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CONSUMER RELEVANCE AND CONTRIBUTION STATEMENT
(WORDS: 286 [300 WORD LIMIT])

Life is filled with experiences that we undergo twice: once in the living and once in the
recounting. When we go on a week-long vacation, we have the moment-by-moment experience
of that vacation. But when a friend asks us how the trip was, we do not give them a week-long
tale. Here we investigate how consumers summarize customer experiences, by creating variously
patterned experiences and investigating which features of the patterns best predict these
outcomes.

Our findings have several theoretical implications for work on summarization,
architecting customer journeys, and predicting the success of content. Compared to previous
work on summarization, we simultaneously consider a wider set of experience patterns and
features of those patterns and quantify the relative importance of each feature in predicting
consumer-relevant outcomes. Contributing to work on customer journeys, we help to empirically
adjudicate between whether smooth or fluctuating customer journeys (Siebert et al. 2020) are
more rewarding for customers. Finally, whereas previous work on predicting the success of
content has considered features of the content itself (e.g., the words of a scientific paper), we
quantify features of the mental experience (e.g., levels of enjoyment).

On a practical level, we show the merits of looking beyond a stage-wise
conceptualization of customer journeys (Homburg, Jozi¢, and Kuehnl 2017) to focusing on their
underlying patterns. Further, since managers have limited resources to invest in each touchpoint,
we identify which aspects of the journey to focus investments on (the end, slope, and area under

the curve). Finally, given potential customer backlash against collecting data on the journey



itself, we identify how firms can achieve similar results with possibly less invasive approaches,

by leveraging sentiment scores of language customers use to describe their journeys.

ABSTRACT (WORDS: 198 [200 WORD LIMIT])
How do consumers summarize and act on their experiences, as when deciding whether an
interaction with a firm was satisfying and whether to buy from it? Previous work on the
summary of continuous experiences has tended to focus on a handful of experience patterns and
features of those patterns, such as the area under the curve, peak value, and end value. Here, we
consider a wider array of possible experience patterns and features of those patterns (27 patterns
and 21 features) and quantitatively assess which features are most tied to consumer satisfaction
and choice. Contrasting with theories that say fluctuating journeys are most effective, we find
that consumers are most satisfied by journeys that stay consistently positive or improve over
time, especially toward the experience’s end. Furthermore, we find that several features of the
experience predict these outcomes. These features include the end value, slope, integral, peak,
and a sentiment score of the words people use to describe the experiences, although the
consistently best predictor is the end value. The findings have theoretical implications for
summarization, architecting customer journeys, and predicting the success of content, as well as

practical implications for return on investment in customer experience optimization.

Keywords: customer experience; customer journey; customer satisfaction; natural language

processing; summarization



Life is filled with experiences that we undergo twice: once in the living, and once in the
recounting. When we go on a week-long vacation, we have the moment-by-moment experience
of that vacation. But when a friend asks us how the trip was, we do not give them a week-long
tale. Rather we summarize and compress the experience into a single evaluation, which affects
what we recommend and what we ourselves consume. This tendency is prevalent in
consumption, given that consumption often spans temporal intervals. When we visit the dentist
or watch a horror film, we experience fluctuating levels of pain and unease. When we watch a
performance such as a singer or interview a job candidate, we may be impressed at one moment
and bored the next. When we interact with a company, we experience varying levels of
satisfaction and annoyance over time. When we make the decision of whether to recommend a
movie, to undergo a medical procedure again, or to buy a product, we somehow collapse and
compress a continuous line of experiences into a summarized point.

This paper is about how consumers mentally compress their experiences. We focus
especially on what patterns of mental experience lead to success, both when the experience is of
a single offering (e.g., watching a movie trailer), and when it occurs across various touch points
with a firm over a more extended time period, aka the ‘customer journey’ (e.g., as when you first
see the firm’s ad, then log on to its website, receive information about the product, install the
product, and so forth).

Previous works have examined how consumers summarize trajectories by studying a few
experience patterns at a time, and by testing the importance of a few features at a time, such as
peaks or velocity (Bhargave and Montgomery 2013; Carmon and Kahneman 1996; Fredrickson
and Kahneman 1993; Hsee, Salovey, and Abelson 1994; Kahneman et al. 1993; Loewenstein and

Prelec 1993). Yet there are very many possible consumer experiences, and we do not yet have a



comprehensive, empirically driven understanding of whether these patterns matter beyond a
simpler stage-wise conceptualization of customer experiences like pre-purchase, purchase, and
post-purchase (Bettman and Park 1980; Demmers, Weltevreden, and van Dolen 2020; Grewal
and Roggeveen 2020; Hamilton et al. 2021; Schamp, Heitmann, and Katzenstein 2019) and, if
so, which patterns are optimal.

Furthermore, even if patterns matter in customer experiences, managers must decide
where to prioritize their limited resources. To this end, we also quantify several features of the
patterns and of the language consumers use to describe them, in order to determine which
features best predict consumer-relevant outcomes.

We then explore whether consumers are aware of how they summarize consumer
experiences, or whether summarization is an automatic psychological processes that is
informationally encapsulated from awareness (Bargh 2002; Bargh and Chartrand 1999b). If
summarization is automatic, then marketers may influence it without consumers realizing how
they did this.

Finally, we test whether summarization of consumer experiences generalizes across
different experience domains at different temporal scales (e.qg., a single offering, or an entire
customer journey with a firm), as well as across first and third-person perspectives (Hung and
Mukhopadhyay 2012), given that consumers make decisions not just based on how they
summarize their own experiences but also based on how they summarizes the experiences of
others.

In sum, the current work extends previous work in four major ways (figure 1): (i) it
considers a wider range of experience patterns, by systematically constructing them and then

quantifying which patterns are most successful; (ii) it assesses how well various features of these



patterns, both existing ones studied in previous work and new ones, predict consumer-relevant
outcomes; (iii) it tests if consumers are introspectively aware of how they perform these
summaries; and (iv) it tests if consumers summarize experience patterns similarly across both
different domains of experience (e.g., a customer journey with a solar panel firm, or a single
experience of a movie trailer), and across different perspectives (third versus first-person). Data,

analysis code, and stimuli for all studies are available on [anonymized link].

FIGURE 1

CONCEPTUAL MODEL

Process . \
Awareness Sagtsfgct;on
Study 2 uay
1
Hiring
Features Study 3
Experience > (end value, slope,
Pattern integral, max,
sentiment...)
First Person

Study 4

Meaningfulness
Study S§2

Our findings have theoretical implications for work on summarization, architecting
customer journeys, and predicting the success of content. Compared to previous work on
summarization, we consider a wider set of experience patterns and features of those patterns, and
assess the relative importance of each feature in predicting consumer-relevant outcomes.

Contributing to work on customer journeys (Siebert et al. 2020), we help to empirically



adjudicate between whether smooth or fluctuating customer journeys are more successful.
Finally, whereas previous work on predicting the success of content has considered features of
the content itself (e.g., the changing sentiment score of the words of a scientific paper), we study
features of the mental experience (e.g., by measuring how consumers summarize their own
continuous mental experiences, or summarize others’ mental experiences).

On a practical level, we demonstrate the merits of moving beyond stage-wise
conceptualizations of customer journeys (Demmers et al. 2020) to focusing on their underlying
patterns. We also help identify which aspects of the journey managers should invest limited
resources in (the end, slope, and area under the curve). Finally, given potential customer
backlash against collecting data that reveals the customer journey, we identify how firms can
achieve similar results with potentially less ‘invasive’ approaches, by leveraging sentiment
scores of the language customers use to describe their journeys. In what follows, we outline our

theoretical framework, followed by six experiments testing it.

THEORETICAL FRAMEWORK

What is the Optimal Pattern of a Customer Experience?

Managers deliver value not just through their offerings but also the overall customer
experience (Schmitt 1999). Customer experiences occur at various scales, ranging from a single
offering (e.g., a single movie trailer) to a longer ‘customer journey’ with a firm (i.e., an extended
experience with a firm and its offerings that occurs across various touchpoints, such as from first

viewing an advertisement all the way to re-purchasing the offering) (Edelman and Singer 2015;



Hildebrand and Schlager 2019; Lemon and Verhoef 2016). Despite the different temporal scales
of these experiences, what they have in common is that they create patterns of mental experience
in the customer over time, e.g., fluctuating levels of happiness, annoyance, or engagement. Firms
have long measured consumers’ continuous responses to their offerings, including their moment
to moment reactions to television shows (Hui, Meyvis, and Assael 2014; Nelson, Meyvis, and
Galak 2009), movies (Zhang, Wang, and Chen 2020), live streaming (Lin, Yao, and Chen 2021),
and especially commercials (Aaker, Stayman, and Hagerty 1986; Baumgartner, Sujan, and
Padgett 1997; Hughes 1992; Madrigal and Bee 2005; Ramanathan and McGill 2007; Teixeira,
Wedel, and Pieters 2012; VVanden Abeele and MacLachlan 1994; Woltman Elpers, Mukherjee,
and Hoyer 2004; Woltman Elpers, Wedel, and Pieters 2003). The responses measured in these
studies are quite varied, including emotional reactions, and ratings of liking, humor, and being
entertained and informed.

Taking this dynamic view of the customer across time may help firms improve customer
satisfaction, bolster sales, and grow customer lifetime value, as by acquiring new customers,
extracting more margin from existing customers, and preventing churn (Schweidel et al. 2022).
To these ends, most previous work on customer journeys has tended to organize them into
discrete, stage-wise steps such as pre-purchase, purchase, and post-purchase (Homburg et al.
2017). These stages have then informed whether and what kind of data to collect, and what
marketing activities to prioritize (Bettman and Park 1980; Demmers et al. 2020; Grewal and
Roggeveen 2020; Hamilton et al. 2021; Schamp et al. 2019).

Moving from a stage-wise conceptualization to more of a continuous one, both
practitioners and academics have begun to ask whether the pattern of the journey also matters

and, if so, what kinds of patterns are most successful (Siebert et al. 2020). As of now, these



debates are mostly theoretical and qualitative, and has largely centered around whether managers
may find more success from smooth journeys (Frow and Payne 2007; Kuehnl, Jozic, and
Homburg 2019) or fluctuating journeys, which can be more effortful, inconsistent, and
unpredictable (Alter 2017; Eyal 2014). Here, we empirically contribute to this debate by
systematically generating a wide range of possible customer experience patterns (27 of them),
and measuring whether these patterns affect consumer satisfaction, desire, and purchase intent.

We predict:

H1 — The Pattern Matters. Consumer-relevant outcomes depend on the pattern of the

experience.

What Features of These Patterns Matter?

If the continuous pattern of a customer journey matters, managers still need to decide
how to prioritize investment of limited resources to gain visibility into these journeys and
optimize them, e.g., devote human or other resources to improving a given touchpoint, like a
landing page, payment processor, or customer service encounter.

Addressing this problem requires asking an additional question: how do customers
summarize their experiences? If one thinks of an experience as tracing out a curve over time, one
can quantify various features of that curve that could, in principle, inform how it is summarized.
By quantifying all such features, one can test how well each feature performs at predicting
consumer judgments and choices, which serves as an indicator of which features influence

customers’ summaries. Here, we explore a relatively exhaustive list of features inspired by, and



extending beyond, previous work (described below), and test their relative importance across a
representatively large set of possible customer experience patterns.

In principle, many features can inform a customer’s summary of an experience. One
approach is ‘sum up’ the mental state(s) the customer experienced over the course of the
experience, which is equivalent to ‘plotting’ their mental state (say happiness) over time and then
mentally computing the area under the curve (Aaker et al. 1986; Thorson and Friestad 1989).
While this approach is rational (i.e., the more area under the curve the better), many studies find
that people are more inclined to weight some singular moments of the experience—such as the
‘peak’, ‘trough’, and ‘end’—more heavily than others (Baumgartner et al. 1997; Diener, Wirtz,
and Oishi 2001; Fredrickson and Kahneman 1993; Hui et al. 2014; Newman, Lockhart, and Keil
2010; O’Brien and Ellsworth 2012; Redelmeier and Kahneman 1996; Verhoef, Antonides, and
De Hoog 2004). For instance, in one memorable study, participants undergoing a colonoscopy
were asked to rate their pain in real-time. Surprisingly, the colonoscopy that induced pain for
longer but which had a less intense peak and end was later evaluated as less aversive, suggesting
that in retrospect participants remembered these singular moments best (Redelmeier and
Kahneman 1996). When it comes to endings, consumers also proactively choose to end on a high
note, e.g., they would rather listen to their less preferred song first, followed by their most
preferred one (Kahnx, Ratner, and Kahneman 1997; Ratner, Kahn, and Kahneman 1999).
Similarly, consumers prefer receiving bad news before good news (Legg and Sweeny 2014), and
endings that are happy or familiar as opposed to sad or unfamiliar (Ross and Simonson 1991;
Winet and O'Brien 2022).

Compared to endings, the impact of beginnings is more controversial. The literature on

‘thin slicing’ suggests that consequential outcomes are well predicted by first impressions, as



when predicting the popularity of political candidates (Todorov et al. 2005), musical
performances (Tsay 2013), or predicting whether someone is morally culpable for a moral
transgression (De Freitas and Hafri 2022). At the same time, studies that pit beginnings against
endings, suggest that beginnings are less important than endings (Garnefeld and Steinhoff 2013;
Harman and Porter 2021).

Beyond the integral, peak, beginning and end, consumers’ summaries are also sensitive to
how the experience changes over time, including its velocity (Hsee and Abelson 1991),
acceleration (Hsee et al. 1994), and improvement or deterioration (Bhargave and Montgomery
2013; Loewenstein and Prelec 1993). Further, the direction of change and magnitude of the slope
is important, particularly in the second half of the experience (Ariely 1998; Hansen and Danaher
1999; Hsee and Abelson 1991). Specifically, people prefer experiences that improve over time,
especially towards the end, such as decreasing discomfort or an increasing wage profile
(Loewenstein and Prelec 1993).

Here, we stress test these insights by simultaneously comparing the importance of these
features across a wide range of possible experiences, instead of taking a more piecemeal
approach that focuses on one or two features at a time. Our set of features both borrows from and
extends beyond these previous works, including the following: how much the pattern is
improving or deteriorating over time (the first derivative, aka slope, and various weightings
thereof), whether such changes are fast or slow (the second derivative, aka acceleration, and
various weightings thereof), the peak, valley, start, and end values of the line, the integral (aka
area under the curve), and the number of peaks, valleys, and total extrema (i.e., peaks and

valleys) (figure 2). We reason that, when it comes to summarizing a wide array of possible
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experiences, more than one feature can be informative of whether the trajectory is going well or

poorly overall. Thus, we predict:

H2 - Several Predictive Features. Several features of an experience predict consumer-

relevant outcomes such as satisfaction and consumption choices.

Yet, even if a manager knows which aspects of an experience to improve, he or she needs
to collect the continuous data to inform these improvements, such as customers’ search results,
connections on social media, or geographic coordinates. Given potential customer backlash
against collecting such data, we also identify how firms can achieve similar results with the
potentially less ‘invasive’ approach of analyzing features of language. Previous work has
predicted the success of language-based content—such as stories, academic articles, social media
posts, songs, and movies—using features of the language content itself, such as speed of
semantic progression, variation in sentiment, and similarities among content (Berger and Packard
2018; Laurino Dos Santos and Berger 2022; Reagan et al. 2016; Toubia, Berger, and Eliashberg
2021). In some cases, these features have been interpreted as a ‘proxy’ of mental experience,
e.g., the speed of semantic progression could serve as an indicator of how exciting or engaging
the content was for the reader (Berger, Kim, and Meyer 2021).

Here, we quantify similar linguistic features, but of the language which consumers use to
describe their own consumers experiences and that of others. Based on these descriptions, we
quantify several linguistic features (figure 2), including: how interesting the experience is (as
represented by the number of unique words participants use to describe it), the semantic meaning

of these words (as generated from a trained neural network), and their valence (as calculated by a



11

sentiment model). We treat interestingness as a proxy of engagement, and semantic embeddings
as a reflection of the narratives accompanying certain experience patterns (Deighton 1992;
Deighton, Romer, and McQueen 1989). Embeddings have also been fruitfully utilized to
understand dynamic consumption patterns in previous work, such as the news content people
consume over the span of years (Dhillon and Aral 2021). Our use of sentiment analysis is
motivated by psychological work showing that consumers appear to represent various entities
(e.g., other people, firms, or abstract concepts) in evaluative terms (De Freitas et al. 2018; De

Freitas et al. 2022; Fazio et al. 1986; Knobe, Prasada, and Newman 2013; Osgood 1952).

FIGURE 2

MAJOR FEATURES USED AS PREDICTORS

1st Derivative 2nd Derivative Integral Semantic Embeddings
Number of Peaks Number of Valleys Total Number Interestingness
of Extrema
Start and End Minimum Maximum Sentiment Scores

NOTE.—We quantify both literal features of a trajectory (green) and semantic features of the language
participants provide (blue).
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Process Awareness and Generalizability

In line with work suggesting that some mental modules operate automatically without
consumers being aware of the underlying psychological processes (Bargh and Chartrand 1999a;
Kahneman 2011), we also ask whether consumers have introspective access into which features
inform how they summarize customer experiences. Automatic psychological processes operate
obligatorily, outside of deliberate intention and control (De Freitas and Alvarez 2018; Firestone
and Scholl 2016; Logan and Cowan 1984). If summarization is automatic, then it is even more
important that marketers be aware of how it operates, so that they can influence this process
rather than attempting other ways of influencing how consumers summarize experiences. We
operationalize introspective access by asking consumers to rank the extent to which different

features influence their summaries. We predict:

H3 - Lack of process awareness: Consumers do not accurately rank the extent to which
different experience features influence their summaries, suggesting that they are unaware

of how they conduct these summaries.

Next, we test the extent to which hypotheses 1 and 2 generalize across several experience
domains, including customer journeys related to buying a product (studies 1 and 4), consumption
of interview performances (study 3), experiences of movie trailers (study 4), and even entire

lives (study S2). Despite the myriad differences across these domains, we predict that consumers
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largely summarize similar experience patterns across domains using the same psychological

process.

H4 - Generalizability Across Domains: Across experience domains, consumers

summarize different patterns of experiences similarly.

Finally, we test whether hypotheses 1 and 2 generalize across first and third-person experiences,
i.e., regardless of whether one is summarizing another’s experience (studies 1-3) or one’s own
(study 4). Both types of summaries are practically relevant, since consumers make consumption
decisions based on how they summarize both their own experiences and that of others. We

predict:

H5 — Generalizability Across Perspectives: Consumers summarize experiences

similarly across first and third-person perspectives.

STUDY 1: SATISFACTION OF A CUSTOMER JOURNEY
How do people summarize an entire customer journey (Lemon and Verhoef 2016), given
the happiness that the customer experiences over the course of that journey? Study 1 starts by
measuring consumer intuitions about other’s experiences, which can influence whether
consumers consume these experiences themselves. Specifically, we explore what types of mental
customer journeys are viewed as most satisfying and whether consumers personally desire such
journeys for themselves. Note that, although it is possible for satisfaction and desirability to

perfectly correlate, they may also come apart. For instance, even though a tumultuous journey
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can be effortful, challenging, and ultimately satisfying, whether consumers desires such journeys

for themselves may depend on their personal tolerance for adversity.

Method

Materials. We generated 27 mental customer journey lines, each of which depicted a
fictional customer’s experience with a solar panel firm named Solaro. The customer’s
“Happiness” was plotted on the y-axis across each “Customer Touchpoint” of the x-axis. The
instructions explained what the touch points represented (more below).

To capture a wide range of customer journey patterns, we generated them from several
basis functions (figure 3): linear (positive, negative, and constant slopes), exponential (various
reflections), sinusoidal (various transformations), and logistic (jump and drop). We also included
two custom-made trajectories inspired by the writer Kurt Vonnegut’s “Old Testament” and ‘“New
Testament” story arcs (Vonnegut 1995): a linear rise followed by a sharp fall and a constant low,
and a linear rise followed by a sharp fall and upward exponential rise (figure S1). The remaining

Vonnegut plots were already captured by our existing functions.

FIGURE 3

CUSTOMER JOURNEY LINES IN STUDY 1
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Customer Touchpoint

Procedure. We recruited 295 participants on Amazon’s Mechanical Turk who passed
four attention checks and finished the survey in exchange for $2.50. Since a pilot study showed
that we would exclude around a third of participants due to stringent comprehension checks
about survey content and interpreting basic graphs, we recruited 295 participants so that we
would have at least 100 participants after exclusions. We ended up excluding 118 based on
comprehension checks presented at both the beginning and end of the survey (described below),
leaving 177 (Mage = 40.5, 46% female). Participants were given the following study instructions:

“In this experiment, we will show you the ‘customer experience lines’ of different

customers who interacted with a solar panel firm called Solaro. On the y-axis, we will

plot how the customer felt throughout their customer journey, and on the x-axis, we will

plot each ‘touchpoint’ they had with Solaro during this journey. A ‘touchpoint’ is a

moment when a customer interacts with the company.

Each customer had 80 touchpoints, from the point of first hearing about Solaro to

eventually buying a solar panel from them. Examples of customer touchpoints include:

reading their first Solaro ad, logging on to Solaro’s website, receiving information

from Solaro about their current energy usage, obtaining estimates for how much it would

cost to install solar panels on their roof, and so forth.

Therefore, the overall customer experience line shows how the customer felt at each
touchpoint along their customer journey with Solaro.”

At this point, they were shown an example plot with ‘stress’ plotted on the y-axis across time on

the x-axis, and asked three comprehension questions about it:
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“At what customer touchpoint was the person above when they felt the most stressed in
their experience? [0, 20, 40, 60, 80]”

“How stressed did the person above feel when they were at the 20th customer
touchpoint? [0, 20, 40, 60, 80, 100]”

“Which is true of the customer experience of the person above?” [“They were highly
stressed early in their customer experience, then highly unstressed later in their customer
experience; They were highly unstressed early in their customer experience, then highly
stressed later in their customer experience”; They were highly stressed both early in their
customer experience, then highly stressed later in their customer experience”; They were
highly unstressed both early in their customer experience and later in their customer”]
If participants failed any of these checks, they were shown a short educational video explaining
how to interpret the axes of a graph. They were then shown a new graph and asked three similar
comprehension questions as the ones above. Participants were excluded for failing any of these
questions.

They were then shown a picture with thumbnails of all 27 customer journey lines that
they would rate in the main study. Next, they were shown each of the 27 customer journeys on
its own page, accompanied by the following four questions:

“How gatisfying was this person’s customer experience overall?” (100-point slider, with

0 = Least satisfying customer experience possible and 100 = Most satisfying customer
experience possible)

“How much would you like for your customer experience to look like this?”” (100-point
slider, with 0 = Not at all and 100 = Very much)

“If you had to summarize this person’s customer experience using just one word, what
would it be?” (We presented a small text box)

Imagine that you wanted to install solar panels on the roof of your home, and your
customer experience looked like the one above. How much would you be willing to pay
Solaro to install solar panels on your home (customers typically pay around $20,000 for a
similar service from other solar panel companies)? Please enter the amount below
without the dollar sign or any commas. (We presented a small text box)

All depending variables were consumer-relevant outcomes, except for the summarization

question, which was intended for our natural language analyses. At the end of the survey, we
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asked three more comprehension checks about what was plotted on the y-axis, x-axis, and what
type of questions were asked:

“You just saw many plots. What was labeled on the y-axis [Customer Touchpoint,
Happiness, Satisfaction, Age]”

“What was labeled on the x-axis? [Customer Touchpoint, Happiness, Satisfaction, Age]”

“The first question after each plot asked you to assess the following about the person’s

customer experience line: [Customer Touchpoint, Happiness, Satisfaction, Age]”
Participants were also excluded for failing any of these questions. Altogether, the relatively high
percentage of exclusions (40%) likely reflects a math illiteracy issue with Mturk participants,
which further underscores why it was important to include so many comprehension checks to

ensure data quality. Finally, participants completed basic demographics items (political

orientation, gender, ethnicity, age, education level) and provided any comments on the survey.

Results

Descriptive Analyses. We treated customer journey type as a continuous variable ranging
from 1 to 27, ordered according to average satisfaction scores. To test whether the pattern of a
customer journey affected participant outcomes, we ran a mixed-effects linear regression, with
question type (satisfaction or desirability) and pattern (of the various customer journey lines) as
fixed factors and participant number as a random intercept. We found significant effects of
question type (b = -10.27, p < .001) and customer journey type (b = 2.58, p < .001, figure 4),
supporting hypothesis 1 that pattern matters. We also found that both satisfaction and personal
desirability were significantly correlated with willingness to pay (satisfaction: r = .42, p < .001;

personal desirability: r = 0.39, p <.001).
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FIGURE 4
AVERAGE SATISFACTION AND DESIRABILITY OF CUSTOMER JOURNEYS, RANKED BY

ASCENDING SATISFACTION
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Customer Journey Plots

Exploratory Analyses. We also noticed an interesting pattern between summaries of
satisfaction versus desirability: When we plotted satisfaction and desirability scores arranged in
ascending order of satisfaction, the differences between these outcomes were initially small, then
increased, then decreased again (figure 4). Indeed, when we regressed the difference between
satisfaction and personal desirability on customer journey numbers ordered by the average
satisfaction scores, we found that a linear model fit the data poorly (b = -0.05, p = .672), whereas
a quadratic model fit them well (quadratic: b = -0.07, p < .001; quadratic > linear, x?(1) = 57.50,
p <.001; figure 5). Thus, satisfaction and personal desirability ratings only converged for
customer journeys that were either extremely satisfying or unsatisfying, implying that people

may avoid fluctuating experiences that they otherwise deem to be relatively more satisfying.

FIGURE 5
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LINEAR AND QUADRATIC FITS TO THE DIFFERENCE BETWEEEN SATISFACTION AND PERSONAL

DESIRABILITY
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NOTE.— Points are arranged by increasing satisfaction scores.

Predictive Analyses. So far, the results show that pattern matters (hypothesis 1). But how
do consumers go from seeing a particular pattern to deciding how satisfying or desirable it is? To
answer this question, we exhaustively quantified 18 literal features of the trajectories:

e First derivatives, with various weightings, i.e., ascending or descending across a
customer journey, or weighting most heavily a line’s beginning, end or “early”
touchpoints. To calculate the ascending and descending weights, we divided the
pattern into quarters, and assigned the quarters with weights of 0.25, 0.5, 0.75,
and 1 in ascending or descending order. For beginning weights, we only

considered the first quarter of the pattern, and for end weights, we only
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considered the last quarter. For calculating the early” weights, we only
considered part of the pattern between 18 and 30 along the x-axis.

e Second derivatives, i.e., the line’s accelerations

e Integral, i.e., the summation under the line

e Number of peaks, valleys, or both

e Maximum and minimum

e End, i.e., the last y-value
e Start, i.e., the first y-value.
We also included three conceptual features related to participants’ word descriptors:

e Sentiment score, i.e., valence, representing evaluation, as computed using a deep
learning-based sentiment model that was trained on billions of texts such as news
articles and Wikipedia entries. The model uses the vector embeddings of words,
which represent a word’s meaning as a list of numbers, to calculate sentiment
score, through the ‘sentiment.ai’ package in R.

e Interestingness, i.e., the count of unique words used to describe a given
experience.

e Semantic embedding, a representation of each word’s semantic similarity to other
words, or its overall uniqueness, as learned by an artificial deep neural network
that was trained to perform a variety of natural language tasks (Cer et al. 2018).

We then evaluated each of the 21 features separately. To quantify how well each feature
predicted summaries of satisfaction and personal desirability, we used a k-fold cross-validation
procedure with the k value (i.e., the number of folds) set to ten, which provides a good balance

between bias and variance (Hastie et al. 2009; Kohavi 1995). For each of the ten folds, we
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trained a regression model on all the data except the held-out fold, for which we generated fold-
size predicted ratings. We then correlated these predicted ratings with the true ratings
participants provided in that fold. We repeated this procedure for each fold, so that for each
feature we had ten correlation values, one for each fold. We repeated this whole process for ten
runs, to make sure our model was robust. A feature’s final performance was simply the
arithmetic mean of the hundred correlations (10 folds x 10 runs).

In line with hypotheses 2 and 3, summaries of satisfaction and personal desirability were
significantly predicted by several features, both literal and linguistic, with the end value and

sentiment score coming out on top (table 1; figure 6).

TABLE 1

MEAN PERFORMANCE OF STATISTICALLY SIGNIFICANT PREDICTORS IN STUDY 1

Predictor r Satisfaction r Desirability
Sentiment score 0.68™ 0.70™
End value 0.63™ 0.59™"
First derivative (asc. weights) 0.49™ 0.46™"
First derivative (unweighted) 0.48™ 0.46™"
First derivative (end weights) 0.477 0.44™
First derivative (early weights) 0.42™ 0.40™
Embeddings 0.377 0.38™
First derivative (desc. weights) 0.32" 0.357
Minimum 0.317 0.32°
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*kKk

KKk

Integral 0.31 0.29
Maximum 0.24™" 01
Number of peaks 0.18™ 0.21™"
Interestingness 0.16™" 0.25™"
Start value 0.14™ 015~

NOTE.— Significant predictors ranked best to worst according to satisfaction. Predictors not featured
were not statistically significant. ** = p < .01, ** = p < .001.

FIGURE 6
PERFORMANCE OF FEATURES IN PREDICTING SATISFACTION AND PERSONAL DESIRABILITY IN

STUDY 1
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NOTE.— Circles depict the mean prediction performance, and error bars depict 95% CI. Features are
ranked by the mean of the cross-validated Pearson’s r value of satisfaction (red). Horizontal line and gray
shadings depict mean and standard deviation of the prediction performance of a feature with randomly
set values for each pattern. Stars beneath boxes indicate whether the root mean squared prediction
errors are significantly less than that of a feature with random values. If the sample distribution was
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normal, we used a Welch two sample t-test, otherwise, we used a Wilcoxon signed-rank test. ' = p < .1,
*** = p < .001. Lack of stars indicate non-significance.

We also corroborated the novel finding about sentiment score in three ways. First, we
created word clouds of the word descriptors and noticed that the highest frequency words for
each plot were indeed evaluative, e.g., the most frequent words were perfect, great, good,
satisfied for the top five most satisfying customer journeys, and horrible, bad for the five least
satisfying ones (figure S2). Second, using data-driven clustering of the patterns based on natural
associations among the words used to describe them (aka topic models; Blei, Ng, and Jordan
2003), we found clusters intuitively corresponding to fluctuation, positive valence, and negative
valence (figure S3). Third, and finally, we ran a follow up study to verify that the evaluative
language participants employed was not simply ‘contaminated’ by the fact that they were being
asked to make ratings of an evaluative nature (i.e., about satisfaction and desirability) on the
same page. In study S1, participants were asked to only describe each experience with a word,
without also rating it on satisfaction and desirability. We found that sentiment scores of these
words correlated strongly with those of study 1, suggesting that the evaluative descriptions

provided in study 1 were spontaneous rather than contaminated by the rating items.

Discussion

How do consumers judge whether a customer journey is satisfying, given its pattern? In
line with hypothesis 1, we noticed that ratings of customer satisfaction and desirability were
most positive for patterns that improved, followed by fluctuations, then followed by

deteriorations. Interestingly, participants also thought that fluctuating journeys were more
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satisfying than they were desirable. Perhaps, they recognized that tumultuous experiences can be
satisfying, yet preferred to avoid adversity for themselves.

In line with the intuitive ordering of patterns and hypothesis 2, we also found that
judgments were predicted by several literal features of the pattern rather than just one, including
(from least to most predictive) its start value, interestingness, number of peaks, maximum,
integral, minimum, semantic embeddings, various weightings of the first derivative (especially
with ascending weights, indicating that later moments are more important), end value, and (the
best predictor of all) sentiment score.

These results reveal the novel role of language sentiment. They also corroborate the
importance of endings that has been found in previous work (Diener et al. 2001; Fredrickson and
Kahneman 1993; Newman et al. 2010; O’Brien and Ellsworth 2012; Redelmeier and Kahneman
1996), but while doing so across a wider set of customer experiences and when predicting
consumer-relevant outcomes like customer satisfaction and willingness to pay. Equally
interesting is that acceleration was not a significant predictor. This result suggests that, while
consumers care about whether an experience improves or deteriorates over time, they do not
consider whether the acceleration of this improvement/deterioration is positive, negative, or zero
(as can be seen for the most successful patterns depicted in figure 4).

Finally, the high performance of the sentiment predictor suggests that the language
consumers use to summarize experiences provides a viable alternative approach for firms to gain
insight into customer journeys when they or their consumers prefer not to collect continuous data

on the customer journey itself.

STUDY 2: PROCESS AWARENESS
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Study 1 found which are the most and least significant predictors of satisfaction and
personal desirability. To what extent are participants introspectively aware of the relative

importance of these features in informing their summaries of others’ experiences?

Method

Materials. We used the same 27 customer journeys from study 1.

Procedure. We recruited 100 participants on Amazon’s Mechanical Turk who passed the
attention checks and finished the survey, in exchange for $1.88. Since this time our analysis was
simply to find the optimal ranking of features participants thought would predict satisfaction, we
anticipated that a third of the subjects from study 2 would be sufficient. We excluded 34 based
on the same stringent comprehension checks as study 1 at the beginning of the study and three
new checks at the end of the study (described below), leaving 66 (Mage = 38.3, 59% female).

To ensure that participants understood the experimental paradigm from study 1, they first
read the same instructions of that study, including seeing a picture of all the customer journey
lines from that study. Then, to ensure that participants had a concrete understanding of that
study, they answered the same four questions from study 1 for just one of the customer journey
lines (the plot in which there is a linear rise, followed by a sharp fall and exponential rise). Next,
they read the following:

“Imagine that you rated all 27 lines, and so did 200 other people who participated in this

experiment. Which of the following factors do you think would be the best indicators of

the ratings people provided?”” Please arrange them from most to least useful, by clicking

and dragging them.”
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We presented icons of the 12 main predictors (excluding the various weightings of the first and
second derivative predicators) accompanied by labels and intuitive descriptions of each, e.g.,
“Slope: The steepness of a line”. The predictors were initially arranged in random order, with the
topmost predictor numbered #1 (most useful) and bottommost numbered #12 (least useful). We
asked two comprehension questions about the ranking procedure and list of features:
“You just ranked many features. Which rank was for the most important feature? [1, 12, |
don’t remember.]”
“Which of the following was not on the list of features? [Slope, Number of Valleys,
Number of X-Values, Sentiment Scores]”
We excluded participants who failing any of these comprehension checks. Finally, we listed all
features again and asked participants to select any that they did not understand. We excluded
participants who did not understand more than two of the features. The feature that fewest
participants understood was semantic embeddings (although 75% still understood it), while all
remaining features were understood by more than 90% of participants. Participants then

completed the same demographics items from study 1.

Results

To determine the optimal ranking of predictors given participants’ responses, we
conducted rank order analysis using the Monte Carlo cross-entropy algorithm, which uses a
distance criterion to find the optimal rank given a combination of different rankings (Pihur,
Datta, and Datta 2007). To check that this method conformed with our assumptions, we also

sorted the features by their mean rankings, and found a very similar aggregated ranking to the
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Monte Carlo cross-entropy algorithm solution, with the only difference being that the minimum

and number of valleys switched rankings. Importantly, we found that the optimal ranking from

this analysis was different from the true rank found in study 1 (table 2). When correlating the

predicted ranks from study 2 with the true ranks of study 1, we saw no evidence of a systematic

relationship, r =-0.11, p =.729 (figure 7). If anything, consumers systematically underestimated

features that were important, and overestimated features that were unimportant (table 2).

FIGURE 7

PREDICTED VERSUS TRUE RANKINGS OF PREDICTORS IN STUDIES 1 AND 2

True Rank (Study 1)
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PREDICTED VERSUS TRUE RANKINGS OF PREDICTORS IN STUDIES 1 AND 2

Predicted Rank (Study 2)

True Rank (Study 1)

End value (+1)

Sentiment score

Maximum (+5)

End value

Number of total extrema (+8)

Slope

Acceleration (+8)

Semantic embeddings

Slope (-2)

Minimum

Number of peaks (+2)

Area under the curve

Number of valleys (+3)

Maximum

Minimum (-3)

Number of peaks

Sentiment score (-8)

Interestingness

Area under the curve (-4)

Number of valleys

Semantic embeddings (-7)

Number of total extrema

Interestingness (-3)

Acceleration

NOTE.— Parenthetical numbers in left column indicated whether participants over or under-estimated the

importance of a given feature relative to its true rank in study 1 (right column).

Discussion

Supporting hypothesis 3, the ranking of predictors generated by participants did not

match the true order of predictors found in study 1, suggesting that participants were

28
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introspectively unaware of the psychological processes underlying their summaries. If anything,
they tended to place more importance on predictors that were less important in practice, e.g.,
sentiment score was expected to be one of the least important features when in practice it was the
most important, and acceleration was expected to be one of the most important when in practice
it was the least important. In short, the order of predictors found in study 1 is unintuitive and

surprising.

STUDY 3: GENERALIZATION ACROSS EXPERIENCE DOMAINS: PERFORMANCE

CONSUMPTION

How general are the findings of study 1? In this study we begin to consider the possibility
that the previous findings generalize to entirely different experience domains, by investigating
the case study consuming performances (Deighton 1992). Specifically, we focus on interview
performance and the outcome of hiring likelihood. Interview performances differ from customer
journeys in that an interviewee promotes themselves, typically within one session rather than
over several touchpoints, and it is the interviewer(s) who must summarize their impression of the
interviewee, as by deciding whether to hire the candidate after experiencing their job talk.

Most previous work on hiring decisions has focused on the role of more ‘static’ factors,
such as a candidate salesperson’s appearance, personality, gender, and socioeconomic status
(Olian, Schwab, and Haberfeld 1988; Sharps and Anderson 2021; Shtudiner 2019), and features
of the interviewer such as overconfidence (Kausel, Culbertson, and Madrid 2016). Yet, as with

customer journeys, one’s experience with a candidate traces out a pattern of mental states over
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time, raising the possibility that a similar summarizing process to that uncovered in study 1 is at

play and affects the consequential decision of whether someone is judged as likely to be hired.

Method

Materials. We created 27 interview performance lines, identical in pattern to the 27
customer journey lines of study 1. This time, the plots depicted a fictional candidate’s perceived
interview performance for a teaching position at a fictional university called Northride College,

with “Perceived Performance” plotted on the y-axis and “Time” plotted on the x-axis.

Participants
Procedure. We recruited 296 participants on Amazon’s Mechanical Turk who passed the
attention checks and finished the survey, in exchange for $2.50. We excluded 155 based on
comprehension checks, leaving 141 (Mage = 38.5, 46% female). Attention checks and the various
comprehension checks were similar to study 1, except that the answer options were adjusted to
be about the hiring scenario. Participants were told the following:
“In this experiment, we will show you the ‘interview performance lines’ for different
candidates who interviewed for a teaching position at a university called Northride
College. On the y-axis, we will plot the perceived performance of the candidate
throughout their interview, and on the x-axis, we will plot the time in minutes.
Each candidate was interviewed for 80 minutes. Therefore, the overall interview
performance line shows the perceived performance of the candidate at each minute of
their interview at Northride College.”

Participants saw all 27 interview performance lines in a randomized order. Each interview

performance line was presented on its own page with the following two questions:
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“How likely is it that you would hire the candidate?”” (100-point slider, with 0 =
Extremely unlikely and 100 = Extremely likely)

“If you had to summarize this candidate’s interview performance using just one word,
what would it be?” (We presented a small text box)

Participants then completed the comprehension checks and the same demographics items from

study 1.

Results

Descriptive Analyses. We treated interview performance pattern as a continuous variable
ranging from 1 to 27, ordered according to average hiring likelihood scores. To determine
whether the pattern of the interview performance lines affected participant outcomes, we ran a
mixed-effects linear regression with pattern as a fixed factor and participant number as a random
intercept. We found a significant effect of pattern on hiring decisions, in line with hypothesis 1

(b =2.68, p <.001; figure 8).

FIGURE 8

AVERAGE LIKELIHOOD OF HIRING, RANKED BY ASCENDING SCORES
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Predictive Analyses. Using the same 21 predictors quantified in study 1, we utilized the
ten-fold cross-validation approach to quantify how well each predictor predicted participant
ratings (prediction accuracy = cross-validated Pearson’s r). In line with hypothesis 2, summaries
of hiring likelihood were significantly predicted by several features, with end value and
sentiment score again coming out on top (table 3; figure 9). The order of the top five most
successful predictors were almost identical to study 1, except that this time the unweighted first

derivative performed slightly better than the first derivative with ascending weights.

TABLE 3

MEAN PERFORMANCE OF STATISTICALLY SIGNIFICANT PREDICTORS IN STUDY 3

Predictor r Hiring Likelihood

*kk

Sentiment score 0.67

End value 0.62™"




*kk

First derivative (unweighted) 0.47

*k*k

First derivative (asc. weights) 0.46

*kk

First derivative (end weights) 0.44

*kKk

First derivative (early weights) 0.41

Integral 0.36™

First derivative (desc. weights) 0.33™

Minimum 0.33™
Maximum 0.26™
Embeddings 0.26™
Number of peaks 0.19™
Start Value 0.13™

NOTE.— Significant predictors ranked best to worst. Predictors not featured were not statistically
significant. ** = p < .01, *** = p < .001.

FIGURE 9

PERFORMANCE OF FEATURES IN PREDICTING HIRING LIKELIHOOD
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NOTE.— Circles depict the mean prediction performance, and error bars depict 95% CI. Horizontal line
and gray shadings depict mean and standard deviation of the prediction performance of a feature with
randomly set values for each pattern. Stars beneath boxes indicate whether the root mean squared
prediction errors are significantly less than that of a feature with random values. If the sample distribution
was normal, we used a Welch two sample t-test, otherwise, we used a Wilcoxon signed-rank test. ** = p <

.01, *** = p <.001. Lack of stars indicate non-significance.

As in study 1, we also corroborated the importance of sentiment scores by plotting the top

five most and least satisfying word clouds, and again saw that the most frequent words for each

trajectory were evaluative (e.g., surprising, improving, impressive, perfect for top five most

satisfying interview performance lines and terrible, poor, declining, disappointing for the least

satisfying ones; figure S4). We also corroborated the sentiment results with topic modeling,

finding three clusters corresponding to negative, fluctuating, and positive interview performance

trajectories (figure S5).

Discussion
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In line with hypothesis 4, we found evidence that the same phenomenon uncovered when
summarizing customer journeys (study 1) is at play in another practical domain involving
personal performance marketing: hiring decisions. In line with hypotheses 1 and 2, hiring
likelihood depended on the experience’s pattern, with similar types of patterns (table 4) and
predictors succeeding best.

Study S2 in the web appendix further explores generalization of the current
summarization process, by testing whether the findings generalize even to a domain with a much
longer temporal scale: summarizing the meaningfulness of entire lives. We find that similar
literal features of a trajectory predict how meaningful a life is viewed as being, although the
ranking of these features differ slightly from that for customer journeys and hiring likelihood. As
in studies 1 and 2, we find that sentiment score is the best predictor, followed by the end value.
But, unlike study 1 and 3, we also find that the integral and max are more predictive than the first
derivative features, perhaps because the first derivative (aka slope) is viewed as less controllable
by the agent across the longer span of their entire life.

Finally, we compared ratings of satisfaction (study 1), hiring (study 3) and
meaningfulness (study s2) across studies, as well as ratings of desirability in the studies that
measured it (studies 1 and s1), and found high correlations throughout (table 4). In line with
hypothesis 4, these high correlations suggest that the same psychological process underlies

consumers’ summaries across these domains.

TABLE 4

CORRELATIONS BETWEEN RATINGS ACROSS STUDIES 1, 3, AND S1

Customer journey satisfaction v. personal desirability 0.89"
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Customer journey satisfaction v. life meaningfulness 0.87

Customer journey satisfaction v. hiring 0.99"
Customer journey personal desirability v. life desirability 0.93"
Customer journey personal desirability v. hiring 0.98"
Life meaningfulness v. hiring 0.88™
Life personal desirability v. hiring 0.95™

STUDY 4: DIRECTLY EXPERIENCED CONTENT

Studies 1, 3, S1 and S2 considered how consumers summarize customer journeys
experienced by others, as depicted by a trajectory over time. Study 4 explored whether these
effects generalize to first-person experiences (hypothesis 5). To capture these experiences, we
asked participants to indicate their continuous levels of enjoyment of movie trailers, using a

procedure inspired by previous studies using continuous report (Aaker et al. 1986; Pham et al.
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2001). We also leveraged an incentive-compatible design to test which experience patterns were

most likely to lead to a consumption choice.

Method

Materials. We picked movie trailers that had not yet been released at the time of the

experiment, drawn from 8 different genres: (1) Adventure: Dungeons & Dragons: Honor Among

Thieves; (2) Action: Mission: Impossible — Dead Reckoning; (3) Animation: Puss in Boots: The
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Last Wish; (4) SciFi: Avatar: The Way of Water; (5) Fantasy: Shazam! Fury of the Gods; (6)
Biography: | Wanna Dance With Somebody; (7) Drama: She Said; and (8) Horror: Knock at the
Cabin. To control the amount of content viewing time across trailers, we showed participants
only the first 90 seconds of each trailer.

Procedure. We recruited 297 participants on Prolific who passed the attention checks and
finished the survey, in exchange for $3.30. Exclusions per attention checks were as in study 1.
We excluded 81 participants based on comprehension checks and video checks (described
below), leaving 216 (Mage = 40.7, 44% female). Participants were shown the following
instructions, together with a video and an adjustable slider scale anchored from 0 (Not enjoying)
to 100 (Enjoying):

“In this survey, you will rate your enjoyment throughout by continuously adjusting a

slider under the video. For example, if you’re really enjoying one moment you can move

the slider to the right, but if the next moment you are not enjoying it you can move the

slider to the left.”
To ensure that participants understood the task, they were first presented with a demo video,
which was a screen video recording of how one of the authors continuously adjusted the slider
while watching a trailer for the movie, Garfield (2004). To ensure that participants understood
the instructions, they were then asked to complete a practice trial in which they, too, watched the
first 60 seconds of the Garfield trailer while indicating their continuous enjoyment levels. After
completing this practice trail, participants were asked two comprehension questions about the
trailer they saw and how they were asked to rate it: “Which movie was shown in the demo
video?” (options: Tom & Jerry, Rocky 2, Terminator 3, Garfield), and “In which way were you

asked to rate your enjoyment?” (options: Continuously adjusting the slider throughout the video,

Adjusting the slider only at the end of the video, Select it from a multiple choice question).
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Participants then completed the main trials, in which they saw each of the 8 movie trailers
presented on its own page, with the trailers shown in randomized order. In addition to indicating
their continuous levels of enjoyment during the video, after watching a video they indicated how
willing they were to pay for the full movie, and to summarize the trailer using one word:

“How willing are you to pay to watch the full movie?” (100-point slider, with 0 =
Extremely unlikely and 100 = Extremely likely)

“Please provide one word to describe the trailer.” (We presented a small text box)
We took several steps to ensure high data quality for the continuous enjoyment ratings. First, we
collected participants’ enjoyment values every hundred milliseconds, so that we would have 900
points per trailer for each participant at the end of the survey. Second, we programmed the video
interface so that participants were not able to fast forward the trailer or skip to the next screen
until the trailer finished playing. Third, we reminded participants to keep reporting their
enjoyment continuously. If the slider was stationary for more than 20 seconds, a warning
message about this appeared above the trailer for 5 seconds while the video kept playing, before
disappearing again. We excluded 58 participants who were inactive, i.e., who did not move the
slider for more than 30 seconds. Fourth, we measured whether the quality of the video affected
willingness to pay ratings, by collecting both the video resolutions in which the videos played
(e.g., 144p, 240p, etc.), and the number of buffering interruptions that were experienced (i.e.,
each transition from a loading to a playing state). For each of the eight genres, we found that
neither the resolution quality (all ps > .05) nor number of interruptions (all ps > .05) affected
willingness to pay.

At the end of the survey, participants were informed that there was an opportunity to win

a free ticket to watch the full movie of one of the trailers they saw:
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“If you could watch only one of the following movies, which one would you watch?

Based on your choice, we will enter you into a raffle competition. If you win, you will

receive a gift card to rent the movie.”
To remind the participants of the movies they watched, we presented cover art for each movie
alongside the movie’s title, with the order of movies randomized between subjects, and
participants could select just one movie. Participants then answered two comprehension checks
about which movies they watched and what type of questions they were asked: “You just
watched some trailers. Please select the one that you watched.” (options: The Godfather, Jurassic
World Dominion, Shazam! Fury of the Gods, Tom & Jerry, Pulp Fiction)” and “Which of the
following were you asked to rate? (options: satisfaction, anticipation, enjoyment, boredom). 23
participants were excluded for failing any of these questions and 58 were excluded based on the
video checks, leading to 81 total exclusions. All participants completed the same demographics
items from study 1. At the end of the study, we entered participants into the raffle and then

awarded the winning participant.

Results

To convert the continuous experience data from each participant into an experience line,
we fit their data using a least squares polynomial fit. After calculating the fitting errors of
polynomial degrees ranging from 1 to 150 (figure S6), we picked the degree with the minimum
average error, i.e., 68. 68 degrees is also around where the fit explains most of the error, i.e., it is
near the elbow of the plot in figure S6. We used these fitted polynomials for subsequent

descriptive and predictive analyses. Next, we used the k-means clustering algorithm, a method
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commonly used to distinguish k number of different clusters from the data, to cluster the lines
into common experience patterns (MacQueen 1967). To match the number of patterns presented
in the previous studies, we generated 27 clusters in total (figure S7).

Descriptive Analyses. To determine whether the enjoyment patterns of participants
affected willingness to pay, we ran a mixed-effects linear regression with cluster label as a fixed
factor and participant number as a random intercept. We treated cluster label as a continuous
variable ranging from 1 to 27, ordered according to average willingness to pay scores. We found
a significant effect of cluster type on willingness to pay (b = 3.37, p <.001; figure 10).
Strikingly, we also found that the ordering of the experience patterns intuitively resembled that
of studies 1 and 3, with the leftmost cluster lines in figure 10 generally deteriorating, middle
clusters fluctuating, and rightmost cluster lines improving. This ordering also related to which
movies were chosen for raffle entry, since the percentage of raffle choices for each cluster

correlated strongly with willingness to pay for the same clusters (r = .87, p <.001; figure 11).

FIGURE 10

AVERAGE WILLINGNESS TO PAY, RANKED BY ASCENDING SCORES, IN STUDY 4

Mean Rating

Trailer Experience Clusters
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NOTE.— Red lines under each bar indicates the average line of each cluster.

FIGURE 11

PERCENTAGE OF RAFFLE ENTRIES FOR EACH PATTERN CLUSTER IN STUDY 4
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Predictive Analyses. We used the same 21 predictors quantified in study 1. Unlike in the
descriptive analysis, we used each pattern generated by participants to calculate the features of
the lines, given that this time we could train the model on individual patterns for each participant
and each movie trailer, rather than only the 27 fixed patterns (and their fixed features) used in the
third-person studies. For the start value predictor, we integrated the first three seconds of the
experience, as the first point is otherwise identical for all participants (i.e., it is the start point of
the sliding scale) and participants might have different reaction times before they start moving
the slider.

We utilized the ten-fold cross-validation approach to quantify how well each predictor
predicted participant ratings (prediction accuracy = cross-validated Pearson’s r). In line with
hypothesis 2, participants’ summaries of willingness to pay were significantly predicted by

several features (table 4; figure 12). In this study, end value, integral, and slope were again
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among the most predictive features, although sentiment score was the least predictive feature
among all significant features, possibly because the movie genres made the words unreliable to
interpret. For instance, someone might have enjoyed a horror trailer and yet described it as
‘terrifying’, which might not be a negative evaluation and yet be coded as having a negative

sentiment.

TABLE 4

MEAN PERFORMANCE OF STATISTICALLY SIGNIFICANT PREDICTORS IN STUDY 4

Predictor r Willingness to Buy
End value 0.75™
First derivative (unweighted) 0.73™

First derivative (desc. weights) 0.72™

Integral 0717

First derivative (early weights) 0.677

Maximum value 0.63""
First derivative (end) 0.63™"
Minimum value 0.56™"
First derivative (asc. weights) 0.54™
Sentiment score 0.447
Start value 017

NOTE.— Significant predictors ranked best to worst. Predictors not featured were not statistically
significant. *** = p < .001.

FIGURE 12

PERFORMANCE OF FEATURES IN PREDICTING WILLINGNESS TO PAY IN STUDY 4
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NOTE.— Circles depict the mean prediction performance, and error bars depict 95% CI. Horizontal line
and gray shadings depict mean and standard deviation of the prediction performance of a feature with
randomly set values for each pattern. Stars beneath boxes indicate whether the root mean squared
prediction errors are significantly less than that of a feature with random values. If the sample distribution
was normal, we used a Welch two sample t-test, otherwise, we used a Wilcoxon signed-rank test. *** = p
<.001. Lack of stars indicate non-significance.

To predict which movie participants wanted to enter the raffle for, we used a similar ten-
fold cross validation approach as before, while using stratified sampling to retain the class
proportions in each cross-validation fold (i.e., 1 out of 8 outcomes was a raffle choice).

Since we were predicting the binary outcome of whether the participant chose the
specific movie, we used the F1 Score to evaluate the model for each predictor. The F1 Score is a
commonly used metric for imbalanced classification problems, since it is the harmonic mean
(i.e., division of the number of items by the reciprocal of each item) of precision and recall.
Precision shows the quality of positive predictions, i.e., the proportion of correctly predicted
raffle choices divided by the total number of positive predictions. Recall shows the proportion of

correctly predicted positives among all actual positives, i.e., the raffle choices. F1 Score tries to
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equally value both metrics, thus avoiding the problem of scoring the model highly for taking the
‘lazy’ strategy of just predicting all zeros or ones. Because we have an imbalanced classification
problem (i.e., there is a single picked movie vs seven unpicked ones for each participant), we
utilized a weighted logistic regression model to emphasize predicting the chosen movie, and used
the inverse of the class ratio for the weights (Brownlee 2020).

Of the participants who provided no more than one maximum willingness to pay rating
across trailers (56 provided more than one), 74% of participants picked as their raffle choice the
movie for which they were most willing to pay, suggesting that it would be fairly challenging to
predict their raffle choices based on features of their experiences. Given this upper bound on how
well we expected to perform, we found that the F1 Score for the predictors performed
reasonably, i.e., the highest F1 Score among each predictor approached 0.4. We also noticed that
the same significant features predicting willingness to pay (figure 12) were significant for
predicting the raffle choice (figure 13), and that ordering them the same and correlating their

outcomes yielded a high correlation (r = .97, p <.001).

FIGURE 13

PERFORMANCE OF FEATURES IN PREDICTING RAFFLE CHOICE IN STUDY 4
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NOTE.— Circles depict the mean prediction performance, and error bars depict 95% Cl. Stars beneath
boxes indicate whether the distribution of correlations is significantly different from 0.222 (the horizontal
line), which depicts an F1 Score for predicting all ones (the ‘lazy’ strategy with the highest F1 Score,
reflecting no meaningful learning). We used a Welch two sample t-test if the sample distribution was
normal, otherwise we used a Wilcoxon signed-rank test. *** = p <.001. A lack of stars indicates non-
significance.

Discussion

In line with hypothesis 1, we intuitively observed that willingness to pay ratings were
most positive for patterns that improved, followed by fluctuations, then by deteriorations.
Further, in line with hypothesis 2, these judgments were predicted by several features of the
pattern rather than just one, including (from least to most predictive): sentiment score, minimum,
maximum, start value, integral, first derivative, and (the best predictor of all) end value.
Likewise, we found that end value was the best predictor of raffle choice, underscoring its
influence on both judgments and behavior.

Finally, we tested whether these first-person results correlated with the third-person

results of the previous studies. First, we had to assign the 27 clusters of first-person patterns to



the closest corresponding third-person patterns from the previous studies. To do so, we
calculated the sum of absolute differences between each pattern of the first-person cluster and
each pattern used in third person studies. Based on these mean-squared errors, we assigned,
using the Hungarian algorithm (Kuhn 1955), each cluster to a third-person pattern such that it
had the minimum overall error (figure S8). Supporting hypothesis 5, the previous effects
generalized reasonably well to first-person experiences (table 5), suggesting that a similar

psychological process is at play when summarizing first and third-person experiences.

TABLES

CORRELATIONS BETWEEN RATINGS ACROSS STUDIES 1, 3, S2 AND 4
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Customer journey satisfaction v. movie willingness to buy 0.617
Customer journey personal desirability v. movie willingness to buy 0.55™
Hiring v. movie willingness to buy 0.63™
Life meaningfulness v. movie willingness to buy .77
Life personal desirability v. movie willingness to buy 0.73™

GENERAL DISCUSSION

How do consumers summarize continuous experiences like watching a trailer or
undergoing an entire customer journey with a firm? Our studies investigated this question by
both generating and capturing a wide variety of experience patterns, and quantifying a
comprehensive set of features of those patterns. Helping to adjudicate between whether smooth

or fluctuating journeys are most effective (Siebert et al. 2020) at the level of the mental

experience itself, we found that consumers were most delighted by experience patterns that were
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consistently positive or improving, followed by fluctuating patterns, and then by ones that were
consistently negative or deteriorating.

Across all studies, we found that similar literal and conceptual features—such as start
value, integral, maximum and minimum, sentiment, slope, and especially the end value—
performed above chance at predicting consumer judgments and behavior. In particular, the end
value was consistently one of the top two best predictors, underscoring the importance of ending
customer experiences on a high note. Also, in all experience domains except for watching movie
trailers, we found that a sentiment score of the language participants used to describe the
experience was the very best predictor. This indicates that, when asked to describe an
experience, consumers spontaneously represented it in evaluative terms, i.e., whether the
experience was going well or poorly overall. The exception was in the study on movie trailers,
where descriptions of the movie genre and content (e.g., “terrifying”, “romantic”) likely added
noise to the sentiment scores; although sentiment score still significantly predicted the outcome
variables.

Looking at the non-significant predictors, we found that acceleration was not a significant
predictor in any study, indicating that summarization does not factor in acceleration as much as it
does the velocity and end point of an experience, i.e., whether the experience
improves/deteriorates and ends on a high note. Further, the total extrema feature was not
predictive in all studies, perhaps because both successful and unsuccessful patterns can have a
similar number of peaks and valleys. For example, both a linearly increasing and a linearly
decreasing pattern have no peaks nor valleys, yet the increasing function is perceived to be

satisfying whereas the decreasing one is not.
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There was also some interesting variation in the ordering of features depending on the
domain, which might have been due to the different temporal scales and perceived degree of
control between those domains. For relatively shorter experiences like customer journeys,
interview performances and movie trailers, the first derivative tended to be more important than
the integral, whereas for the longer experience of a life the integral was more important than the
first derivative. Perhaps this is because the first derivative (aka slope) seems less controllable
against the backdrop of an entire life than the sum of one’s happiness. Despite these differences,
we found that consumers largely summarized patterned experiences from different perspectives
similarly. The similarity across perspectives also speaks against the idea that the only reason
endings are important in summarization is that they already reflect partial evaluations of the
ongoing experience thus far, or because they indicate the effect of more recent experiences in
memory on evaluations (aka recency effects in memory). While such explanations are possible
for first-person experiences, they do not apply for retrospective evaluations of third-person
experiences.

We also found evidence that consumers are unaware of the psychological processes
underlying their summaries (study 2), in line with work suggesting that some mental modules
operate automatically without consumers being introspectively aware of their psychological
processes (Kahneman 2011; Logan and Cowan 1984). If anything, participants tended to
intuitively place more importance on predictors that were less important in practice. The
automaticity of summarization suggests that marketers can influence it without consumers

realizing how they did this.

Theoretical Contributions
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This work makes theoretical contributions to work on customer journeys, summarization,
and predicting the success of content.

Regarding customer journeys, the findings extend beyond stage models of the customer
journey (Bettman and Park 1980; Demmers et al. 2020; Grewal and Roggeveen 2020; Hamilton
et al. 2021; Schamp et al. 2019). While stage models are useful conceptualizations of customer
journeys, the present research suggests that it is also in a firm’s best interests to collect higher
resolution data into the continuous pattern of the customer journey. Further, the findings help
arbitrate among theoretical positions on what types of experience patterns are most satisfying.
One view is that customer journeys should be smooth, while another is that they should
constantly fluctuate because this is more exciting (Siebert et al. 2020). Supporting the smooth
view, we found that consistently positive experiences were judged as more satisfying than
fluctuating ones, at least at the level of the mental experience itself. At the same time, it is not
that consumers were averse to any fluctuation whatsoever, since they rated almost just as
positively experiences which ended pleasantly, constantly improved, or had a distinct peak; what
these fluctuations have in common is that they improve over time and/or end on a high note.
Interestingly, participants also judged that fluctuating experiences could be more satisfying than
they were personally desirable, perhaps because they wanted to avoid unpredictability, effort,
and adversity. With that said, satisfaction and desirability converged for trajectories that were
viewed as either very satisfying or unsatisfying.

The findings also extend our understanding of summarization. In line with previous work,
we found that the peak and end values of a trajectory predict how the trajectory is summarized

(Diener et al. 2001; Fredrickson and Kahneman 1993; Newman et al. 2010; O’Brien and
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Ellsworth 2012; Redelmeier and Kahneman 1996). At the same time, our more exhaustive set of
experience patterns and features revealed that peaks and ends were just one piece of the puzzle—
first derivatives, integrals and language sentiment mattered too. Moreover, the most consistently
top performing feature across studies was the endpoint, underscoring the importance of endings
across a wide array of experience patterns than explored in previous work and while pitting this
feature against a more extensive set of contending features. Future work can also explore
whether the current results converge with those of less theory-driven approaches, such as
functional regression (Hui et al. 2014).

Relatedly, we contribute to work on predicting the success of content such as stories,
academic articles, social media posts, songs, and movies (Berger and Packard 2018; Laurino Dos
Santos and Berger 2022; Reagan et al. 2016; Toubia et al. 2021). Some previous work has
treated features of the content itself as a proxy of mental states, e.g., treating fluctuating content
sentiment as a proxy for consumer engagement levels (Berger et al. 2021). We find that, even if
fluctuations are desirable at the level of the content itself, they are undesirable at the level of the
mental experience (as compared to consistently positive or improving experiences). More
broadly, one way to reconcile the current findings with previous work on both the success of
content (Berger et al. 2021) and the importance of fluctuating customer journeys (Siebert et al.
2020) is that perhaps fluctuating content along the customer journey creates consistently positive

or improving mental states for the consumers of those journeys.

Practical Implications
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Our findings suggest that, beyond striving for consistently positive customer experiences,
managers can invest their limited resources in creating experiences that improve over time and
have a climatic end and peak point. First, they can invest in later touchpoints along the journey,
and especially endings, as when Disney World offers fireworks at the end of a day, or when
furniture and retail firm Crate & Barrel conveniently brings all packages to the customer’s car.
Second, given a set of stronger and weaker offerings, managers can ramp them up from least to
most impressive, such as increasingly entertaining events on a cruise, or increasingly high stakes
matches in the FIFA World Cup (e.g., quarter, semi, and final matches). Third, they can invest in
making one touchpoint particularly impressive, to create a memorable peak, as when patrons to
Santouka Ramen are greeted by a chorus of servers, or when Yoga studios offer “hands on’
scented treatment during the session.

In lieu of gaining access to visibility into the entire customers journey, which may be
costly or perceived as invasive by customers, a viable alternative is to use a sentiment sore of the
language which customers use to summarize their experiences. Thus, managers may want to
proactively collect such data as a window into the how their customer journeys are being
spontaneously represented in consumer’s minds, as via quick prompts, customer feedback

surveys, and reviews.
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