
   

 

 

COVID Volumetric Choice Experiment Business Practices Research & Simulator 

 

 

 

Richard T. Carson 

Kevin A. Clark 

Jordan J. Louviere 

 

 

ChoiceFlows Inc. 

for 

Restart Partners & The State of Washington 

 

June 2021 



1 
 

Introduction 

The purpose of this project was to develop a tool, the “COVID Business Practices Simulator,” that 

businesses can use to gain insight into how planned visits to similar businesses in that category 

are likely to change as various COVID-19 transmission actions are implemented. Based on initial 

research and input from Restart Partners, a 501(c)(3) based in the State of Washington (WA 

Restart), we defined 12 categories of businesses and seven COVID-limiting actions. These were 

used to develop a volumetric choice experiment (VCE) that was administered in two waves The 

first was completed in early May and the second in late May, administered to a random sample 

of just over 3000 individuals, chosen to be representative of the State of Washington’s adult 

population. The second wave allowed to track how planned visits in the different categories are 

recovering relative to their pre-COVID levels over time and whether responsiveness to the 

possible COVID-limiting actions was changing over time. The main difference between the two 

waves of the VCE, other than timing, was that the first wave considered two possible facemask 

actions: (a) require of all vs. (b) not requiring, while the second wave considered four possible 

facemasks actions: (a) require of all, (b) require only of those who do not provide proof of 

vaccination, (c) asking those not vaccinated to voluntarily wear a facemask and (d) not requiring. 

This was done to help measure the impact of changes in public views set in motion by CDC’s 

recent guidance that vaccinated individuals did not need to wear facemasks. Count data 

regression models were fit to the volumetric choice experiment data allowing prediction of the 

number of visits to businesses in a specific category under different sets of COVID-limiting actions 

during the next three months. Results are reported in the form of the ratio of predicted visits 

under a specific set of COVID-limiting actions relative to a baseline set of actions (i.e., effectively 

what businesses were doing pre-COVID). This measure has a natural easy to understand 

interpretation as the percentage increase in expected visits to businesses in that category if the 

specific alternative action set is implemented relative to the “do nothing” baseline scenario. 

This report is laid out as follows. First, we define the business groupings and categories used. 

Next, we look at actions that businesses could take that influence COVID transmission. These are 

formally defined as the “attributes” (i.e., actions) of our volumetric choice experiment (VCE), 

whose levels will be experimentally assigned to respondents. The attributes and associated levels 

form the basis for the VCE scenarios that respondents were asked to consider. From there we 

discuss implementation issues, first focusing on the experimental design for VCE and then on 

survey-related issues including administration mode, sampling and weighting. Then, we look at 

the statistical modelling framework used to model the data collected using the VCE, which are 

the expected visits over a three-month time period, a count variable. After obtaining statistical 

estimates of the relevant models, we discuss some of the key findings. Lastly, we consider 

incorporating the modeling results into a decision support system (DSS) that allows users to 

explore how visits in a particular business category change proportionate to a baseline (pre-

COVID) scenario as businesses in the category adopt different combinations of COVID-limiting 

actions.  
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Defining Business Groupings and Categories  

In conjunction with WA Restart, we defined three broad groups of businesses and within each 

broad group, four narrower categories of businesses. Our criterion for picking the categories put 

a strong emphasis on the ability to come up with a short easily understood description of the 

type of business. It also put an emphasis on making a category as broad as possible where that 

broadness made sense in term of the COVID precautions that might be undertaken. Thus, we put 

barbers and hair salons together into a category called “hair” and offered “barbers and hair 

salons” as examples to respondents. The first broad grouping was Personal Services, where the 

four exemplars were hair, nails, massage, and fitness services. The second was Retail Stores, with 

the four exemplars being big national retailers, specialized national retailers, local retail stores 

and craft/gift/souvenir stores. The third is Restaurants and Bars, where the exemplars are eat 

out/take away, counter service/coffee shops, table service and bars.  

A large number of other grouping with category typologies could have been picked, and many 

would have been interesting to study. We limited our choices by imposing the restriction that the 

groupings (as spanned by their exemplars) are large in either numbers of firms or number of 

employees. We also wanted to study situations where the COVID-related issues facing a 

grouping’s four exemplars were as distinct as possible. Thus, in the restaurant and bars grouping 

we go from outdoor food trucks to crowded noisy bars. The middle categories go from a short 

encounter with workers or other queue members to a lengthy sit down dinner. We also sought 

groupings known to have been both hard and differentially hit by COVID, with restaurants and 

bars among the most obvious. Our other two groupings, personal services and retail stores also 

were obvious examples. For example, big box national retailers who were open throughout the 

pandemic are thought to have substantially recovered their pre-COVID traffic. In contrast, the 

craft/gift/souvenir shop trade is substantially driven by tourism and is still notably down. The 

personal services grouping provides an opportunity to look at the proclivity to return to 

categories with very different pre-COVID visitation patterns. We also wanted the groupings to be 

as distinct from one other as possible. One measure of success is that it is possible to make 

equally plausible arguments of why the personal services category should be combined with 

restaurants and bars or with retail stores (if it were necessary to drop that group’s label and 

transfer its constituents into a new combined grouping).   

Within the large groupings, we used different strategies to help define the specific categories. 

For instance, after telling respondents we were interested in four categories of retail stores. We 

defined the first as “Big general national retailers that sell a wide range of products including 

groceries such as Costco, Target, and Walmart”, with the key words being “big”, “national” and 

“wide range of products including groceries;” then we provided the three best known examples, 

Costco, Target and Walmart. We label the shorthand for this category in this report as “BigNat”. 

The next category “Specialized national retailers” (labeled as “SpecNat”) is defined in part relative 

to the first category by noting these retailers sell a more specialized type of product. Examples 
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provided were Albertsons, AutoZone, Best Buy, CVS, Dollar Tree, Footlocker, Fred Meyer, 

Marshalls, Nordstrom, Old Navy, PetSmart, Trader Joes and Walgreens. The third category was 

“Local retail stores” (labeled as “Local”) with respondents told that they sell things like 

appliances, books and magazines, farm/ranch/stable supplies, men and women’s clothing and 

shoes, furniture, pet supplies, sporting goods and toys. The last category in the retail store 

grouping was “Arts and crafts, gift and souvenir stores”. This category (labeled as “Gift”) was 

defined as distinctive from local retail stores because they tend to be smaller, with visits to them 

clearly being non-essential; and they have a substantially larger fraction of their visits made by 

tourists.  

For the Personal Services grouping, the four categories were: (1) hair services (labeled as “Hair”) 

which include barbers and hair salons, (2) nail and skin services (labeled as “Nails”) which include 

nail salons, day spas, and suntan studios, (3) massage studios and tattoo parlors (labeled as 

“Massage”), and (4) fitness services like gyms and yoga (labeled “Gyms”). 

For the Restaurant & Bars grouping, the four categories were: (1) food served outdoors or take 

away, including drive through windows/pickup lines and food trucks (which is labeled as EatOut 

in this report), (2) indoor coffee/food with counter service at cafés and fastfood restaurants 

(labeled as “Counter”), (3) indoor dining with table service at restaurants (labeled as “Table”), 

and (4) bars (labeled as “Bars”). 

Defining COVID-Limiting Business Actions: Attributes and Levels 

Having defined the three large groupings of businesses and twelve specific categories within 

them, we now turn to defining the COVID-limiting actions that a business might take. In technical 

jargon these are known as “attributes” which have “levels” (values). This can best be understood 

by considering two attributes we used. The first is whether or not the business requires 

facemasks to be worn/social distancing. In Wave 1, the Facemasks attribute had two levels: 

require or not require. In compact terms, Facemasks yes/no. In Wave 2, the Facemask attribute 

had four levels: require of all, require of those who don’t provide proof of vaccination, ask those 

not vaccinated to voluntarily wear a mask and not require or encourage. The second attribute is 

the fraction of capacity open, and there are four levels: 25%, 50%, 75% or 100%. Earlier in the 

pandemic, the level of 0% coupled with some type of online service was of potential interest. We 

made the assumption that the tool being developed is for businesses that have at least partially 

reopened.  

Facemasks and Capacity are two of the seven attributes considered. The other four binary 

(yes/no) attributes are 1) whether all of the employees in the business have been vaccinated; 2) 

has the business obtained a 3rd part certificate that the business was following appropriate health 

and safety practices with respect to COVID, yes/no; 3) has the business implemented visible (to 

customers) cleanliness measures, yes/no; 4) does the business offer a reduced contact service to 

customers, yes/no; and 5) we used a four level attributes for the businesses price level relative 

to pre-COVID, -10%, 0% (same as pre-COVID), +10%, and + 20% in Wave 1. In Wave 2, we used a 
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binary version of this attribute, 0% and 20% because in the initial analysis using only the Wave 1 

data, we found the response to this variable was approximately linear in the percent change. So, 

only two levels were needed to define this variable and it allowed us to switch the levels of the 

Facemask and Price attributes without changing the design, allowing for a timely fielding of the 

second wave of the survey.   

Some attributes like facemasks were readily understandable by respondents and hence required 

little additional explanation; however, even here we worked toward standardization by noting 

the display of signage at the entrance to the business if facemasks were required. More generally, 

though, it is important to define attributes in both precise and easy to understand terms so 

respondents make decisions based on a common understanding of the business practices 

involved. In some instances it is important to make the attributes distinct from each other, such 

as third party health and safety certification because it might easily include other attributes like 

requiring facemasks and implementing cleanliness measures. We narrowed the scope of this 

certification by defining it in terms that did not include either a general facemask requirement or 

visible cleanliness measures. Here is the description of this attribute and its levels that 

respondents saw: 

3rd Party COVID Health & Safety certification has been given to this business for 
demonstrating that it has taken key steps to improve ventilation and workflow to 
reduce COVID-19 transmission and that employees have been trained on how to use 
safety equipment. YES means that the business has done this and that certification is 
posted near the store entrance and NO means they did not obtain this certification. 

 
The one attribute included that may not appear to be directly related to reducing COVID 
transmission is the price level being charged relative to pre-COVID prices. We told 
respondents that “The prices a business charges can be higher (which might reflect the 
higher cost of doing business more safely when COVID is a risk), lower (which might reflect 
the business trying to attract more customers), or about the same as before the pandemic. 
This attribute also provides an external reference point as to how large the effect of 
undertaking other actions are.  
 
Specific descriptions of the other attributes can be found in the survey instrument which is 
included as Appendix A. The changes in the language used to describe the Facemask attribute are 
provided in Appendix B. 
 
Volumetric Choice Experiment Scenario 
 
The choice task that respondents faced is perhaps best understood by directly examining it. 
Figure 1a displays the initial choice task a Wave 1 respondent saw (in this case assigned to the 
restaurant and bar grouping) in the form of a worked example. The survey text (see Appendix A) 
walks a respondent through in terms of how to do the task and what particular answers mean. It 
comes after describing what types of business are in the different restaurant and bars categories, 
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for instance food trucks are in the food served outdoor or takeout, and after the seven attributes 
(and their accompanying levels) defining the VCE were explained in detail.  

Figure 1a  

How many times would you visit each in the next three months (choose ONLY ONE number of times 
for each … if you would not go at all, then choose 0): 

 

Before seeing the choice scenario in Figure 1a, respondents were shown a figure that had similar response 
categories, but without any of the COVID-related attributes. It asked them how many times they had 
visited businesses in each of the categories in roughly the same three-month time period before COVID-
19. This served several purposes such as collecting retrospective baseline data on visits that could be used 
a) to help predict the number of visits respondents chose in the scenarios they faced, and b) to define 
which respondents are actually in the market for specific business categories (e.g., someone who has 
never been to a nail salon in pre-COVID times is unlikely to make a visit to such an establishment as nail 
salons start to reopen).  
 
Figure 1b displays the same worked example scenario one of the VCE choice scenario that some 
respondents saw in the second wave of the survey. This time the example is from retail store grouping. 
Note that at random, “Not required or encouraged” appears twice as the level of the Facemask attribute 
for two retail categories, “Voluntary requirement for those not vaccinated” for one and “Not required 
with proof of vaccination” both once. The fourth level of the attribute “Not required or enforced” also 
appears once. 
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Figure 1b 
 

 
Implementation of Experimental Design 

Volumetric Choice Experiments (VCEs) are relatively new and are a natural extension of the 
widely used discrete choice experiments. They were developed and introduced by members of 
the Choiceflows team as part of a large SSHRC grant to the University of Guelph (2015-2020). 
VCEs recognize that virtually all choices have volumetric or quantity components (e.g., the choice 
of airline is discrete for one trip, but over the course of a year an individual may take multiple 
flights on several different airlines or all of their flights on a single airline; likewise at any given 
point in time a consumer decides whether to visit a particular type of store or not, but over say 
a three month time window, the relevant variable is a count of how many times visits were made 
to the store). VCEs rely on theory that views all products/services as consisting of combinations 
of attributes/features. Thus, ANY choice option is simply a combination of the attributes/features 
of interest and their levels (values each can take on). A VCE takes advantage of this situation by 
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using various experimental designs to create combinations pf attributes/levels, with each 
combination potentially being a choice option. The advantage of using experimental designs to 
create VCE combinations is that this insures certain statistical properties will apply when 
modelling the volumetric choices (e.g., identification and efficiency).  

The Restart WA VCE consists of three separate VCEs, one for each of three broad grouping of 
businesses: personal services, restaurants and bars and retail stores. The Restart WA team 
developed a list of attributes to describe each retailer; the attributes represent incentives and 
disincentives for visiting each retailer. Choiceflows developed an orthogonal main effects 
experimental design that could be used in each retail category. The designs vary two attributes 
at four levels and five attributes at 2 levels. Waves 1 and 2 use the same design with the only 
difference being the swapping of the 2-level Facemask attribute and 4-level Price attribute in 
Wave 1 for a 4-level Facemask attribute and 2-level Price attribute in Wave 2. 

This is known as an “Alternative-Specific” design because it allows each of the four retail options 
in each retail category to vary separately. Technically, the design is a 2^20 x 4^8 orthogonal 
fractional factorial selected from one of many available catalogs of such designs. The design 
creates 64 different sets of four retail options for each retail category (known as “choice sets”). 
A sample of individuals received 8 of the 64 choice sets (combinations); hence, there were eight 
versions of each retail category VCE survey. Each individual indicated how many times they would 
visit each retail option in each choice set. These volumetric choices are what is analyzed 
statistically to develop models that can predict how individuals are likely to respond to each 
combination of incentives and disincentives retailers can adopt (or not).  

Implementation of Survey 

Our volumetric choice experiment was contained in a survey that was implemented using an 

internet panel by MACRO Consulting. The sample was drawn to be representative of adults in the 

State of Washington. We targeted 1800 completed interviews in Wave 1 and 1200 completed 

interviews in Wave 2. Respondents were randomly assigned to one of the three business 

groupings: personal services, restaurants and bars, and retail stores. We obtained 602, 601 and 

604, respectively for each of these groupings in Wave 1, and 411, 412, and 407, respectively, in 

Wave 2. Within each grouping, a respondent was randomly assigned to a particular experimental 

treatment, which is discussed in more detailed in the next section.  

Any specific random sample diverges from the population it is intended to represent. We 

followed standard procedures to correct for this by applying survey weights to calculated 

statistics. Those survey weights are based on the U.S. Census Bureau’s 2019 American 

Community Survey (ACS) for the State of Washington. They effectively divide the ACS public use 

file into eight cells based on gender, the source of the largest divergence (women over 

represented in Wave 1 of our survey relative to their fraction in the ACS), being below age 46 

(the median age) or not, and being Hispanic or not.  Each of the three groupings in each of the 

two waves was separately weighted using the ACS as the reference population.   
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Volumetric Choice Model: Intuition and Implementation Details  

The precise question we sought to answer was “How do changes in attribute levels, alone or in 

combination change the predicted number of visits to a specific business category relative to the 

number of visits in a “baseline” scenario where attribute levels are set to their pre-COVID levels?” 

The dependent variable formally modelled was the number of visits a respondent expects to 

make to a specific category of business in a three-month time period. These visits are integer 

counts, Vict = 0, 1, 2, … , where i denotes the respondent, c denotes which of the four categories 

in the group the count is for and t denotes the which of the t=1, …, 8, choice occasions. The 

predictor variables are the levels of the seven different attributes, the number of trips taken pre-

COVID in the similar three-month time period, characteristics of the respondents and the survey 

weights.  

Data of this form are typically fit using a count data model like the Poisson or negative binomial. 

The Poisson model imposes the restriction that the condition mean estimate of the visit counts 

is equal to the conditional variance of those counts. The negative binomial is more flexible 

allowing for over-dispersed data where the conditional variance is larger than the conditional 

mean. We use the negative binomial model, and the particular specification for the conditional 

variance we used is known as NB2. Like the quasi-Maximum Likelihood Poisson model, this form 

of the negative binomial is robust against misspecification of the conditional mean part of the 

model. 

Within a business group, we exploited the fact that there was likely to be positive correlation 

between visits to each of the different categories, as long as past visits to that category were 

positive. The correlation was exploited by including a common random component that allows 

for a distribution of individual-specific constant terms. These constant terms imply that some 

individuals were more willing to go back to all the previously visited categories in the group while 

others were less willing. A random, rather than fixed, effect framework is implemented for two 

reasons: 1) our respondents come from a random sample, and 2) we are not interested in their 

individual intercept terms, which are poorly identified, but rather on the distribution of those 

intercept terms in the population of adult residents of Washington.   

The use of a common random effect component implies that we need to estimate the model by 

stacking the eight choice sets for each respondent for each of the four categories on top of each 

other. So, the ultimate length of the vector of the dependent variable is the number of 

respondents times eight (choice sets) times four (categories in the large grouping). The attribute 

levels the respondent saw are attached to the appropriate choice of the number of visits as is the 

number of prior visits.  The demographic variables are also attached by duplicating them for each 

of the four categories and within them the eight volumetric choices. The model was estimated 

using Stata 16’s mnbreg procedure using robust standard errors, which were clustered at the 

respondent ID level to account for each respondent contributing multiple observations to the 
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estimation procedure. The variable RB was used to define the set of four categories for each 

group. Each category was allowed to have its own set of parameters for the attribute levels and 

demographic variables and, thus would be equivalent to separate count data regression models 

for each category without the common random intercept component.  

One caveat is that we treated the last two response categories as exact rather than as an interval. 

Specifically we set [5-9] to its midpoint of 7; more than ten was set to 15 due to the inability of 

mnbreg’s (mixed-effects negative binomial regression) inability to handle interval censored data. 

Fitting the model accommodating interval censoring but not the random intercept component 

did not appreciably change the interpretation of the main parameters of interest, but it was clear 

that accommodating the random component was more important than the interval censoring. 

With respect to the attributes, the five two-level attributes were implemented as binary indicator 

variables. The capacity attribute was implemented using binary indicator variables for 3 of the 

four levels (the other level served as the reference category). The four-level price variable was 

treated as a continuous covariate.   

The number of prior visits was used to exclude observations from being used in the parameter 

estimates for the attribute levels of a particular category, if the number of pre-Covid visits to that 

category was zero. The variable itself was entered into the log model giving it an elasticity 

interpretation, where a value of 1.00 indicates that if an individual took one more trip in the past 

than another individual, they would be expected to take one more trip in the next three months. 

Positive parameter values less than 1.00 indicate that past trips were being converted to current 

trips on the margin at less than a 1 to 1 ratio, suggesting recovery to pre-COVID conditions has 

not yet occurred.  

We implemented one other restriction on the sample used for estimation, namely to exclude 

respondents who stated in all eight choice sets for a category they would undertake zero visits. 

From a technical perspective, these respondents provided no information about the role played 

by the different attributes and their levels because their response was always the same. Given 

the wide range of attribute levels a respondent sees, such choice behavior indicates that the 

respondent was not ready to start visiting that category of business yet. We used this information 

to provide a separate estimate of the fraction of prior visitors who were prepared to make current 

visits in the Decision Support System that incorporates our modeling results.   

We included several demographic covariates in the model, including binary indicator variables for 

being Male and for ethnic/racial categories (Native American, Black, Hispanic, Asian 

American/Pacific Islander, Other Race, where it is possible to fall into more than one of these 

categories). Age was included as a continuous variable. Indicator variables were used for being a 

college graduate and for single or divorced.  

It is important to note these demographic variables can play three distinct roles in a model. First, 

they may predict differences in past visits to the category. For instance, women were more likely 

to frequent nail salons than men. This effect and other demographic effects were not estimated, 
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but instead captured in the past visits variable, which was used directly in the model as a lagged 

endogenous variable. The past visits variable is predetermined from the perspective of predicting 

current visits. Second, the main use of demographic variables is to capture differences in proclivity 

to make current visits not captured by the past visit variable. These effects can be seen as shifting 

the constant/intercept term up and down differentially by demographic groups. Third, it is 

possible that different demographic groups respond differently to the COVID-related attributes. 

These are potentially modeled by interacting demographic variables with experimentally assigned 

attributes.   

Two auxiliary variables were included. The first is a set of block design variables that control for 

the possibility that a particular set of VCE scenarios that one group of respondents received had 

a block of eight scenarios that was systematically more or less attractive than another group. 

These effects generally were small and insignificant. The second was a set of indicator variables 

for the order in which scenarios were seen. These results suggested that for the retail stores 

grouping the first planned visit response was significantly higher on the order of about 0.5 visits. 

For personal services, the sign of this effect was the same but generally insignificant and on the 

order of about 0.1 visits. The retail categories were intermediate, generally significant and on the 

order of about 0.4 visits. A similar effect is often observed in discrete choice experiments.     

The survey weight variable accounts for systematic deviations of the sample from the population, 

and was included as an explicit regressor. This practice, relative to other ways of using the survey 

weights, tends to result in more conservative confidence intervals for parameter estimates.  The 

parameter estimate on this variable also had a direct interpretation in this model: were 

respondents who are less likely to be included in our sample likely to take either more or fewer 

visits. 

Visit Ratios 

The predicted number of visits to businesses in a particular category was not an easily interpreted 

statistic because it lacks context. To rectify this and make the modeling results more accessible, 

we used the ratio of predicted trips under a particular scenario to the predicted number of trips 

under a well-defined baseline scenario. The ratio is converted to percentage terms by multiplying 

it by 100; So, an estimated ratio of 125% implied that customers would make 25% more trips 

under the scenario being considered relative to the baseline scenario. By keeping the baseline 

scenario constant, any number of different scenarios can be directly compared with the same 

metric using the (percentage-based) ratio estimates.   

The baseline scenario we used can be roughly interpreted as pre-COVID conditions. That is, the 

business is charging the same level of prices as they did pre-COVID, they are operating at 100% 

of normal capacity, they do not require facemasks, their employees are not vaccinated, they 

don’t have a 3rd party certificate for undertaking COVID health and safety measures, they don’t 

display visible cleanliness measures to customers, and they don’t offer reduced contact service. 
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To put the ratio of visits under a specific alternative versus the base in concrete mathematical 

terms, assume for simplicity that two attributes, X and Z, were experimentally varied across 

scenarios for a particular category, that H is a set of respondent characteristics that remain 

constant across scenarios, and that in each scenario (for each category) a respondent indicated 

y, the number of visits they would make under that scenario. The specification of the count 

portion of the negative binomial is: 

(1) E[Ln(y)] = αX + βZ + ϓH,  

where α, β, and ϓ are estimated parameters. Expected visits are found by exponentiating both 

sides: 

(2) E[y] = exp(αX + βZ + ϓH). 

To calculate the ratio of expected visits under two different scenarios define the base scenario 

by X0 and Z0, and look at an alternative scenario where we change X0 to X1 and Z0 to Z1. Because 

of the linear in parameters specification, the implications of only changing one attribute such as 

X0 to X1 or simultaneously changing additional attributes that were experimentally varied is 

straightforward.  

Thus the ratio variable of interest, R, is defined by taking the ratio of the expected number of 

trips under the two scenarios: 

(3) R = [exp(αX1 + βZ1 + ϓH)]/[exp(αX0 + βZ0 + ϓH)]. 

With some algebraic simplification to reflect the independence of irrelative alternatives (IIA) 

assumption implied by (3), we have 

(4) R = exp(α[X1 – X0] + β[Z1 - Z0]).  

The implication of (4) is that only changes in attributes (or attributes interacted with covariates) 

influence ratio R. (It is important to note that the covariates Z do influence all parameter 

estimates and standard errors.) The intuition behind this result is that, if a variable influences 

both the base and alternative scenarios in the same way, that influence drops out of the ratio.  

Let’s look at a simple example, using parameter estimates from the EatOut category (see 

Appendix D), where the only change in the alternative scenario relative to the baseline scenario 

is that facemasks and social distancing is required of all. Let this change be represented by X1 

(which takes on the value of one as an indicator variable) with X0 taking on value of zero). Plugging 

in the relevant coefficient on facemask attribute (.2508), into Eq. (4) (exp[.2508*(1 – 0)] and 

converting the estimate to a percentage by multiplying by 100, yields an estimate that requiring 

facemasks would increase visits to businesses in the EatOut category by 129% relative to the 

baseline. Again, important caveats are that all businesses face unique circumstances. This 29% 

increase in visits relative to baseline should be interpreted as the prediction that would apply if 

all businesses in the category implemented the mandatory facemask/social distancing 

requirement.  



12 
 

We now look at another alternative for the EatOut category where businesses in the category 

require facemasks of all and also implement visible cleanliness measures. Now the coefficients 

on both of these attributes come into play and the estimate of the ratio of predicted visits 

increases from 129% to 142% with the implementation of the second COVID-reducing action. 

General Findings 

The model provided a good fit to the data. The data from Waves 1 & 2 were reasonably consistent 

with each other, and more so, if differences are allowed along predictable (and easily modeled) 

lines such as pre-Covid visit patterns and moving toward the preferences of the vaccinated as 

that fraction increases. There was widespread agreement between the exemplars/categories 

representing one of the three groupings on the sign and rough magnitude of the effects of some 

attributes. But there were some key differences across the three groups with some interesting 

and often intuitive divergences in specific categories. Enforcing facemasks and social distancing 

substantially increased expected visits relative to doing nothing with few exceptions. One of 

those was fitness services (gyms and yoga) which put almost no weight on this attribute (perhaps 

not surprising).  

What was surprising was that introducing two additional levels, facemasks not required with 

proof of vaccination and voluntary requirement for those not vaccinated, did not dominate the 

original binary yes required/not required. A bit of additional analysis on this data suggested why: 

For those who are or soon are to be vaccinated, the most preferred level on the Facemask 

attribute was to require unless proof of vaccination, followed by required of all. The more 

strongly vaccine hesitant preferred no mask requirement, and, to some degree, were split 

between voluntary for the unvaccinated and requiring of all. Their least preferred option was to 

require without proof of vaccination. It is easy to see the pattern that the “require of all” level of 

the Facemask attribute is the most straightforward compromise. The rising vaccination fraction 

will eventually push this toward its most preferred alternative, “facemasks required unless proof 

of vaccination”.     

For almost all of the 12 categories, there was little relationship between the percent of capacity 

at which the business category was operating and planned visits. This was a bit of a change from 

looking only at the first wave data where there was a weak preference for operating at 75% 

capacity, and in a few instances at lower than that. Only for local retail stores was there some 

substantive evidence from the survey that operating at less than full capacity increases planned 

visits. 

Having employees at a business all vaccinated substantively increased planned trips in almost all 

categories. Wave 2 substantively increased the magnitude of this result, for two reasons: 1) most 

of this effect was driven by those who have been or will soon be vaccinated and this fraction 

increased between the two waves; 2) among those who are or will soon be vaccinated the 

preference for making more visits when employees are vaccinated increased. Again, this is largely 
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among those who have or will soon be vaccinated, and perhaps reflect lessening concerns about 

some workers not having the opportunity to be vaccinated. 

In the first wave, this vaccination status was originally entered in the model as an interaction with 

the attribute involving having all employees being vaccinated. In the report on the first wave, 

presciently foreseen was that as the fraction vaccinated increased, the overall fraction of the 

public supporting having employees vaccinated would substantially increase. For simplicity the 

current model no longer included this interaction term. Prior experience with the first wave 

suggested this effect will continue to increase with higher vaccination rates. 

Third party health/safety certification and measures of visible cleanliness did little to increase 

visits in most categories, but it was easy to pick in which of the 12 categories these should matter. 

It was not surprising that visible signs that cleanliness measures were being undertaken increases 

the predicted number of planned visits the hair category. Providing a reduced contact service 

generally did little to increase planned visits. The one noteworthy exception was the bars 

category. That is, it was unexpected until we looked around and saw examples of pre-formed 

groups going to bars, suitably social distanced and ordering off their cell phones. The last 

attribute, price change from pre-COVID levels, had the (statistically significant) negative effect on 

planned visits predicted by economic theory. However. It is noteworthy that respondents earlier 

were told that (positive) price changes might be needed to help businesses get through dealing 

with the pandemic, so our estimated negative price effect might be dampened a bit.   

We now summarize information about other parts of the choice model. We noted earlier the key 

role that past visits should play in predicting planned visits. This variable, as expected, was always 

the most important predictor in the models estimated. Since this variable was entered in log form 

it had a natural elasticity interpretation of what fraction of the marginal trip recovered across the 

different volumetric choice scenarios respondents saw. These elasticities are displayed in Table 

1a (Wave 1) and Table 1b (Wave 2) for the 12 different business categories. In the first Wave, 

They ranged from .6 for gyms, and above .5 for hair and for big national retailers, to the mid .3 

to .4 for the restaurant and bar categories and some of the personal services and retail 

categories. The second Wave estimates generally showed increasing recovery of marginal visits. 

This was most pronounced in the retail category, where all estimates now are above .5. The two 

originally lagging personal services categories, nails and massage made substantial increases to 

the mid-.5 range, while the two lagging restaurant and bar categories, table service restaurants 

and bars moved into the low .4 range. Notably, there was little change in the EatOut and Counter 

service restaurants or in the gym categories.  

 

 

 

Table 1a 
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Personal 
Services 

Elasticity Restaurants 
& Bars 

Elasticity Retail Stores Elasticity 

    Hair 0.5389 EatOut 0.4384 BigNat 0.5248 

    Nails 0.4312 Counter 0.3763 SpecNat 0.3752 

    Massage 0.3462 Table 0.3635 Local 0.4739 

    Gyms 0.6170 Bars 0.3371 Gift 0.3934 
  
 

Table 1b 
 

Personal 
Services 

Elasticity Restaurants 
& Bars 

Elasticity Retail Stores Elasticity 

    Hair 0.6425 EatOut 0.4384 BigNat 0.6110 

    Nails 0.5518 Counter 0.4341 SpecNat 0.5322 

    Massage 0.5378 Table 0.4143 Local 0.5616 

    Gyms 0.5492 Bars 0.4251 Gift 0.6069 
                    

Most of the demographic covariates had small, and inconsistent effects, across categories, which 

was not a surprising result if one thought all demographically driven differences in visit behavior 

to the category already were incorporated the prior visits variable. There were a few consistent 

differences worth at least a brief mention. In Wave 1, there were indications that The Hispanics 

were likely to plan more visits. In the combined Wave 1 and 2 model, this effect was still positive 

but was weaker and no longer statistically significant. On the other hand, across the groupings, a 

weak positive effect for men was amplified.  The second is the indicator variable for having been 

or soon to be vaccinated was negative and typically statistically significant across the categories 

in the first Wave.  

This suggests that making the vaccinated portion of the population feel safe in returning to 

activities that require visits to businesses in our categories is a major component of any successful 

effort to restore business visits to their pre-Covid levels.  

The survey weight variables typically were not significant in the count regression model and when 

significant suggested our sample was somewhat more predisposed to making visits than the 

population as a whole. For instance, the survey weights effectively adjusted the number of 

predicted visits to gyms downward. 

The model’s negative binomial overdispersion parameters were positive and highly significant, 

suggesting that that the negative binomial provided a better fit to the data than the Poisson 

specification. However, these overdispersion parameters were  not very large, suggesting that 

the use of prior visits worked well in terms of normalizing the conditional expectations part of 

the model.  
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Across the three groupings, the random component acted as a distribution of individual specific 

intercept terms and was highly significant, suggesting a common factor drove visits at the 

individual level across the four categories in each of the three larger groupings. 

Personal Services 

Model parameter estimates for the Personal Services groupings are provided in Appendix C. 

Capacity limits in the personal services category were not important predictors of visits to 

businesses in any of the four categories. Price increases reduced visits in all four categories in this 

grouping, but only were statistically significant for the hair and gym categories, with the effect 

particularly large for hair. 

Requiring facemasks and social distancing by all maximized planned visits in the hair and nail 

categories. In contrast, planned visit to businesses in the Massage or Gym categories were not 

responsive to the particular facemask option adopted. For hair salons, “required without proof 

of vaccination,” was preferred to “voluntary,” which in turn was preferred to facemasks not being 

required, although differences between these were small. For Nails, there was no clear ordering 

after facemask being required of all.   

The net effect of the vaccinate employees attribute was positive for all four categories, but 

sizeable only for hair and massage.  There was a positive effect on visits of having a 3rd party 

health and safety certification on all categories in this grouping except for gyms, where the effect 

was negative but close to zero and statistically insignificant. This effect was largest and only 

statistically significant for Hair and Nails. Visible cleanliness measures were substantially more 

important in terms of increasing predicted visits to all four of the categories in this grouping. This 

effect was particularly large for Hair and to a lesser degree for Nails. Offering reduce contact 

services had little influence on predicted visits. 

In the first Wave, the Gym and Hair categories had the highest elasticities with respect to past 

visits, both being above .5. In Wave 2, Nails and Message, while still having lower elasticities, 

enjoyed considerable increases and are now above .5. The Hair elasticity increased from .56 to 

.62, while the Gym elasticity was essentially unchanged.  

Men appeared a bit more willing to return to their previous visitation pattern to the four 

categories of businesses in the personal services grouping relative to women. Native American 

were less likely across the categories. Hispanics were more likely to return to their prior visit 

pattern for Hair and Nails. Single and divorced respondents were somewhat less likely across all 

four categories to plan future visits. Older respondents were a bit less likely to return to their 

prior visitation pattern for Hair and Massage.   

It sometimes useful to look at what fraction of the sample indicated they had difficulty 

understanding the information presented, 2.9% said they found it very hard to understand the 

information and scenarios, and 2.4% found it very difficult to come with an estimate of how many 
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times they would visit the category. These were on the low side of what is typically seen in surveys 

like this.  

Restaurants & Bars 

Model parameter estimates for the Personal Services groupings are provided in Appendix D. 

Capacity limits in the Restaurant & Bars grouping which were of moderate importance in Wave 

1, no longer seemed to have much influence on planned visits in any of the four categories in this 

grouping. Raising prices had a negative effect on planned visits for all four categories in this 

grouping. The effect was largest for EatOut and still quite large and highly significant for Counter 

and Table. The much smaller negative effect was statistically insignificant for Bars. 

The option that maximized planned visits across all four categories was requiring facemasks and 

social distancing for everyone. The option that minimized planned visits tended to be asking for 

voluntary compliance by wearing a facemask for those not vaccinated. For EatOut, Counter, and 

Table, the option (after requiring of all) that maximized planned visits was requiring facemasks 

of those not showing proof of vaccination. Perhaps not surprising, for Bars, all options other than 

requiring facemasks of all, were statistically indistinguishable from each other.  

The overall impact of vaccinating employees was positive and particularly strong for the EatOut 

and Table service categories, being a bit weaker the Counter service/coffee category. The effect 

was positive but small and statistically insignificant. Taken as a whole, and with the possible 

exception of the bar category, this suggested that a business having all of its employees 

vaccinated will increase visits and this effect will grow larger over time as the fraction of the 

population which is vaccinated grows. 

Possessing a 3rd party health and safety certification had a positive but not very large effect on 

driving visits for the categories in this grouping, with the exception of Counter where the effect 

was reasonably large and positive followed by the EatOut category. In contrast, the Table 

category got a more sizeable boost from deploying visible cleanliness measures, which also were 

useful but not to the same degree for the other three categories. Only bars got a noticeable 

increase in visits by offering reduced contact service. This is perhaps not surprising, as EatOut is 

already a reduced contact service and, to a large extent, so is Counter. A number of bars seem to 

be offering the ability of pre-formed parties to isolate themselves from others and to have less 

contact with bar staff via ordering online and pickup counters.   

Turning to past visits, all four categories showed that they recovered to about 35% of the previous 

marginal trip in Wave 1, with this elasticity being a bit higher for EatOut, as one might expect. By 

Wave 2, these elasticities had recovered to the low .4’s, the largest increases from Wave 1 being 

in the Table and Bar categories. Men now were more likely to be planning more trips to all 

categories in this restaurant and bar grouping relative to women, after taking account of pre-

Covid visit patterns. Otherwise, there was no consistent pattern of results across a suite of 

demographic variables, with men and women moving back toward their pre-COVID visit count at 

different speeds.     
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It sometimes useful to look at what fraction of the sample indicated they had difficulty 

understanding the information presented: 2.7% said they found it very hard to understand the 

information and scenarios, and 3.4% found it very difficult to estimate how many times they 

would visit the category. These are on the low side of what is typically seen in surveys of this 

type.  

Retail Stores 

Model parameter estimates for the Personal Services groupings are provided in Appendix E. For 

big national retailers and specialized national retailers, there was no significant consistent 

pattern with respect to capacity. Local mildly retail was bimodal, with respondents preferring 

25% and 75% capacity levels to 50% and 100%, which may reflect different perceptions of local 

retail store sizes. The gift store (crafts/gifts/souvenirs) category displayed no preference for 

capacity constraints, and indeed if anything planned visits were maximized at 100%. Price 

increases from pre-COVID levels had a strong negative effect on planned visits for all four 

categories.  

Across all retail categories, requiring facemasks and social distancing by all predicted increased 

visits. This effect was quite large for big national retail, specialized national retail, and local retail. 

It was positive and significant for the gift store category but much smaller in magnitude. For big 

national and Local retailers, requiring proof of vaccination not to wear a mask and asking the 

unvaccinated to voluntarily wear a mask essentially were indistinguishable and clearly preferred 

to the no facemask policy option. This was also  true of specialized national retailers, except that 

on average, respondents were notably more favorable to “the require without proof” option than 

the voluntary option, which essentially was viewed the same as the no facemask option. In the 

Gift category, voluntary Facemask was seen as a particularly unattractive option.   

Respondents visiting big national retail, specialized national retail, and local retail had strong 

preferences for vaccinated employees, and this action had a substantive impact on planned trips. 

The effect was positive, but smaller and only marginally significant for the Gift category.  

Both obtaining a 3rd party health and safety certification and deploying visible cleanliness 

measures were consistently important to all four business categories in this grouping who want 

to increase their traffic. Offering “Reduced contact service” had positive moderate gains for the 

first three retail categories but not for Gifts. 

In Wave 1 Big national retailers followed by local retail had the best recovery of marginal trips, 

with an elasticity of around .5.  In Wave 2, this continued to improve. Specialized national 

retailers also improved but still noticeably lag. In Wave 2, the Gift category had a much larger 

improvement.  

There generally were small demographic effects, suggesting that these effects were captured in 

the prior visit variable, but some of these are interesting and worth noting.  
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Men relative to women and Blacks relative to other racial groups were planning more trips to 

categories in this group. There still appeared to be some hesitancy to return to their previous 

pattern of visitation among those already vaccinated, although it declined a bit since Wave 1. 

It sometimes useful to look at what fraction of the sample indicated they had difficulty 

understanding the information presented: 4.4% said they found it very hard to understand the 

information and scenarios, and 2.2% found it very difficult to come with an estimate of how many 

times they would visit the category. These are on the low side of what is typically seen in these 

types of surveys.  

Decision Support System 

The modeling results are not easily interpreted by those without a background in econometrics 

or statistics. They can be made user-friendly to a broad audience by designing an easy to use 

decision support system (DSS).   

A DSS is a simulation tool that allows users to ask “What-if?” questions and quickly and easily get 

answers. Our DSS allows a user to ask how user visits to businesses in a specific category of 

business chosen are likely to change depending on what action or combination of actions these 

businesses take to reduce to reduce COVID transmission, while it remains a significant threat. 

The user simply needs to point and click to change a particular level of an action (e.g., a price 

change of +10% or moving from not having employees vaccinated to being vaccinated). 

The predicted number of trips to a business category under a set of actions is not very informative 

by itself, since there is large variation in the number of businesses in each category and in 

different geographic locals. What is more meaningful is the ratio of predicted visits under a 

particular scenario defined by a set of attribute levels and a baseline scenario. By using the same 

baseline scenario, all the very large number of scenarios defined by the possible combinations of 

attribute levels can be compared with a well-defined metric: the percentage change in visits 

relative to the scenario chosen to be the baseline. 

While this ability to compare scenarios in percentage change terms does not depend on which 

set of attributes is chosen to be the baseline scenario, there is an obvious choice for what 

scenario to choose. That is, pre-COVID attribute levels for each of the possible actions: (a) 

facemasks and social distancing is not required, (b) employees are not vaccinated, (c) business 

does not have a 3rd party COVID-related health and safety certification, d) no visible cleanliness 

measures are deployed, e) no reduced contact services are offered, f) business in the category 

are operating at 100% of normal capacity and g) are charging the same level prices as they were 

pre-COVID. The DSS is implemented in an Excel spreadsheet through internal macro 

programming using the estimated model parameters from Appendices B, C and D. 

The DSS will calculate (and displays) the ratio of predicted visits under the set of levels chosen 

for the different actions to visitations from the baseline scenario of pre-COVID levels for each of 

the actions. The ratio is expressed in percentage terms so that an estimate of - say 129% -  means 
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there would be 29% more visits predicted under that alternative scenario than under the pre-

COVID baseline scenario. Users can ask as many “What-if?” questions of the DSS as they like, and 

DSS can handle thousands of possible combinations of actions that businesses can potentially 

take. Figure 2 shows the internal version of the DSS built for the first wave. The updated version 

is based on the combined results of the two waves and has the four level Facemask attribute. 

It is important to note two things here. First, the DSS does not build in competition within a 

category between businesses where one cluster effectively adopts the baseline scenario and 

another cluster implements all the COVID reducing actions. Nor does it allow for the possibility 

of a situation where, for example, local retailers strategically compete on Covid measures like 

requiring facemasks once they saw their counterparts among specialized national retailers had 

locked themselves into company level policies. In both instances, the assumption made is the 

entire category has adopted the set of actions and all businesses in the category follow them and 

that actions adopted by one category do not influence what actions another category adopts. 

Second, taking actions to increase the number of visits may or may not be in the financial interest 

of any particular business because like other actions a business could take such as advertising to 

increase traffic, a business needs to be able to reliably estimate two other quantities: 1) the cost 

associated with taking the particular set of actions, and 2) the change in profits are likely to 

accompany the change in visits, which by themselves do not generate revenue. As such this DSS 

is designed to provide only one well-defined input to that process. 

Figure 2: Excel Version of Decision Support System’s Visual Front End (Wave 1) 
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Appendix A: Survey Instruments for Restaurants and Bars, Retail Stores and Personal Services 
 

 
 

Thank you for your participation. This survey will help businesses and government officials in 

the State of Washington understand how customers are likely to respond to actions they can take 

to protect customers against COVID- 19. 

We may ask you about restaurants and bars, retail stores, or personal services. In each case, you 

need to think about how many times you would be likely to visit that type of business in the next 

three months, considering the actions the business is taking to influence the transmission of 

COVID-19. 

Then we will ask you a set of questions that ask about how your situation has changed in various 

ways in response to COVID. The last part of the surveys asks questions that allow us to compare 

answers from different types of people, such as males and females, older and younger people. 

Your answers to this survey will remain completely anonymous. We cannot and will not reveal 

any specific person’s answers. Businesses and government officials will be provided with a 

summary of the overall survey results. 

 

 

Preamble1 

Next 



Preamble2 
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Please read the information below carefully. It will provide you with information 

on actions businesses could do that influence how protected customers are 

from getting COVID-19. If you forget a particular action during the survey, you 

can simply put your mouse pointer on it and go back to this page to see it again. 

Here is a description of the actions that businesses could take. 

1. Enforce facemasks & social distancing. The business has posted a sign near 

the store entrance informing potential customers that it enforces facemasks 

and social distancing. YES means that the business does this and NO means 

they are not doing this. 

2. Vaccinate employees against COVID-19 at this business. The business has 

posted a sign near the store entrance informing potential customers of this. YES 

means that the business has done this and NO means they did not. 

3. 3rd Party COVID Health & Safety certification has been given to this 

business for demonstrating that it has taken key steps to improve ventilation 

and workflow to reduce COVID-19 transmission and that employees have been 

trained on how to use safety equipment. YES means that the business has done 

this and that certification is posted near the store entrance and NO means they 

did not obtain this certification. 

Continued on the next page... 
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4. Visible cleanliness measures means that business is noticeably clean with 

employees frequently sanitizing surfaces and hand sanitizer is available to customers. 

YES means that the business is taking this action and NO means they are not. 

5. Reduced contact service is intended to minimize the amount of contact 

between you and other people (employees and customers). These services include 

things like being able to pick up orders phoned in or done over the internet, 

scheduling appointments with sales people or stylists, employees loading groceries 

and large items, and special hours for the elderly. YES means that the business offers 

reduced contact service and NO means they do not. 

6. Capacity measures the percent of normal capacity the business is operating at. 100% 

means the business is operating at their full pre-COVID normal capacity. 75% means 

that they are operating at 75% of normal capacity (serving 25% fewer customers). 50% 

means they are operating at 50% of normal capacity (serving 50% fewer customers) and 

25% means they are operating at 25% of normal capacity (serving 75% fewer 

customers). 

7. Pricing measures the prices being charged relative to pre-COVID prices. The prices 

a business charges can be higher (which might reflect the higher cost of doing business 

more safely when COVID is a risk), lower (which might reflect the business trying to 

attract more customers), or about the same as before the pandemic. A “10% more” 

change indicates the business’s prices have increased about 10%, while a “20% more” 

change indicates the prices have increased about 20%. A “10% less" change indicates 

that prices have decreased by about 10%. “Same prices” indicates that the business is 

charging about what it did before the pandemic. 
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Now we will show you 8 scenarios. They describe actions restaurants and bars 

in Washington can take. 

We are interested in four categories of restaurants and bars: 

A. Food served outdoors or take away, including drive through 

windows/pickup lines and food trucks. 

B. Indoor coffee/food with counter service at cafés and fast food 

restaurants. 

C. Indoor dining with table service at restaurants. 

D. Bars. 

We are first going to ask you about how many times, before the COVID- 

pandemic, you usually visited each of these four categories of restaurants and 

bars during the three month period, May, June and July. Then you will be 

asked about how many times you would be likely to visit businesses in each 

category if they take different actions to reduce COVID-related risk. 
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About how many times did you typically visit each in the May to July three month 

period before COVID-19 (chose ONLY ONE number for the number of times you 

typically went … if you did not go at all chose 0): 

 

4 Categories of Restaurants and Bars for You to Consider 

 Food served 

outdoors / takeout 

Indoor coffee / food 

with counter service 

Indoor dining with 

table service 
Bars 

About how many 

times did you 

typically visit 

each in the May 

to July three 

month period 

before COVID-19 

(chose ONLY 

ONE number for 

the number of 

times you 

typically went … 

if you did not go 

at all chose 0): 

FoodServed 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

IndoorCoffee 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

IndoorDining 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

Bars 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 
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Now we are going to show different scenarios. The first is just an example of the 

sort of questions you will be asked in this section and what the answers mean. 

You can click on the image to zoom in. In each scenario that follows, please give 

us your best estimate of how many times you would visit each of these four 

categories of restaurants and bars described in the next three months assuming 

that all of the businesses in the particular category were following the set of 

COVID-related actions described. 

 

In the above example, the person answering these survey questions checked 3 

times as their best estimate of how many times they would get food served 

outdoors / takeout in the next three months. They then checked more than 10 

times for how many times they expected to visit to Indoor coffee / food places 

with counter service in the next three months. They checked 0 times for (would 

most likely not go to) Indoor dining places with table service in the next three 

months and would likely visit Bars 2 times in the next three months. That’s all 

there is to it! 

 
Now please start with Scenario 1. 
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How many times would you visit each in the next three months (choose ONLY 

ONE number of times for each … if you would not go at all, then choose 0): 

 
You may recall the additional information on any particular action by moving your cursor over it.  

 

Scenario 1 4 Categories of Restaurants and Bars for You to Consider 

Actions food & 

bar providers 

can take 

Food served 

outdoors / takeout 

Indoor coffee / food 

with counter service 

Indoor dining with 

table service 

 
Bars 

Enforces 

facemasks & 

social distancing 

 
No 

 
No 

 
Yes 

 
No 

Vaccinate 

Employees 
No Yes No No 

3rd Party COVID 

Health & Safety 

certification 

 
Yes 

 
Yes 

 
No 

 
Yes 

Visible 

cleanliness 

measures 

 
No 

 
Yes 

 
Yes 

 
No 

Reduce contact 

service 
No Yes Yes No 

Open at % 

normal capacity 
50% 75% 50% 75% 

Pricing (% of 

typical pre- 

Covid-19 price) 

 
10% more 

 
10% less 

 
10% more 

 
10% more 

 Food served 

outdoors / takeout 

Indoor coffee / food 

with counter service 

Indoor dining with 

table service 
Bars 

 

 
How many times 

would you visit 

each in the next 

three months 

(choose ONLY 

ONE number of 

times for each … 

if you would not 

go at all, then 

choose 0): 

cbc1select1a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc1select2a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc1select3a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc1select4a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 
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How well did you understand what these questions about different scenarios and 

categories of restaurants and bars were asking you to do? 
 

    No problems understanding 

    Somewhat hard to understand 

Very hard to understand 
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How much difficulty did you have coming up with an estimate of how many times 

you would be likely to visit these four categories of restaurants and bars under the 

different scenarios? 
 

    Not very difficult 

    Somewhat difficult 

Very difficult 
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Now we will show you 8 scenarios. They describe actions retail stores in 

Washington can take. 

We are interested in four categories of retail stores: 

A. Big general national retailers that sell a wide range of products 

including groceries such as Costco, Target, and Walmart. 

B. Specialized national retailers that sell a more specialized type of 

products such as Albertsons, AutoZone, Best Buy, CVS, Dollar Tree, 

Footlocker, Fred Meyer, Marshalls, Nordstrom, Old Navy, PetSmart, 

Trader Joes, and Walgreens. 

C. Local retail stores selling things like appliances, books and 

magazines, farm/ranch/stable supplies, men and women’s clothing and 

shoes, furniture, pet supplies, sporting goods and toy stores. 

D. Arts and crafts, gift and souvenir stores. 

We are first going to ask you about how many times, before the COVID- 

pandemic, you usually visited each of these four categories of retail stores 

during the three month period, May, June and July. Then you will be asked 

about how many times you would be likely to visit businesses in each category if 

they take different actions to reduce COVID-related risk. 
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About how many times did you typically visit each in the May to July three month 

period before COVID-19 (chose ONLY ONE number for the number of times you 

typically went … if you did not go at all chose 0): 

 

4 Categories of Retail Stores for You to Consider 

 Big general national 

retailers 

Specialized national 

retailers 
Local retail stores 

Arts / crafts, gift & 

souvenir stores 

About how 

many 

times did 

you 

typically 

visit each 

in the May 

to July 

three 

month 

period 

before 

COVID-19 

(chose 

ONLY ONE 

number 

for the 

number of 

times you 

typically 

went … if 

you did not 

go at all 

chose 0): 

 

 

 

 

 

 

BigGeneral 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

 

 

 

 

 

 

SpecializedNational 

 

0 

1 

2 

3 

4 

5-9 

more than 

10 

 

 

 

 

 

 

LocalRetail 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

 

 

 

 

 

 

Arts 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 
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Now we are going to show different scenarios. The first is just an example of the 

sort of questions you will be asked in this section and what the answers mean. 

You can click on the image to zoom in. In each scenario that follows, please give 

us your best estimate of how many times you would visit each of these four 

categories of retail stores described in the next three months assuming that all 

of the businesses in the particular category were following the set of COVID- 

related actions described. 

 

In the above example, the person answering these survey questions checked 3 

times as their best estimate of how many times they would go to big general 

national retailers in the next three months. They then checked more than 10 times 

for how many times they expected to visit to specialized national retailers in the 

next three months. They checked 0 times for (would most likely not go to) local 

retail stores in the next three months and would likely visit arts and crafts, gift and 

souvenir stores 2 times in the next three months. That’s all there is to it! 

 
Now please start with Scenario 1. 
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How many times would you visit each in the next three months (choose ONLY 

ONE number of times for each … if you would not go at all, then choose 0): 

 
You may recall the additional information on any particular action by moving your cursor over it. 

 

Scenario 1 4 Categories of Retail Stores for You to Consider 

Actions retailers 

can take 

Big general national 

retailers 

Specialized national 

retailers 
Local retail stores 

Arts / crafts, gift & 

souvenir stores 

Enforces 

facemasks & 

social distancing 

 
No 

 
Yes 

 
No 

 
No 

Vaccinate 

Employees 
No No Yes Yes 

3rd Party COVID 

Health & Safety 

certification 

 
Yes 

 
Yes 

 
Yes 

 
Yes 

Visible 

cleanliness 

measures 

 
No 

 
No 

 
Yes 

 
Yes 

Reduce contact 

service 
No Yes Yes Yes 

Open at % 

normal capacity 
100% 100% 25% 50% 

Pricing (% of 

typical pre- 

Covid-19 prices) 

 
20% more 

 
10% less 

 
Same prices 

 
10% more 

 Big general national 

retailers 

Specialized national 

retailers 
Local retail stores 

Arts / crafts, gift & 

souvenir stores 

 

 
How many times 

would you visit 

each in the next 

three months 

(choose ONLY 

ONE number of 

times for each … 

if you would not 

go at all, then 

choose 0): 

cbc2select1a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc2select2a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc2select3a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc2select4a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 
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How well did you understand what these questions about different scenarios and 

categories of retail stores were asking you to do? 
 

    No problems understanding 

    Somewhat hard to understand 

Very hard to understand 
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How much difficulty did you have coming up with an estimate of how many times 

you would be likely to visit these four categories of retail stores under the 

different scenarios? 
 

    Not very difficult 

    Somewhat difficult 

Very difficult 
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Now we will show you 8 scenarios. They describe actions personal service 

businesses in Washington can take. 

We are interested in four categories of personal services: 

A. Barber shops and hair salons. 

B. Providers of nail and skin services like nail salons, day spas, and 

suntan studios. 

C. Massage studios and tattoo parlors. 

D. Fitness services like gyms and yoga. 

We are first going to ask you about how many times, before the COVID- 

pandemic, you usually visited each of these four categories of personal 

services during the three month period, May, June and July. Then you will be 

asked about how many times you would be likely to visit businesses in each 

category if they take different actions to reduce COVID-related risk. 
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About how many times did you typically visit each in the May to July three month 

period before COVID-19 (chose ONLY ONE number for the number of times you 

typically went … if you did not go at all chose 0): 

 

4 Categories of Personal Service Providers for You to Consider 

 Barber shops & hair 

salons 

Providers of nail & 

skin services 

Massage studios & 

tattoo parlors 
Fitness services 

About how many 

times did you 

typically visit 

each in the May 

to July three 

month period 

before COVID-19 

(chose ONLY 

ONE number for 

the number of 

times you 

typically went … 

if you did not go 

at all chose 0): 

Barber 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

Nail 
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

Massage  
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 

Fitness  
 

    0 

    1 

    2 

    3 

    4 

    5-9 

more

 than 

10 
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Now we are going to show different scenarios. The first is just an example of the 

sort of questions you will be asked in this section and what the answers mean. 

You can click on the image to zoom in. In each scenario that follows, please give 

us your best estimate of how many times you would visit each of these four 

categories of personal services described in the next three months assuming 

that all of the businesses in the particular category were following the set of 

COVID-related actions described. 

 

In the above example, the person answering these survey questions checked 3 

times as their best estimate of how many times they would go to barber shops 

and hair salons in the next three months. They then checked more than 10 times 

for how many times they expected to visit to providers of nail and skin services in 

the next three months. They checked 0 times for (would most likely not go to) 

massage studios and tattoo parlors in the next three months and would likely go 

to fitness services 2 times in the next three months. That’s all there is to it! 

 
Now please start with Scenario 1. 
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How many times would you visit each in the next three months (choose ONLY 

ONE number of times for each … if you would not go at all, then choose 0): 

 
You may recall the additional information on any particular action by moving your cursor over it. 

 

Scenario 1 4 Categories of Personal Service Providers for You to Consider 

Actions personal 

services 

providers can 

take 

 
Barber shops & hair 

salons 

 
Providers of nail & 

skin services 

 
Massage studios & 

tattoo parlors 

 
Fitness services 

Enforces 

facemasks & 

social distancing 

 
Yes 

 
Yes 

 
No 

 
Yes 

Vaccinate 

Employees 
No No Yes Yes 

3rd Party COVID 

Health & Safety 

certification 

 
No 

 
Yes 

 
No 

 
Yes 

Visible 

cleanliness 

measures 

 
Yes 

 
No 

 
No 

 
Yes 

Reduce contact 

service 
Yes Yes Yes No 

Open at % 

normal capacity 
25% 100% 50% 50% 

Pricing (% of 

typical pre- 

Covid-19 prices) 

 
20% more 

 
10% more 

 
Same prices 

 
20% more 

 Barber shops & hair 

salons 

Providers of nail & 

skin services 

Massage studios & 

tattoo parlors 
Fitness services 

 

 
How many times 

would you visit 

each in the next 

three months 

(choose ONLY 

ONE number of 

times for each … 

if you would not 

go at all, then 

choose 0): 

cbc3select1a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc3select2a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc3select3a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 

cbc3select4a 

 

0 

1 

2 

3 

4 

5-9 

more

 than 

10 
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How well did you understand what these questions about different scenarios and 

categories of personal service providers were asking you to do? 
 

    No problems understanding 

    Somewhat hard to understand 

Very hard to understand 
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How much difficulty did you have coming up with an estimate of how many times 

you would be likely to visit these four categories of personal service providers 

under the different scenarios? 
 

    Not very difficult 

    Somewhat difficult 

Very difficult 
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Please continue to the next section where we ask you questions about yourself 

and your household. 

 
 

Transition 
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Which of these activities are you most and least eager to start doing again on a 

regular basis without having to worry about COVID-19? (Check ONLY ONE Most 

Eager and ONLY ONE Least Eager) 

 
Activities Most Eager Least Eager 

Getting together with family and friends                                    

Going to live entertainment like concerts, movies and 

theater 

 

Getting back to the gym                                    

Attending social events like parties and weddings                                    

Travel for vacation                                    

Getting personal services like massages and haircuts                                    

Dining out 

 

Q1  
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Which of these activities are you most and least eager to start doing again on a 

regular basis without having to worry about COVID-19? (Check ONLY ONE Most 

Eager and ONLY ONE Least Eager) 

Activities Most Eager Least Eager 

Getting together with family and friends 

Going to live entertainment like concerts, movies and theater 

Getting back to the gym 
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Attending social events like parties and weddings                                    

Travel for vacation                                    

Getting personal services like massages and haircuts                                    

Dining out 

 

Back Next 



Q1b  

Which of these activities are you most and least eager to start doing again on a 

regular basis without having to worry about COVID-19? (Check ONLY ONE Most 

Eager and ONLY ONE Least Eager) 

Activities Most Eager Least Eager 

Getting together with family and friends 

Going to live entertainment like concerts, movies and theater 

Getting back to the gym 
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Attending social events like parties and weddings                                    

Travel for vacation                                    

Getting personal services like massages and haircuts                                    

Dining out 
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How many school aged children are in this household? 

 

 

0  

1 
  

2 
  

3 

  

4 
  

5 

 

6+ 

 

 

 

 

 

Back 
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What best describes their school situation? (If multiple children and they are 

being educated differently, pick as many as apply) 

 

    Being educated full time at home (e.g., internet classes) 

Being educated part time in-person at school and part time at home (hybrid learning) 

Being educated full time at school location 

 

 

 

Q2a  
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In the next month, are you likely to take a trip in a bus, commuter train, ferry, 

ride share service like Uber or Lyft, or taxi? 
 

    Yes 

No 
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50 
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Compared to last month, has your current financial situation gotten better, 

stayed the same or gotten worse? 
 

    Better

 Same 

Worse 
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Are you currently working mainly from home? 
 

    Yes 

No 
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Is this because of the COVID-19 pandemic or do you usually work from home? 

 

    Yes, because of COVID-19 No, 

usually work from home 
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How long do you anticipate working mainly from home? 
 

    One month or less 

    Two or three months 

    Four to six months 

    Seven months to the rest of the year 

Will likely continue to work from home in the future 
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Is anyone in your household the owner of a small business? 
 

    Yes 

No 

 

Q6  
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Which ONE of these, best describes your household's small business? 

 

    Operated out of a rented space 

    Operated mainly out of a motor vehicle 

    Operated out of a building/space that I own 

Operated mainly out of my home 
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Over the rest of this year, does your household plan to expand, keep the same, 

or reduce the amount of space your business is currently using? 
 

    Expand 

    Keep the same 

Reduce 
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Have you received a COVID-19 vaccination shot? 

 

    Yes 

No 

 

 

Q7  

Back Next 



Q7a  

 

59 
 

Which of the statements below best reflects your view on getting vaccinated 

against COVID-19? 

 

    Want to get vaccinated as soon as I can 

Likely to get vaccinated but want to wait to see how safe and effective the vaccine is 

    Unlikely to get vaccinated Will 

not get vaccinated 
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What is your best guess as to when you are likely to get vaccinated? 
 

    Before June 

    During the summer (June to August) 

    During the rest of 2021 (September to December) 

    Sometime in 2022 

Sometime later than 2022 or never 
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To ensure you're still paying attention, please select the fourth option below: 
 

    Animals 

    Arts, Culture, Humanities 

    Community Development 

    Education 

    Environment

 Health 

    Human and Civil Rights 

    Human Services 

    International Aid & Development 

Research and Public Policy 
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As noted, now we ask you a few questions to let us compare the answers of 

different types of people like male and female or young and old. Remember all 

your answers are strictly confidential and cannot be associated with you 

personally. We will combine your answers with those from other survey 

participants in a report to Washington State officials at the State and local level. 

 

Break 
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What is your sex? 
 

    Female 

Male 

 

Back Next 



D2  

 

64 
 

In what year were you born? 
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Are you of Hispanic, Latino, or Spanish origin? 
 

    NO, not of Hispanic, Latino or Spanish origin 

    Yes, Mexican, Mexican American, Chicano 

    Yes, Puerto Rican 

    Yes, Cuban 

Yes, another Hispanic, Latino or Spanish origin 
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What is your race? (Check one or more boxes) 
 

    White 

    Black or African American 

    American Indian or Alaska Native 

    Chinese 

    Filipino 

    Asian Indian 

    Vietnamese 

Korean 

    Japanese 

Other Asian, such as Pakistani, 

Cambodian or Indonesian 

    Native Hawaiian 

    Samoan 

    Chamorro 

    Other Pacific Islander 

Some other race 
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What is your marital status? 
 

    Married  

Widowed  

Divorced  

Separated 

Never married 
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What is the highest degree or level of school that you completed? (If currently 

enrolled, mark the previous grade or highest degree received) 
 

    No schooling completed 

    Nursery school 

    Kindergarten 

    Grade 1 through 11 

    Grade 12, no diploma 

    Regular high school diploma 

GED or alternative credential 

Some college credit, but less than one 

year of college credit 

1 or more years of college credit, but no 

degree 

    Associate's degree (e.g., AA or AS) 

    Bachelor's degree (e.g., BA or BS) 

Master's degree (e.g., MA, MS, MEng, 

Med, MSW or MBA) 

Professional degree beyond a 

    bachelor's degree (e.g., MD, DDS, DVM, 

LLB, or JD) 

Doctorate degree (e.g., PhD or EdD) 
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At any time in the last 4 weeks were you unable to work because your employer 

closed or lost business due to the Coronavirus Pandemic? 
 

    Yes 

No 
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Does your household own or rent the place where you are now living or are you 

staying somewhere else now? 
 

    Own

 Rent 

Staying somewhere else 
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What is your ZIP code? 
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[Script] 
You listed as your ZIP code. Is this correct? 

 

    Yes 

No 

 

 

  

Back Next 



 

73 
 

Appendix B: Wave 2 Facemask Attribute Survey Wording 

Description of Attribute 

 

Example (Retail) Scenario  
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Appendix C: Personal Services Model Results 
 

(Negative Binomial Regression with Random Effects and errors clustered by ID. 
Observations are not included in the model estimates if (a) no pre-COVID prior visits 
to category and (b) if no visits under all 8 scenarios for category. LPVisit is the log 
of pre-Covid visits and can be interpreted as an elasticity.) 
 
. menbreg CDVAR i.RB i.RB#ib(100).PCapacity i.RB#c.PriceChange i.RB#ib(4).Facemasks 
i.RB#c.Vaccinate i.RB#c.HS_Cert i.RB#c.VisClean i.RB#c.RedCo 
> ntact i.RB#i.Wave#c.LPVisit i.RB#c.Male i.RB#c.Native i.RB#c.Black i.RB#c.Hispanic 
i.RB#c.AAPI i.RB#c.OtherRace i.RB#c.Age i.RB#c.SingleD i.RB 
> #c.College i.RB#c.VacStatus2 i.Design i.Task_Num i.RB#c.WTVar if PVisit > 0 & RBCATSUM 
> 0, || RID: , vce(cluster RID) 
 
Fitting fixed-effects model: 
 
Iteration 0:   log likelihood = -24755.687   
Iteration 1:   log likelihood = -23781.465   
Iteration 2:   log likelihood = -23715.517   
Iteration 3:   log likelihood = -23714.276   
Iteration 4:   log likelihood = -23714.276   
 
Refining starting values: 
 
Grid node 0:   log likelihood =  -22911.86 
 
Fitting full model: 
 
Iteration 0:   log pseudolikelihood =  -22911.86  (not concave) 
Iteration 1:   log pseudolikelihood = -22779.342   
Iteration 2:   log pseudolikelihood = -22700.128   
Iteration 3:   log pseudolikelihood = -22415.463   
Iteration 4:   log pseudolikelihood = -22394.445   
Iteration 5:   log pseudolikelihood = -22394.114   
Iteration 6:   log pseudolikelihood = -22394.113   
 
Mixed-effects nbinomial regression              Number of obs     =     12,445 
Overdispersion:            mean 
Group variable:             RID                 Number of groups  =        627 
 
                                                Obs per group: 
                                                              min =          2 
                                                              avg =       19.8 
                                                              max =         64 
 
Integration method: mvaghermite                 Integration pts.  =          7 
 
                                                Wald chi2(121)    =    2199.30 
Log pseudolikelihood = -22394.113               Prob > chi2       =     0.0000 
                                        (Std. Err. adjusted for 627 clusters in RID) 
------------------------------------------------------------------------------------ 
                   |               Robust 
             CDVAR |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------------+---------------------------------------------------------------- 
                RB | 
           NSalon  |   .2047399   .1587771     1.29   0.197    -.1064574    .5159373 
          MStudio  |   .8276007   .1951321     4.24   0.000     .4451487    1.210053 
              Gym  |   .4678424   .1852651     2.53   0.012     .1047295    .8309552 
                   |  


