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Abstract

We analyzed 51,497 customer reviews for nine meal kit companies in the United States in 2019 — 2020
using Natural Language Processing and Latent Dirichlet Allocation (LDA)-based topic model and derived
four topics that customers discussed in the comments, including “Experience,” “Food Quality”,
“Convenience” and “Service”. We compared the prevalence of the four identified topics in the customers
comments before and after the pandemic between conventional and affordable meal kit companies using a
difference-in-difference model. We found that conventional meal kit customers, who more likely had higher
income than those subscribed to affordable meal kits, significantly valued the service provided by the meal
kit companies, including delivery and customer service, more after the outbreak of the pandemic. As trade-
off, those customers placed less emphasis on the quality of the products including the freshness and the
type of food served and the food and family experience that they had from the meal kit. We discussed the
implications of these results on the impacts of COVID-19 pandemic on U.S consumers’ food values.
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Introduction

The recent Covid-19 pandemic has induced substantial disruption to the food supply chain and greatly
shifted household food behaviors. Besides health care, the food sector is one of the most affected industries
(Nicola et al., 2020). Before the pandemic, approximately 54% of food is consumed at eating establishments
away from home (Grashuis et al., 2020), which mostly were temporarily shut down since the outbreak of
COVID-19. According to a survey in July 2020, more than half of U.S. shoppers (55%) were eating at home
more often since the pandemic began, while about a quarter of those people complaining about being
exhausted by food preparation and cooking at home (Acosta, 2020). Corresponding to the abrupt decline
of expenditure in food service, the sale for eGrocery skyrocketed. On the other hand, a growing number of

consumers shifted to online grocery shopping due to the concerns of COVID-19 (Mercatus).

Meal kit service is a subscription food service that deliveries fresh pre-portioned food and
ingredients directly to customers’ homes so that specific meals can be more conveniently prepared at home
(Troy & Acosta, 2018). The meal kit industry, starting in Europe, entered the U.S. market around 2012 with
companies Blue Apron and Hello Fresh. Initially, the meal kit companies attracted customers through the
convenience of obtaining and cooking food, offered recipes, and the claim of reducing food waste (Judkis,
2017 and SUBTA, 2020). The development of this novel service caused disruptions in the food retail
industry as it offers healthy food options to households while saving time for families by reducing grocery
trips to stores (Troy & Acosta, 2018). Though with many favorable innovations, meal kit industries were
faced with great challenges from an unstable and low customer base before the pandemic. According to a
report from NPD, an estimated only 4% of U.S. consumers had ever used meal kit services before 2019
(Durbin, 2019), which was in part a consequence of its high pricing and unsatisfied expectation of
convenience. Responding to those complaints, new entrance, marketed as affordable meal kits and distinct
from the conventional meal kit companies (e.g., Hello Fresh), rapidly attracted attention by delivering
almost pre-cooked meal kits at much lower prices (e.g., Every Plate and Dinnerly at $4.99/person/meal).

Unlike conventional meal kits that targeted busy and higher-income customers who value fresh and healthy



eating diets, affordable meal kits targeted busy and lower-income customers who desire to obtain enough

calories to maintain body function in a timely and financially efficient manner.

The outbreak of the COVID-19 pandemic featured with restaurant shut down and worldwide stay-
at-home order provided unique opportunities to the meal kit industry. As fresh food became less accessible
and dining at restaurants exposed risks, meal kit services that deliver somewhat prepared fresh groceries
directly to home were identified as an alternative to grocery shopping and take-out from restaurants to lift
the burden for grocery shopping and food preparation. Consequently, this industry witnessed incredible
success in 2020. For example, monthly meal-kit sales in the U.S. doubled in the first month of the pandemic
(Leon, 2020). Despite the rapid growth, little is known about consumers’ preferences toward this novel
product and its dynamic relationship with the COVID-19 pandemic progression. Chang and Meyerhoefer
(2020) testified the shift to online food shopping as consumer responses to the spread of COVID-19 cases.
Several recent studies in the U.S. investigated the changes in food shoppers’ preferences during the
pandemic based on online surveys (Ellison et al., 2020; Grashuis et al., 2020). None of these focused on

the meal kits specifically.

We investigated the changes in consumer preferences to meal kits since the COVID-19 pandemic
started by employing Natural Language Processing (NLP) based on customer review comments. To
understand the changes in consumer focuses during the pandemic, we compared customer review ratings
and the topics discussed in review comments among nine meal kit companies before and after the United
States announced a national emergency on March 13th (i.e., 1/4/2019 — 12/22/2020). Among the nine meal
kit companies, two were affordable meal kits while the rest were conventional meal kit companies. We
scrapped 51,497 customer review ratings and comments from Trustpilot.com and processed the review
comments using NLP techniques and topic modeling. As an important field in machine learning, NLP
techniques exploit rich information in word documents by transforming text content to quantitative
information (Gentzkow et al., 2019). We then trained a Latent Dirichlet Allocation (LDA)-based topic

model (Blei et al. 2003; Heng et al. 2018; Yin and Chen 2020), using all customer review texts, which



yields four key topics underlying each customer reviews. LDA is a commonly used NLP technique and is
well suited to understanding our large sample of the customer reviews since it is able to analyze the topical
content of a large number of lengthy documents in an objective and replicable way and relies only on very
limited assumptions about the text information (Blei, 2012; Blei et al., 2003; Dyer et al., 2017). Compared
with the traditional survey methods, LDA obtains quantitative details on customer preferences directly from
customer review texts rather than deriving insights indirectly from customers’ responses to hypothetical
scenarios (e.g., discrete choice experience) (Jelodar et al., 2019). Therefore, LDA has advantages in
deriving novel consumer insights that researchers failed to generate hypotheses on and in providing

estimations that suffer less from hypothetical bias and/or social desirability bias.

The four topics generated from our LDA model, from the highest to lowest in prevalence, include
food experience (e.g., with keywords like cook, recipe, family), food quality (e.g., meat, quality, option),
convenience (e.g., easy, instruction, follow), and services (e.g., service, delivery, receive). To investigate
the heterogeneous impacts of the COVID-19 pandemic on the low versus high-income consumers, we split
our sample into treatment (e.g., Hello Fresh priced $7-$10/meal) and control groups (affordable meal kit
e.g., Dinnerly priced at $4.99/meal) and evaluated the response differences between the two groups using
the Difference-in-Difference (DID) method on customer attention focus and review ratings separately,
where year and month fixed effects, the progression of COVID-19 (e.g., current and lagged confirmed

cases), and customers’ characteristics (e.g., if invited by the platform) are controlled.

Our preliminary results find “Convenience” as the most prevalent topic and its prevalence grew
significantly during the pandemic when customers demand alleviation from in-person grocery shopping
and home cooking (Acosta 2020). “Service”, on the other side, was the least prevalent topic, and its
occurrence was associated with lower ratings before the pandemic. During the pandemic, the discussion
around this topic increased significantly among expensive meal kit subscribers who started to appreciate
the contactless feature of the meal kits, and the occurrence of this topic is now strongly associated with

higher ratings. Unfortunately, such changes were not observed among the comments in the control group,



which may suggest a disadvantaged state of the lower-income customers (e.g., less alert and/or less capable
of reducing contacts with people). “Food quality”, including the discussion about the healthiness and
diversity of the food, happened to have a similar prevalence between the two groups before the pandemic.
As the expensive meal kits customers started to appreciate the logistics feature of the products, “Food
quality” is less frequently mentioned, which reflects a tradeoff that customers make during the pandemic.
Before the pandemic, the customers in the treatment group placed a higher emphasis on the “Experience”
that meal kits introduced to their family, e.g., the cooking time with family and new food experience from
novel recipes. A great “Experience” described in a comment was usually associated with higher ratings in
the treatment group. Like “Food quality”, the prevalence of the discussion related to “Experience” also
decreased since the pandemic outbreak. Our results are robust regardless of how we define the starting point
of the pandemic (as the start of either the first wave or the second wave) and whether we control for the

progression or the severity of COVID-19.

This is the first study investigating the latent factors that affect consumer preferences for meal kits.
By comparing the customer review comments between the conventional versus affordable meal kits before
and during the pandemic, we study the dynamic relationship between the COVID-19 pandemic and
customer preferences for meal kits. This study also provides initial evidence and implications for
heterogeneous impacts of the COVID-19 pandemic on food behavior and food value among the low versus
high-income consumers. Further, using an example of meal kits, we proposed a useful approach of
conducting causal analysis by leveraging advanced machine learning algorithms in text mining to help
researchers exploit online user-generated content and understand consumers’ attitudes and preferences to

food products.

The remainder of the article proceeds as follows: first, we introduced the data sources for this study.
Then, we described the LDA modeling that we employed to derive quantitative information from customer
comments. Later on, we explained the identification strategies used to estimate the impacts of the COVID-

19 pandemic on consumers’ preference changes. We then conclude and discuss limitations and future work.



Data

New York Times COVID-19 data

We used daily COVID-19 confirmed cases and death cases from the New York Times, an open data source
collected from government and health department available through Github, to quantify the progression of
the pandemic. The data starts from January 21st, 2020, the day after the first COVID-19 case in the United
States. As of December 22nd, 2020, the last date in our study, we collected a total of 337 entries for
cumulative counts of coronavirus cases and correlated deaths. Daily new cases are calculated by subtracting
the cumulative case count of the previous date from the current date’s cumulated case count, and confirmed

cases and deaths from COVID-19 before the outbreak, January 21st, 2020, were coded as 0 (Figure 1)
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Figure 1. Count of meal kit comments on Trustpilot.com and daily COVID-19 new confirmed cases and

Customer review for meal kit companies



We collected 51, 497 customer reviews for meal kit companies from Trustpilot.com from 2019-2020. Nine
companies had a fairly large number of customer reviews in our study time frame, including Home Chef,
Freshly, Green Chef, Hello Fresh, Daily Harvest, Blue Apron, Gobble, Every Plate, and Dinnerly.
Whenever reviews from multiple regions were provided, we selected the reviews from the U.S. company
(e.g., we only collected data from U.S. Hello Fresh and omitted the reviews from U.K. Hello Fresh). Among
the nine selected companies, two companies, Every Plate and Dinnerly, were advertised as affordable meal
kits with a unit price per meal per person less than $5. All other companies had a unit price equal to or
higher than $6.99. The reviews from the two affordable meal kits companies account for 36% of our total

sample (Figure 2).

HelloFresh, 41%
EveryPlate, 36%

Affordable

meal kits:
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Figure 2. Customer review comment composition by company

On Trustpilot.com, each review is separately displayed in a small card as shown in Figure 3. We used
data scrapping, a technique in which a computer program extracts human-readable data from a website, to
collect the following information about reviews and about the customers who provided the reviews (Figure
3): Consumer Name, the username the reviewer is using to post the review; Number of Reviews, the total

number of reviews that this username has posted on Trustpilot.com; Overall Rating, from 1 (bad) to 5



(excellent) how the reviewer evaluated the meal kit service that he/she received from the specific company;

Review Text, the posted review content; Invited, whether the company invited the reviewer to provide the

review; Date, the date the review was posted.

Name

4
O 1 review US «— Total Reviews

+— Overall Rating | Not Invited 5 days ago «— Date

Food Is amazing but the over charge +— Review Title

Food Is amazing. REALLY upset about billing. They just bill you dollar amounts

and don't do a break down so they jus charge you what ever the want and +— Review Text
can't explain. When apply a credit for an issue the next order just get up

charged in my option. Watch your money with this company!

Figure 3. An example of customer review comments on Trustpilot.com

Next, based on the data collected from Trustpolit.com, we generated several variables to quantify the

characteristics of the review. First, we split the Date information into variables including Year, Month, and

Day to describe the common time patterns within a certain time range. Then, we counted the number of

words from each comment using R as an indicator to quantify how much effort the customers put into

his/her review.

Table 1. Summary statistics for customer review

Variable Obs Mean std Min Max
Rating 51,497 4.36 1.02 1 5
Comment Length 51,497  40.97 44.92 0 922
Invited 51,497 0.95 0.22 0 1

# of comments 51,497 1.38 0.94 1 24

The review texts are key to understanding consumers’ attitudes and individual preferences

regarding the overall service provided by the meal kit companies. We used R to clean and process the
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review texts. We utilized a corpus consisting of all review text to remove irrelevant and infrequent terms.
In the process, we removed numbers and special characters and transformed all terms to lowercase. Words
with the same root and part of speech are combined into one term since they convey a similar meaning. For
example, “delivery” and “deliveries” are combined into the term “delivery”. We applied a stop word list to
remove irrelevant words. In particular, we removed basic and common terms that don’t provide insightful
information, such as “have”, “give”, “will”. In addition, the names of meal kit companies are removed since
the company name is separate. The word frequency of the final corpus is presented in Fig. 4 using Word

Clouds. Fig. 4 shows that the most frequently mentioned words include “meal”, “good”, “recipe”, “fresh”,

“easy”, and “service”, describing different aspects of a review.
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Figure 4. Word cloud for meal kit customer review comments

Method

Latent Dirichlet Allocation



To better understand the contents of customer reviews for meal kit companies and quantify the underlying
text information for further empirical analysis, we employed the Latent Dirichlet Allocation (LDA) method
on 51, 497 customer reviews collected. LDA is a widely used natural language processing technique for
both research and commercial purposes, such as financial document analysis and social media information
retrieval (Dyer et al.,, 2017, Hong and Davison, 2010; Jelodar et al., 2019). As a topic modeling
methodology first developed by Blei et al. (2003), LDA is a Bayesian computational linguistic technique
that identifies the underlying set of topics in a collection of documents. These topics can best summarize
the observed text in the documents in an objective and replicable matter with limited assumptions. Thus,
the LDA model can reduce the complexity of the text corpus by capturing key information and statistical

relationships from text and converting them into computable quantitative data.

According to Blei (2012) and Blei et al. (2003), LDA defines a word as the basic unit of discrete data
in a document (in our case, a document is a customer review), a corpus as a set of documents (in our case,
the corpus is our sample of customer reviews), and a latent fopic (a topic is one underlying dimension
generated from the text of all customer reviews using the LDA model) as characterized by a distribution
over words. As a Bayesian generative model, LDA associates words, documents, the corpus, and the latent
topic in the following way: each document is distributed over a set of latent fopics and each fopic is a

multinomial distribution over a word vocabulary.

This procedure could be graphically illustrated in Figure 5. As seen in the figure, we define
hyperparameters a and f as the Dirichlet parameter on the topic distribution over words and the Dirichlet
parameter on the word distribution; M and N stand for documents and the repeated choice of topics and
words within a document; @ is the topic distribution and 8,, can be denoted as the topic distribution for a
single document m; z is a set of K topics and w is a set of N words. LDA goes through each word w in a
specific document m and for each topic & and operates in the following generative procedure: first, it chooses
N (number of words) ~ Poisson (£) and 0 (topic distribution) ~ Dirichlet (a); then for each of the N words

wy, LDA determines a topic z, ~ Multinomial (8) and further picks a word w,, from p(w,| z,, ), which

10



is a multinomial probability conditional on the topic z, (Heng et al., 2018). At the end of the process, the
LDA model generates the keywords associated with each of the topics and the probability that each

document (i.e., customer review) is associated with a specific topic.

OFOH+-0—@

o H z w N

M

Figure 5. Graphical [llustration of LDA (See Blei et al., 2003)

In this study, we used software R and its package /datunning which derives from fopicmodels to
analyze the customer reviews of meal kit services that we scrapped from Trustpilot.com (Hornik and Griin,
2011). When employing the LDA model, the most important procedure is to determine the optimized
number of topics that characterize all text information. For this purpose, we used metrics developed by Cao
et al. (2009) and Deveaud et al. (2014) to pin down the optimal topic number for the review text data. A
good topic number should minimize Arun2010 and CaoJuan2009 metrics and maximize Deveaud2014 and
Griffiths2004 metrics. As can be seen in Figure 6, we tested topic numbers ranging from 2 to 50 where
Arun2010 and CaoJuan2009 metrics were relatively low while Deveaud2014 and Griffiths2004 metrics
were relatively high. Based on the visualization of the four metrics, the optimal topic numbers range from

4 to 20. For simplicity and interpretability of the analysis, we chose 4 as our number of topics.
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Figure 6. Selection of the number of topics

After determining the number of topics, the LDA model can exhibit each topic with a set of words
from the training process. Table 2 presents the four topics and associated top keywords, as well as the
corresponding percentage of each topic within customer reviews'. Since all text information was stemmed
for generality before the LDA modeling, the key words output from LDA were in the words’ the stem form.
For easy interpretation, we present one example of the output with the stem of the keywords in Table 2
(e.g., delivery from the stem of “deliveri”), while the actual words used in the customer review text could
be any forms from the stem (e.g., deliveries from the stem of “deliveri”). As displayed in Table 2, Topic 1
(Experience), featuring discussions on the customers’ cooking or food experiences, accounts for 38% of

9% ¢

the customer review texts. The most relevant keywords generated from this topic include “easy”, “time”,
“ingredient”, “prepare”, and “family”. Topic 2 (Service) focuses on the services provided by meal kit
companies and a customer review with high prevalence on this topic is more likely to have keywords like
“customer”, “service”, “delivery”, “help”, “cancel”, and “refund”. The average prevalence of Topic 2

among all review text is slightly less than 20%. Topic 3 (Quality) heavily emphasizes on the food quality

that meal kits can provide and accounts for 23% of the review texts. Some keywords associated with this

! Prevalence or percentage of each topic within a customer review should add up to 1.
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topic include “ingredient”, “fresh”, “meat”,

99 G

vegetable”, and “quality”. Lastly, Topic 4 (Convenience),

which accounts for the rest 20% of the text, places an emphasis on the convenience offered by the meal kit

service. The most critical keywords in this topic are “ingredient”, “follow”,

LR N3

prepare” and “instruction” etc.

To better demonstrate the identified topics, for each topic, we included one example of the original

comments that had a prevalence greater than 95% for the topic discussed in that row.

Table 2. summary statistics for topics

Prevalence Min Max

(%) ) (%) Top key words Example of review comments
Topic 1 Z?ZZ’ f;elsgl;; dcizgi(’ rdeii:f::; d?;;;(;lrl:’ The kids and I have been enjoying receiving the
. 37.85 0.06 99.42 P > 2 > boxes! We Love to cook in the kitchen together
(Experience) new, family, follow, service, grocery, .
. and the meals are fantastic.
use, home, us, work, quality, husband
service, custom, delivery, time, help, Overall company provides a good service.
Topic 2 1907 006 99.80 receive, fresh, cancel, credit, Recipes for meals are very good. Shipping is
(Service) ' ' " delivery, call, refund, arrive, quick, fast and kept updated with what is shipped and
use, thank, account, email, ship, send when it is to arrive.
recipe, ingredient, fresh, meat, time, Top end food products that taste delicious. I
Topic 3 package, produpe, use, chigken, like the fresh garlic apd ginger plus fresh
(Quality) 2297  0.05 99.55 vegetable, quality, receive, little, vegetables that comes in each package. The
item, option, veggie, potato, portion, meats are low fat and very fresh. Also, a plus
pack, dish for the meatless options. Love the pastas!
easy, recipe, fresh, delict, service,
Topic 4 . 2010  0.04 9828 :)I;%irzgjen;’regzle?w’Va;lil;l}lll’ty’pogilgz: Nice selection.of meql options. Great price!
(Convenience) . . Easy to follow instructions
delivery, time, tasty, taste, use,
choice, instruct
Empirical Strategy

To investigate the impacts of the COVID-19 pandemic on consumers’ preferences to meal kit

services, we compared the changes of customer preferences before and after the pandemic for the meal Kkits,

which were substantially influenced by the pandemic versus those that were minimally affected by COVID-

19. We hypothesize that, during the pandemic, the customers, especially those with higher household

income and could work from home during the COVID-19 lockdown (Angelucci et al., 2020), would

13



demand better service from the meal kit companies which provided human contact free services, e.g.,
speedy fresh food delivery to the front door and excellent online customer services. On the other hand, due
to the longer hours staying at home, those customers may value the time-saving feature from the meal kits
less. Since higher-income individuals who worked at home during the lockdown were more likely to be the
customers from conventional meal kits with higher prices, we expect the topics discussed in the comments
from those companies may have been changed since the outbreak of COVID-19 (e.g., Hello Fresh).
However, affordable meal kits (e.g., Every Plate), given their minimal costs (i.e., $4.99/person/meal), had
a more constrained ability to improve their services during the pandemic further. Further, their target
customers were more likely the ones with lower household income and those who were less likely to work
from home during the pandemic according to the recent surveys. Therefore, customers of the affordable
meal kit companies may value the contact-free features less than the customers who had subscriptions from
conventional meal kit companies. In that case, the focuses of the comments from this group may remain
similar before and after the pandemic. Therefore we categorize the affordable meal kit companies, including
Every Plate and Dinnerly, as the control group and all other meal kit companies as treatment groups whose

price per person per meal is equal to or above $6.99.

In Figure 7, we presented the Google trend index for Hello Fresh (blue line) and Ever Plate (orange
line), the two most commented companies from the treatment and control groups, respectively, from
January 2019 to December 2020. Comments from Hello Fresh account for 66% of the treatment group and
41% of the total sample, while Every Plate accounts for 95% of the control group and 36% of the total
sample. Hence, we believe these two companies are representative enough for their group. The Google

Trend confirmed our hypothesis that the COVID-19 pandemic less influenced the companies in the control

group.
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Figure 7 Google trends for Hello Fresh and Every Plate in 2019-2020

As shown in Figure 7, Hello Fresh is a more well-known company than Every Plate during the
entire study period. The Google trends from the two companies, though different, were relatively parallel
before the pandemic from January 2019 to January 2020. Since the outbreak of COVID-19 in late December
2019 in Wuhan in China and the first case confirmed in the U.S. on January 20th 2020, the discussion
related to Hello Fresh online increased substantially and it enjoyed a higher level of attention in the entire
year in 2020 compared to pre-pandemic periods. Similar attention increase was not observed from Every
Plate, which further confirmed our hypothesis that Affording meal kits were less affected by the pandemics

and can work as the control groups to capture the general time trend for the entire meal kit industry.

Difference in Difference

The basic empirical specification to estimate the impacts of COVID-19 pandemic on meal kit comment

focus is as follows:
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Log(Topic%,, +1)=a, + pTreat, x Post, x Log(Covid, +1) + ,Treat, x Log(Covid, +1),
+B,Post, x Log(Covid, +1), + B,Treat, x Post,
+p,Treat, + P, Post, + B, Log(Covid, +1)
+y'X,, + Month, + Comp, + ¢,

(M

where Topic %.i is the estimated prevalence of the interested topic in the comment from company c,
reviewer i, on day ¢. Treat, is equal to 1 if the company is in the treatment group, otherwise 0 if the company
in the control group (i.e., Affordable meal kits). Post; is an indicator of the outbreak of the pandemic. If the
comment was posted after the outbreak, Post, is equal to 1 otherwise 0. Covid; measures the severity of the
pandemic with metrics including new cases on the posting date or the lagged news cases. In this model, we
included month by year fixed effects and company fixed effects to control the common time trends shared
by all companies by month (Month;) and also the time invariant variation (Comp.). We also controlled for
the characteristics of the comment and the reviewer with X.;; including whether the reviewer was invited to

provide the review, how many comments the reviewer had posted on this website, and the length of the

comment. The coefficient of interest is £, which measures the distinct changes in discussion topics

identified from the review comments between the treatment and the control as the pandemic progressed.

The validity of the Difference in Difference (DID) specification depends on the parallel trend
assumption, i.e., the control group works as a valid control in the sense that, before the pandemic, the topic
focuses between the treatment and control groups followed a parallel trend and were similar enough in 2019.
While this parallel trend assumption cannot be tested comprehensively, graphical analysis and partial tests
are possible. Our findings show that the parallel trend assumption holds for both graphical (Figure 7 and 8)
and regression analysis. According to Figure 7, the Google trends between the two groups were flat parallel
in 2019, supporting the hypothesis that the overall discussion and attentions the two groups attracted online
before the pandemic were parallel. In Figure 8, we investigated the parallel trends in detail by comparing
the prevalence of each topic between the two groups before and after the pandemic. The blue lines represent
the 60-day moving average of the topic prevalence among the comments for the treatment companies while

the red lines showcase the topic prevalence among the comments for the control companies.
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According to Figure 8, the prevalence of the four topics in the treatment and control groups shared
parallel trends before the pandemic in 2019. We formally test this parallel trend assumption in Table 3,
where we only used the sample in 2019 before the pandemic and the differences in the topic prevalence
between treatment and control groups were compared by month to the difference in January 2019 which is
the first month of our study period. For all the four topics, the differences between the treatment and the
control groups were similar to the first month in the entire year, except for February and October 2019. The
insignificant changes in the differences between the two groups before the pandemic suggest the

identification strategy that we adopted is valid.

Table 3. Parallel test

Topic 1 Topic 2 Topic 3 Topic 4
Experience Service Quality Convenience
VARIABLES @) 2 (€))] 4
Omiitted: Treat x Jan
Treat x Feb -0.191* 0.349%** -0.016 -0.142%**
(0.105) (0.073) (0.090) (0.068)
Treat x March 0.086 -0.056 -0.066 0.036
(0.120) (0.084) (0.102) (0.077)
Treat x April 0.028 -0.008 -0.006 -0.014
(0.106) (0.074) (0.090) (0.068)
Treat x May 0.070 -0.026 -0.034 -0.009
(0.104) (0.073) (0.089) (0.067)
Treat x June 0.108 -0.034 -0.079 0.004
(0.104) (0.073) (0.089) (0.067)
Treat x July 0.087 -0.035 -0.049 -0.003
(0.104) (0.072) (0.089) (0.067)
Treat x August 0.086 0.026 -0.148 0.036
(0.121) (0.085) (0.104) (0.078)
Treat x September 0.108 -0.107 0.005 -0.005
(0.123) (0.086) (0.105) (0.080)
Treat x October -0.215%* 0.349%** -0.011 -0.123*
(0.104) (0.073) (0.089) (0.067)
Treat x November 0.069 -0.022 -0.002 -0.045
(0.105) (0.073) (0.090) (0.068)
Treat x December 0.117 0.019 -0.145 0.008
(0.109) (0.076) (0.093) (0.070)
Company fixed effects Yes Yes Yes Yes
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Month fixed effects Yes Yes Yes Yes
Observations 12,142 12,142 12,142 12,142
R-squared 0.057 0.148 0.022 0.075

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.

We note that the companies in the treatment and control groups were different on many metrics
even before the pandemic. For example, companies in the treatment groups were more expensive, enjoyed
higher customer ratings (Table 4), and attracted more attention on the market (Figure 6). The topics that the
customers from the two groups of companies discussed were also slightly different, i.e., customers in the
treatment groups paid more attention to the food experiment they enjoyed from the meal kits (keywords
including family, time, home, and husband) while customers from the control groups discussed more
services provided by meal kit companies (Figure 7 and Table 4). DID model allows for the unobservables
to be correlated with treatment as long as the time-varying unobservables do not affect the topic discussion
differently between the treatment and control groups (Jack and Suri, 2014). In that case, though the
coefficient for the market liberalization could be biased, the variable Treat should capture the endogeneity

and give an unbiased estimation for the coefficients for the interactions.

Table 4. Topics statistics by periods

Pre-pandemic (before 1/20/2020) During the pandemic (after
Expensive Affordable Expensive Affordable
Mean  Std. Mean  Std. Mean  Std. Mean  Std.
Rating 4.443  0.946 4.236 1.050 4.467 0.956 4.177 1.144
Topic 1 (Experience) 0.428 0.343 0.358 0.329 0.358 0.345 0.355 0.335
Topic 2 (Service) 0.144 0.241 0.139 0.231 0.271 0.351 0.167 0.267
Topic 3 (Quality) 0.215 0.276 0.266 0.305 0.200 0.273 0.269 0.314
Topic 4 (Convenience) 0.215 0.276 0.266 0.305 0.200 0.273 0.269 0.314

18



Results

Several critical points emerged when described the progression of the pandemic. The first critical
point was 12/31/2019, when the outbreak of the COVID-19 in Wuhan was released and induced a great
discussion about the potential damage that this virus could cause and a global pandemic that it could end in
without a good control (Lee, 2020). Due to the concerns of a global pandemic that this virus could cause,
the discussion on the potential responses to the outbreak and meal kit delivery increased. Therefore, we
observed a surge in Hello Fresh discussion online (Figure 7). However, meal kit customers in the U.S, at
that point time, hadn’t fully digested the news in China and didn’t expect to make decision changes by
themselves. Therefore, though a surge in discussion on meal kits was a witness in late December 2019 and
early January 2020, the topics underlying among meal kit comments were not changed significantly until a
first case was confirmed in the U.S on January 20™ 2020. After the first COVID-19 case was confirmed in
California, we witnessed an immediate increase in the discussion related to Services (keywords including
delivery, customer service, and arrive) that meal kit companies can provide (Topic 2). Such increase was
greater among the comments in the treatment group while smaller in the control group. The second critical
point occurred around September 2020 when the United States witnessed a second wave of the case surge
and the number of new confirmed cases and death each day increased scarily. As the pandemic progressed
into the more terrifying second wave, more and more customers from the treatment group valued the service
that meal kit companies provided and the prevalence of the second topic, Service, increased dramatically
from 32% to nearly 70%. Compared to the increased discussion in service, as a trade-off, all other three
topics suffered a decrease in their prevalence among the posted comments. The topics related to the quality
of food and the quality of the experience suffered the most decrease. Starting September 2020, the
discussion focused on Topic 1 (Experience) decreased more than 15 percentage points, from 31% to 14%
and the prevalence for Topic 3 focusing on the quality and the types of the food provided by the meal kits
reduced more than 10%. Customers in the treatment group paid fairly less attention to the topic related to

Convenience since the outbreak of COVID-19 in the U.S. and the prevalence of the fourth topics among
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their comments gradually decreased from 20% in April 2020 to less than 10% at the end of our study period

in December 2020. The changes in the control group, however, were not obvious in all four identified topis.

The trends in 2020 after the pandemic were fairly similar to the ones in 2019 before the pandemic.
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Figure 8. 60-day moving average of the prevalence of each topic

We estimated the impacts of the COVID-19 pandemic on customer's discussion focuses for meal

kit services by comparing the changes of topic prevalence predicted from review comments between the

treatment and control groups before and after the pandemic. Table 5 presents the estimations based on

equation (1) where panel A defined the outbreak of the COVID-19 pandemic based on the national
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emergency declaration on March 13%, 2020 (the start of the first wave in the U.S) while panel B defined
the outbreak based on the start of the second wave, September 7%, 2020 when the number of new cases per

day started increasing rapidly.

In column (1) — (4) and column (9) — (12), we defined the pandemic as whether or not the pandemic
outbroke (or entered the second wave) using a dummy variable Post. The coefficient for Treat x Post
compared the different changes in the outcome variables between the treatment and control groups after the
national emergency declaration. Compared to the control group, comments from the treatment groups had
a significantly greater increase in the discussion related to the services provided by meal kit companies
(1.8%) while less increase in the discussion on the topic related to food experience (-2.2%). Such changes
were greater when defining the Pre and Post timeframe based on the start of the second wave of pandemic
(i.e., after September 7%, 2020). According to column (9) — (12), compared to the comments in the control
group, the comments in the treatment groups experienced a dramatic change in the topic composition since
the start of the second wave. The prevalence of topic 2, which was closely related to the services from meal
kit companies, had an increase that was 13% greater in the treatment group than in the control group after
September 7%, 2020. Trading off the greater emphasis on the company service, the comments in the
treatment groups had less discussion on the topics related to food experience (topic 1), food type and quality
(topic 3), and the convenience provided by the meal kit products (topic 4). Compared to the comments for
the affordable meal kit companies, since the second wave of the pandemic started, the companies in the
treatment group suffer 6.8%, 4.1%, and 3.6% more reduction for the discussion related to food experience,

food type, and quality and product convenience respectively.

21



Table 5. Regression Estimations

Panel A: March 2020 Post = After March 13, 2020
Measurement of the pandemic: Measurement of the pandemic:
Post Post x log(cases+1)
Topic 1 Topic 2  Topic 3 Topic 4 Topicl Topic2 Topic 3 Topic 4
Dependent Variable Experience Service  Quality Convenience Experienc Service Quality = Convenience
48] (2) 3) (4) ()] (6) (@] &)
Post 0.022%** -0.009  -0.014** 0.000 -0.089*** (.171*** -0.073%** -0.032*
(0.008) (0.007)  (0.007) (0.006) (0.026) (0.021)  (0.023) (0.018)
Treat x Post -0.022%**  0.018***  -0.000 0.004 0.154%** -0.382*** (.161***  0.110%**
(0.005) (0.004)  (0.004) (0.003) (0.023) (0.019)  (0.021) (0.016)
Treat x log(cases+1) 0.014 -0.004 -0.014 0.007
(0.010) (0.008)  (0.009) (0.007)
Treat x log(cases+1) 0.024*** -0.033*** 0.008* 0.006
(0.005) (0.004)  (0.005) (0.004)
Treat x Post x log(cases+1) -0.046*** 0.075***  -0.015 -0.026***
(0.010)  (0.008)  (0.009) (0.007)
Observations 51,497 51,497 51,497 51,497 51,497 51,497 51,497 51,497
R-squared 0.069 0.176 0.034 0.076 0.070 0.184 0.035 0.077
Month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Company fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Panel B: September 2020 Post = After September 7%, 2020
Measurement of the pandemic: Measurement of the pandemic:
Post Post x log(covid)
Topic 1 Topic2  Topic 3 Topic 4 Topic1 Topic2 Topic 3 Topic 4
Dependent Variable Experience Service Quality Convenience Experienc Service Quality Convenience
(C)) 10) an 12) 13) 14) (15) 16)
Post 0.022*%  -0.061***  0.016 0.036%** -0.236** 0.310%**  -0.032 -0.072
(0.012) (0.010)  (0.011) (0.009) (0.103) (0.084)  (0.093) (0.072)
Treat x Post -0.068***  0.130*** -0.041%**  -0.036*** 0.336%** -0.862*** (0.411%**  0.212%**
(0.006) (0.005)  (0.006) (0.004) (0.060) (0.049)  (0.054) (0.042)
Treat x log(cases+1) -0.000 -0.003***  0.001 0.003***
(0.001)  (0.001)  (0.001) (0.001)
Treat x log(cases+1) 0.042%* -0.056***  0.004 0.017
(0.018) (0.015) (0.016) (0.013)
Treat x Post x log(cases+1) -0.064%** (.158%** -0.072%**  -0.041***
(0.010)  (0.008)  (0.009) (0.007)
Observations 51,497 51,497 51,497 51,497 51,497 51497 51,497 51,497
R-squared 0.071 0.186 0.035 0.077 0.072 0.192 0.036 0.078
Month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Company fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.
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Besides the pandemic outbreak, the pandemic's progression can also shift meal kit customers’
focuses toward the products. In column (5)-(8) and column (13)-(16), we had the log transformed daily new
confirmed cases (log(cases+1)) interact with Treat x Post to more accurately measure for the progression
of the pandemic. In this case, the variable of interest is Treat x Post X log(cases+1) and the its coefficient
estimates the shifts of customer interests as the more confirmed cases of COVID-19 were reported. The
results are very similar to the estimations discussed above. We found that, as more COVID-19 cases were
confirmed each day, compared to the comments for affordable meal kits in the control groups, the comments
in the treatment placed a higher emphasis on the company service and discussed less about features related
to food quality and experience and product convenience. We also test the robustness of the results by
utilizing the one week lagged confirmed cases as the measurement of the pandemic progression since the
post of the comment may be delayed or it could take time for customers to digest the progression of the
pandemic before they changed their real preferences or behaviors regarding meal kits. The estimations of
the robustness check were presented in Table 6 and conclusions were similar to those derived from Table

S.

Table 6. Robustness check: Lagged COVID-19 confirmed cases

Post = After March 13™, 2020

Topic 1 Topic 2 Topic 3 Topic 4
Dependent Variable Experience Service Quality  Convenience
(1) ®) (3) 4)
Post -0.090*** 0.154%** -0.055%* -0.032*
(0.026) (0.021) (0.023) (0.018)
Treat x Post 0.151%** -0.384*** 0.165%** 0.111%**
(0.023) (0.019) (0.021) (0.016)
Treat x log(cases+1) 0.012 -0.002 -0.009 0.001
(0.013) (0.011) (0.012) (0.009)
Treat x log(cases+1) 0.023%** -0.029%** 0.005 0.005
(0.005) (0.004) (0.005) (0.004)
Treat x Post x log(cases+t1) -0.043%** 0.074%** -0.021* -0.019%**
(0.013) (0.011) (0.012) (0.009)
Observations 51,497 51,497 51,497 51,497
R-squared 0.070 0.184 0.036 0.077

Post = After September 7, 2020
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Topic 1 Topic 2 Topic 3 Topic 4
Dependent Variable Experience Service Quality Convenience
(5) (6) (7N (3)
Post -0.219%* 0.358%** -0.083 -0.093
(0.098) (0.080) (0.088) (0.069)
Treat x Post 0.316%** -0.825%%%* 0.398%** 0.203%**
(0.059) (0.048) (0.053) (0.041)
Treat x log(cases+1) -0.000 -0.002%**%* 0.001 0.002%**
(0.001) (0.001) (0.001) (0.001)
Treat x log(cases+1) 0.039%* -0.065%** 0.013 0.021*
(0.017) (0.014) (0.015) (0.012)
Treat x Post x log(cases+1) -0.061%*** 0.153%** -0.070%** -0.039%**
(0.009) (0.008) (0.008) (0.007)
Observations 51,497 51,497 51,497 51,497
R-squared 0.072 0.192 0.036 0.078

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.

The role of comment topics on customer review ratings

One of the most important metrics from the customer review is the review ratings, reflecting the customers’

satisfaction toward the product and/or the company. These metrics also suggest the potential of a

product/company to keep an existing customer in the future (Mudambi and Schuff 2010). Therefore, review

ratings have been widely used as an indicator to understand customer preferences (Radojevic et al., 2017,

Sriv & Sorenson, 2010).

The previous analysis has demonstrated a shift in customer interests for meal kit products from

features associated with the product itself (i.e., food quality, experience, and convenience) to features

associated with the service provided by the companies (i.e., delivery, customer service). In this section, we

continued to investigate, besides the prevalence of the topics, whether the role of each topic on determining

the customer review ratings also altered after the pandemic. For example, before the pandemic, the

comments with a higher percentage of words discussing customer services and meal kit delivery might be

associated with lower ratings as customers didn’t value good service but complaint bad services. However,

after the pandemic, more customers value the human contact services provided by meal kit companies.

Therefore a comment with a higher prevalence on discussion related to services may enjoy higher ratings.
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To understand the changes in customers’ preferences towards four identified features/topics, we compared

the changes of the roles of the four topics in influencing customer rating with the following equation.

Rating ., =a,+0T1 ,+0T2,  +60T3_, +05Treat, x Post + 6 Treat, + 6,Post,
+pB Treat, x Post, x Topicl , + B,Treat, x Topicl ,, + p,Post, x Topicl ,
+pB,Treat, x Post, x Topic2 ,, + BIreat, x Topic2 , + B,Post, x Topic2 , (2)
+p.Treat, x Post, x Topic3_, + pTreat, x Topic3 , + B,Post, x Topic3_,
+y'X,, + Month, + Comp,_, + &,

Rating.;, from 1 (bad) to 5 (excellent), measures how the reviewer evaluated the meal kit service that she
received from the specific company. 71y, T2.4, T3.i are the prevalence of topic 1 (convenience), topic 2
(service), and topic 3 (food quality). Given that the sum of prevalence from four topics is equal to 1, the
prevalence of topic 4 is omitted. Then, we had Treat x Post interacted with each topic to investigate
changing roles of each topic on customer ratings since the pandemic started. We estimated equation 2 using

an ordered logit regression and the estimated coefficients were presented in Table7.

Table 7. Logit estimations of topics prevalence on customer ratings

Panel A: Post = March 2020

Dependent Variable: (Omitted topic: Topic 1 Topic 2 Topic 3
Ratings Topic 4) ) ) )
Experience Service Quality
0.645%** -2.694%** -3.090%**

(0.139) (0.144) (0.129)

x Treat -0.064 0.215 0.065 0.190
(0.142) (0.172) (0.176) (0.163)
x Post (March) 0.376%** -0.205 -1.228%** -0.285%*
(0.142) (0.175) (0.174) (0.160)

x Treat x Post -0.069 0.124 2241 %% -0.074
(0.168) (0.231) (0.225) (0.217)

Observation 51,497

Panel B: Post = September 2020
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Dependent Variable: (Omitted topic: Topic 1 Topic 2 Topic 3

Ratings Topic 4) . . .
Experience Service Quality
0.434%** -2.878*** -3.204***
(0.110) (0.124) (0.101)
x Treat -0.166 0.351%** 0.190 0.323%**
(0.110) (0.131) (0.146) (0.123)
x Post (September) -0.272%* 0.128 -0.957%** 0.034
(0.112) (0.108) (0.127) (0.094)
x Treat x Post 0.327%** -0.053 2.058%** -0.249%*
(0.064) (0.109) (0.138) (0.097)
Observation 51,497

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.

Before the COVID-19 pandemic, comments with more discussion on the experience provided by
the meal kit products, compared to a topic about convenience, were associated with higher customer review
ratings, while the comments with more discussion on food quality and company services were more likely
to have a lower rating. This suggests that customers appreciate the experience and adventure from the meal
kit service before the pandemic and complained about food quality and company services before the
pandemic. The comments in the treatment group valued the food experience and the food quality
significantly more than the comments in the control group (i.e., affordable meal Kkits).

Since the pandemic outbreak in March, the customers in the control groups valued the convenience
provided by the meal kit service significantly more so that a similar percentage of discussion on the
convenience feature could lead to a higher rating than before. On the other hand, a similar length (%) of
discussion on the company service suggested an even lower score. This could be caused by a decreased
interest in a positive service experience or an enhanced dislike of an unsatisfied service experience. Without
further sentiment analysis, we are unable to differentiate the two. Unlike the control groups, the comments
in the treatment groups showcased an improved appreciation of the service provided by meal kits companies
and the convenience offered by the meal kits. This preference changes consistent with the existing literature
that convenience directly impacts consumer decisions during COVID-19 (Brewer & Sebby, 2021;

Widiyanto & Wibowo, 2021).
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Discussion and limitation

Using the online review comments and the text mining technique, we estimated the impacts of the
COVID-19 pandemic on customer interest focuses on meal kit services by comparing the changes in the
prevalence of four underlie topics derived from customer comments between the treatment and control
groups before and after the pandemic. Our empirical results showed that, as the pandemic occurred (or as
more COVID-19 cases confirmed each day), comments from the conventional meal kit group placed a
higher emphasis on the service aspect and lower emphasis on features related to food quality, experience,
and the product convenience, compared to the comments for affordable meal kits in the control groups. In
terms of the review ratings, unlike the control groups, the comments in the treatment groups showcased an
improved appreciation in both the service and the convenience aspects. Our empirical results indicate that
people who can afford expensive meal kits pay more attention to the service offered by the companies
during the pandemic and are also more likely to give higher ratings when their experiences with the service
are positive. With these changes in customers’ preferences, the food delivery companies should adapt
quickly to maintain existing customers and even attract new ones. At the same time, people who purchase
cheap meal kits, i.e., those in the control group, are more likely to receive low incomes before and during
the pandemic. Our results suggest that they do not shift their preferences as much as the high-income group.
This may be due to many reasons, such as insufficient awareness of pandemic-related sanitary requirements
or simply financial stress they suffer. Consequently, the cheap meal kit companies may lack enough
incentives to improve their service that fit the pandemic-related standards. This could further increase the

gap between different income groups regarding the overall quality of food delivery people receive.

We have a few limitations in this study. First of all, our data has only a few characteristics at the
customer review level and no information is available for customers themselves. One important requirement
for the DID coefficient to be unbiased is that time-varying unobservables do not affect the outcome variable
differently for the treatment and control groups. However, given out limited data, we could not exclude this

possibility or conduct further tests. We can only refer to groups based on which meal kit, the conventional
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or the affordable one, customers purchased before and during the pandemic, yet one single customer may
shift between treatment and control groups in our case. Second, we may need further evidence to test our
hypothesis on what factors are associated with customer ratings on the meal kits. With the LDA method,
we are able to discover underlying topics and corresponding prevalence in each review comment. However,
customers’ attitudes or tones reflected in these comments are still undiscovered. There are techniques like
sentiment analysis that can detect positive or negative attitudes in the text information to further validate

our hypotheses, and we plan to include them in our future work.
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Appendix

Table A1 Count of comment by month

Freq. Percent | Cum.
2019 12,142 23.58 23.58
2020 39,355 76.42 | 100.00
January 3,862 7.50 7.50
February 5,504 10.69 18.19
March 5,475 10.63 28.82
April 7,022 13.64 42.45
May 3,327 6.46 48.92
June 4,952 9.62 58.53
July 4,524 8.78 67.32
August 4,108 7.98 75.29
September 3,968 7.71 83.00
October 3,299 6.41 89.41
November 3,802 7.38 96.79
December 1,654 3.21 100.00
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