197          
Massachusetts Limit to metro Boston-Cambridge-Newton (+Brookline) 193            
Michigan Limit to metro Detroit-Warren-Dearborn 1,061          
Minnesota Limit to metro Minneapolis-St Paul-Bloomington 898            
New Jersey Limit to metro NYC (Newark, Jersey City), Philly (Camden) 696            
New York Keep specific counties All NYC, Nassau, Westchester, Rockland 8,326          
North Carolina Limit to metro Charlotte-Concord-Gastonia 1,179          
Oregon Limit to metro Portland-Salem 1,160          
Pennsylvania Limit to metro Philadelphia-Reading, Pittsburgh-New Castle 1,392          
South Carolina Keep Rock Hill Charlotte 110            

Texas Limit to metro Dallas-Fort Worth-Arlington; Houston-The 
Woodlands-Sugar Land; San Antonio

6,470          

Virginia Limit to metro DC (Arlington, Alexandria) 278            
Washington Limit to metro Seattle-Tacoma-Bellevue (+Vancouver) 1,509          
Wisconsin Keep Kenosha Chicago 153            
Washington DC Keep all DC 245            

 

Before sending the e-mails out, the names and e-mail addresses required extensive 

cleaning. The e-mail address field was searched for entries that did not contain the @ 

symbol, and it was found that there were a number of entries that were company 

websites, had “n/a” instead of an e-mail, or had typos (e.g., 2 instead of @ by missing the 

shift key). This field was also screened for duplicates resulting from the same owner or 

contact point across more than one company record. A free e-mail validity checker was 

used to eliminate domains that were not valid or capable of receiving mail, which 

removed around 2,000 of the records. 



48 
 

The names were much more challenging, as the original MCMIS file had one field for 

the full name. Using a space as the delimiter, this field was expanded into multiple 

columns—it was not as straightforward as splitting into first and last. Some common 

examples are those that had middle initials, multiple last names or the last name had 

spaces (e.g., De La Rosa), or a suffix (e.g., Jr.). Further manual work was done to 

separate out names from titles (e.g., First Last-President) and multiple contacts in the 

same field (e.g., First1 Last1/First2 Last2). Any record without a contact name was filled 

in as “Fleet Manager.” 

Once the e-mail list was in the correct format for SendGrid, the records were 

uploaded and duplicates were removed. At that point, the list of potential contacts was 

roughly 33,000. Three rounds of e-mails were sent out, with the first being the initial 

outreach push, followed by two reminders. Between the messages, any direct requests to 

be removed from the mailing list were respected; there were also some auto-replies that a 

person was no longer at that company or the company contact information was changed, 

so these records were also updated as notifications were received. 

As was discussed, the free e-mail validity check was only capable of a basic analysis 

of whether or not the domain existed and was configured to receive e-mails—it did not 

determine if a specific username at a domain was valid or if the mailbox was already full. 

Once the e-mails were sent, it was found that over a quarter of the sent messages bounced 

or were blocked by spam filters. Unfortunately, it was not realized that the mail service 

was configured to purge bounce activity notifications, and not contacts associated with 

bounces, so the list of these contacts was not obtained to update the records for the first 

reminder e-mail.  

Table 13: Delivery Statistics of Outreach E-mails 

Category Total 
Attempted Delivered Opens Unique 

Opens
Unsubscribe 

Requests Bounces Spam 
Reports

Bounce 
Drops

Initial Email 33,045 25,618 4,919 3,337 15 7,221 98 10
Reminder 1 32,031 25,149 4,466 3,106 12 6,449 38 10
Reminder 2 25,508 24,715 3,775 2,708 23 100 36 11  

 

The breakdown of message analytics can be found in Table 13. It can be seen that, 

even though a large number of e-mail requests were made, a significant portion were not 

valid, and of those that were successfully delivered, only a small fraction were opened by 
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the recipient. The difference between the number of opens and unique opens highlights 

that some recipients revisited the message after the initial opening. 

Following the first e-mail, the site received a large number of visitors per day but 

only a few survey responses. As a result, the subject line and message body were 

changed. The explanation of the survey format and objective was updated to explain that 

the hypothetical scenarios, lottery-style questions, and no wrong answers (see Appendix 

B). It was thought that the original e-mail might have misled drivers with respect to the 

type of information requested. Adjustments to the survey and e-mail are in Figure 13.  

 

Figure 13: Survey Design and Outreach Adjustments 
In addition to the MCMIS e-mail efforts, contact was made with the New York State 

Motor Truck Association (NYSMTA), which maintains e-mail lists in different state 

regions and distributes a weekly newsletter to roughly 1,000 people. NYSMTA agreed to 

include the survey in one of the newsletters, and also sent e-mails to the appropriate 

region asking for assistance in reaching the drivers. The information was also posted to 

an online forum used by truckers, stressing that the target audience was those that make 

deliveries in urban settings. Since this was done after the survey was already designed, 

there was not a question included to capture how the participant heard about the study, so 

it is not known how many responses resulted from this additional outreach. 



50 
 

6. DEMOGRAPHICS AND NON-QUANTITATIVE RESPONSES 
As described in Chapter 5, empirical data for the model estimation shown in Chapter 

7 was collected using an online survey form, in conjunction with the three rounds of 

outreach e-mails. Responses were stored in a password-protected database, which 

alleviated privacy or tampering concerns. The questions in survey parts 1 and 2—the 

outcome and probability matching—were all required, while the demographics in part 3 

were optional, and each unique observation was recorded only after the respondent 

visited part 3 and clicked the “Finish” button. 

 

Figure 14: Number of Survey Reponses per Day 

In total, there were 71 responses to the survey collected, and the responses by day are 

shown in Figure 14. As expected, the best responses days were those on which e-mails 

were sent and the couple days immediately following. It was clear that 11 respondents 

provided obviously wrong information, even to the demographics questions, so these 

observations were removed. The following sections will describe the demographics 

collected in part 3 for the remaining 60 observations, in addition to direct e-mail feedback 

(non-quantitative responses). 

6.1 Demographics 
Given that the part 3 questions about the driver, company, and cargo were not 

required, it is not unsurprising that most respondents did not provide information for all 

requested fields. In three cases, no responses to any questions in part 3 were provided. 
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This is important for the analysis of CPT parameters based on demographics because this 

will reduced the sample size.  

It is worth noting, though, that there were clear trends in which of the questions that 

the respondents either felt more comfortable providing information, or those for which 

they may not have known the best response. Table 14 provides a breakdown of the part 3 

questions versus responses received for each. It can be seen that, by far, the type of goods 

delivered had the highest response percentage, while the delivery size associated with 

these goods was the lowest percentage. For the latter, it could be that the driver did not 

feel as though there was a “standard” size. Delivery ZIP Code, type of company, and 

driver age were all provided by at least 73% of the respondents, and then the responses 

dropped off from there, with another low percentage for personal income. 

Table 14: Number of Responses to Part 3 Questions 

Variable Responses 
Received

Percent of 
Total

Driver Age 44 73%
Personal Income 23 38%
Years of Experience 27 45%
Level of Education 37 62%
Company Size 32 53%
Who Pays Tickets? 27 45%
Type of Company 45 75%
Vehicle Class 34 57%
Type of Goods 56 93%
Delivery Size 17 28%
Special Goods Handling? 38 63%
Delivery ZIP Code 46 77%  

Responses to the first three variables were provided as a single number, not as a 

range, and summary statistics on these responses are provided in Table 15. It can be seen 

that, as previously noted, driver age was on the higher end of response percentage while 

income was on the low end. The range of age responses covered mid-20s to early 50s, 

with a mean around 38—in fact, almost half (21) of the ages provided were in the 30s. 

The minimum years of experience was reported by the same respondent of the minimum 

age. On average, drivers had been in the business for around six years, and maybe of 

them started in their early 30s. The income numbers varied widely, both as a result of 

experience and geographic location. 
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Table 15: Summary Statistics of Age, Income, and Experience 

Variable Number of 
Responses Minimum Maximum Mean St. Dev.

Driver Age 44 25 53 37.7 7.5
Personal Annual Income 23 35,000     76,500     53,239 13,337 
Years of Driving Experience 27 1 18 5.7 4  

For the set of variables from level of education to vehicle class, options were 

presented in a series of drop-down menus. This was also the case for whether or not the 

goods being delivered required any special handling, such as being kept frozen or 

delivered on camera (e.g., prescription medication). The results for these variables are 

presented below in a set of charts with both raw counts and percentages of the responses 

received.  

 

Figure 15: Breakdown of Drivers’ Level of Education 

In Figure 15, it can be seen that an overwhelming majority of respondents have 

received a high school diploma as the highest level of education. There were small 

fractions that have gone beyond to receive an associate’s degree (7%) or bachelor’s 

degree (3%), and it may be the case that those with post-secondary education are the 

owners of the owner-operator businesses that were reached. Another 38% did not 

respond, and no one indicated that they had not completed high school. 
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Figure 16: Breakdown of Company Size 

The distribution of company size is shown in Figure 16, and aside from those that did 

not respond (almost half), the largest piece is associated with the smallest range of 

employees (23% for 1-50). Three individuals (5%) were part of large companies 

employing over 250—one delivers oilfield equipment to an unknown location, one is in 

the paper products industry in Mesa, AZ, and the other delivers general freight to Boston. 

Given the large portion of owner-operator businesses that were represented (Figure 18), it 

is not surprising to see a skew toward the smaller company size. 

 

 

Figure 17: Breakdown of Which Entity Pays Parking Tickets 
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The entity responsible for paying parking tickets is shown in Figure 17, and 

unfortunately more than half of the participants did not provide a response—this 

information was of particular interest in determining whether a driver who does not pay 

tickets would be more risk seeking, but there are not enough responses to perform this 

analysis. It is also worth noting that no respondents indicated that the company pays 

tickets at a reduced rate, such as being a participant in a stipulated fine program, or that 

the driver splits the ticket cost with the company. Of those that did select an entity, the 

split was 59% company and 41% driver, the latter being a higher percent than expected. 

As mentioned, Figure 18 indicates that the greatest portion of drivers work for owner-

operator businesses (38% of the total, and about half of those who responded). The other 

popular responses was less than truckload (LTL), and only 7% make deliveries for a full 

truckload (FTL) company—in fact, one noted that a delivery size is a truckload. 

 

 

Figure 18: Breakdown of Type of Company 

The class of vehicle operated by each respondent is found in Figure 19, and it is 

unclear why many did not select an answer, as drivers tend to operate one specific truck. 

The most popular were class 5 (a single unit 2-axle box truck) and class 8 (single trailer 

3- or 4-axle trucks). Images of example trucks were included on the survey site, and are 

provided in Appendix B for reference. Both class 6 and class 7 are larger versions of the 

box truck, being 3-axle and 4-axle units, respectively. No respondents selected class 3, 

which includes pickups and delivery vans.   
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Figure 19: Breakdown of FHWA Vehicle Class 

 

 

Figure 20: Breakdown of if Deliveries Require Special Handling 

Drivers were also asked whether or not the goods delivery required special handling, 

such as goods must be frozen or delivery must be monitored by cameras (e.g., 

pharmaceuticals). The responses are in Figure 20, and for the large portion that did not 

select, it could be that they do not have a standard delivery to definitively say yes versus 

no. Of the five that said yes, four are based in the NYC metropolitan area and deliver 

food or beverages, and the other handles general freight in Los Angeles. Additional 

information on the special handling requirements was not requested.  
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For the type of goods, the respondents were allowed to select multiple options, or 

specify the type if “other” was chosen. The options presented were based on the 

categories used by the MCMIS, and were those likely to be associated with urban 

deliveries, as discussed in Chapter 5. Of the 60 responses received, only six selected 

more than one, and no more than two, categories. Only one “other” was recorded, which 

was oilfield equipment, and although no ZIP Code was provided, it is unlikely that this 

delivery would be made to a congested urban area. 

The breakdown of responses is shown in Figure 21, and this includes multi-answers, 

so the sum is 66. The highest frequencies are general freight and dry bulk, which is not 

unsurprising as these are kind of “catch-all” categorizations. Summing up all the food and 

beverages leads to 18, so these combined are the most prevalent—and this industry was a 

target of this outreach from the beginning.  

 

Figure 21: Breakdown of Types of Goods 

The delivery size and ZIP Code were open-ended inputs, and for the former, 

responses were given in terms of either boxes or pallets. As noted, one driver indicated 

that a typical delivery size was a full truckload. Five drivers provided delivery size in 

terms of boxes, and of those, four delivery four boxes and one delivers five. Ten drivers 

responded in terms of pallets, which ranged from one to eight with a mean of three. The 

largest deliveries were associated with general freight and building materials. 
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Figure 22: Map of Delivery Location ZIP Codes  

The ZIP Codes that were provided have been mapped and are shown in Figure 22. 

Referring back to Table 12, it can be seen that all but one of the locations shown in 

Figure 22 corresponds to areas that were targeted through the outreach e-mails. It is 

unknown if the one outside of these areas found the survey through the forum post or if 

the company was on the MCMIS list and has since moved. The largest portion of the 

participants (17) delivers to the NYC metropolitan area, which again was the original 

intended target, and many more e-mails were sent to that region. As a state, California 

had the next highest number of respondents (8), though these were spread across more 

then one metropolitan area. 

6.2 Non-Quantitative Responses 
In addition to the survey responses, several of the e-mail recipients reached out 

directly in an e-mail reply to provide non-quantitative feedback. For some, it was 

indicated that they wanted to help with the study, but did not have the time to complete 

the survey, an estimated 30 minutes. In other cases, they found the survey to be too 

difficult or tedious with the repetitive question format, and were unsure of how it would 
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lead to meaningful results, especially compared to a more direct input format (e.g., how 

do you make parking decisions, and how much do you pay in fines?). 

Although this did not manifest as additional survey participation, it was positive that 

the subject matter resonated with these individuals, and they felt strongly enough about 

parking issues that they wanted to voice their concerns—even those that merely needed 

to rant and expressed exasperation at “no one having any intention of changing [the 

parking problem].” This helped to validate that this research effort is not only relevant 

and necessary, but also that the outreach efforts reached the appropriate people. 

In order to maintain the same level of anonymity afforded to the survey respondents, 

no identifying information will be included within this section. However, it was an 

interesting trend that almost all e-mail input was provided by drivers in the NYC 

metropolitan area, which is likely due to this region having some of the highest levels of 

congestion and delays, and this increases parking difficulty, especially for trucks.  

One company representative reached out on behalf of the two drivers, as neither has 

access to a computer at home. It was a familiar reaction that parking a truck in the city 

can seem next to impossible and a sense that parking officers have it out for truckers, 

going so far as to say they “delight in giving tickets.” The representative noted one 

instance of a truck receiving two tickets at the same time—which has actually been 

personally observed by the author during an unrelated study—due to one officer 

approaching from the front and one from the rear of the truck. 

Arguably the best e-mail feedback was received from a driver who reached out to set 

up a phone call to receive additional background on the survey questions. This interaction 

more closely simulated the in-person meeting format where the research group could 

have provided more in-depth explanations and answered questions as they came up, as 

opposed to no interaction and the driver’s ability to complete the survey being solely 

limited to the quality and quantity of information on the website. It was clear from the 

conversation that the driver understood the scenarios and terms, and just wanted to clarify 

if the information requested in part 1 was the amount of the ticket or the amount that he 

felt he would have gained or lost for each option. 

Going beyond the survey itself, this same driver noted that, while the survey 

understandably had to simplify the “conditions,” weather plays a major role, as adverse 
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weather days decrease both the tolerance for walking distance and (presumably) the 

amount of enforcement. He also expressed frustration with the growing congestion and 

parking difficulties in the outer NYC boroughs, not just in Manhattan. This was 

confirmed by a different e-mail response that attributed the issue to the recent building 

boom, which has eliminated areas previously unoccupied that allowed truck parking. This 

particular individual, though, is in a highly specialized industry and is able to pass on the 

cost of tickets to the client, which is not widely accepted (Holguin-Veras).   

In addition to the e-mail feedback, a few drivers left comments on the forum post to 

provide more insight into their personal issues with delivering to cities. For one driver 

who delivers soda, the company covers the cost of tickets, so leads to automatically 

parking as close as possible; however, he did comment that the company drivers do not 

block the front of the delivery location where the prime parking spots are located, out of 

respect for the receiver’s customers. Another driver mentioned working in collaboration 

with the location to cordon off an area for the truck to park, and that when this 

accommodation was requested, it was provided roughly 80% of the time.  

There was very insightful dialogue with a driver in the San Francisco bay area who 

also lives within the city. The driver’s company does not have a local depot for leaving 

trucks and he is not allowed to park the vehicle in his residential neighborhood, so he has 

had to rent space from a nearby lumber mill. He mentioned that there are very strong 

truck restrictions in the city, and it is known that housing prices are very high, so drivers 

will buy property in the forests surrounding the city, not just for the cheaper land prices, 

but mostly to have a place to park. Prior to these comments, the author had not given 

thought to the fact that drivers delivering to these urban areas may also live within them, 

and not all have the luxury of a company yard to leave a truck. 
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7. MODEL ESTIMATION RESULTS 
The previous chapter includes a discussion on both the responses from part 3 and e-

mail feedback that was received. There were 60 responses included in the analysis of part 

3, and as will be described in the first section here, not all of these were used to estimate 

the CPT parameters.  

7.1 Description of Data 

Contrary to the demographic questions, responses to the outcome and probability 

matching were required. There were additional tests performed for determining whether 

or not a response was valid and should be included in the model estimation. Responses to 

the outcome matching section were required to be strictly increasing in magnitude—if 

not, then dominance was violated. If an observation passed this test, then the probabilities 

were checked for the same trend. The difference there, though, was that bad response was 

allowed due to the higher concept difficulty, whereas none were allowed from part 1. The 

responses were also screened for outliers, though none were found. 

Applying these screenings led to five responses removed due to violating dominance 

in the outcome matching, and of those that remained, another two were removed for 

inconsistent responses to the probability matching. This left 53 valid observations for the 

model estimation, and summary statistics are in Table 1. 

Table 16: Summary Statistics of CPT Scenario Responses 

Mean St Dev Mean St Dev
x1 $104.77 11.67 y1 -$53.34 7.39
x2 $118.64 14.51 y2 -$62.06 9.16
x3 $134.94 22.11 y3 -$70.43 12.17
x4 $150.17 27.97 y4 -$78.72 14.72
x5 $164.25 32.72 y5 -$87.26 17.47
x6 $180.09 40.25 y6 -$94.49 20.06

p1 19.17% 7.66 q1 16.13% 8.83
p2 34.09% 8.73 q2 28.13% 8.99
p3 47.79% 9.96 q3 40.59% 9.83
p4 55.89% 11.14 q4 53.43% 12.31
p5 69.66% 12.4 q5 64.15% 13.15

Gains - Outcomes Losses - Outcomes

Losses - ProbabilitiesGains - Probabilities

 
In Table 16 it can be seen that, in all question blocks, the standard deviation of the 

responses increased as the questions progressed. For the gain outcomes, there is a notable 
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jump in deviation between x2 and x3, despite the consistent increase in mean—that is, the 

difference between x1 and x2, x2 and x3, and so on did not fluctuate much, and there is a 

similar trend in the loss outcomes, albeit at roughly half the magnitude. For the 

probabilities, p3 and p4 are the closest in value on the positive side, and q4 to q5 for loss. 

Overall, the probabilities in the loss domain are consistently lower than those for gains, 

which would seem to indicate pessimism in both domains.   

There were a few trends discovered with regard to how the outcome matching 

questions were approached: (1) the respondent aimed to make the sum of the two pie 

charts equal (i.e., to even out (30, 90) and (20, x1), the response was often 100, and so 

on); (2) the respondent slightly compensated for the lower gain (or higher loss) by 

offsetting matching sums by $5-10 (i.e., x1 may have been $110); and (3) the respondent 

started with an amount that was lower than $90 and adjusted the numbers increasingly 

upward after catching on to how the questions iterated.  

There appeared to be very few cases of an individual digging deeper into possible 

responses, and it is unclear if this is due to lack of understanding or patience, or if there 

simply were no deeper thoughts to be explored on this matter. This is backed up by the 

fact that almost all sets of outcome matches were evenly spaced (i.e., $10 or $15 apart). 

However, there does still exist the possibility that this is truly how the respondents felt 

about the values, so the results will be evaluated as such.  

7.2  Estimation Results for All Drivers 
The model experienced difficulty in settling on the parameter estimates for this 

sample, despite being able to handle a similar sample size in Scenario P. A major obvious 

difference between the synthetic data and the empirical data is that almost every 

respondent rounded answers to the near $5 or 5%, versus the synthetic data that was more 

continuous in nature; this may have masked some true feelings on gains and losses out of 

convenience for a rounded answer, and naturally will impact the parameters. The first 

trend noted above is believed to be the source of some difficulty, as well. 

The results are presented in Table 17, and all estimates were reported at the 1% 

significance level. The log likelihood for each γ is the same as its respective δ.  



62 
 

Table 17: Maximum Likelihood Estimates 
α δ+ γ+ β δ- γ- λ

0.894 0.988 1.008 1.211 1.595 1.28 1.168
(0.093) (0.045) (0.038) (0.073) (0.065) (0.032) (0.084)
0.086 0.059 0.075 0.047 0.546

(0.041) (0.019) (0.031) (0.006) (0.081)
0.109 0.348 0.123 0.222

(0.038) (0.043) (0.039) (0.062)
LL -323.2 -222.9 -281.1 -204.7 -56.8

Note: Murphy-Topel standard errors are reported in parentheses.
All reported values are significant at 1% level (one-sided tests).

Coefficient

σ2

ρ

 
  

It is also useful to portray the results graphically to compare them to previous studies 

in terms of concave versus convex and the degree of elevation. The utility curve is 

provided in Figure 23, and the weighting functions are plotted in Figure 24 and Figure 

25. In all three cases, the results from this study are plotted with a red line for the data 

series denoted by “est.” for estimated, and compared to the average (avg.) values of the 

studies included in Booij, et al. [57]. 

 

 

Figure 23: Plot of the Utility Function  
 

x 

U(x) 

U(x) est. 

U(x) avg. 



63 
 

 

 
Figure 24: Plot of the Positive Probability Weighting Function 

 

 
Figure 25: Plot of the Negative Probability Weighting Function 

 

7.2.1 Utility Parameters 
The parameter estimates and respective functional curves are consistent with the 

trends observed in the replies. As has been stated previously, an α or β value of over 1.0 

would mean that diminishing sensitivity was not observed, indicating that changes in 

value of the same magnitude further away from the reference point were not felt any less 

than those near the reference point ($0, the expected cost). This was found for beta 

(1.211), which is significantly higher than 1.0 (z = 5.609, p < 0.001). Alpha, however, at 

0.894 is significantly lower than 1.0 (z = -2.631, p = 0.004). This parameter is close to 
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what was observed in Booij, et al. [57], though slightly higher and closer to linearity, 

which is confirmed in Figure 23.  

Also in Figure 1 it can be seen that the utility curve in the loss domain is also close to 

linear, yet slightly concave. This is in contrast to the first CPT study [42], which led to 

convexity of losses and is often used in studies that do not derive their own estimates. 

The near linearity of the utility curvature is consistent with the findings of Booij, et al. 

[57], where it is noted that previous, so-called classical utility measurements of utility do 

not consider probability weighting, so those results are much more pronounced (curved) 

that what they found and what was found here. Additionally, the curve is steeper for 

losses than for gains due to the presence of some slight loss aversion (λ = 1.168).  

For gains, diminishing sensitivity was observed, meaning that the drivers were less 

sensitive to differences in outcomes further away from the reference point. As a 

reminder, the latter is their expectation of the conditions dictating a delivery’s costs, and 

gains occur when their parking choice saves them effort (money)—in the outcome 

matching, gains across the board, even when a parking ticket was received, meant that the 

conditions were at their worst. Bringing this all together, the drivers weighed the change 

from $0 to $10 more than $100 to $110, becoming less sensitive to worsening conditions. 

7.2.2 Probability Weighting Parameters  

Turning now to the probability weighting, the results for the gain and loss domain are 

noticeably quite distinct from one another, with the former showing no curvature or 

elevation, only linearity, meaning that probabilities associated with gains were not 

transformed. In fact, the estimate for δ+ was not found to be statistically different from 

1.0 (z = -0.360, p = 0.359), and neither was the estimate for γ+ (z = 0.240, p = 0.405)—

using half chance as a test case, w+(0.5) = 0.497.  

For losses, though, the δ- estimate of 1.595 is significantly greater than 1.0 (z = 

19.980, p < 0.001), as is the γ- estimate of 1.280 (z = 9.403, p < 0.001). This indicates 

pessimism in the loss domain, where w-(0.5) = 0.615, a higher degree of overweighting 

than was seen in the literature averages cited in Booij, et al. [57]. From the curve in 

Figure 25, and due to γ- being larger than 1.0, it can be seen that the shape of the negative 

weighting function is convex (such as in van de Kuilen and Wakker [70]), as opposed to 

the inverse-S shape found in most studies. There is a small degree of a normal S shape 
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with an inflection around p = 0.20, and checking numerically, it is confirmed that w-

(0.15) = 0.148, while w-(0.20) = 0.213. 

Throughout the survey, the drivers are reminded that probability is to be associated 

with the chance of receiving a parking ticket, and the differences in these values stem 

from differing levels of enforcement strictness. It is not unsurprising to see a linear 

positive weighting and a mostly-convex negative weighting for this context, especially 

for the former—indeed, there were many iterations of the survey design focused solely on 

refining the explanation of a gain, and how this could occur even when a ticket is 

received. Probabilities that are not transformed in the gain domain could be a result of 

this being an unnatural wealth state for the drivers, whereas it is easier to see the 

connection between a ticket and a loss. In the loss domain, the drivers might be more 

likely to risk getting a ticket under better traffic conditions, and thus a loss compared to 

legal parking, when there is only minimal (< 15%) enforcement. However, the risk 

attitude changes for increasing levels of enforcement.   

7.2.3 Coefficient of Loss Aversion 

Coming back to the discussion on λ, the estimate of 1.168 was found to be 

significantly larger than 1.0 (z = 1.655, p = 0.048), which does confirm that the 

respondents were, to some degree, loss averse. However, this result is much smaller 

than—almost half that of—the estimate obtained by Tversky and Kahneman [42], which 

has been the assumed value of loss aversion in many subsequent studies. A λ value of 2 

or so would indicate that the decision maker weights a specific loss outcome twice as 

much as an equal magnitude gain. The result here is on the lower end of what has been 

found in other studies, and is lower than the 1.58 obtained by Booij, et al. [57], though 

still suggestive of some loss aversion.  

With respect to illegal truck parking, a driver would more heavily consider a loss of 

$20 than a gain of $20. Combining this coefficient with the utility function parameters, 

that $20 gain is interpreted as roughly $15, while the equal size loss is taken to be -$44, 

so it would be more preferable to acquire the gain than to suffer the loss. When delivery 

conditions are quite favorable, it is better for the driver to park legally than illegally, and 

their sensitivity to the losses does not diminish as the negative stakes grow. 
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7.3 Estimation Results by Demographics 
After estimating the CPT parameters for the response group as a whole, it was then of 

interest whether or not—and if so, to what degree—any of the parameters were different 

by demographic groups. As can be seen in Chapter 6, there were many questions for 

which an answer was not provided, and a few individuals who did not provide any 

responses, to part 3. Fortunately, there was some consistency across the questions with 

the highest response rates, in that the same individuals tended to provide responses to all 

of them. While this was beneficial for the possibility of including multiple demographics 

in the model estimations, it is still important to note that the missing values (from non-

responses) reduced the sample sizes to those shown in Table 14. 

Table 18: Maximum Likelihood Estimates – Demographic Variables 
Variable Alpha DeltaP GammaP Beta DeltaM GammaM Lambda

0.001 -0.010 0.010* 0.014 0.001 0.000 0.000
(0.018) (0.009) (0.005) (0.015) (0.012) (0.005) (0.014)
-0.103 -0.033 0.026 -0.262 -0.216 0.070 -0.083
(0.359) (0.229) (0.135) (0.305) (0.289) (0.095) (0.171)
0.192 -0.093 0.050 0.278 0.466** -0.176* 0.107

(0.171) (0.147) (0.095) (0.187) (0.234) (0.090) (0.124)
0.020 0.134 -0.065 -0.178 -0.268 0.085 0.056

(0.199) (0.161) (0.099) (0.163) (0.193) (0.084) (0.049)
0.367 0.317** -0.173** 0.007 -0.014 0.008 0.075

(0.239) (0.127) (0.074) (0.162) (0.179) (0.076) (0.060)
Note: Murphy-Topel standard errors are reported in parentheses.
Significance levels (one-sided tests):  * = 10%; ** = 5%

Age

Food or 
Beverages

Owner-
Operator

Less than 
Truckload

High School 
Education

 

In order to include demographics in the model, the CPT parameters can be 

parameterized with a linear combination of the regressors. From Equation 3.19, the 

model parameters are 𝝋 = 𝛼,𝛽, 𝜆, 𝛿!, 𝛾!, 𝛿!, 𝛾! ′, so the regressors are added through 

𝝋 = 𝑩′𝑿. The demographics that were selected were driver age, company type, goods 

delivered, and level of education. Age was included in the model unaltered, while the 

other variables were transformed into binaries. For example, for company type, if a 

respondent indicated working for an LTL company, then the LTL value would be 1, and 

0 for those working for another type of company—missing values were not replaced. The 

level of education was split into high school diploma or not (effectively, or higher), and 

types of goods were aggregated into food and beverage or other. The food sector is one 

that is of importance in the evaluation of demand management techniques. 
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For each stage of the LIML estimation, the demographic variables were first included 

individually (Table 18), and then others were gradually added to check if the results 

improved. No improvements were detected, so results for these multi-regressor models 

are not provided. It can be seen that there were only a few instances of significance even 

for individual additions. For the data collected, there were no differences in any of the 

preference parameters with respect to high school education or employment by an owner-

operator business. It was not anticipated that the level of education would be impactful 

since there were only a few observations of higher education, but it was surprising that 

owner-operator drivers did not exhibit different preferences as these tend to be smaller 

companies that do not cover the cost of parking tickets.   

 

Figure 26: Comparison of w- Curves for LTL Drivers and All Drivers 
 

In contrast to the owner variable, employment by an LTL company was found to have 

statistical associations with both parameters of the negative weighting function. The 

value found for γ- was smaller in magnitude and a different sign than that of δ-, the latter 

being the strongest association detected across all variables. As noted, the γ parameters 

dictate the shape of the probability weighting function, and the demographic findings still 

suggest a convex shape for LTL drivers, seen in Figure 26. The degree of pessimism is 

associated with the elevation parameter δ, and for LTL drivers, the even larger estimate 

for δ- indicates greater pessimism in the loss domain than drivers of other company types. 
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Driver age was found to be significant at the 10% level when included in the γ+ 

equation; however, the effect is minimal at only 0.010, and did not lead to significantly 

different (non-linear) results. This is somewhat surprising for age, which is often a 

variable of interest, not only in CPT work, but also in EUT. It has been found that risk 

aversion decreases with age for prospects that have large gains and only a small 

probability of winning this prize [57]. In this context, it was expected that older drivers 

would be more risk averse, which has been shown in other (non-truck driver, non-CPT) 

studies ([71]; and for gains, [72]). There is not a strong enough correlation here to 

confirm this trend. 

 

Figure 27: Comparison of w+ Curves for Food Drivers and All Drivers  
 

Drivers in the food or beverage industry also had associations with the positive 

weighting function parameters, and in this case, both of them. Their specific curve can be 

found in Figure 27, compared to that of all drivers (the constant only model). The 

estimate for δ+ is 1.226, which is now significantly greater than 1.0 (z = 6.693, p < 

0.001), and for γ+ it is 0.889 and is significantly lower than 1.0 (z = -3.259, p = 0.001). 

Using half chance as the benchmark, w+(0.50) = 0.55, which is sizeable overweighting 

and a sign of optimism in the gain domain. From the curve, it can be seen that this trend 

occurs right from the beginning increasing from 0, is most apparent in the 0.20-0.40 

range, and then very slightly declines as the probability approaches 0.80. Around that 
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mark, the curve begins to level out and invert, leading to underweighting of near-certain 

outcomes between 0.90 and 1.0 (and, of course, w+(1) = 1).  

The full effects from one industry to the next are still unclear from this analysis, 

though, which is partially a result of the information that was collected. It was decided 

that it would be better to provide some industry groupings as guidance (using the MCMIS 

categories), rather than leaving this as a fully open-ended question; however, the dry bulk 

and general freight options were the most popular, which do not provide further insight. 

There is insufficient data to perform estimations of other specific industry sectors. This 

and other limitations are discussed in the following chapter.  
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8. LIMITATIONS AND POLICY IMPLICATIONS 
It can be seen in Chapter 7 that, despite sending three rounds of e-mails to over 

25,000 potential participants, only 53 valid survey responses were recorded. This chapter 

will further discuss this drawback and other perceived limitations of the study, with some 

suggestions for next steps for data collection. This is followed by potential policy 

implications of the small sample size within this study, and then broader applicability to 

policymakers if more data is collected in future efforts. 

8.1 Study Limitations and Next Steps 
There are multiple resources covering the advantages and disadvantages of online 

surveying ([73, 74] to name a couple) and response rates to expect based on e-mail 

approach ([75] for an overview). There are no other known studies that performed an 

online CPT survey in the context of truck parking; however, there are other contexts that 

explored the applicability of CPT and did so through similar online data collection efforts 

(e.g., marketing [76]; social media advertising [77]; financial planning [78]). Responses 

rates were often not reported, and even when they were, large percentages of responses 

were discarded for invalidity. These sources, though, tended to be more focused in terms 

of the target audience, whether by geography or personal characteristics. It may be 

possible that the response rate in this study was so low because too wide of an audience 

was selected. Future efforts may benefit from reducing the focus to only the top five 

metropolitan areas where these issues are most prevalent, or to gauge interest first before 

sending the survey. 

While there were some inferences to be made about truck drivers as a decision-

making group based on the survey results, the linearity (or near linearity) of almost all of 

the functions leads to questions on whether or not these results can definitively be used to 

say whether or not they exhibit this or that type of behavior when parking. Although the 

sample size was not the smallest used in a CPT study, it was on the lower end, and the 

model had difficulty converging with the real data, in contrast to the synthetic analysis. It 

is believed that this sample size may not be large enough to draw strong conclusions 

about whether or not these parameters are a good representation of the population of 

truck drivers making deliveries in urban areas, though there was more promise when 

investigating the differences in choice parameters by industry. 
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In addition to the sample size, the trends observed in the rounding and equal spacing 

of responses, as well as the majority that made the two pie charts equal in the outcome 

matching, make it difficult to meaningfully comment on the observations. It is unclear, as 

previously stated, whether or not these types of responses were actually how the 

participants felt about the dollars and scenarios presented to them, or if they were a 

matter of convenience to put minimal thought in and finish the survey quickly—given 

that there was no incentive for completing the survey, though, this may not be valid. 

Speaking of incentives, it is unclear whether the lack thereof was a major deterrent in 

eliciting participation. On one hand, this has been well received, even if just a token 

amount, in acknowledgment of the individuals’ value of time. However, there may be 

some question on the legitimacy of responses when one does not participate simply on his 

own accord. Furthermore, due to this particular survey being online and entirely 

anonymous—which may have attracted some drivers who are wary of providing 

information perceived to be sensitive—it would not have been possible to provide the 

incentive payments without contact information. This would have also changed the 

protocol governing the data collection methodology. Since there was no payment 

provided, and there was no penalty for exiting the survey early, it may be safe to assume 

that, aside from those trying to deliberately skew the numbers, the responses are genuine. 

In an effort to collect data from a larger sample size, and to slightly incentivize 

participation, it is recommended to revisit the possibility of conducting in-person 

breakfast meetings with 15-20 individuals in a single session. There has been renewed 

interest in this effort by NYC officials, and will be further explored as a next step in this 

research. A drawback, though, is that those meetings would be geographically limited to 

NYC, and will not be random industry samplings. Additionally, while there will still be 

confidentiality of the responses, there is no longer anonymity by interacting in person. 

Before conducting another online survey or in-person meetings, it may be necessary 

to refine the background story (scenarios) to expand beyond only illegal options and to 

clarify the key concepts even further—there were a couple e-mail responses that the 

information was difficult to understand, even for someone with a college degree. It would 

be beneficial to re-engage those individuals, or others like them, to overhaul the website. 

Also, the way in which the information is presented would differ for in-person meetings. 
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Another possibility may be that these drivers simply do not follow the assumptions 

behind CPT when making parking decisions, or that the particular utility and probability 

weighting functions were not appropriate. If additional survey efforts using this type of 

tradeoff method question chaining do not lead to better or more conclusive results, then it 

would be of interest to consider other CPT function specifications—thus changing the 

construct of the survey instrument—or to look further into non-CPT alternatives. As 

described in the literature review, there are multiple non-EUT models. 

8.2 Policy Implications  
The results for all drivers found in Section 7.2 indicated that diminishing sensitivity 

was observed when the dollar amounts were positive (gains) but not when negative 

(losses). This means that drivers are slightly more concerned with positive changes in 

value closer to the cost expectation than with a change of the same magnitude further 

away from that reference point. The concern for losses, however, did not taper off, and 

instead remained consistently spaced as values continued to get worse. This result implies 

that, within the bounds of this study, increases to the ticket amount may not impact 

parking behavior. If the driver has an expectation of costs that is normalized to $0, and 

then receives a ticket of $50, that driver would be no more or less sensitive to doubling 

the fine, taking the loss from $50 to $100. It would be of interest in future work to 

experiment with larger values to determine if the results hold. 

It has been discussed that across all drivers there was no weighting of the 

probabilities of receiving the best outcome (no ticket) for gains. For losses, though, 

probabilities above 0.20 were overweighted—that is, the drivers placed more emphasis 

on the possibility of obtaining the worst possible outcome (ticket). This could indicate 

that increasing the enforcement efforts may decrease illegal parking, and would be a 

more effective strategy than increasing the amount of the fines. However, coupling this 

with the outcomes behavior and the minimal degree of loss aversion points more toward 

risk neutrality when the results are aggregated for all respondents. There is not enough 

granularity to determine how best to address and reduce this illegal parking tendency. 

8.2.1 Industry Sectors 

When digging deeper into the differences between demographics groups, the potential 

for the usefulness of this study and continued data collection are more apparent. Again, 
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though, within this particular study, the total sample size was already on the low end of 

what has been reported in previous CPT studies, and since the demographics questions 

did not require responses, the sample sizes were further reduced when estimating 

parameters for the different groups due to drivers not providing all of the information. 

Even with these limitations, different risk attitudes were observed for LTL drivers and 

those in the food or beverage industry. LTL drivers had even more pessimism with 

respect to obtaining the worst outcome, while food and beverage drivers were slightly 

optimistic about obtaining the best outcome. None of the demographics examined had 

significantly different results for the utility or loss aversion, again suggesting that 

measures that target enforcement efforts would be more impactful. 

By collecting additional behavioral and demographic data, it would then be possible 

to further divide the analyses to determine how best to target the segments based on the 

results. It was previously noted that the drop-down list of industry sectors was based on 

the classifications in the MCMIS database, and unfortunately general freight and dry bulk 

had the highest frequencies, and this did not provide enough granularity. Instead, a future 

survey could use a different classification system, such as North American Industrial 

codes, and then require the driver to make a selection—this would be most useful when 

the audience is broad and truly random.  

If the data is collected in person, it is more likely that the participants in any one 

session will be from the same company or industry sector, so the approach there may be 

to determine target sectors in advance, such as hospitality services versus retail, and 

compare the differences in behavior in response to the specified scenario. This could be 

especially useful when developing strategies for rolling out new demand management 

techniques, such as off-hour deliveries, where some segments are better suited than others 

to shift operation hours. For example, a future survey may indicate that drivers bringing 

soda to the most congested neighborhoods are risk seeking in that they will park illegally 

even when the chance of getting a ticket is moderate, so enforcement tactics to target 

them may not result in a decline in double parking. Alternatively, regulations could shift 

the time of deliveries to when street parking is less saturated and double parking is not 

necessary.  
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8.2.2 Delivery Location 
In addition to exploring different approaches for industry segments, it would also be 

of interest to determine if geography plays a role in risk behavior—this could mean 

different cities or even different boroughs/districts within a single city, such as New York 

where current parking regulations and fine amounts vary significantly between 

neighborhoods. The city’s Department of Finance (DOF) maintains a database of all 

parking tickets issued, and each of these records contains the infraction code and 

geolocation coordinates. This database, for previous fiscal years, is publicly available on 

the NYC Open Data portal [79], and has been used to identify trouble zones where the 

number of tickets issued, particularly to trucks, is considerably high. These may be areas 

to study further to determine if CV-friendly regulations are necessary, such as curbside 

designated for loading/unloading only, or if there are complementary programs that could 

remove other types of vehicles at times when trucks need access.  

The key to the effectiveness of these solutions again hinges on enforcement. There 

are areas in NYC, for example, where the curbside is designated as a delivery window 

meaning that only CVs can park there during the specified times and up to the allotted 

time. However, field observations have shown that this designation often does not deter 

personal vehicle drivers, who may pull into a spot for a quick errand, or either do not see 

or choose to disregard the signage and stay parked for a longer duration. There is also a 

prevalence of city officials with placards parking in these areas. If a truck arrives at that 

location while the car is blocking it, then the driver must find an alternative (legal) spot 

or double park alongside the car. In some cases, there may still be enough room for the 

truck to park, but if the delivery window is not at the approach end of the block or if the 

car is blocking that side, then the drivers would rather double park than try to maneuver 

into a spot.  

There are also issues with allowing all CVs, a broader definition than just trucks 

accessing the site for loading/unloading purposes (e.g., a repairman with a company 

vehicle). These are smaller classes of vehicles that do not have the same access 

restrictions as delivery trucks, and often are at a site for much longer than the maximum 

allowed time. With regular occurrence of these events, the truck drivers are then likely to 

expect no curbside openings, and the regulation is rendered ineffective. Some of these 
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delivery windows, however, do explicitly have signage restricting standing to only trucks 

loading and unloading, which can improve the changes of a delivery driver finding an 

opening. In other areas, though, this truck-only language was presented during the 

planning process, but the signs installed on-location are for CVs. The tradeoff of making 

it easier for trucks to access storefronts is that it is more difficult for customers to find 

parking [80]. 

8.2.3 Enforcement Efforts 

It is also worth noting that the suggestion to consider different enforcement 

approaches is not limited to only increasing the number of patrol cars or the number of 

times each officer circles a specific area. There is also evidence of existing regulations 

being inconsistently implemented, where one individual may be more likely to forgive 

certain infractions (e.g., double parking, but not parking in a bike lane); in other cases, a 

single truck may be given multiple tickets while performing a single delivery.  

In fact, this tendency for forgiveness is the very basis behind the stipulated fines 

program offered by the NYC DOF. Businesses that participate in the program, which 

benefits NYC DOF by aggregating tickets by company and expediting payments, can get 

certain tickets reduced or eliminated in exchange for waiving the right to contest a ticket. 

This has been criticized for acting in opposition to enforcement officers and the city’s 

emissions reductions targets, and can be seen as giving these drivers a pass on illegal 

behavior. There have also been legal battles as the enforcement agents have resorted to 

issuing tickets for a blocked travel lane, which cannot get waived, versus a double 

parking ticket, which is eligible under the program [81].  

In the next survey effort, it is critical to then require a response to the questions of 

who pays tickets (driver, driver’s company, or receiver) and whether or not the company 

participates in this type of program. It is expected that a driver paying for tickets and the 

full price will behave differently than one whose company pays and maybe even at a 

reduced rate. This was asked of drivers in this study; however, a response was not 

required and many participants chose to not provide this information. The option of a 

receiver paying the ticket was also not included, so it may be that the passing on of fixed 

costs is becoming more common than for just specialized sectors [82]. 
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This discussion highlights the complexity of managing urban goods movements and 

the allocation of curbside space. There is no single solution that will solve the problem 

indefinitely, and even those policies or regulations that may look good on paper in 

quantitative terms (e.g., reduced double parking by some percentage) face criticism after 

implementation. Overall, the recommendation is to not consider the results of this or 

similar future surveys independently, but rather in conjunction with existing efforts, 

innovative approaches being considered, and behavioral tactics. These could ultimately 

be used as different background scenarios to see if the risk behavior changes based on the 

context of the decisions. Regardless of the setup of a new survey, the point is clear that 

more data with finer details is critical in estimating parameters and assessing the 

implications. 
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9. SUMMARY AND CONCLUSIONS 
The major objectives of this research effort were to address the gap in literature of 

parking studies that consider medium- and heavy-duty vehicles, and of empirical studies 

pertaining to behavioral parameters of truck drivers. When considering the needs of and 

options available to these drivers who make deliveries to congested urban settings, where 

curb space is at a premium and rarely available, the prevalence of illegal parking 

activities dictated the search for a model that could properly consider these decisions—

the key being that an action such as double parking carries with it the risk of receiving a 

parking ticket, and this decision leading to a worse outcome.  

When reviewing parking literature, it was found that some studies did note that risk 

may impart some influence, but either assumed risk neutrality or defined risk through 

EUT, where aversion is tied only to the utility function. There has been overwhelming 

evidence of observed behavior violating EUT, leading to the development of several non-

EUT models, where risk is a factor of both utility and probability weighting. Of those 

models, CPT was the most attractive due to the use of a reference point from which gains 

and losses are measured. 

After comparing the multiple ways in which the two CPT functions (value and 

probability weighting) can be specified, it was determined to use the original CPT value 

function, which is overwhelmingly prevalent in related literature. The probability 

weighting function is a two-parameter specification considering both the curvature and 

elevation of the curves, and under CPT, these can be different between the gain and loss 

domains. There are also multiple approaches to collecting data and estimating these 

parameters, split into non-parametric and parametric approaches, and the methodology 

used is a hybrid of the two. 

In that study, the use of the trade-off method is employed to remove the need to make 

parametric assumptions about the shape of the utility function, a noted drawback in 

previous efforts. The shape is determined by a sequential series of matching questions, 

iteratively generated based on the respondent’s answer to the previous question, looking 

first at the gain domain, then the losses, then a few questions around the zero (reference) 

point. One limitation, though, is that the potential for error propagation is not modeled. 

Combining the outcome matches with probability matches, a three-stage LIML 
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estimation was used to first determine the utility parameters, then use these in informing 

the probability weighting, and then finally found the coefficient of loss aversion. 

The model’s performance was tested using synthetic data to determine its 

applicability to the truck parking context and identify any issues. In many previous 

studies, empirical estimates of the parameters were not generated, and were instead 

assumed, so it was important to determine how sensitive the model might be to a range of 

its key parameters. A total of 23 scenarios, each with 100 datasets, were derived from 

differing values of alpha, beta, lambda, the number of observations, and the standard 

deviation of the outcomes (random noise). 

From the parameter estimations, it was found that there were some substantial 

outliers, especially for lambda—removing these parameter sets drastically improved the 

results, and served as a proxy for removing outlying observations from the datasets 

themselves. Scenario A, where parameters were at their means from a compilation of 

earlier studies, often produced the best results. Alpha was consistently underestimated by 

roughly 15-20%, while beta, also trending in underestimation, showed lower percent 

errors. It was expected that the larger datasets would produce more accurate estimations, 

and this was not the case. Overall, the model testing seemed to indicate low sensitivity to 

the changing parameters. 

An online survey was developed to collect empirical data, and, to the author’s 

knowledge, is the first to apply CPT to the illegal truck parking context. This guided the 

participants to make decision pertaining to an on-the-job situation, versus their own 

personal feelings on risk and loss. The background story evolved through multiple 

iterations in order to reach clarity on the concepts of gains versus losses, probability, why 

the values changed between questions, and why the values were different between the 

two parking options (graphically represented as pie charts).   

The geographic scope of the survey was expanded from the NYC metropolitan region 

to include the largest metros across the country, targeting drivers making deliveries in 

congested urban settings. A database maintained by USDOT, essentially a census of 

commercial vehicles, was filtered to find company representatives in the desired cities 

and industries. An e-mail marketing service was used to send an initial message and two 

reminders, and this service collected statistics on the number of messages that were 
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delivered and ultimately opened by the recipients. Outreach efforts also included 

coordination with the NYSMTA newsletter and an online forum for truck drivers. 

In total there were 71 responses collected over a two-week period, with the best 

response days corresponding to days when an e-mail was sent. Of these, eleven were 

removed for bad responses across the board, and another seven were removed for 

violations of dominance—the inputs were not strictly increasing in magnitude. However, 

as these individuals did put forth effort, their responses to the demographics questions 

were used in the summary statistics. The type of goods delivered, delivery ZIP Code, 

type of company, and driver age had the highest response rates, while delivery size and 

personal annual income had the lowest. Of the responses received, clear majorities were 

found for high school as the highest education level goods that do not require special 

handling. General freight and dry bulk were the most common types of goods. Roughly 

one-third of the ZIP Codes were located in the NYC metropolitan area. 

Models were estimated for all respondents with a sample size of 53, and for the 

demographics groups with the highest number of responses. For all drivers, there was no 

diminishing sensitivity in the loss domain of the outcomes, whereas this was observed in 

the gain domain. This means that the group was no more or less sensitive to losses close 

to the expected cost (reference point) or further away. Within the bounds of this study, 

this suggests that increasing the amount of the parking fines would not be impactful in 

changing illegal parking behavior. However, future work could expand to larger losses to 

determine if the results hold, or if much larger ticket amounts would make a difference. 

When dealing with positive amounts, the drivers did not place any subjective 

weighting on the probabilities of receiving the best outcome. It is thought that this linear 

mapping could be related to the intuitive difficulty of tying a positive dollar amount to an 

act that typically results in a loss from receiving a ticket. When looking at losses, the 

probabilities over 0.20 were overweighting, showing a pessimistic attitude toward 

receiving the worst outcome (getting a ticket). This suggests that focusing on 

enforcement efforts may impact behavior. It is important to note that this could be 

achieved through more consistent enforcement, not just adding more parking agents. This 

could also be paired with curbside policies aimed at providing more parking alternatives 

for trucks, which are improperly used by other vehicles. Properly enforcing the 
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regulations in these areas would reduce conflicts. The degree of loss aversion was much 

lower than other studies, and joined with the other results points toward rick neutrality. 

The results for all drivers were compared to estimates found for specific 

demographics groups: driver age, high school education, LTL drivers, owner-operator 

drivers, and those delivering food or beverages. There were not many significant 

interactions between these demographics and the behavioral parameters, though. LTL 

drivers had a higher degree of pessimism with respect to getting a ticket, which could 

suggest that this group could be targeted differently with solutions. Food and beverage 

drivers were slightly optimistic when considering the probability of not getting a ticket in 

the gain domain. None of the demographic groups chosen had different utility or loss 

aversion parameters, which leads back to enforcement having the most potential. 

It is clear from this work that additional surveying efforts are necessary to address the 

limitations found here, particularly with respect to the sample size and the lack of finer 

details with some demographics. There are inherent difficulties associated with online 

data collection, so it may be better to consider limiting the geographic scope and 

conducting in-person interviews with specific focus groups, which would also provide the 

opportunity to clarify any questions that the participants may have with respect to the 

background story. Collecting more data on industry sectors – and specific sectors, not just 

general freight – and delivery location will allow for pairing this type of analysis with 

readily available information on parking trouble zones (based on geo-located tickets) and 

ongoing demand management techniques, like off-hour deliveries. It would also be 

crucial to require a response to the inquiry of who pays for the parking tickets, as not 

enough of these were captured in this study, and it is posited that drivers that do not have 

to worry about the fines may exhibit more risk taking behavior.  
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APPENDIX A: MODEL VALIDATION PLOTS AND TABLES 
The Scenario A boxplots for the five variables studied are provided below. These are 

standard box and whisker plots where the whiskers reach to the minimum and maximum 

values that are not outliers, and the box covers the 25th percentile, the median, and the 

75th percentile. The red lines are drawn at the true parameter value. 

Following the five sample boxplots are the tables of full estimation results for all 23 

scenarios, in the format of Table 4. The percent errors from these tables are used in 

Chapter 4 for the validation discussion. 

 

 

Figure 28: Scenario A – Alpha Results for 100 replications  
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Figure 29: Scenario A – DeltaP Results for 100 replications 
 

 

Figure 30: Scenario A – Beta Results for 100 replications 
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Figure 31: Scenario A – DeltaM Results for 100 replications 
 

 

Figure 32: Scenario A – Lambda Results for 100 replications 
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Table 19: Group 1 Results with Outliers Removed 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.016 -1558.8 0.661 0.598 324.0 0.381 -1570.4 0.778 0.707 219.1 0.243 -188.2
Max 0.340 -1427.3 1.206 0.620 654.6 1.517 -1448.3 1.426 0.742 482.6 10.044 -131.7

Std. Dev. 0.071 25.0 0.110 0.004 41.0 0.257 25.9 0.144 0.006 47.7 2.644 11.8
Mean 0.166 -1502.5 0.898 0.608 422.4 0.832 -1504.4 1.120 0.720 407.8 2.532 -158.9
True 0.220 0.810 0.610 0.860 1.090 0.720 2.070

% error -24.571 10.925 -0.386 -3.220 2.763 -0.062 22.308

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.138 -1573.0 0.641 0.599 264.0 0.138 -1566.3 0.845 0.706 255.3 0.212 -187.6
Max 0.676 -1397.4 1.153 0.626 877.6 1.384 -1427.5 1.568 0.743 473.3 11.147 -129.3

Std. Dev. 0.112 28.5 0.106 0.005 65.7 0.257 26.2 0.152 0.006 43.6 2.256 11.1
Mean 0.380 -1499.3 0.884 0.608 431.7 0.721 -1504.2 1.184 0.718 414.9 2.483 -160.0
True 0.450 0.810 0.610 0.860 1.090 0.720 2.070

% error -15.652 9.139 -0.354 -16.152 8.581 -0.307 19.952

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.199 -1559.1 0.640 0.595 279.8 0.323 -1574.6 0.836 0.704 251.0 0.080 -188.3
Max 1.224 -1421.5 1.190 0.623 494.3 1.399 -1436.8 1.425 0.734 492.0 6.194 -130.6

Std. Dev. 0.202 27.9 0.114 0.005 39.7 0.241 27.5 0.133 0.006 46.6 1.413 11.0
Mean 0.647 -1496.9 0.927 0.605 424.8 0.792 -1500.6 1.141 0.719 415.8 1.764 -160.8
True 0.850 0.810 0.610 0.860 1.090 0.720 2.070

% error -23.862 14.397 -0.855 -7.875 4.691 -0.145 -14.796

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.278 -1561.2 0.660 0.595 153.2 0.345 -1572.8 0.831 0.707 243.2 0.034 -190.1
Max 1.441 -1436.2 1.147 0.617 900.7 1.387 -1440.2 1.419 0.739 482.8 7.205 -128.8

Std. Dev. 0.216 25.6 0.099 0.004 66.6 0.229 25.7 0.126 0.006 46.1 1.778 11.3
Mean 0.767 -1502.9 0.925 0.605 430.7 0.783 -1505.4 1.144 0.719 422.0 1.753 -158.9
True 1.010 0.810 0.610 0.860 1.090 0.720 2.070

% error -24.045 14.153 -0.788 -8.955 4.912 -0.203 -15.296

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.163 -1559.7 0.615 0.596 234.3 0.162 -1586.1 0.817 0.708 236.5 0.018 -181.4
Max 1.830 -1439.4 1.274 0.622 1035.9 1.448 -1454.6 1.595 0.743 501.9 7.949 -141.3

Std. Dev. 0.315 23.2 0.118 0.005 88.4 0.256 24.0 0.149 0.006 46.3 2.125 8.7
Mean 0.947 -1499.5 0.910 0.606 432.3 0.772 -1504.9 1.154 0.719 418.8 2.005 -160.0
True 1.200 0.810 0.610 0.860 1.090 0.720 2.070

% error -21.055 12.314 -0.589 -10.237 5.843 -0.171 -3.125
Note: LL references to the log likelihood for the respective estimation phase.

Scenario E: Alpha = 1.01, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario F: Alpha = 1.20, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

Scenario B: Alpha = 0.22, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario C: Alpha = 0.45, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario D: Alpha = 0.85, Number of observations = 130, Standard deviation of outcome errors = 0.50
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Table 20: Group 2 Results with Outliers Removed 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.244 -1556.1 0.672 0.596 304.5 0.065 -1565.9 0.849 0.708 243.6 0.317 -190.5
Max 0.934 -1443.8 1.151 0.622 973.4 0.648 -1417.8 1.504 0.737 488.7 6.432 -140.4

Std. Dev. 0.174 25.2 0.118 0.006 67.4 0.125 25.8 0.140 0.005 46.0 1.586 9.4
Mean 0.561 -1499.0 0.902 0.607 429.4 0.352 -1501.9 1.155 0.719 417.1 1.960 -161.2
True 0.690 0.810 0.610 0.400 1.090 0.720 2.070

% error -18.656 11.350 -0.568 -11.918 5.927 -0.146 -5.318

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.209 -1555.9 0.715 0.597 351.4 0.222 -1560.6 0.910 0.708 275.5 0.251 -178.6
Max 0.855 -1448.0 1.205 0.620 491.5 0.896 -1446.2 1.466 0.735 480.0 6.253 -138.3

Std. Dev. 0.139 26.0 0.095 0.005 24.5 0.163 22.7 0.128 0.006 39.7 1.439 9.5
Mean 0.546 -1501.1 0.911 0.606 431.1 0.519 -1504.5 1.173 0.718 423.8 2.060 -159.5
True 0.690 0.810 0.610 0.610 1.090 0.720 2.070

% error -20.849 12.451 -0.650 -14.893 7.629 -0.325 -0.486

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.198 -1552.4 0.710 0.596 348.7 0.282 -1600.6 0.864 0.710 267.0 0.022 -183.6
Max 0.876 -1445.6 1.188 0.619 487.8 1.701 -1423.0 1.456 0.739 488.4 10.356 -135.2

Std. Dev. 0.155 25.8 0.107 0.005 28.7 0.308 27.9 0.135 0.005 41.5 2.489 10.0
Mean 0.510 -1496.2 0.937 0.605 423.4 0.967 -1511.2 1.144 0.719 419.2 2.340 -158.4
True 0.690 0.810 0.610 1.060 1.090 0.720 2.070

% error -26.054 15.675 -0.840 -8.784 4.999 -0.110 13.042

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.227 -1552.9 0.697 0.595 350.3 0.042 -1567.1 0.844 0.706 239.9 0.042 -182.3
Max 0.902 -1427.7 1.149 0.621 980.9 2.021 -1419.2 1.607 0.732 490.5 11.975 -128.3

Std. Dev. 0.168 24.5 0.114 0.005 96.9 0.407 26.5 0.157 0.006 50.1 2.927 11.5
Mean 0.577 -1501.8 0.892 0.607 442.8 1.108 -1501.3 1.140 0.719 407.4 2.825 -158.7
True 0.690 0.810 0.610 1.200 1.090 0.720 2.070

% error -16.438 10.146 -0.573 -7.683 4.553 -0.116 36.464
Note: LL references to the log likelihood for the respective estimation phase.

Scenario I: Beta = 1.06, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario J: Beta = 1.2, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

Scenario G: Beta = 0.4, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario H: Beta = 0.61, Number of observations = 130, Standard deviation of outcome errors = 0.50
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Table 21: Group 3 Results with Outliers Removed 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.186 -1583.4 0.679 0.596 314.0 0.149 -1573.4 0.794 0.679 282.4 0.074 -182.6
Max 0.923 -1436.6 1.165 0.618 483.6 1.338 -1458.8 1.431 0.735 773.3 4.505 -135.1

Std. Dev. 0.148 29.0 0.098 0.005 35.1 0.236 21.0 0.129 0.008 58.0 0.962 9.6
Mean 0.565 -1503.2 0.898 0.606 431.6 0.816 -1507.1 1.125 0.719 416.9 1.085 -161.5
True 0.690 0.810 0.610 0.860 1.090 0.720 1.070

% error -18.150 10.813 -0.634 -5.066 3.222 -0.122 1.426

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.231 -1563.9 0.712 0.591 313.3 0.139 -1554.7 0.877 0.708 293.2 0.091 -183.0
Max 0.881 -1439.7 1.167 0.618 509.5 1.318 -1451.5 1.556 0.735 473.9 6.168 -131.7

Std. Dev. 0.153 25.6 0.105 0.005 34.0 0.248 24.0 0.144 0.006 38.4 1.526 9.8
Mean 0.545 -1500.4 0.913 0.606 431.5 0.750 -1502.4 1.164 0.718 419.9 1.741 -159.6
True 0.690 0.810 0.610 0.860 1.090 0.720 1.350

% error -21.041 12.671 -0.704 -12.771 6.791 -0.249 28.951

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.190 -1582.0 0.682 0.591 297.0 0.265 -1557.6 0.892 0.706 285.2 0.093 -190.5
Max 0.940 -1439.5 1.202 0.620 1020.9 1.270 -1454.4 1.524 0.733 485.3 8.245 -128.2

Std. Dev. 0.169 29.1 0.115 0.006 74.9 0.235 23.5 0.137 0.005 36.8 1.934 11.8
Mean 0.556 -1505.0 0.907 0.606 432.9 0.764 -1504.8 1.157 0.718 422.4 2.128 -159.9
True 0.690 0.810 0.610 0.860 1.090 0.720 1.700

% error -19.364 11.946 -0.612 -11.198 6.144 -0.232 25.183

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.250 -1573.2 0.627 0.596 241.6 0.128 -1552.1 0.894 0.704 299.5 0.262 -188.9
Max 1.029 -1458.0 1.146 0.625 945.8 1.254 -1456.2 1.601 0.735 489.4 9.334 -130.2

Std. Dev. 0.161 24.1 0.109 0.005 67.4 0.253 23.8 0.152 0.006 40.3 2.320 12.4
Mean 0.571 -1507.4 0.897 0.607 432.9 0.743 -1504.9 1.172 0.718 419.4 2.877 -159.9
True 0.690 0.810 0.610 0.860 1.090 0.720 2.500

% error -17.205 10.683 -0.540 -13.589 7.481 -0.274 15.085

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.191 -1585.7 0.698 0.592 332.3 0.244 -1572.7 0.836 0.708 269.9 0.173 -191.4
Max 0.902 -1431.5 1.188 0.620 482.2 1.378 -1455.2 1.460 0.739 492.1 13.808 -131.8

Std. Dev. 0.163 25.8 0.112 0.005 30.6 0.251 23.6 0.141 0.006 44.5 3.629 11.1
Mean 0.579 -1499.5 0.891 0.607 423.9 0.794 -1502.9 1.140 0.720 416.9 3.796 -161.1
True 0.690 0.810 0.610 0.860 1.090 0.720 3.200

% error -16.065 10.043 -0.534 -7.731 4.600 -0.063 18.629
Note: LL references to the log likelihood for the respective estimation phase.

Scenario M: Lambda = 1.70, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario N: Lambda = 2.5, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario O: Lambda = 3.2, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

Scenario K: Lambda = 1.07, Number of observations = 130, Standard deviation of outcome errors = 0.50

Scenario L: Lambda = 1.35, Number of observations = 130, Standard deviation of outcome errors = 0.50
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Table 22: Group 4 Results with Outliers Removed 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.189 -609.1 0.659 0.593 116.5 0.185 -612.5 0.829 0.703 98.5 0.120 -74.4
Max 0.976 -540.1 1.158 0.624 198.5 1.381 -547.6 1.596 0.737 197.8 9.787 -44.1

Std. Dev. 0.151 13.0 0.102 0.006 14.9 0.265 11.1 0.157 0.007 18.9 2.364 6.0
Mean 0.550 -575.5 0.910 0.606 166.9 0.745 -577.3 1.172 0.718 161.8 2.651 -60.1
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -20.316 12.377 -0.639 -13.353 7.503 -0.235 28.082

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.280 -3025.3 0.675 0.598 609.8 0.327 -3054.6 0.890 0.708 600.5 0.152 -351.2
Max 0.935 -2861.9 1.124 0.619 1882.4 1.249 -2876.1 1.466 0.732 939.5 8.862 -277.5

Std. Dev. 0.139 36.5 0.097 0.005 124.3 0.217 33.5 0.134 0.005 67.8 2.146 15.3
Mean 0.586 -2937.7 0.888 0.607 836.6 0.772 -2941.2 1.156 0.719 807.9 2.573 -311.3
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -15.065 9.662 -0.538 -10.180 6.024 -0.177 24.303

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.204 -5954.9 0.702 0.596 1343.8 0.141 -6002.3 0.852 0.710 973.3 0.063 -675.8
Max 0.878 -5636.4 1.168 0.616 3556.3 1.348 -5618.7 1.566 0.734 1773.4 9.613 -539.6

Std. Dev. 0.155 65.0 0.109 0.004 235.4 0.246 73.6 0.146 0.005 133.9 2.228 28.0
Mean 0.531 -5789.4 0.923 0.605 1669.6 0.727 -5792.5 1.181 0.718 1609.8 2.606 -610.2
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -23.113 13.920 -0.753 -15.519 8.352 -0.324 25.875

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.216 -14596.5 0.726 0.594 2754.7 0.368 -14673.3 0.848 0.711 1921.4 0.107 -1520.5
Max 0.846 -11246.7 1.179 0.616 7175.9 1.380 -11316.9 1.392 0.734 4076.9 7.006 -1127.1

Std. Dev. 0.147 359.1 0.105 0.004 463.7 0.217 355.7 0.121 0.005 324.6 1.587 57.4
Mean 0.528 -11601.1 0.924 0.605 3362.2 0.817 -11657.0 1.125 0.719 3207.0 1.781 -1234.9
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -23.480 14.044 -0.777 -5.011 3.220 -0.089 -13.974
Note: LL references to the log likelihood for the respective estimation phase.

Scenario R: Number of observations = 500, Standard deviation of outcome errors = 0.50, other parameters at means

Scenario S: Number of observations = 1000, Standard deviation of outcome errors = 0.50, other parameters at means

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

Scenario P: Number of observations = 50, Standard deviation of outcome errors = 0.50, other parameters at means

Scenario Q: Number of observations = 250, Standard deviation of outcome errors = 0.50, other parameters at means

 



94 
 

Table 23: Group 5 Results with Outliers Removed 

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.615 -133.9 0.784 0.603 391.6 0.768 -146.2 1.061 0.710 393.2 1.434 116.6
Max 0.767 -18.6 0.838 0.617 481.9 0.951 -24.6 1.118 0.727 471.8 2.936 157.6

Std. Dev. 0.031 26.6 0.012 0.003 18.7 0.043 26.2 0.015 0.003 17.5 0.351 8.4
Mean 0.687 -75.5 0.813 0.608 432.0 0.859 -84.9 1.090 0.717 432.1 2.080 136.3
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -0.392 0.322 -0.349 -0.105 0.040 -0.349 0.506

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.441 -1168.4 0.725 0.602 374.0 0.408 -1178.8 0.962 0.711 343.0 0.251 -95.7
Max 0.888 -1039.2 0.928 0.615 478.8 1.236 -1044.0 1.274 0.728 495.1 7.626 -50.5

Std. Dev. 0.103 24.2 0.045 0.003 21.1 0.186 26.9 0.068 0.003 25.8 1.755 8.6
Mean 0.656 -1105.7 0.828 0.609 438.3 0.841 -1108.4 1.100 0.719 431.2 2.483 -73.1
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -4.899 2.199 -0.215 -2.212 0.959 -0.205 19.944

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.197 -1726.6 0.662 0.597 268.9 0.155 -1682.8 0.844 0.710 253.0 0.051 -193.1
Max 0.998 -1412.5 1.235 0.625 507.5 1.411 -1443.0 1.586 0.737 523.3 10.151 -140.1

Std. Dev. 0.155 59.6 0.103 0.005 40.4 0.252 54.5 0.145 0.006 53.1 2.161 10.7
Mean 0.594 -1532.1 0.880 0.607 433.2 0.820 -1530.2 1.128 0.720 418.6 2.289 -164.5
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -13.981 8.613 -0.491 -4.601 3.457 0.034 10.585

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.121 -1699.8 0.702 0.582 191.8 0.186 -1681.3 0.916 0.698 199.4 0.225 -217.3
Max 0.871 -1559.0 1.434 0.622 482.4 1.137 -1575.5 1.692 0.733 486.0 9.408 -165.3

Std. Dev. 0.153 25.4 0.150 0.007 63.0 0.220 22.3 0.183 0.008 59.3 2.381 11.2
Mean 0.481 -1634.0 1.005 0.601 384.2 0.668 -1634.5 1.253 0.714 397.1 2.550 -189.1
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -30.276 24.122 -1.476 -22.309 14.991 -0.790 23.196

Variable α LL α δ+ γ+ LL Gains β LL β δ- γ- LL Loss λ LL λ
Min 0.182 -1786.3 0.624 0.574 56.5 0.200 -1777.6 0.896 0.696 168.9 0.258 -245.9
Max 0.926 -1680.9 1.492 0.633 525.3 1.138 -1667.7 1.857 0.749 475.6 11.415 -201.8

Std. Dev. 0.158 23.2 0.177 0.012 92.7 0.189 24.0 0.194 0.010 66.2 2.542 9.5
Mean 0.534 -1729.9 0.993 0.600 355.7 0.678 -1726.9 1.283 0.712 380.1 2.922 -219.9
True 0.690 0.810 0.610 0.860 1.090 0.720 2.070

% error -22.628 22.577 -1.668 -21.194 17.714 -1.101 41.172
Note: LL references to the log likelihood for the respective estimation phase.

Scenario V: Standard deviation of outcome errors = 0.65, Number of observations = 130, other parameters at means

Scenario W: Standard deviation of outcome errors = 0.80, Number of observations = 130, other parameters at means

Scenario A, Base Case: St. Dev. of outcome errors = 0.50, Number of observations = 130, other parameters at means

Scenario T: Standard deviation of outcome errors = 0.05, Number of observations = 130, other parameters at means

Scenario U: Standard deviation of outcome errors = 0.25, Number of observations = 130, other parameters at means
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APPENDIX B: SURVEY SUPPLEMENTAL MATERIALS 
This appendix contains the slides used to tell the background story and explain the 

expectations of the survey. The format of the actual questions can be found in Chapter 5. 

The reminder e-mail sent to the reduced MCMIS list is provided after. The SendGrid 

service uses tags to personalize the e-mails, so the e-mail shown is a test send where this 

information is not yet linked to and filled in by the contact list. When the real e-mails 

were distributed, the [%first_name%] and other bracketed features were replaced with the 

contact name, sender info, and unsubscribe link. 
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