MORE THAN WORDS: LINGUISTICS AND LANGUAGE IN CONSUMER RESEARCH

What Leads to Longer Word of Mouth Discussion?

REIHANE BOGHRATI AND JONAH BERGER

ABSTRACT While a great deal of research has demonstrated word of mouth’s impact, less is known about the

broader discussions in which such sharing takes place. Some things are talked about for longer, and longer discussion

tends to increase persuasion, but how might the language consumers use to talk about something shape discussion

length? Natural language processing of hundreds of conversations begins to address this question. Results indicate that

discussions last longer when conversation partners speak more concretely and asking narrow (but not broad) questions.

These results hold even controlling for who is talking, what they are talking about, and a variety of other aspects of the

discussion. Overall, the findings deepen understanding of word of mouth, shed light on linguistic drivers of conversa-

tion, and highlight how natural language processing can provide insight into consumer behavior.

onsumers have dozens of conversations each day.

They talk about products they bought, services they

use, and experiences they enjoyed. They text friends,
call family, and chat face to face with their colleagues. Fur-
thermore, such conversations have a huge impact on consumer
behavior. Word of mouth shapes what consumers think, do,
and buy (e.g., Chevalier and Mayzlin 2006; De Angelis et al.
2017; see Moore and Lafreniere [2020] for a review), and
consistent with this impact, organizations invest significant
resources in creating and managing word of mouth.

But while word of mouth is clearly valuable, there has
been less attention to the broader conversations in which
word of mouth is situated. Some discussions about products,
services, and ideas last longer than others. Why?

While a burgeoning stream of research has begun to ex-
amine behavioral drivers of word of mouth (see Berger
[2014] for a review), there has been less attention to ac-
tual back-and-forth discussions (see Villarroel Ordenes et al.

2019). Most work simply examines whether or not a prod-

uct was mentioned (e.g., Berger and Schwartz 2011) or how
the presence of mentions shapes sales (Godes and Mayzlin
2009).

Not surprisingly, though, discussion length matters. Lon-
ger discussions can provide more information, reasons, or
details, all of which should increase word of mouth’s effect.
Indeed, a great deal of research demonstrates that longer dis-
cussions are more persuasive (Zhang et al. 2010) and helpful
and boost purchase (Ghose et al. 2012; Kim et al. 2018) and
retention (Irvine et al. 2023). Additional data we collected
are also consistent with this notion (see study 1 and pilot
studies 1 and 2 in the appendix)." So why are some products
and services talked about for longer than others?

Natural language processing of hundreds of conversa-
tions using machine learning and other techniques begins to
address this question. Concreteness is one of the most stud-
ied language features in marketing (e.g., Schellekens et al.
2010, 2013; De Angelis et al. 2017; Aerts and Verlegh 2018;
Packard and Berger 2021), and questions are an integral part
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of almost every conversation. Consequently, we examined
both these aspects. Results indicate that speaking more
concretely and asking certain types of questions (i.e., nar-
row rather than broad), seem to encourage longer discussion.

This work makes three main contributions. First, we
deepen understanding around linguistic drivers of word
of mouth. As noted, while a burgeoning stream of research
has begun to examine whether people talk about something,
less work has studied the consequential outcome of discus-
sion persistence, or how long things are discussed. We exam-
ine how language shapes discussion length and suggest direc-
tions for future research.

Second, we highlight how natural language processing
and machine learning can shed light on consumer behav-
ior. By integrating traditional approaches (e.g., dictionaries),
with more complex ones (e.g., deep learning) we showcase
how they can work together to deepen insight. We also im-
prove the identification of question breadth by building an
automated classifier available for other researchers to en-
courage work in the area.

Third, from a substantive perspective, these findings can
help marketplace actors generate word of mouth. Everyone
from brand managers and public health officials to campaign
managers and activists want to harness word of mouth’s
power. Our results highlight simple linguistic shifts that may

encourage longer discussion.

DRIVERS OF WORD OF MOUTH

There has recently been a great deal of interest in drivers of
word of mouth. Spurred, in part, by the emergence of social
media and word of mouth’s impact on sales (Chevalier and
Mayzlin 2006; Godes and Mayzlin 2009), researchers have
started to examine why some products or brands are more
likely to be mentioned.

Some work has focused on attributes of the product,
service, or brand being discussed. Things get talked about
more if they are original (Moldovan et al. 2011), for exam-
ple, more publicly visible (Berger and Schwartz 2011), or
evoke more emotion (Berger and Milkman 2012). Other
work has examined how features of the audience shape word
of mouth. Consumers tend to share different things with
smaller versus larger groups (Barasch and Berger 2014), for
example, and interpersonal closeness impacts word of mouth
valence (Dubois et al. 2016). But while this literature has
provided important insights into why people mention and
share some things rather than others, there has been less at-

tention to actual back-and-forth conversations.
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CONSUMER CONVERSATION

Conversations are social interactions in which multiple people
act in coordinated ways to reach shared understanding (Clark
and Schaefer 1989). Consumers converse to seek and share
information, manage impressions, and strengthen social bonds,
among other reasons (e.g., Dunbar 1996; Baumeister et al.
2004).

Empirical work has started to examine the consequen-
ces of conversations (Yeomans et al. 2023; Di Stasi et al.
2024; Brooks 2025). Work on customer service interactions,
for example, finds that using certain pronouns (Packard et al.
2018) or language patterns (Villarroel Ordenes et al. 2019)
can increase customer satisfaction.

But while this work has provided important insight into
the effects of conversation, the underlying causes are less
clear. Why are some things talked about longer than others?
We suggest linguistic concreteness and asking questions both

play an important role.

LINGUISTIC CONCRETENESS AND

DISCUSSION LENGTH

Concreteness is one of the most studied language features
in marketing (Schellekens et al. 2010, 2013; De Angelis et al.
2017; Packard and Berger 2021; Berger et al. 2023) and refers
to the degree to which something is real or tangible and per-
ceivable to the mind or eye (i.e., vivid or imaginable; Semin
and Fiedler 1988; Brysbaert et al. 2014). Concrete language
arises from immediate sensory experience (e.g., things one
can touch, feel, or see, like shoes or a table), while abstract
language refers to intangible qualities, concepts, or ideas (e.g.,
love or truth; Langacker 1987; Hansen and Winke 2010).
Furthermore, marketing research has examined when con-
sumers use more abstract language (e.g., when describing ex-
periences that are congruent with their attitudes; Schellekens
et al. 2010), and how concreteness impacts referral persua-
siveness (De Angelis et al. 2017), and customer satisfaction
(i.e., customers are more satisfied when employees talk con-
cretely; Packard and Berger 2021).

Particular topics (e.g., buying shoes) are more concrete
than others (e.g., love), but even when talking about the same
topic, consumers can use more or less concrete language. Some-
one can say that they had “dinner” or “chicken teriyaki,” that
they “got” or “grabbed” it, and that it was “really” or “mouth-
wateringly” good. In all cases, the latter uses more concrete
language to talk about the same thing. But how might linguis-
tic concreteness shape discussion length?



We suggest that concrete language should encourage dis-
cussion. Consistent with the fact that they refer to real or
perceptible entities, concrete things are easier to visualize
or imagine and require less cognitive resources to process
(Connell and Lynott 2012). It’s easier to picture chicken ter-
iyaki, for example, than dinner. This, in turn, can impact in-
terest and comprehension. Consistent with this notion,
work in education and learning finds that concrete texts
are more comprehensible and interesting (Sadoski et al.
2000). Furthermore, concrete language can also hold atten-
tion (Berger et al. 2023) and make people feel like someone
else is listening to them (Packard and Berger 2021), which
may also encourage further discussion. Beyond concrete-
ness, though, we also examine questions.

QUESTIONS AND DISCUSSION LENGTH
Questions play an integral role in almost every conversa-
tion. They facilitate information exchange, build rapport,
and shape value capture (Huang et al. 2017; Brooks and
John 2018; Di Stasi et al. 2022). But how might they shape
the length of discussion?

One could argue that any question should encourage dis-
cussion. A key function of questions is to solicit information
(Chafe 1970; Kearsley 1976; Dillon 1982) and when some-
one asks a question, others often feel compelled to reply,
which might encourage continued discussion. Asking ques-
tions also makes people seem responsive (Huang et al. 2017),
which could encourage discussion. While people certainly
want to talk about what they want to talk about, given con-
versations social nature, people also try to appraise how in-
terested their partner is (Yeomans and Brooks 2020). If
someone senses their partner is disinterested in a particular
topic, they may switch to something else. Consequently, sig-
nals that a conversation partner is engaged in a particular
topic (like questions) should encourage persistence. Ques-
tions can suggest someone understood, cares about, and is
interested in what was said (Chen et al. 2010; Huang et al.
2017), which could encourage continued discussion.

Importantly, however, not all questions are the same.
Prior work notes that questions vary in their breadth or
openness (Miles 2013). Broad, or more open questions,
broadly seek information without constraining the appro-

«

priate response. For example, the question “why did you
go to Chili’s last night?” could generate a range of possible an-
swers. Consumers could say that they like the brand, that they

didn’t have food at home, or any number of other replies.
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Narrow, or more closed questions, however, tend to sug-
gest a narrower range of responses. The question “who did
you eat dinner with last night?” for example, begs a more di-
rected answer. The respondent could mention different peo-
ple, but there is only so much variation in how they can re-
spond or where they can go with the question.

We suggest that question breadth should shape discus-
sion. One could argue that while broad questions should en-
courage discussion, narrow questions may not. After all, while
broad questions encourage in depth responses that could open
up many avenues (Kearsley 1976), narrow questions may be
so specific that people run out of things to say. Consequently,
narrow questions could lead people to stop talking about a
particular topic.

In contrast, we suggest that while narrow questions should
encourage discussion, broad questions may not. Narrow ques-
tions should encourage further progress down a particular line
or direction. By asking a question, they not only provide fuel
to further discussion but encourage discussion of the topic
at hand. Furthermore, to the degree that they follow up an
existing line of thought, they suggest that the questioner is
interested in that line of thought and thus would be happy
to continue discussing it (Huang et al. 2017).

Broad questions, in contrast, may be less likely to have the
same effect. While they encourage a response, by calling for
more complex or exploratory answers, they may encourage
people to think about (or bring up) other conversation topics
or directions, beyond the one being discussed. Responses to
broad questions should have similar effects. Consequently,
while people may not switch topics right away, broad ques-
tions may eventually encourage talking about something
else.

THE CURRENT RESEARCH

In summary, we suggest that concreteness and question type
should impact the length of discussion. Two studies test these
possibilities using hundreds of real word of mouth conver-
sations. Given that most word of mouth happens in offline,
synchronous conversations (Keller and Fay 2012), we focus
on these types of interactions.

The simplest way to analyze conversational features would
be to examine how their presence relates to discussion length.
Whether discussions that involve more narrow questions, for
example, tend to last longer.

Examining at the discussion level, however, ignores when
those particular language features occur. Two discussions could
include the same number of narrow questions, for example, but
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one could include them earlier. Furthermore, if certain lin-
guistic features truly encourage discussion, then not only
should discussions that include them last longer, but these dis-
cussions should last longer after those discussion-encouraging
features occur. Consequently, we measure linguistic features
at the turn (rather than discussion) level and use hazard
modeling to examine whether people are more likely to keep
talking after key linguistic features occur.

STUDY 1

Study 1 examines 583 discussions about products, services,
and brands between 192 participants (96 pairs). We test
whether longer discussions about a topic are more persua-
sive, and, controlling for a range of other aspects, how the

language used relates to discussion length.

Method

Participants (N = 192, 76% females, M,ge = 22.36) com-
pleted a conversation study.” Initial recruitment focused
on laboratory conversations, but given COVID disruptions,
some participants had conversations over Zoom. As we dis-
cuss in the appendix, however, this factor did not affect the
results. To ensure real word of mouth conversations, rather
than just getting to know each other chitchat, participants
signed up to do the study with someone they already knew
relatively well. Each participant started by listing five brands
(e.g., Adidas), products (e.g., ice cream), services, or consump-
tion experiences that they thought their conversation part-
ner didn’t know much about.

To control for tie strength, we asked participants to rate
how well they know their conversation partner (1 = did not
know at all, 7 = knew very well). To control for how inter-
esting participants found each topic, we also measured topic
interest. For each topic listed by them or their conversation
partner, participants rated how interested they would be
in talking about it (1 = not at all interested, 7 = extremely
interested).®

Then, participants were given 10 minutes to converse,
during which they could discuss as many topics as they
wanted. They were randomly assigned to one of the things
they listed, and told they could talk about it for as long or
short as they wanted before moving on to the next thing

(see the appendix). Microphones recorded the discussion,

2. Data are available upon request to researchers who agree to comply
with the privacy restrictions set forth by our Institutional Review Board.
3. We collected topic interest before, rather than after the conversation,

to avoid participants using discussion persistence as a cue for interest.
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and Amazon Web Services was used to convert the record-
ings into text. To ensure transcriptions were correct, research
assistants listened to the recordings and fixed any errors.

Research assistants broke each conversation down into
participants’ preselected topics (e.g., Adidas). They read each
conversation, marked turns where topics changed (e.g.,
where participants stopped talking about Adidas and started
talking about coffee), and matched the preselected topics
to those discussed in the transcripts. Any discussions where
participants talked about the conversation itself (e.g., experi-
menter instructions) were removed, resulting in a data set of
583 discussion topics (Muye. of turns = 9-33, SDno. of turns =
7.12) and almost 5,500 conversational turns.

A great deal of prior work (e.g., Zhang et al. 2010; Ghose
et al. 2012; Kim et al. 2018), as well as pilot studies 1 and 2,
demonstrate that longer discussion increases persuasion. To
provide an additional test, after the conversation ended, par-
ticipants provided how persuasive they found each topic’s
discussion (1 = not at all, 7 = extremely). To examine what
persuades others, we focus on the ratings of the conver-
sation partner who did not list the topic initially. We also
measured how much they enjoyed discussing each topic (1 =
didn’t enjoy at all, 7 = enjoyed a great deal). Finally, we measured
demographic information (i.e., age and gender).

Extracting Key Linguistic Features
Natural language processing was used to extract key linguis-
tic features from each conversational turn.

Linguistic Concreteness. Following prior work (Packard
and Berger 2021), we measure linguistic concreteness using
a boot-strapped extension of the MRC Psycholinguistic Data-
base (Paetzold and Specia 2016). This includes scores for
over 85,000 English language words.* Averaging concrete-
ness scores across the words in each turn provided a score
for that turn.

Question Breadth. Building on prior work in computa-
tional linguistics (Stolcke et al. 2000), we determined which
sentences contained a question by training a deep learning
model (see Lee et al. [2018] and Liu et al. [2019] for recent
applications in marketing).® This approach was also used to

4. MRC Psycholinguistic Database was selected because of the larger
coverage (83%) compared to alternative measures (74%).

5. While one could try to use question marks to identify questions,
an initial read though suggested this would not be sufficiently accurate. A
number of questions appeared without question marks at the end (e.g.,

“what if we went at like 1:00.” or “what else is interesting.”). Also, dialogue



extract other dialogue acts (e.g., statements; see Control Var-
iables section for details).

For classification, we adopt an approach which uses both
what is being said and who says it. Incorporating speaker
embedding into utterance embedding creates a speaker-aware
contextualized embeddings, which helps predict a dialogue
act for each sentence. To represent utterance embedding,
Robustly Optimized Bidirectional Encoder Representation
for Transformers (Liu et al. 2019) was used, and for speaker
embedding, we use a shallow neural network with a speaker
embedding layer. Next, speaker embeddings are added to
utterance embeddings to obtain speaker-aware utterance
embedding and finally a fully connected layer is used for di-
alogue act classification (see the appendix for details). For
training data, we use a standard dialogue act data set of man-
ually coded phone conversations (Jurafsky et al. 1997). After
fine-tuning the model with this data set, we apply it on our
data to predict a dialogue act label per sentence. The model
achieves 83% accuracy (He et al. 2021) similar to human
accuracy of 84% (Stolcke et al. 2000).

While dialogue act prediction helps identify questions, it
does not dlassify question breadth. After predicting questions
using the automated classifier, we identified broad and nar-
row questions manually. Three research assistants were given
a description of narrow and broad questions and coded each
question in the data set as one or the other. Examples of
narrow questions included things like “what is the scent of
this candle?” and “Are you interested in climbing mountains
yourself?;” examples of broad questions included things like
“what do you think?” and “I don’t get that at the land border,
why they do that?” While we used manual ratings to en-
sure accuracy, to make it easier for future research to study
question breadth, we built an automated classifier (see the
appendix).

Control Variables

One could wonder whether any observed effects are driven
by who is talking, what they are talking about, or other lin-
guistic features. Consequently, we control for these aspects
in a number of ways.

Who Is Talking. Rather than being driven by language, one
could wonder the results are just picking up an effect of par-
ticular people. Maybe certain people tend to use particular

act classification allows removal of questions that signal nonunderstand-
ing (e.g., “excuse me?”) or that just open discussion (e.g., “how are you?”)

which do not seek broad or narrow information.
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linguistic features, for example, and also have longer conver-
sations. Alternatively, maybe the pairing between conversa-
tion partners is driving the effect.

We address these possibilities a few ways. First, we con-
trol for aspects of each individual (e.g., age). Second, we con-
trol for features of the conversation partners, such as gender
match (i.e., both men, both women, or mixed gender), how
well they know each other (i.e., tie strength), and to control
for unobserved aspects of the pairing, conversation random
effects.

What Is Being Talked About. Beyond who is conversing,
one could wonder whether the results are driven by what
is being discussed. Certain discussion topics (e.g., tech prod-
ucts) may tend to be discussed for longer than others (e.g.,
toilet paper), and could potentially involve different linguis-
tic features. Alternatively, maybe conversation partners use
different language for topics they find personally more or
less interesting.

We address these possibilities a few ways. First, to con-
trol for the topic of discussion, two research assistants cat-
egorized discussion topics into higher-level categories such as
cosmetics or technology.®

Second, we control for how interesting participants said
they found each topic. The main model uses average interest
between the partners, but other ways of controlling for in-
terest (i.e., difference in interest between the partners, max-
imum interest, minimum interest, or only considering topics
above a threshold) show similar effects.

Third, one might wonder whether discussion order might
impact discussion length. Things that are talked about early
on might be talked about for a while, but as conversation
partners get tired, later things may get cut short. The topics
were randomly ordered, but to further control for this, we

also control for topic order.

How People Talk About It. One could also wonder whether
the results are driven by some other aspect of content.
Maybe asking questions, for example, is correlated with an-
other linguistic feature (e.g., words per turn) and that cor-
related feature, rather than questions themselves, is driv-
ing the result. Consequently, following prior work (Berger
and Packard 2018) we control for word count, six-letter
words (as a control for writing complexity), and baskets of
words empirically linked to social or psychological constructs

6. Because dyads specified the topics they talked about, it was more ac-

curate to do it manually instead of using an approach like topic modeling.
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(e.g., affective processes and cognitive processes) from lin-
guistic inquiry and word count (LIWC) at the turn level.
One might also wonder whether the results are driven by
linguistic mimicry (Moore and McFerran 2017). To rule out
this possibility, for each discussion, we calculated linguistic
style matching (LSM) between conversation partners (Ire-
land and Pennebaker 2010) and included it as a control.
We also control for the other dialogue acts (e.g., state-
ments or acknowledgments) in each conversational turn.
Building upon prior work (Jurafsky et al. 1997), the method
used to identify questions (i.e., He et al. 2021) was used to
identify other dialogue acts. The data have 42 different la-
bels, so chance accuracy is slightly over 2%, but we achieve
83%, similar to human accuracy (84%; Stolcke et al. 2000).
Since dialogue acts are defined per sentence, we predict dia-
logue act tags for each sentence, in each turn. Consequently,
each turn can have multiple tags (e.g., an agreement for its
first sentence and a question for the second sentence).
Finally, we also control for discussion emotionality. To rule
out this possibility, for each discussion, we calculated lan-
guage emotionality using LIWC and included it as a control.

Modeling Approach

Given our interest in predicting how long it takes for an
event to occur (i.e., the end of discussion) based on time-
varying explanatory variables (e.g., linguistic features for
a given turn), we used hazard modeling. Hazard models re-
late the time that passes before an event occurs to variables
that may be associated with that quantity of time. A central
concept of these types of models is hazard rate, which is the
probability of an event happening at current time, given it
has not happened yet. In our case, hazard is the probability
of discussion ending on a given turn.

Key features of the data informed what specific approach
to use. First, some of key predictors are time-varying. Lin-
guistic concreteness, for example, varies across the course
of the conversation. Second, discussion ends at a particular
turn. Given these facets, a time-varying discrete-time hazard
model seemed most appropriate. These models are used when
explanatory variables (such as language features) are vary-
ing by time and time is discrete (Allison 1982).

The model was estimated using logistic regression (Allison
1982). Concreteness scores and questions, which vary at the
turn level are used to predict the end of discussion. Control
variables entered the model at the turn level (e.g., other dia-
logue acts and emotionality), or discussion level (e.g., linguis-
tic style matching and topic interest), depending on when
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they occurred. To control for the fact that pairs of partici-
pants talk about different topics and may tend to talk for
longer or shorter amounts, conversation ID was included
as a random effect. Time may impact discussion persistence,
so we control for turn number. To avoid assumptions about
the functional form between time and discussion persis-
tence, time (i.e., turn number) enters the model nonparame-
trically. This allows each period to get a separate coefficient
and is generally a more recommended approach (Allison
2014). Given the volume of data, however, it was not possi-
ble to give every single turn a separate coefficient, so turns
were grouped into five-turn buckets. That is, if a discussion
has 100 turns, there are 20 coefficients, each belongs to a
five-turn bucket (results are robust to other approaches;
see table A2 models 4-5).

Formally, we denote the hazard rate by h,, the probabil-
ity that discussion i ends at turn t, given the discussion has
not yet ended. Since h, is a probability, it can only have
numbers between 0 and 1, while the explanatory variables
have a larger range of numbers. Therefore, by taking the
logit transformation of h; the model is defined as:

logit(h) = a(0) + S a()f () + 6 + 7,

j=1
’Yi = N(07 02)

Where n is number of linguistic features in the model and
f. denotes a linguistic feature value for discussion i in turn t.
In the main models, turn enters the model nonparametrically,
but results are also robust to them entering parametrically.
Thus 6, is a turn-specific fixed effect allowing the baseline
hazard to vary freely across turns. Further, participants pairs
are controlled for by random effect v, for conversation IDs.
The model with controls is estimated similarly.

Given the interest in understanding what drives longer
discussion, to ease interpretability, we flip the signs of the
coefficients so that positive coefficients indicate a variable is
linked to longer discussion.

Results

Persuasion. First, we examined the relationship between dis-
cussion length and persuasion. As predicted, and consistent
with prior work (Zhang et al. 2010; Ghose et al. 2012; Kim
et al. 2018) longer discussions about a product, service, or
brand were more persuasive (8 = 0.045, SE = 0.011, p <
.001). Longer discussions were also more enjoyable (3 =
0.068, SE = 0.009, p <.001).



Female to Female. Second, we examined concreteness and
questions. As predicted, discussion lasted longer when peo-
ple used more concrete language (8 = 0.153, SE = 0.060,
p = .011, OR = 1.165, table 1, model 2). Discussion also
lasted longer when people asked questions (8 = 0.157,
SE = 0.058, p = .007, OR = 1.17, table 1, model 1),” but
the effect depended on the type of question asked. Discus-
sion lasted longer when consumers asked narrow questions
(8 = 0.155, SE = 0.058,p = .007, OR = 1.168), but broad
questions did not have the same effect (8 = 0.033, SE =
0.055, p = .547, OR = 1.034, table 1, model 2).

Robustness Checks. To test generalizability, and explore
alternative explanations, we conducted several robustness
checks, including (1) testing reverse causality, (2) using fixed
effects for conversation ID, (3) seeing whether results dif-
fered between Zoom and face to face conversations, and ex-
amining whether the results could be driven by (4) the time
limit imposed, (5) short discussions, (6) the modeling ap-
proach used, (7) or how time is modeled. In all cases, results
remain the same (see appendix).

Discussion

Results of study 1 provide initial support for our theorizing,.
Discussions lasted longer when consumers spoke concretely
and asked certain types of questions (i.e., narrow ques-
tions). The results also demonstrate discussion length mat-
ters. Consistent with prior work (Zhang et al. 2010; Ghose
et al. 2012; Kim et al. 2018), longer discussions were more
persuasive.

We also examined whether the key variables might inter-
act. Whether concreteness might be more important for more
interesting topics, for example, or when language is more
emotional. There were no significant interactions, but see

Appendix for more detail.

STUDY 2

While the results of study 1 are consistent with our theo-
rizing, one could wonder whether they are somehow driven
by the fact that participants had to list conversation topics
ahead of time. Consequently, to ensure that didn’t drive the
results, study 2 uses an even more naturalistic setting. Par-
ticipants could share word of mouth about whatever they
wanted, and we examined whether discussion lasted longer

7. Note that this is not simply a result of questions requiring a re-
sponse and thus the topic lasting longer. The average distance between

a questions and topic death was 8 turns.
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when consumers used more concrete language and asked
narrow questions.

Method

Participants (N = 222, 72% female, M4 = 21.2) had word
of mouth conversations in the lab. As in study 1, to ensure
real conversations, rather than just getting to know you
chitchat between strangers, participants signed up for the
study with someone they already knew.

Participants were given 10 minutes to talk about any-
thing they wanted. They talked about brands like Starbucks
and Trader Joe’s, products like shoes and wine, services like
TikTok and insurance, and experiences like weight lifting and
boating. A handful of participants were part of multiple ses-
sions, and 125 conversations were collected.

Microphones recorded the discussion, and a professional
transcription service manually converted the recordings to
text. As in study 1, each conversational turn was treated
as a separate record. Research assistants then broke each
conversation down into chunks based on the topic discussed
(e.g., Starbucks or shoes).

As in study 1, discussion length was defined as the num-
ber of turns in each discussion. Any discussions where par-
ticipants talked about the conversation itself (e.g., experi-
menter instructions) were removed, resulting in a data set of
745 discussion topics (Myo. of turns = 22.14; SDpo. of turns =
21.68) and more than 16,000 conversational turns.®

As in study 1, we then used natural language process-
ing to extract key features and the same hazard model ana-
lyzed the drivers of discussions.

Results

What Drives Discussion Length?. Even using a more nat-
uralistic setting, where participants did not pre-define their
topics and could share word of mouth about whatever they
wanted for as long as they wanted, results were similar to
study 1 (table 2 and table A3). As predicted, discussion lasted
longer when concrete language (8 = 0.105, SE = 0.047,p =
.025, OR = 1.111), and narrow questions were used (8 =
0.414,SE = 0.073,p <.001, OR = 1.513). Broad questions

8. Participants did not list their topics prior to the conversations, so
we were not able to collect their interest per topic (i.e., discussion) in the
same session. That said, we followed up with participants after the study
and asked them to rate how interested they would be in talking about dif-
ferent topics. Many participants did not complete the follow up survey,
but results remain similar even with this smaller sample (see theappendix
for details).



Table 1. Study 1 Results for Language and Discussion Length

Main Question Breadth
Model Variables Q) 2)
Key independent variables:
Linguistic concreteness .154* .153*
(.06) (.06)
Questions 157
(.058)
Narrow questions .155**
(.058)
Broad questions .033
(.055)
Controls:
Who is talking:
Average age 11 a11
(.083) (.083)
Female to female .08 .076
(.198) (.198)
Male to male —.01 —.011
(.354) (.354)
Tie strength .015 .015
(.087) (.087)
Conversation ID Yes Yes
What is being discussed:
Average interest .133* .133*
(.061) (.061)
Topic order —.094 —.094
(.053) (.053)
Topics Yes Yes
Other language controls:
Word count .004 .005
(.095) (.095)
Six letters .082 .082
(.054) (.054)
Linguistic style matching .658*** .659***
(.053) (.053)
Positive emotion 1.029 1.04
(1.19) (1.19)
Negative emotion .283 .286
(.:299) (.299)
Other LIWC features Yes Yes
Other dialogue acts Yes Yes
Nonparametric 4turn Yes Yes
Performance measure:
AIC 3313.136 3314.792
BIC 3814.866 3823.125
Log. loss 276 .276

Note.—AIC = Akaike information criterion; BIC = Bayesian information criterion; LIWC = linguis-
tic inquiry and word count.

*p <.05.

**p<.01.

***p <.001.



Table 2. Study 2 Results for Language and Discussion Length
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Main Question Breadth
Model Variables @ 2)
Key independent variables:
Linguistic concreteness .107* .105*
(.047) (.047)
Questions 345
(.065)
Narrow questions 4140
(.073)
Broad questions .054
(.05)
Controls:
Who is talking
Average age —.011 —.012
(.047) (.047)
Conversation ID yes yes
What is being discussed:
Topic order -.1* —.099*
(.041) (.042)
Other language controls:
Word count .094 .091
(.078) (078)
Six letters .077 .073
(.044) (.044)
Linguistic style matching 814 .816™**
(.044) (.046)
Positive emotion —1.558 —1.611
(2.088) (2.101)
Negative emotion —.749 —.772
(.99) (.946)
Other LIWC features yes yes
Other dialogue acts Yes Yes
Nonparametric Turn Yes Yes
Performance measure:
AIC 5463.303 5456.124
BIC 5888.067 5888.612
Log. loss 158 158

Note.—AIC = Akaike information criterion; BIC = Bayesian information criterion; LIWC = linguis-

tic inquiry and word count.
*p <.05.

p <.0L

*** < .001.
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did not have the same effect (8 = 0.054, SE = 0.050, p =
.282, OR = 1.055, table 2, model 2).

Robustness Checks. To test the generalizability of the ef-
fects, and explore alternative explanations, we conducted
the same robustness checks as study 1 (see the appendix).

Discussion

Study 2 underscores the findings of study 1. Even in a more
naturalistic setting, where participants could talk about
whatever they wanted and did not have to prespecify top-
ics, results were similar. The discussion lasted longer when

consumers used more concrete language or asked narrow
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questions. Broad questions did not have the same beneficial
effect.

GENERAL DISCUSSION

Consumers talk about dozens of products and services each
day, and such word of mouth has an important impact on
consumer behavior. But while it is clear that word of mouth
is frequent, and important, less is known about the broader
context in which such interpersonal transmission is situated.
Why are some products, services, or brands discussed for
longer than others?

Natural language processing of hundreds of everyday
word of mouth conversations begins to shed light on this
question. Specifically, they suggest that conversations last
longer when people speak more concretely and ask narrow

(but not broad) questions.

Contributions and Implications

These findings make several contributions. First, while what
is being talked about, or who is talking is certainly important,
our results suggest that how things are talked about, or the
specific linguistic features used, also plays an important role.
Specifically, beyond how interesting the discussion topic is,
or how well conversation partners know each other, using
more concrete language or asking narrow questions seems
to encourage longer discussion.

Second, from a substantive perspective, these findings
should be useful in shaping discussion. Similar to prior work
(Zhang et al. 2010; Ghose et al. 2012; Kim et al. 2018), our
results indicate that longer discussions are more persuasive.
Consequently, understanding how to encourage longer dis-
cussion is key. Our results suggest specific approaches that
may be helpful. Specifically, speaking concretely and asking
the right types of questions, are linked to longer discussions.
Rather than speaking abstractly, for example, using more
concrete language to make it easier for others to understand
what one is talking about. Similarly, who, where, or which ques-
tions are almost always narrow in scope and thus may encour-
age longer discussion.

Third, we highlight how computational linguistic tech-
niques can shed light on consumer behavior more broadly
(Berger et al. 2020). While consumer researchers are well
familiar with dictionary-based approaches (e.g., LIWC or eval-
uative lexicon), more complex features (e.g., dialogue acts) and
techniques (e.g., topic modeling and word embeddings) are
only starting to receive more attention. Hopefully, this work
will encourage more researchers to begin to adopt these pow-

erful and revelatory tools.

Boghrati and Berger

Building a Question Breadth Classifier

While we had RAs manually code broad and narrow ques-
tions, to enable future researchers examine question breadth
without having to start from scratch, we built a classifier. To
do so, we build upon current NLP models that use transfer
learning (see the appendix).

Results indicate that the classifier significantly outper-
forms the traditional methods on wh- questions (i.e., those
that include a wh- phrase or the word how). The traditional
method only relies on the first word, but to give it more flex-
ibility, we consider the presence of wh- phrase in the first
three words of a question (instead of only the first). Even so,
the classifier is significantly more accurate (89% vs. 77%,
t(545) = 3.00, p < .05). The dassifier also performs well on
yes/no questions (84%) though the traditional method also
performs decently well there (85%, t(1169) = —1.50, p =
.20) given most yes/no questions are truly narrow. Overall,
the question breadth classifier improves accuracy and should
be particularly useful when manual coding is not practical
(e.g., large amount of data).

Directions for Future Research

Future work might examine how conversation type might
shape language’s effects. We focused on word of mouth con-
versations, but calling customer service or speaking to a boss
are different situations with different norms that might
shape conversational dynamics. Subsequent research might
examine how things like conversational goals (e.g., making
a good impression or solving a problem) and relationship
dynamics between conversation partners (e.g., familiarity,
social distance, or relative status) might impact language’s
effects.

Second, work might examine other question types. “Check
questions” (e.g., questions that start with “that soundslike...”),
for example, indicate someone understood what was said
without suggesting advice or opinion (Althoff et al. 2016).
Which type of questions are important should depend on
the domain. While check questions may be valuable in coun-
seling conversations, where it’s important to signal listen-
ing, they are likely less useful in customer service calls be-
cause customers are explicitly seeking advice.

Third, while narrow questions had a larger effect than
broad questions, we do not mean to suggest that broad ques-
tions are bad. Rather, it depends on the outcome of interest. If
the goal is to encourage topic switching, broad questions may
sometimes be helpful. Future work might examine other down-
stream consequence of different types of questions, such as



attitudes toward one’s conversation partner, or interest in
talking again further.’

Fourth, work could examine the underlying mechanisms
behind concreteness and questions. As discussed, using con-
crete language may make things easier to understand, increase
interest, or make people feel like others are listening. Simi-
larly, narrow questions not only indicate interest, but en-
courage attention to the topic at hand.

Finally, we don’t mean to suggest the identified features
are the only aspects that shape conversation length. Other lin-
guistic features may also play a role. Consequently, to guide
future work, we conducted some preliminary analyses explor-
ing factors like pronouns, linguistic style similarity, linguistic
contribution, and other dialogue acts (see the appendix). We

hope this will encourage future research in this area.
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