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Since the onset of the COVID-19 pandemic, we have seen many 
forecasts predicting how individual consumers and broader markets 
will respond in both the short and long term. In times of high uncertainty, 
there seems to be an almost insatiable hunger for such forecasts. 
However, very few are grounded in more than opinion and conjecture. 

Alpha Edison has been working on behavioral change models for years. 
Here, we identify six models that help to explain behavioral shifts that 
are already underway, and those that may persist or emerge anew in 
the coming months. We apply these models to a case study on food 
consumption to illustrate the circumstances where each is more or 
less relevant. By weighting these models according to context, we are 
developing an integrated model that sheds light on a wide range of 
behavioral patterns and related investment opportunities.

ISSUE 6

Predictive Models of 
Behavior Change 

HABIT FORMATION

In our first Perspectives piece, we discussed 
how COVID-19 disrupted a wide range of 
ingrained habits. Habits form when repeated 
choices become automatic, moving from the 
reflective goal-directed part of the brain to the 
reflexive part of the brain. Habits tend to be 
accompanied by psychological changes (like 
faster response times and limited attention 
when executing the behavior) and behavioral 
markers (actions being "cued" by contexts, 
rather outputs of utility maximization). A model 
of habit formation can therefore be applied 
to make predictions about any behavior 
which is performed frequently and with high 
reliability. In such circumstances, an individual 
quickly learns the inherent personal value of 
a behavior and doesn't need to update that 
value upon future execution of the behavior.

NET WORK EFFECTS

Network effects occur when the utility of 
a good/service for one individual changes 
depending on how many other people also 
consume or use it. One archetypal example is 
the fax machine; owning one had no value if no 
one else did, but the value increased back in 
the 1980s as others bought them and it became 
a more viable medium of communication. We 
often see such positive network effects in 
the adoption of technological standards that 
then become more useful for interaction or 
transaction with more people; indirect network 
effects reinforce the benefits as more features 
or applications are built upon the platform to 
serve greater demand. 

Some entertainment contexts also have 
positive network effects, such as greater 
enjoyment of a festival like Burning Man as 
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The Models (cont'd)
more people attend and create a momentous 
shared experience. This example is ambiguous 
though, as some diehard “burners” will tell you 
they preferred the good old days before the 
“tech bros” showed up with expensive camper 
vans. Negative network effects tend to arise in 
such situations where exclusivity is important 
to utility and/or when overcrowding detracts 
from an experience (e.g., El Farol Bar problem 
popularized by the Santa Fe Institute).

RISK PREFERENCES

As touched upon in our second Perspectives 
piece, risk perceptions and preferences play 
an especially prominent role in behavioral 
responses to the pandemic. Rather than 
abiding by a “rational” model of expected 
utility maximization, most people exhibit 
a number of inconsistencies in decisions 
under uncertainty, related to the way that 
they subjectively assess probabilities and the 
salience of various outcomes.

According to Prospect Theory, people tend to 
be risk-seeking for monetary losses and risk- 
averse for gains because of how they weigh 
outcomes relative to a reference point of $0 
change. Unfortunately, while Prospect Theory 
often does a good job explaining choices 
between monetary gambles, many real-world 
risky choices involve not money, but rather 
experiences, such as selecting a movie with 
many 1 and 5 star ratings (a “risky” option) vs. 
one with all 3 star ratings (a “safe” option); 
indeed, research has shown that people tend 
to be more risk-seeking for positive/hedonic 
experiences and risk-averse for negative/ 
utilitarian experiences, the opposite of what 
Prospect Theory predicts for money. In 
addition, there is a “description-experience 
gap” whereby small probabilities that are 
overweighted when learned from a concrete 
description (e.g., numerical probability 
of contracting COVID-19) are eventually 
underweighted if inferred from personal 
experience over time.

Furthermore, decision models incorporating 
“sacred values” suggest that there are some 
things (like human health or life) that people 
are unwilling to take even a small chance of 
compromising, at least when asked to do so 

explicitly by trading them off for money or other 
non-sacred values. Of course, people need to 
make such tradeoffs all of the time, even when 
deciding whether to take risks like driving to 
work, so their stated unwillingness to do so can 
again lead to seemingly contradictory choices.

SIGNALING

Our fifth Perspectives piece introduced the 
concept of signaling. The original signaling 
model from economics was used to explain 
the value of education in labor markets where 
there is asymmetric information regarding the 
skills of a worker. By obtaining a certain level 
of education, the worker conveys information 
about their "quality" to a prospective employer, 
who believes there is a positive correlation 
between the worker's skills and their ability to 
obtain the credential (i.e. low quality workers 
would not be able to obtain such a credential). 
More broadly, a signaling model can be applied 
to make predictions about any situation where 
there is an asymmetry of information between 
the signal “sender” and the signal “receiver.” 
Given how difficult it is to objectively evaluate 
attributes like intelligence, status, influence 
and wealth - all of which people generally want 
to be perceived as having "more" of - signaling 
is applicable to large swathes of human 
behavior.

SWITCHING COSTS

Switching costs are monetary or other 
impediments in time and effort to a consumer 
switching from one behavior to another. 
Sometimes these costs are incurred from 
ending the old behavior (e.g., paying to break 
a cell phone contract), and other times they 
relate to starting the new behavior (e.g., 
installing software to operate a new device). 
Further, uncertainty about the experience or 
outcomes of a new behavior can function as an 
additional hurdle to adopting it. 

According to this model, if someone’s utility of 
an old behavior is u0, their (expected) utility of 
a new behavior is u1, and the cost of switching 
from the old to new behavior is c01, they will 
never try the new behavior while u0 > u1 - c01 
even if u0 < u1. However, if old behaviors are 
prohibited or new behaviors mandated, as has 
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Food Consumption: A Case Study 

happened during COVID, the new behavior 
should persist after the switching cost has 
been incurred. On the other hand, if the original 
behavior was preferable (u0 > u1), then there 
is a question as to whether there are costs to 
switch back; there are apt to be lower setup, 
learning, and uncertainty costs since the old 
behavior is familiar, but there may be new 
transaction or contractual costs to contend 
with.

Note that switching behavior is not fully rational 
in that hyperbolic discounting (overweighting 
immediate utility relative to future utility) can 
lead people to avoid incurring immediate 
switching costs even if the long-term benefits 
would be worth the short-term expense, time, 
or effort.

VARIET Y-SEEKING

Variety-seeking behavior is a tendency to 
prefer a wide range of consumption options, 
often because of satiety specific to any one 
option. Other reasons people seek variety are 
a desire for change and uncertainty regarding 
future preferences (i.e. hedging against the 

possibility of having different desires in the 
future). The model requires making some 
assumptions around how broadly to define the 
scope of the “good” (one may get sick of having 
pasta everyday, but probably not of having 
food) and the time frame (one may get sick of 
food within minutes if they overeat, but never 
get sick of having pasta once a month for the 
rest of their life). In general, this model predicts 
that people will have some pent up demand for 
goods and services that they would usually 
consume if they are prevented from doing so. 
However, people do tend to overestimate how 
much variety they will want when consumption 
is spread out over time, and thus select more 
diversity for the future than they would actually 
choose at each point in time when consumption 
takes place. In other words, they think they will 
remain satiated by particular experiences for 
longer than they actually are.

Not all models are applicable to every context. 
By weighting the predictions of the most relevant 
models the most heavily, our overarching model 
generates an aggregate prediction for any 
behavioral change.

The Models (cont'd)

To put these models into action, we started with a set of behaviors that nearly everyone is likely 
to have modified in response to COVID-19: how we consume food. Specifically, we identified a 
set of three behaviors that have changed since the start of the pandemic based on a nationally- 
representative survey we conducted, as well as internet browser usage from a proprietary dataset1. 
Some of the behavioral data is shown in Fig.1. 

1 Consumer web browsing data was sourced from DISQO, Inc. DISQO owns and maintains a 100% opt-in 1st party audience, and has built 

technology that tracks and structures digital behaviors.

 
Figure 1 displays 
monthly active users 
by category. Restaurant 
Table Reservations is 
OpenTable; Grocery 
Shopping includes 
Whole Foods, Costco, 
Kroger; Restaurant 
Delivery/Takeout 
includes UberEats, 
Grubhub, DoorDash and 
Postmates. Kitchen & 
Dining Product Views 
refers to Amazon pages 
within the kitchen and 
dining categories.
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Food Consumption: A Case Study (cont'd)

AN INCREASE IN ONLINE GROCERY SHOPPING

Evidence for behavior change

Survey data. 69% of respondents said they 
frequently shopped in-store for groceries 
before COVID-19, declining by over half to 34% 
during COVID-19. Only 7% said they frequently 
shopped online for groceries (for either 
curbside pickup or delivery) before COVID-19, 
which more than doubled to 18% during 
COVID-19.

Browser data. The number of monthly active 
users on online grocery websites increased 
by 77% from February to April of this year. 
Specifically, active users on Costco.com grew 
by 119%, on WholeFoodsMarket.com by 95%, 
and on Kroger.com by 32%.

Model predictions

Our overall prediction is high persistence of 
online grocery shopping, based primarily on 
the most relevant model of switching costs. 
After overcoming the initial effort of creating an 
account and any uncertainty about the delivery 
process, many people who were prompted to 
try online grocery shopping for the first time 
during COVID-19 will stick with it if it turns out 
to be a superior alternative to in-store grocery 
shopping. 

Though somewhat less relevant, several other 
models predict a medium level of persistence. 
There is some potential for habit formation 
if online grocery shopping is performed 
frequently enough to become an automatic 
response, so persistence according to this 
model will depend largely on the duration 
of physical distancing measures. The risk 
preferences model also predicts a medium 
level of persistence based on the observation 
that in-store grocery shopping, previously 

perceived as relatively low risk, may now be 
considered a high risk behavior due to exposure 
to other patrons and potentially contaminated 
surfaces. Whether this perception persists will 
depend on the progression of the virus and 
the development of effective treatments and 
vaccines. 

While not highly relevant, the network effects 
model reinforces risk preferences, predicting a 
medium level of persistence of online grocery 
shopping as some consumers remain cautious 
about public spaces. Physical grocery stores 
will continue to have long lines if they enforce 
social distancing or, alternately, crowded 
interiors if they resume business as usual. As 
a result, the value of the in-store experience to 
any given consumer deteriorates the more that 
others take part, inducing at least some people 
to persist in online grocery shopping.

AN INCREASE IN FOOD PREPAR ATION AT 
HOME

Evidence for behavior change

Survey data. Only 56% of respondents said 
they frequently prepared food at home for 
themselves or others before COVID-19, 
compared to 67% during COVID-19.

Browser data. From the February to April time 
frame, Amazon saw a 28% increase in the 
number of unique visitors viewing items in the 
kitchen and dining category.

Model predictions

We expect this increase in food preparation 
at home to have medium persistence as a 
result of high potential for habit formation, but 
an equally strong and countervailing force of 
variety-seeking in food consumption outside 
of the home. Habit formation predicts a high 

Having validated that these behaviors have indeed shifted during the COVID crisis, we next 
applied our behavior change models to predict whether these new behaviors will persist after 
the pandemic is over. To generate an overarching prediction, we took into account the relevance 
of each model, and instances where they make consistent or contradictory predictions. For 
interested readers, the Appendix quantifies this integrated prediction by assigning a numeric 
relevance score to each model that is then used to weight its prediction accordingly.



level of persistence, driven by the fact that 
food preparation is a high frequency behavior, 
largely dependent on trained motor responses. 
Thus, preparing coffee or breakfast at home 
for many weeks in a row is likely to become 
ingrained as an automatic response. Variety-
seeking, on the other hand, predicts a low 
level of persistence, largely because of the 
assumption that after weeks of making food 
at home, people will experience very little 
marginal benefit from cooking. Regardless of 
how much variety one attempted to achieve 
in the home, there is a limit on the average 
individual's cooking ability (and patience to 
make complicated dishes), and consumers 
may crave both (1) cuisines they haven't 
eaten in a long time, as well as (2) new eating 
environments outside of their dining room.

Two applicable but less relevant models both 
predict medium persistence. The signaling 
model notes that posting images of one’s 
culinary creations on social media has enabled 
home cheffery to become a new marker of 
status and accomplishment. We've seen a shift 
away from merely utilitarian food preparation to 
more extravagant "conspicuous consumption" 
in the home. Having perhaps discovered a 
new medium via which to signal, some may 
continue preparing food at home (in lieu of, 
or in addition to, going to restaurants). The 
switching costs model also predicts a medium 
level of persistence. Having put in the time and 
effort to learn new recipes, as well as buying 
new tools for cooking or baking, some people 
will continue to do so more often than before. 
However, given that it's not an entirely new 
activity, not everyone will have incurred such 
costs.

A DECREASE IN DINING -IN AT RESTAUR ANTS 

Evidence for behavior change

Survey data. 20% of respondents said they 
frequently dined out at restaurants before 
COVID-19, compared to only 7% during 
COVID-19. Even more starkly, only 7% said they 
never dined out at restaurants before COVID-19, 
compared to 54% during COVID-19. (Note that 
restrictions varied from one region to another.)

Browser data. Users of the restaurant 

reservation website OpenTable decreased by 
90% from February to April, which indicates 
not only less eating out as a result of social 
distancing regulations, but also little appetite 
to plan dining out for the uncertain future. 
Moreover, with the boom in online delivery 
shown in Fig. 1, some customers might have 
switched to online delivery of restaurant-
prepared food as a substitute for dining-in.

Model predictions

We forecast low persistence of restaurant 
avoidance as they reopen more widely. 
Restaurant dining carries high signaling value 
and at least some options are widely affordable, 
making it one of the few indulgences that 
is regularly enjoyed by a high percentage 
of people from various socioeconomic 
backgrounds. This will serve as motivation 
for restaurant patronage to rebound to pre-
COVID-19 levels once official mandates allow 
it. The variety-seeking model also predicts 
a low level of persistence. The counterpart 
to the prediction regarding decreased food 
preparation in the home post-COVID-19 is an 
increase in dining out. In particular, restaurants 
are plenty and each one is unique, offering a 
change of scenery and cuisine after being 
constrained to one's dining room and limited 
menu (depending on grocery and takeout 
availability) for months prior.

Another relevant behavioral model is that of 
risk preferences, which predicts a medium 
level of persistence based on the assumption 
that people have developed apprehension 
about the possibility of contracting COVID-19 
in public spaces, but that this fear will likely 
dissipate over time. Some people may continue 
to avoid restaurants where they would come 
into contact with other patrons and staff, 
and consume food prepared by others under 
unknown conditions. However, these fears will 
persist only insofar as people retain collective 
memory of the crisis, and the social norms for 
acceptable levels of interaction do not fully 
readjust. In conjunction with risk preferences, 
the somewhat less relevant network effects 
model also predicts a medium level of 
persistence. As long as there are concerns 
about proximity to others in a crowded space, 
the more that other people return to dining-in, 
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By applying these behavioral models in a systematic way, we have developed a scientifically 
rigorous, yet flexible approach to understanding and predicting consumer behavior across 
a range of contexts. To be sure, the COVID crisis is unique in a number of ways such as the 
mandate of abrupt shifts in work and personal life, so we have attempted to avoid “overfitting” 
our methods to this particular set of circumstances. More generally, we believe that the 
underlying motivations for human behavior remain fairly consistent, and the models assist 
us in thinking about how these motivations manifest differently depending on prevailing 

economic, social, and political pressures.

As the world starts to open back up at different rates in different places, we will continue 
to monitor these behaviors using the Consumer Impact Index introduced in our fourth 
Perspectives piece. The comparison of our model predictions to behavioral evidence will help 
to refine the weight our integrated model places on each underlying model given a particular 
set of conditions. In the meantime, we’ve also been working to extend our behavioral 
predictions across the spectrum of daily life, from public transit to international travel, and 
from telemedicine to virtual happy hours. The overarching question with respect to COVID-19 
remains: what will become the ‘new normal’? More broadly, we aim to apply our generalized 
model to understand and predict behaviors - and identify investment opportunities - that are 

not at all obvious from observing the status quo.

Implications & Looking Forward
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Appendix - Quantitative Model 
The following table illustrates how we integrate the predictions of the separate behavioral 
models into a single aggregate prediction for the food-related behaviors considered. For a given 
behavior (row), the weighted prediction is the sum across models of the persistence rating 
multiplied by relevance rating, divided by the sum across models of relevance ratings. The 
weighted prediction can range from 1 = low persistence to 3 = high persistence.

Behavioral 
Shift 

Model Persistence Prediction (1 = Low, 2 = Medium, 3 = High) Weighted 
Prediction

Habit 
Formation

Network 
Effects

Risk 
Preferences

Signaling Switching 
Costs

Variety- 
Seeking

Increase 
in online 
grocery 
shopping 

2 2 2 3 2.29

Increase 
in food 
preparation 
at home

3 2 2 1 2.00

Decrease in 
dining-in at 
restaurants

2 2 1 1 1.43


