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Abstract: The rational inattention theory aims to evaluate instances in 

which a decision is made in an information-rich environment where 

consumers cannot process all information due to limited cognitive 

capacity. In contrast to classical random utility-maximizing models, 

rational inattention discrete choice models do not assume that decision-

makers make choices with complete knowledge of the alternatives. 

Today’s information technology tools create a decision-making 

environment in which information is plentiful and easily accessible. Yet, 

it is cognitively impossible for households to be aware of every aspect of 

available options. This study uses rational inattention theory to 

investigate residential location choices in the Greater Toronto Area 

(GTA) during the COVID-19 pandemic, using an efficient-adaptive stated 

preference dataset collected in July 2021. The rational inattention theory 

requires identifying information processing costs and marginal 

probabilities as decision-makers’ prior beliefs. The empirical model of 

this paper proposes using the time respondents spend on choice problems 

to measure their attention span and the latent preferences produced from 

the efficient-adaptive survey to measure their prior beliefs.  
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1 Introduction 

The contribution of this study is to explore how Rational Inattention (RI) theory can 

be applied to discrete location choice modelling, an area where such an approach has not 

been widely examined. The classical Random Utility Maximization (RUM) theory, which 

assumes the Gumbel distribution for independent and identically distributed error terms, 

has formed the foundation of discrete location choice models in the literature (Schirmer 

et al., 2014; Zolfaghari, 2013). In RUM theory, implementing the workhorse multinomial 

logit model in location choice modelling imposes two major restrictive assumptions. 

First, the model assumes decision-makers have perfect information about all alternatives 

in their choice set. Second, the alternatives in their choice set satisfy the assumption of 

independence of irrelevant alternatives (IIA). As the alternatives in a location choice 

model are likely to be correlated due to unobserved spatial components, recent discrete 
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location choice research focuses on relaxing the IIA assumption (Bhat & Guo, 2004; 

Guimaraes et al., 2004; Habib & Miller, 2009; Lee & Waddell, 2010; Sener et al., 2011). 

However, little attention has been devoted to addressing the rather unrealistic assumption 

that decision-makers make decisions with complete knowledge of all alternatives. 

The rational inattention theory seeks to investigate circumstances in which 

information is abundant, but consumers have a limited cognitive capacity to absorb and 

process it. Nowadays, property listing websites, social media, and online virtual markets 

allow households to obtain as much information as they desire about the qualities of 

various listings before deciding on a future residence location. This creates a decision-

making environment where information is abundant and easily accessible, yet households 

are cognitively unable to process all available information. 

Modelling choice behavior in an information-rich environment should account for the 

fact that information consumes the decision-maker’s attention and that an abundance of 

information results in a scarcity of attention (Simon, 1971). The rational inattention 

theory was initially proposed to model decisions involving continuous variables (Sims, 

2003). Later, discrete choice models were theoretically incorporated into the theory, 

especially the multinomial logit model formulation by Matêjka and McKay (2015). 

Furthermore, the RI framework weakens the IIA assumption of the multinomial logit 

model by stating that for a pair of alternatives, the ratios of probabilities need only remain 

constant between consecutive information acquisition states instead of staying constant 

across all alternatives for all information acquisition states (Matêjka & McKay, 2015). 

The main benefit of adopting rational inattention theory is that it relaxes the complete 

information assumption regarding the alternatives in a choice set. However, this benefit 

comes at a cost, making the RI modelling framework quite demanding regarding its data 

requirements, including the decision-maker’s prior beliefs and heterogeneity in 

information processing. This article utilizes a novel Efficient-Adaptive Stated Preference 

(EASP) experiment for the empirical investigation. The EASP experiment meets the data 

needs of the rational inattention theory by capturing survey respondents’ prior beliefs and 

heterogeneity in information processing, in addition to collecting discrete choice data on 

residential locations. This study uses the RI theory to efficient-adaptive cross-sectional 

data to investigate residential location preference in the Greater Toronto Area (GTA) 

post-COVID-19 pandemic era. The investigation elucidates the potential changes in 

residential relocation behavior in the aftermath of a pandemic. 

To our knowledge, this is the first attempt to incorporate rational inattention theory 

into an empirical discrete choice model using cross-sectional data. The focus of prior 

research on rational inattention discrete choice models has been on introducing concepts 

and theories rather than their application (Caplin et al., 2016; Fosgerau et al., 2020; Joo, 

2022; Matêjka & McKay, 2015). This paper contributes to the literature by developing an 

empirical discrete choice model based on rational inattention using a cross-sectional data 

set in the context of residential location choice.  

Although this study is among the earliest attempts to develop an empirical framework 

incorporating rational inattention theory into discrete choice models using cross-sectional 

data, investigating decision-maker inattention is not a novel topic in discrete choice 

modeling. There has been a considerable amount of research done on attribute non-

attendance in discrete choice models and choice experiments (Hensher, 2006; Hensher et 

al., 2005; Hensher et al., 2007; Hess et al., 2013; Rose et al., 2005; Scarpa et al., 2009). 

Attribute non-attendance is a form of decision-maker’s inattention in which decision-

makers are insensitive to particular attributes and their levels. Rational inattention 

provides a broader perspective on decision-maker inattention, as it does not distinguish 

between different types of inattention: (1) choice set inattention, where a decision-maker 

ignores a subset of alternatives with which they are unfamiliar; (2) attribute inattention, 
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where a decision-maker disregards some attributes due to their perceived insignificance 

or limited cognitive capacity to process information; and (3) inattention to the decision 

environment, where the decision-maker appears disinterested in the decision-making 

context and exhibits passive behavior toward acquired information. Rational inattention 

aims to explain the decision-making process for Bayesian agents under any form of 

inattention. Still, the literature on attribute non-attendance has a specific objective: 

determining the correct marginal rate of substitutions. Consequently, rather than updating 

the underlying theory, the model structure is adjusted, and the decision-maker’s behavior 

is still regarded as adhering to the random utility theory assumptions. Since the approach 

used in attribute non-attendance differs from that used in Rational inattention-based 

discrete choice, attribute non-attendance research will not be examined in further depth in 

this study. The work by Lew and Whitehead (2020) provides a thorough review of the 

current approaches to explore and model attribute non-attendance. 

The paper is organized as follows: The next section reviews the literature on 

residential location choice from the perspective of studies with objectives similar to the 

RI framework. Then, the rational inattention theory’s underlying principles and 

hypotheses are introduced. The fourth section describes the application of the RI for the 

Greater Toronto Area post-pandemic location choice data. The fifth part discusses the 

modelling results. In the final section, conclusions are provided, along with suggestions 

for future research. 

 

2 Literature review 

Since there are no direct applications of rational inattention theory to residential 

location choice, studies that employ a similar approach are reviewed in this section. The 

RI framework investigates the behavior of decision-makers who are not necessarily 

attentive to all alternatives in their choice set. In other words, rational inattentive 

decision-makers lack complete knowledge of their choice set and are influenced by their 

prior beliefs. The literature review is thus based on this assertion and covers location 

choice studies focused on: 1) The influence of prior beliefs on future home location 

choice. 2) The decision-maker’s unawareness of all alternatives in the choice set. 

2.1 The impact of prior beliefs on future home location choice 

In the Rational Inattention (RI) framework, prior belief serves two key roles in 

decision-making. First, it shapes how individuals acquire and process new information. 

Second, it influences how past beliefs affect future choices (Caplin et al., 2016). Our 

examination of earlier studies on residential location preference reveals that 

investigations of prior belief mostly focus on the latter.  

A panel study in Britain reveals that a significant proportion of residential 

relocations are within short distances, suggesting that people’s prior belief may influence 

their attachments to a neighborhood over time (Böheim & Taylor, 1999). Likewise, a 

residential relocation preference study conducted in Denmark reveals a significant impact 

of prior residence on future relocation behavior, as people typically prefer to relocate to a 

neighborhood similar to where they grew up (ÆrØ, 2006). 

Several studies in the literature that examine the effect of prior belief on future home 

location decisions rely on methods that, while treating residential location as a discrete 

variable, do not employ random utility theory as their basis (descriptive analysis, 

regression analysis, etc.). These studies often find inertia toward non-relocation or 

relocation to a comparable dwelling or neighborhood (ÆrØ, 2006; Blaauboer, 2011; 

Böheim & Taylor, 1999; Feijten et al., 2008; Kährik et al., 2016; Nivalainen, 2004; 
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Talen, 2001; Yang & O’Neill, 2014). Although such studies are the most relevant to the 

context of this research, there are fundamental methodological differences, as they do not 

focus on the nuances of the decision-making process. 

The literature contains fewer studies that have attempted to incorporate the impact of 

prior residential experience into discrete choice models. Chen et al. (2009) utilize a 

distance-based generalized extreme value model to account for the historical deposition 

of decision-makers and spatial correlation between zones. In their proposed model, the 

systematic utility function coefficients are a function of a household’s past location 

experience of marginal utilities. Their findings support the hypothesis that prior 

residential experience impacts location preferences. However, the influence differs 

among individuals, with some exhibiting tolerant behavior and inertia toward prior 

location experience, while others, likely those whose previous site was unsatisfactory, 

exhibited acquisitive behavior in their choice of future residence place (Chen et al., 

2009). 

Using the concept of discounted utilities in dynamic discrete choice generalized 

extreme value analysis, Yu et al. (2017) incorporated the influence of the previous 

residential location experience into examining the residential location preferences. Their 

study indicates that neglecting experience in residential location choice models could 

result in biased estimates. 

This section of the literature evaluation concludes that past experiences substantially 

affect the future placement decisions of households and lead to heterogeneous behavior. 

In the rational inattention theory, prior belief is a broader concept than past residential 

experience. While experience only refers to the alternatives pertinent to a household’s 

former location, prior belief covers the household’s perspective on each option in 

their choice set. The lack of information on a household’s previous beliefs in cross-

sectional datasets is the fundamental cause for the absence of research on the prior state 

of households for every alternative in the choice set. This argument also applies to RI 

modelling, as reliable data for identifying prior beliefs is one of the primary obstacles 

associated with implementing rational inattention theory in empirical models. In the 

fourth section of this study, we will outline our assumptions and strategies for addressing 

this prevalent problem in the literature. 

2.2 Awareness of all alternatives in the choice set 

Because residential location choice is often associated with large choice sets, 

awareness of the alternatives in the choice set is a topic that has been widely explored in 

the literature. As perfect awareness of all alternatives does not exist in residential location 

choice (Chen et al., 2009), the generation of choice sets is a typical approach in the 

literature. This procedure determines a set of viable alternatives for particular decision-

makers (Swait & Ben-Akiva, 1987). This sub-section focuses on the motivations 

underlying choice set generation procedures. Instead of discussing the details of choice 

set formation methods, it draws linkages to rational inattention theory. 

The incentive for choice set formation is frequently linked to large sample sizes in the 

literature. Aside from including the universal choice set in the model is unrealistic 

regarding residential location behavior (Fotheringham, 1988; Huff, 1986, 2021), and 

large sample sizes in random utility discrete choice models flatten the choice probability 

distributions (Wegener, 2011). As a result, the models’ performance will be affected by 

the logic behind choice set identification (Pagliara & Timmermans, 2009; van der 

Waerden et al., 2004). In this regard, understanding the search behavior of households is 

proposed as essential for identifying credible choice sets (Habib & Miller, 2007; Rashidi 

et al., 2012). The current study is based on similar reasoning and claims that customers’ 
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search behavior is influenced by their cognitive abilities. Consequently, a housing market 

with abundant information will result in diminished attention to some alternatives. As a 

result, consumers’ limited attention will govern the alternatives they examine for their 

future relocation decisions. 

The research on choice set formation has advanced a similar concept to customers’ 

inattentive search behavior from a different perspective known as the two-stage choice 

paradigm (Manski, 1977). As per this perspective, in the first stage of the decision-

making process, consumers do a non-compensatory screening to reduce the universal 

choice set to a handful of options, and in the second stage, they employ a compensatory 

approach to make a choice (Manrai & Andrews, 1998; Morikawa, 1996; Payne et al., 

1993). Multiple studies in the literature on location choice modelling based their analysis 

on this concept to create models that are more compatible with realistic market behavior 

and generate more accurate results (Fatmi et al., 2016; Rashidi et al., 2012; Zolfaghari et 

al., 2012). While the two-staged choice paradigm effectively captures residential location 

preferences, it cannot reveal the full spectrum of consumer attention in the market. 

Understanding these nuances and analyzing the factors shaping heterogeneous market 

behavior due to varying levels of attention can provide valuable insights. This research 

contributes to the literature by demonstrating how the rational inattention discrete choice 

model can link consumer preferences to their attentiveness. 

 

3 Rational inattention theory in discrete choice context  

The rational inattention theory argues that rational decision-makers choose in the 

presence of imperfect awareness regarding the payoffs of alternatives. Therefore, they 

engage in a choice process with two objectives. First, they evaluate which alternatives 

will be used and to what extent information will be collected and processed. Second, they 

decide based on their prior beliefs and the signals acquired during the information 

acquisition phase. Since consumers have limited cognitive capacity, there will be a trade-

off between the information acquisition and decision-making phases. Ultimately, this 

trade-off generates a decision-making environment where the customer has incomplete 

information regarding the available options’ payoffs. The aforementioned procedure is 

expressed as the following optimization problem (Matêjka & McKay, 2015): 

 

𝑀𝑎𝑥 ∑ 𝑃𝑖
0 ∫ 𝑣𝑖

𝑖

 𝑓(𝒗|𝑖)𝑑𝒗 −  𝜆 𝐼(𝒗, 𝑠) 

subject to: 

𝑃𝑖
0  ≥ 0 ; ∀𝒗 ∈ ℝ𝑁                  Marginal probabilities are non-negative real 

numbers. 

∑ 𝑃𝑖
0𝑁

𝑖=1 = 1 ; ∀𝒗 ∈ ℝ𝑁           Sum of marginal probabilities should be 

equal to one. 

(1) 

 

 

(1-1) 

(1-2) 

∑ 𝑃𝑖
0𝑓(𝒗|𝑖) = 𝐺(𝒗)𝑖                 Information acquisition is consistent with 

prior beliefs. 

(1-3) 

 

In the above mathematical problem, the vector 𝒗 is the payoffs of each alternative 𝑖. 
The cost of the information process by decision-makers is included via 𝐼(𝒗, 𝑠), the 

information function, and 𝜆, decision-maker’s unit of information cost. Lastly, 𝑃𝑖
0 

represents the marginal probabilities for alternative 𝑖, which includes information on the 

decision-maker’s prior belief 𝐺(𝒗) and information cost unit 𝜆. The intuition underlying 
this formulation is that decision-makers attempt to maximize their information about the 

expected payoffs of the alternatives relative to the cost of acquiring that information. 
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Finally, the decision-maker chooses the alternative with the highest expected payout 

based on the optimal solution to the preceding mathematical problem. 

The objective function in Equation 1 is subjected to three conditions that control the 

formulation and the range of probabilities. Under the assumption that the information 

gathering process is consistent with the prior belief and the cost of information 

processing is determined using Shannon’s entropy (Shannon, 1948): 

 

𝐼(𝑣, 𝑠) = ∫ (∑ 𝑃𝑖(𝒗) ∙ log 𝑃𝑖(𝒗)

𝑁

𝑖=1

)

𝒗

∙ 𝐺(𝑑𝒗) − ∑ 𝑃𝑖
0 ∙ log 𝑃𝑖

0

𝑁

𝑖=1

 

(2) 

 

Matêjka and McKay (2015) show that the mathematical problem (1) with Shannon’s 

entropy (2) as its cost function will have a solution format that is comparable to the 

multinomial logit model: 

 

𝑃(𝑖|𝐸(𝒗)) =  
𝑃𝑖

0  ∙  𝑒
𝒗𝑖
𝜆

∑ 𝑃𝑗
0  ∙  𝑒

𝒗𝑗

𝜆𝑗

 (3) 

 

Based on the distribution that the modeller assumes for marginal probabilities 𝑃𝑖
0, the 

solution in Equation 3 may be either closed or non-closed form. For instance, under the 

assumption that 𝑃𝑖
0 is uniform (decision-makers do not possess prior beliefs and are 

irresponsive to the information signals to form their posterior belief.) and equal 

information process cost for all participants (𝜆 = 𝑐); the rational inattention model 

converges to the conventional conditional logit random utility model (McFadden, 1978). 

The sensitivity of Equation 3 to the modeller’s assumption for decision-maker’s prior 

belief and information process cost indicates that the performance of the rational 

inattention discrete choice model largely depends on the quality of the dataset. The 

rational inattention discrete choice model should, therefore, be regarded as a data-

intensive technique applicable in instances where a reasonable identification of marginal 

probabilities 𝑃𝑖
0 and information cost 𝜆 is attainable. 

 

4 The application of rational inattention 

This section outlines the assumptions underlying the application of the rational 

inattention discrete choice model. This section is separated into two parts for this reason. 

In the first section, data properties are briefly summarized. The second section discusses 

the applicability of the rational inattention theory to the dataset, along with the model’s 

assumptions and identification. 

4.1 Efficient-adaptive stated preference data 

In recent years, a body of studies has produced a wide range of methodological 

contributions to residential relocation choice modelling by implementing data acquired 

through stated preference (SP) experiments (Krueger et al., 2019; Liao et al., 2015; 

Russonello & Stewart, 2011; Walker & Li, 2007). Nevertheless, there is little 

investigation into whether the data acquired through these experiments accurately reflect 
actual residential relocation behavior. Generally, residential location decisions are tied to 

large choice sets. In such circumstances, conducting normal orthogonal SP experiments 

where the purpose is to balance the appearances of attribute levels in choice experiments 
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could result in choice sets that are irrelevant to the participant. Consequently, decision-

makers in such surveys are likely to demonstrate inattentiveness in a decision-making 

environment where they are not fully familiar with their choice set. Moreover, tracking 

the time participants spend on repeated orthogonal SP experiments shows that individuals 

lose focus on the tasks after a few choice experiments. 

This study employs a modified stated preference design (efficient-adaptive) that 

considers participants’ attentiveness by incorporating prior beliefs and present answers 

into scenario generation. In summary, the idea of efficient-adaptive design is to increase 

respondent engagement in choice experiments by generating real-time SP experiments for 

heterogeneous variables while maintaining the efficiency of the design for homogeneous 

attributes. To accomplish this, the efficient-adaptive survey seeks to forecast the 

likelihood that each respondent will be interested in each alternative by learning their 

preferences as they reply to the survey. The likelihood detected by efficient-adaptive 

surveys is referred to as latent preference and is based on survey questions the participant 

has already answered. For example, a participant’s region latent preference considers 

their present residence, workplace, school location, adjacent neighborhoods, and 

responses to earlier choice scenarios. Afterward, a Monte Carlo simulation of their latent 

preferences generates each respondent’s choice scenarios. Those interested in the 

specifics of the efficient-adaptive experiment designs are encouraged to read Shakib & 

Habib (2022). 

This study implements efficient-adaptive data obtained in July 2021 to identify 

residential location preferences in the Greater Toronto Area post-COVID-19 pandemic. 

A market research panel was contracted to distribute the efficient-adaptive survey to 

Greater Toronto Area residents. The market research panel employed in this study used a 

double opt-in authentication process and cash incentives. The regional distribution of 

respondents was controlled and matched with the regional distribution of the latest 

available census population to ensure that the collected sample is representative of the 

population distribution in the Greater Toronto Area. The data underlying this study 

cannot be shared publicly as it is bound by confidentiality agreements specified in the 

data collection ethics approval. 

4.2 RI model identification 

To apply the rational inattention theory to the dataset, it is necessary to identify the 

prior beliefs and information process cost, which will be covered in the following section. 

In this empirical study, we make the following hypotheses to identify the rational 

inattention, discrete choice model: 

1. Latent preferences obtained during the efficient-adaptive stated preference survey 

serve as marginal probabilities in the rational inattention discrete choice model (𝑃𝑖
0 in 

Equation 3). According to the rational inattention theory, marginal probabilities 

should depend solely on prior beliefs and information costs. As a result, latent 

preferences that take into account respondents’ previous location choices and their 

heterogeneity in preferences towards different neighborhoods are appropriate for 

identifying marginal probabilities in a rational inattention discrete choice model.  

2. Information processing costs can be determined by monitoring the participant’s 

attention span. In other words, respondents with a longer attention span can 

concentrate on choice tasks more easily, and, as a result, they can process more 

information. This assumption fits the notion that information consumes attention 

(Simon, 1984). 

3. While cognitive capacity is expected to vary among survey participants, we assume a 

uniform cognitive capacity to isolate choice heterogeneity from participants’ 
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attention spans in this study. Consequently, when a respondent takes longer to 

complete a choice task, a greater quantity of information is processed using their 

constant cognitive capacity, indicating a lower information cost unit for that 

individual. In technical terms, Information process cost 𝜆 has an inverse relationship 

with the attention span of participants in the survey. 

4. The attention span of individuals varies based on the subject matter of the choice 

tasks. Consequently, different demographics have varying attention spans for varied 

topics. 

Based on the four hypotheses stated above, model identification for the rational 

inattention discrete choice model is presented in Equation 4: 

 

𝑃𝑛(𝑖) =  
√𝐿𝑃𝑖𝑑𝑤

0 ∗ 𝐿𝑃𝑖𝑟𝑔
0  ∙  𝑒

𝑉𝑖
𝜆𝑛

∑ √𝐿𝑃𝑗𝑑𝑤
0 ∗ 𝐿𝑃𝑗𝑟𝑔

0  ∙  𝑒
𝑉𝑗

𝜆𝑛𝑗

 

 

Where: 

𝜆𝑛 = 1/𝑒𝑎𝑡𝑡𝑛 
 

𝑎𝑡𝑡𝑛 = 𝜇𝑛 . 𝑌𝑛 + 𝛾𝑛 . 𝑍𝑛 + 𝜀𝑛  
 

𝑉𝑖 = 𝛽𝑖 . 𝑋𝑖 +  𝛼𝑛_𝑟𝑔 . 𝑟𝑔𝑖 

(4) 

 

A closer examination of Equation 4 indicates that the rational inattention discrete 

choice model integrates two main models into a single function and estimates both 

models simultaneously. First is modelling the probability of person 𝑛 choosing 

alternative 𝑖 given the attention span 𝑎𝑡𝑡𝑛. The second is modelling participants’ 

information process cost 𝜆𝑛 using the attention span 𝑎𝑡𝑡𝑛 given the sociodemographic 

characteristics 𝑌𝑛 and individuals’ latent attitudinal variables 𝑍𝑛.  

It is essential to note that attention span 𝑎𝑡𝑡𝑛, which is obtained from tracking the 

amount of time the users spend on each choice task 𝑡𝑛  and is not an absolute 

measurement. For instance, it is unclear whether a respondent who spends two minutes 

on a choice task is attentive or inattentive without knowing the time spent by other 

respondents on choice tasks. Therefore, the time individuals have spent on choice tasks is 

scaled according to the median time 𝑡̃ spent on choice tasks (𝑎𝑡𝑡𝑛 = 𝑡𝑛/𝑡̃). To reduce the 

impact of outliers on scaling, the median has been chosen over the mean for central 

tendency measurement. 

Prior probabilities are derived directly from the efficient-adaptive SP data in the 

model. Terms 𝐿𝑃𝑖𝑑𝑤
0  and 𝐿𝑃𝑖𝑟𝑔

0  relate to an individual’s latent preferences for particular 

dwelling types and neighborhoods. The payoff function explanatory variables 𝑉𝑖 are 

constructed from SP survey attributes 𝑋𝑖  and dummy variables for the regions 𝑟𝑔𝑖 which 

capture unobserved payoffs for each region. Since individuals are not attentive to all 

regions, the term 𝛼𝑛_𝑟𝑔 , which is determined by the efficient-adaptive survey, is 

multiplied by each region to exclude irrelevant regions from the payoff function of each 

person. 

For the estimation of the attention span, modellers can assume a variety of error 

distributions 𝜀𝑛 to find the optimal fit. For this investigation, we assumed a linear model 

with a Gaussian noise term and estimated the rational inattention model parameters 

(𝛽𝑖 , 𝜇𝑛 , 𝛾𝑛) using the GAUSS 22 Maximum Likelihood MT package. 
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To provide a clearer understanding of the methodological workflow, Figure 1 presents 

a conceptual framework illustrating the relationship between the stated preference survey 

and the RI model with the presented hypotheses above.  

 

 

Figure 1. Conceptual framework of the proposed RI model identification 

Finally, the measurement of attention span represents an important component in our 

model specification. We operationalize this construct using time spent on choice tasks, 

interpreting longer durations as indicative of more thorough information processing. This 

approach finds indirect support in survey methodologies that use response times to 

identify inattentive respondents (Brownell et al., 2015; King et al., 2019), as well as in 

latent class studies linking extended decision times to more systematic choice patterns 

under bounded rationality (Zhu & Timmermans, 2010). While this proxy advances 

rational inattention applications, we acknowledge that time spent may reflect not only 

attention but also external factors like distractions or interface familiarity. Future research 

using eye-tracking or other direct attentional measures could help disentangle these 

effects and validate the approach. 

 

5 Empirical analysis1 

This section presents the empirical study of the rational inattention discrete choice 

model utilizing the stated preference dataset gathered in the Greater Toronto Area in July 

2021. In the first part of this section, the implemented SP data is introduced briefly, and 

in the second, the model results are discussed. 

5.1 SP data 

This research utilizes a residential location choice SP dataset collected using a web-

based questionnaire. A local market research panel in the Greater Toronto Area was 

recruited to collect the data. The timeline of data collection was July 11th through July 

 

 

 
1 While this study focuses on the identification and empirical application of the RI model, we refer 

readers to (Shakib, 2023) for a technical comparison of the RI model against conventional models (e.g., 

MNL, Nested Logit, Scale-Mixed Logit, and Mixed Logit), evaluating its performance, challenges, and 

explanatory advantages when information processing costs and payoff structures are well-defined. 
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29th in 2021. The purpose of the survey design was to understand the residential location 

preferences of households and, if possible, to link relocation trends in the dataset to the 

COVID-19 pandemic experience of households. Thus, in addition to gathering SP data 

via repeated choice tasks, the survey collected data on participants’ attitudes and lifestyle 

changes during the COVID-19 pandemic. 

For data analysis, a sample of 672 respondents, each of whom had completed nine 

choice tasks, remained after data cleaning. Figure 2 illustrates an example of a scenario 

generated for a survey participant. When respondents face each table, the first question is 

if they are willing to relocate. Then, if they choose to move out of their existing 

residence, they must choose one of the available options.  

 

 

Figure 2. A sample scenario of choice experiment design 

In Figure 2, the second and third-row levels for dwelling type and region are 

generated using an adaptive Monte Carlo simulation based on respondents’ latent 

preferences collected through the survey. The remaining attribute levels are derived from 

the efficient design. For the price and area attributes, values are calculated and provided 

based on the price and area of the respondent’s present residence to produce comparable 

alternatives to the respondent’s current residence. The other attributes considered in the 

choice tasks are neighborhood quality, public transit accessibility, highway accessibility, 

biking lanes in the neighborhood, telecommuting days, and walk access to favourite 

shops. 
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5.2 Model results 

In the previous section, it was stated that the purpose of the survey was to discover 

residential location preferences in the aftermath of the COVID-19 pandemic and to 

establish a connection between location choice behavior and the changes participants 

experienced during the pandemic. This part applies a rational inattention discrete choice 

model to answer the aforementioned questions. 

Section 4 describes the rational inattention model, which has two main outputs. First 

are the parameters of the payoff function, which reflect the observed residential location 

preferences and provide the response to the survey’s primary question. The second are 

the factors contributing to respondents’ attentiveness to choice tasks. This study uses the 

second group of outcomes to draw linkages between location choice behavior and 

pandemic experience. 

5.2.1 Payoff function discussions 

Each choice task required respondents to choose between five choices. One alternative 

is their current residence, while the remaining options are those generated by the SP 

survey. Literature indicates that when households consider a dwelling, they use their 

current residence as a reference point (Habib & Miller, 2009). Thus, the quantitative 

variables such as price and area are modelled relative to the price and area of the current 

residence. In contrast, the qualitative variables such as neighborhood quality, biking paths 

in the neighborhood, and so on are separated for the “no relocation” and “relocation” 

alternatives. 

The estimation results for the payoff function and the model’s overall goodness of fit 

are presented in Table 1. In Table 1, variables that appear in both the “no relocation” and 

“relocation” alternatives with different coefficients are separated and presented, starting 

with the name of the respective alternative. 

 
Table 1. Rational inattention model results - payoff estimations 

   95% confidence intervals 

Variable Estimate P-Value Lower 

limit 

Upper 

limit 

Dwelling-type variables: 

(Base dummy: Condo apartments) 

detached 0.8288 <0.001 0.7440 0.9136 

semi-detached 0.5934 <0.001 0.4970 0.6898 

townhouse 0.3577 <0.001 0.2609 0.4545 

Region variables: 

(Base dummy: Halton Hills) 

Ajax 1.7679 <0.001 1.5145 2.0213 

Brampton 0.6306 <0.001 0.4439 0.8173 

Downtown 1.7105 <0.001 1.5309 1.8901 

East End Toronto 1.5219 <0.001 1.3489 1.6948 

Etobicoke 1.1743 <0.001 1.0016 1.3470 

Markham 1.5786 <0.001 1.4041 1.7532 

Milton 0.9560 <0.001 0.7318 1.1801 

Mississauga 0.7161 <0.001 0.5644 0.8678 
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   95% confidence intervals 

Variable Estimate P-Value Lower 

limit 

Upper 

limit 

North York 1.3699 <0.001 1.2203 1.5194 

Oakville 1.1700 <0.001 0.9580 1.3820 

Oshawa 1.5970 <0.001 1.3656 1.8285 

Pickering 1.8734 <0.001 1.6386 2.1081 

Richmond Hill 1.8575 <0.001 1.6499 2.0651 

Scarborough 1.5473 <0.001 1.3720 1.7225 

Vaughan 1.3822 <0.001 1.2058 1.5587 

West End Toronto 1.4643 <0.001 1.2882 1.6404 

Whitby 1.6516 <0.001 1.4162 1.8871 

York 1.2989 <0.001 1.0993 1.4985 

SP table attributes: 

price change -0.1126 <0.001 -0.1354 -0.0899 

Floorspace area change 0.1308 <0.001 0.1108 0.1508 

Neighborhood quality variables: 

(Base dummy: High noise level) 

no relocation: quality 

moderate noise 
0.5768 <0.001 0.4950 0.6586 

no relocation: quality 

green and quiet 
1.0597 <0.001 0.9510 1.1683 

relocation: quality 

moderate noise 
-0.0327* 0.4349 -0.1146 0.0493 

relocation: quality green 

and quiet 
0.2897 <0.001 0.2104 0.3691 

Public transit variables: 

(Base dummy: Limited access) 

no relocation: transit 

moderate access 
1.3955 <0.001 1.2758 1.5153 

no relocation: transit quick 

access 
1.5452 <0.001 1.4275 1.6628 

relocation: transit 

moderate access 
-0.0124* 0.7578 -0.0909 0.0662 

relocation: transit quick 

access 
0.1283 0.001 0.0521 0.2046 

Highway access variables: 

(Base dummy: No immediate access) 

no relocation: highway 

moderate access 
0.0089* 0.8567 -0.0880 0.1058 

no relocation: highway 

immediate access 
0.2460 <0.001 0.1557 0.3362 

relocation: highway 

moderate access 
0.0280* 0.4882 -0.0513 0.1074 

relocation: highway 

immediate access 
-0.0238* 0.5661 -0.1052 0.0575 

Biking access variables: 

(Base dummy: shared with auto traffic) 
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   95% confidence intervals 

Variable Estimate P-Value Lower 

limit 

Upper 

limit 

no relocation: bike lane 

painted 
0.2307 <0.001 0.1495 0.3119 

no relocation: bike lane 

protected 
0.2112 0.0002 0.1004 0.3220 

relocation: bike lane 

painted 
0.2440 <0.001 0.1695 0.3185 

relocation: bike lane 

protected 
0.2269 <0.001 0.1496 0.3041 

Shopping access variable: 

(Base dummy: No walking access) 

shopping walk access 

change to yes 
0.2383 <0.001 0.1881 0.2885 

Telecommuting variable: 

(Number of available days for remote work) 

no relocation: 

telecommuting change 
-0.0388 0.0016 -0.0628 -0.0148 

Goodness of fit measures: 

Rho squared 0.4781 

Log-likelihood -7067.13 

Log-likelihood (no 

predictors) 
-13539.95 

*The marked coefficients in the table are statistically insignificant at the 0.05 significance level. While 

no behavioral inferences are drawn from the signs and magnitude of these coefficients, the results are kept 

for reference. 

 

In payoff functions, dwelling-type variables are entered as dummy variables, and the 

reference dummy is set to condo dwelling types. The coefficients for detached, semi-

detached, and townhouse dwelling types are positive and statistically significant, 

indicating that respondents prefer these three dwelling types to condo dwelling types. 

Due to the lack of comparable data on pre-pandemic dwelling type preferences in the 

region, it is impossible to determine whether this is a continuation of an existing trend or 

the effect of the pandemic experience on households. In the following section, where 

pandemic latent factors will be associated with respondents’ attentiveness, it will be 

argued whether the pandemic has intensified this suburbanization tendency. 

In this investigation, 19 regions represented in Figure 3 were studied. To make the 

payoff functions for each region identifiable, each region’s payoff function was entered 

as a dummy variable, with the Halton Hills region acting as the reference dummy. The 

selection of Halton Hills as the reference region was to ensure the coefficients of other 

regions were positive and facilitate comparisons. The region coefficients represent 

unspecified payoffs not captured by the attributes in the choice tasks, and their precise 

nature is unclear. These dummy variables account for latent factors such as regional 

demographics, ethnicity, proximity to jobs, proximity to friends and family, perceived 

safety, and income segregation. They are not tied to geographical considerations but 

reflect broader regional trends in residential location preferences. According to the model 

outputs, Pickering and Richmond Hill have the highest coefficients, which may indicate 

higher overall demand for these regions. This aligns with market data from the Toronto 

Regional Real Estate Board (2021), which shows that Pickering and Richmond Hill have 
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the highest benchmark prices in York and Durham municipalities among the 

neighborhoods included in this study. 
 

 

Figure 3. SP regions in the Greater Toronto Area 

 

Regarding the attributes in the choice tasks, coefficient values are found to be 

indicative of the expected behavior. The coefficients for the price and area variables 

entered the model relative to the current property prices were negative and positive, 

respectively. In other words, the payoff for the decision-maker would be greater if they 

could obtain larger square footage for a lower price if all other features remain fixed. 

The “quality” attribute has been incorporated as dummy variables for the “no 
relocation” and “relocation” payoff alternatives separately, with the lowest quality level 

set as the reference value. For relocating households, quality improvements in housing do 

not influence their decision unless they move from a low-quality neighborhood to a 

future high-quality one. This finding also suggests that households already living in mid- 

to high-quality neighborhoods are unlikely to relocate solely to increase neighborhood 

quality. 

Regarding the accessibility of public transportation attributes, the model predicts 

comparable results to the neighborhood quality results. Households are only willing to 

move to a new residence if they increase the accessibility of their current residence to 

public transportation from the lowest level (reference dummy) to the highest level. The 

payoff values for the “no relocation” alternative are higher than those for the relocation 

alternatives, reflecting respondents’ stronger preference for their current residences. 

The findings of the highway accessibility attribute demonstrate respondents’ 

indifference towards highway accessibility improvements for their future residence. 

Similar to transportation accessibility, the lowest level of accessibility was assigned as 

the reference dummy variable. However, the results do not indicate a tendency to relocate 
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if the only enhancement to the dwelling type is its proximity to the highway 

network. This finding may reflect the specific context of the GTA, which is known for its 

highly congested highway systems. For residents, proximity to highways may not 

necessarily translate into improved accessibility due to frequent congestion, potentially 

reducing its perceived value. Additionally, the insignificance of highway accessibility in 

our study does not imply a reversal of its role in land-use models. Rather, it suggests that, 

within our hypothetical scenarios, it was deemed less influential compared to other 

attributes such as housing type, price, and neighborhood characteristics. This highlights 

the importance of contextual factors and the need to prioritize attributes based on local 

conditions and resident preferences. 

Not having bike lanes was the reference dummy variable for the biking attribute. The 

model results indicate that respondents are concerned with improving the availability of 

bicycle pathways in their prospective relocation. Still, they do not differentiate between 

off-street and on-street biking trails. This finding is consistent with earlier research 

conducted in the Greater Toronto Area (Habib et al., 2014). In addition, an earlier study 

on cyclists’ attitudes toward on-street and off-street bike lanes indicates that cyclists’ 

preferences for off-street and on-street biking lanes depend on the geometry and traffic of 

the road (Li et al., 2012). 

The model examines telecommuting’s impact on residential preferences through the 

no-relocation payoff function. The negative coefficient for increased telecommuting days 

suggests respondents with more remote workdays showed a greater likelihood of 

relocating. This finding aligns with the broader phenomenon where mandatory 

telecommuting during the pandemic may have enabled residential mobility in the Greater 

Toronto Area by decoupling work location from home location. However, our study uses 

data collected in Summer 2021, reflecting a period when telecommuting was largely 

mandatory rather than voluntary. Future research should examine how residential 

preferences evolve as telecommuting transitions from a pandemic necessity to an optional 

work arrangement, including investigating its long-term adoption patterns in post-

pandemic society. 

The payoff function findings show the homogenized residential preferences in the area 

and generate results comparable to the conventional random utility-based discrete choice 

models. The major advantage of the rational inattention model will be highlighted in the 

subsequent section, in which respondents’ decision behavior will be differentiated 

according to their demographic and altitudinal factors in choice tasks. 

5.2.2 Attentiveness discussions 

In classical random utility-maximizing discrete choice models, heterogeneity in 

choice behavior is commonly captured using mixed logit models by permitting random 

distribution of coefficients. Although mixed logit models identify variations in 

preferences, they cannot pinpoint the origins of the observed heterogeneity because they 

rely on simulation approaches for estimation. In the context of scale heterogeneity in 

generalized multinomial logit models (G-MNL) (Fiebig et al., 2010), the model does not 

identify the scale parameter separately, and the sources of variation could well be 

correlated with other parameters in the model. Accordingly, sources of scale 

heterogeneity are not distinguishable in G-MNL models. Nevertheless, rational 

inattention discrete choice models identify the scale parameter as the information 

processing unit. In contexts where data is available, these models can reveal the spectrum 

of heterogeneous behavior in terms of which behavior is associated with which group of 

decision-makers. 
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The rational inattention discrete choice model allocates rational customers depending 

on their attentiveness to a spectrum of rational consumers. Before discussing the results 

of this empirical investigation, it is necessary to explain the intuition behind the different 

information process cost 𝜆 values in the model. To clarify how 𝜆 values help identify 

respondent attentiveness, we introduce the choice behavior among rational consumers for 

the two extreme values of 𝜆. 

The rationally perfectionist consumer (𝝀 → 𝟎+): When the information processing 

unit cost is infinitesimally small, consumers are willing to receive an abundance of 

information signals to update their prior beliefs regarding the alternatives in their choice 

set. Due to the impossibility of acquiring perfect knowledge, these customers are 

permanently in the process of gathering data and would never settle on a decision. 

The rationally inattentive consumer (𝝀 → +∞): When the cost per unit of 

information processing approaches infinity, consumers find the task of information 

processing overwhelming. A fully rational, inattentive consumer takes no effort to create 

a posterior belief. This type of consumer makes a snap judgment based on their prior 

beliefs and does not value additional information. 

These two described behaviors represent opposite ends of the spectrum of 

attentiveness. The information processing cost unit is conceptual and cannot be linked to 

absolute measurements. However, relative metrics can be developed using reference 

behavior to differentiate consumer attention discrepancies.  

Section 4 established a connection between attention span and information processing. 

Since the time spent on a choice task does not give any information about the origins of 

heterogeneity, sociodemographic and latent attitudinal variables are included as 

explanatory variables. While sociodemographic characteristics provide valuable insights, 

our analysis reveals that they alone cannot explain heterogeneity in information 

processing costs. This underscores the importance of incorporating latent attitudinal 

variables, which capture additional dimensions of individual differences, to understand 

the complexity of decision-making behavior better. In this empirical study, the combined 

effects of sociodemographic characteristics and latent variables reflecting a person’s 

pandemic experience on the attention span of respondents during choice tasks are 

investigated. 

Pandemic-related factors are included in the modeling of attention span by deriving 

latent variables using factor analysis from questions about respondents’ attitudes and 

lifestyle changes during the pandemic. Exploratory Factor Analysis (EFA) is conducted 

to evaluate the correlation structure of the responses to the pandemic questions. The 

optimal number and combination of latent factors are determined using parallel analysis 

and the maximum likelihood method. Regarding EFA’s reliability tests, Cronbach’s 

Alpha values for two suggested factors satisfy the 0.70 threshold (Kline, 2015). Then, a 

Confirmatory Factor Analysis (CFA) is done to validate the latent factor structure and 

ensure the consistency of EFA-derived factors. CFA results for the final latent factor 

structure, loadings, and reliability measurements are presented in Table 2. 
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Table 2. Factor structure and factor loadings 

 
Factors structurea Factor 

Loadings 

Factor 1: Pandemic fear factor (Cronbach’s α = 0.897) 

Concerned about the high number of active COVID-19 cases  1.000 

Concerned about emergence of a new COVID-19 variant  0.978 

Concerned about the possible increase in COVID-19 mortality rates 0.950 

Concerned about the low rate of COVID-19vaccination rates in the population 0.812 

Concerned about the possible low efficiency of COVID-19 vaccines 0.790 

Factor 2: Change in daily routines during the pandemic (Cronbach’s α = 0.865) 

Having to follow social distancing rules often in daily activities  1.000 

Significant effect of lockdown on daily activities 1.057 

Having to avoid social gatherings regularly 1.154 

Using the mask for long periods during daily activities 0.978 

Goodness-of-fit measures for CFA 

Root Mean Square Error (RMSE) 0.079 

Standardized Root Mean Square Residual (SRMR) 0.045 

Tucker-Lewis Index (TLI) 0.934 

Comparative Fit Index (CFI) 0.952 

a- All questions in the defined factors are in a five-level Likert scale  

 
 

Subsequently, the latent factors defined by the confirmatory factor analysis were 

included beside sociodemographic variables and the rational inattention model in 

Equation 4 was estimated simultaneously for attention span and residential preferences. 

Table 3 displays the estimation findings for the information process cost heterogeneity. 

 
Table 3. Rational inattention model results - attention span estimations 

 

Variable 

Gender: male 

Household typea: couple no children 

Household type: single individual 

Household type: roommates 

Pandemic fear factorb 

Pandemic lifestyle change factorc 

a- Household type entered the model as dummy variables, and the dummy reference is “Family with 

children.” 

b- A latent variable derived from Table 2 which measures respondents’ level of concern about COVID-

19 case counts and vaccination status. 

c- A latent variable derived from Table 2 which captures the degree to which respondents’ daily routines 

were disrupted during the pandemic 

 

The coefficients in Table 3 estimate respondents’ attention span in the choice tasks as 

the dependent variable, which has an inverse relationship with information processing 

costs (i.e., higher attention span = lower processing costs). A positive coefficient 

indicates a greater attention span and lower information processing costs. 

For the gender variable, the reference value is set to female. A negative sign for men 

implies that males, compared to females, are more likely to exhibit inattentive behavior 

than perfectionist behavior while making residential location decisions. This discovery 

can be analyzed differently when considering interval estimations in the payoff function 

in Table 1. For example, for the gender variable, men have larger information processing 
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values, which results in narrower predicted coefficient ranges. Consequently, one may 

conclude men’s residential location preferences are less variable and more consistent 

compared to women. 

Using the data in Table 3, it is possible to link the respondents’ pandemic experience 

to their residential choice behavior. The model results suggest that individuals who were 

more fearful of the pandemic, as measured by their responses to attitudinal questions 

regarding their concern over case counts and vaccination status, were less likely to be 

interested in relocating. On the other hand, respondents whose daily routines were 

substantially disrupted during the pandemic—for a given level of pandemic fear—

appeared more attentive and flexible in choice tasks, showing a greater willingness to 

contemplate relocation. While this finding aligns with the idea that significant disruptions 

to the status quo may prompt individuals to reconsider their living situations, it is 

important to acknowledge the possibility of noise in captured variations or unobserved 

factors influencing these results. Further research would be needed to validate and 

understand the underlying mechanisms driving this behavior. 

Combining all information in Table 3, it is possible to determine which set of 

respondents exhibits behavior closest to the two extreme ends of the rational inattention 

model. For this empirical investigation on residential location preferences, the closest 

group to rational perfectionist behavior consists of females who live alone and whose 

lifestyles have altered significantly after the COVID-19 pandemic. Still, they do not 

exhibit fear of the pandemic status. This group was the most adaptable in shifting their 

residence and participated actively in the choice tasks. In contrast, the least attentive 

respondents in the choice scenarios were men who lived in households with children who 

feared the pandemic the most and whose daily routines have not changed dramatically 

since the COVID-19 outbreak began. 

 

6 Conclusions 

This research proposed and implemented a framework for a rational inattention 

discrete choice model for residential location preferences. Currently, discrete choice 

models are predominantly based on conventional random utility maximization models 

that assume error terms are independent, identically distributed, and follow the Gumble 

distribution. Consequently, the work in this field is influenced by the constraints of the 

assumptions regarding the sources of randomness. In this regard, McFadden et al. (1999) 

state: “most cognitive anomalies operate through errors in perception that arise from the 

way information is stored, retrieved, and processed.” Thus, rational inattention, from a 

random utility perspective, is a theory that ties the sources of randomness in the random 

utility theory to the process in which decision-makers receive information. This 

ambitious quest leads to a data-demanding modelling approach that requires the modeller 

to identify the decision-maker’s prior beliefs and information process cost heterogeneity. 

For identifying prior beliefs and information process cost heterogeneity, the empirical 

model provided in this paper uses latent preferences generated from efficient-adaptive 

survey data and the amount of time respondents spent on the choice task. However, 

researchers can also make other assumptions satisfying the rational inattention model’s 

requirements. 

The empirical application of rational inattention theory illustrated in this study offers a 

novel contribution to policymaking by enabling targeted policy design. This approach 

allows for detailed behavioral analysis, revealing how policies impact different 

demographic groups based on their attentiveness. By identifying which groups are most 
attentive in each choice environment, policymakers can predict which populations will be 

most responsive to policy changes. This insight facilitates the creation of targeted policies 
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that address the unique needs and challenges of specific demographics. However, it is 

important to note that the empirical findings in this study are hypothetical and based on 

stated preference data. While conclusive statements about real-world policymaking, such 

as in the context of COVID-19-induced residential relocation choices, cannot be made, 

the theoretical framework provides a foundation for future applications. 

The key findings of this empirical study can be separated into two categories: payoffs 

and attentiveness. Payoff function findings are equivalent to traditional random utility 

discrete choice models regarding policy implications. The attentiveness analysis, which 

captures response heterogeneity, creates the difference. From the perspective of policy 

implications, the attentiveness findings can reveal which groups of individuals will most 

affect the policy inferred by payoff analysis. This is why the respondent’s attention span 

was not directly utilized in model identification but instead was linked to demographic 

variables and pandemic latent factors. 

In terms of residential location preferences, the overall findings indicated the 

unwillingness of households to relocate. Cases in which households were eager to move 

were solely associated with circumstances in which a household could change an attribute 

of their residence from the worst to the best category (except for highway accessibility). 

Regarding the telecommuting factor, it was observed that offering more telecommuting 

days increases the possibility of a relocation decision. 

This research also investigated linking participants’ attentiveness to explanatory 

variables through a separate estimation of information processing cost by monitoring 

respondents’ attention span. A Gaussian noise model was assumed for the attention span, 

and sociodemographic and pandemic-related factors were examined. Regarding 

sociodemographic characteristics, it was observed that females living alone are the most 

attentive respondents and the most flexible in relocating their residences. 

For the pandemic-related variables, it was discovered that individuals who are more 

concerned with the current and future state of the pandemic are less likely to relocate. On 

the other hand, people whose daily habits were considerably altered by the pandemic 

displayed greater interest and involvement in residential relocation choice tasks. The 

current findings on attentiveness only apply to residential preferences; a change in the 

subject of decision-making could shift individuals along the attentiveness spectrum 

toward perfectionism or inattentiveness. 

The primary recommendation offered by the authors for future studies that want to 

implement the rational inattention discrete choice model is the selection of a balanced 

and suitable attentiveness measuring approach. As attention values are scale parameters 

in the choice model, they will likely induce estimation instability. Using a measurement 

method that excessively diversifies the attentiveness of the participants increases the 

likelihood of the presence of outliers in the attention spectrum. Outliers generate extreme 

values in the model estimation calculations, challenging the numerical calculation of the 

gradient and Hessian matrix. Future research seeking measurement methods for 

information processing heterogeneity should consider the trade-off between adding more 

details to the attention spectrum and the stability of numerical optimization of model 

estimation. 

Future research could address and improve the limitations of the current study. One of 

the primary shortcomings of the current study is the modelling approach’s failure to 

account for the impact of the housing market on respondents’ decisions. This study’s 

methodology creates an unrealistic choice environment that disregards market 

competition and assumes the respondent’s desired residence is always available on the 

market. Another weakness of this study is that the possible changes in telecommuting 

social acceptance during the pandemic are not incorporated in the modelling. As a result, 
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the reported conclusions about the telecommuting effect are subject to future changes in 

how telecommuting is conceived and embraced. 
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