Introductions and Requests: Rhetorical Strategies
That Elicit Response in Online Communities

Moira Burke', Elisabeth Joyce?, Tackjin Kim', Vivek Anand', Robert Kraut'
'Carnegie Mellon University, Pittsburgh, PA 15213

*Edinboro University, Edinboro, PA 16444

{moira, ttk, vivekanand, robert.kraut} @cmu.edu, ejoyce @edinboro.edu

Abstract

Conversation is a critical element to the success of online communities, both
for the communities as a whole and the individual members. Yet conversations
often fail: Forty percent of potential thread-starting messages in Usenet groups
receive no response. When this happens, those who are trying to get informa-
tion, support, or discussion from a group receive no benefit from their efforts.
This paper presents a multi-method series of studies into community respon-
siveness to two rhetorical strategies: self-disclosing introductions and making
requests. Introductions signal legitimacy and commitment, and requests reduce
community effort by making clear what is needed. An analysis of a longitudi-
nal sample of 40,931 messages from 99 Usenet groups shows that introduc-
tions referencing lurking and a personal connection to the topic of discussion
increase the likelihood of getting a reply. So does making requests. Machine
learning detects introductions and requests automatically within the text. A pair
of experiments in which introductions and requests are added or removed from
previously posted messages and reposted to Usenet groups shows that intro-
ductions referencing the group history cause an increase in reply counts, but
requests do not. The research will inform the design of an automatic interven-
tion triggered at the time messages are written that makes suggestions for
strengthening rhetorical strategies when the community is unlikely to respond.

1 Introduction

Online communities allow millions of people who would never meet in person
to interact. People join web-based discussion boards, email lists, and chat
rooms for friendship, social support, entertainment, and information on techni-
cal, health, and leisure activities [24]. And they do so in droves. One of the ear-
liest networks of online communities, Usenet, had over nine million unique
contributors, 250 million messages, and approximately 200,000 active groups
in 2003 [27], while the newer MySpace, founded in 2003, attracts a quarter
million new members every day [27].
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1.1 Conversation Is Critical to Success

These millions of participants experience online communities through text.
While sites may include photographs, music clips, and immersive virtual
worlds, the majority of online communities are text-based [14]. People go on-
line to talk (write) and listen (read), and so conversation is a critical factor in
an online community’s success [1].

In order to survive, online communities, like face-to-face groups, must meet
the needs of individual members and the group as a whole [4,14,22], and con-
versation is the mechanism through which this occurs. It is through reading ar-
chived conversations that newcomers determine whether the potential benefit
of membership is worth the cost of participation [4,17], and groups need a
steady supply of newcomers to replenish membership levels over time. Current
members solicit information and steer the group toward topics they care about
by starting conversations. People start conversations hoping to derive benefit
from the group; depending on the response they get members and prospective
members will either continue to participate or they will leave. Therefore, the
community’s response to conversational overtures is particularly important.

Previous research has shown that a simple measure of community respon-
siveness—whether a poster gets a reply —is associated with an increased likeli-
hood of posting again [12] and increased speed in posting again [16]. The ef-
fect is stronger for newcomers [1]. Entering a group causes a period of mutual
assessment, in which the prospective member and the group evaluate the ex-
pected benefit of the other [17]; a reply to a newcomer signals acceptance in
the group and leads to more committed behavior by the newcomer. Posters in-
terpret silence, on the other hand, as rudeness or unfriendliness [6]. Baym
found that praise-filled replies in a soap opera group were a motivating force
for posters [2]. Replies signal that the community believes the author is a valu-
able member worth its attention, and the author reciprocates by writing more
and replying to others. Conversations transition newcomers into committed
contributors.

Yet problems with community responsiveness persist. Forty percent of po-
tential thread-starting messages in Usenet go unanswered [29,12]. Although the
non-response rate varies with community type and is lower in health support
groups and some closed communities, in almost all online communities a sub-
stantial minority of attempts to start conversation result in failure.

Some messages are more likely than others to get a reply, and the difference
is often in the wording. This paper describes a series of studies investigating
rhetorical strategies —specifically introductions and requests—and community
responsiveness. The first is a correlational analysis of approximately 41,000
messages from 99 Usenet groups, using machine learning to detect introduc-
tions and requests. This is followed by experiments in which introductions and
requests in year-old messages were added or removed and reposted to the
group to see if the presence of these features changed the community response.
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2 Factors That Increase Likelihood of Reply

Previous research has identified characteristics of the author, group, and mes-
sage text that affect whether the community will respond. Kraut and colleagues
found that newcomers were less likely to get replies than people who had
posted even once prior in the group [1]. Group norms affect reply rates; sup-
port groups, for example, are more responsive to newcomers than political dis-
cussion groups [8]. Cross-posting improves the odds, as does posting to high-
traffic groups on busy days, a finding contrary to that of Jones and colleagues
[11], who argue that information overload reduces the chance of a single mes-
sage being noticed and acted upon. Finally, being on-topic and using less com-
plicated language increases likelihood of reply [1,31].

Beyond these low-level characteristics are the rhetorical strategies of the
author. Two prevalent strategies that affect reply are self-disclosing introduc-
tions and making requests.

2.1 Introductions

Unlike conversation in face-to-face groups, messages in online communities
can be ignored or dismissed as illegitimate. There is a cost to reading and re-
plying to messages, so posters must prove they deserve community effort.
Thus, legitimacy is a critical issue in computer-mediated communication,
where posters struggle not only to be heard, but also to appear worthy of the
group’s attention [10].

Introductions describe the author’s relationship with the group. They come
in two varieties: Group introductions mention previous behavior in the group,
such as lurking or knowledge of previous posts or group members:

“I've been reading here a while and wanted to ask.”

“Can we please stop the Otis bashing. I am a lurker that reads the group on a
regular basis. When I went to the messages today, most of them were Otis etc. bashing.”

Topic introductions reveal a personal connection to the topic of discussion:

“I was recently diagnosed with Epilepsy. I've had what I thought were ‘panic at-
tacks’ for several years, mostly since the teen years, but it turns out they have been
various types of seizures” to alt.support.epilepsy

“I just picked up PSP today as an impulse buy, and the much-heralded Lumines. I
had to have it as it is from the same minds that brought us Rez, one of my favorite
‘experiences’ of all time (it's more than a game, IMHO).” to rec.games.video.sega

Introductions serve two key purposes: signaling legitimacy and signaling
commitment. Introductions use appropriate in-group vocabulary, demonstrate
personal expertise, and indirectly show the author’s relationship to the group
by showing his or her legitimate relationship to the topic around which the
group organizes. Disclosure also signals a willingness to be vulnerable; an act
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that fosters the building of close relationships [19]. Galegher and colleagues
found that in online support groups, posters introduced themselves with per-
sonal histories, increasing their perceived legitimacy; requests that did not con-
tain introductions came across as impersonal “database queries” and were un-
likely to elicit response [10]. Online community design handbooks (e.g. [14])
promote the use of profiles—system-supported introductions—to allow mem-
bers to get to know each other.

Referencing lurking, specifically, demonstrates that the author has committed
time and effort in reading what others have already said. Though “lurking” has
negative connotations in the offline world, it does not necessarily imply “free-
loading” online [23]. These forms of introductions signal a desire to belong and
demonstrate that the author is trying to learn more about the group and its
norms before participating more actively. Baym found that “delurking” posts in
a soap opera discussion group flagged the entrance of a new member into the
community, and were often followed by “welcoming committee” posts [2].

Pronoun use in introductions is of particular interest, in that pronouns com-
municate the author’s connection to the audience. Previous research suggests
that first-person singular pronouns [e.g. I, me, my] indicate disclosure, first-
person plural [we, us, our] indicate solidarity or social identity, and third-
person pronouns [she, his, they] reference individuals about which the group
collectively knows or distinguish in-group and out-group members [3,21]. On
the other hand, second-person pronouns [you] suggest social distance. There-
fore, pronouns implicitly strengthen or weaken the author’s rhetoric. First and
third person pronouns should elicit greater community response, while second
person pronouns should reduce it.

2.2 Requests

A second rhetorical strategy linked to community responsiveness is making re-
quests. Requests and questions are calls to action; they make clear what the
poster hopes to get from the group. They reduce effort of response by telling
people exactly how they can be helpful. Also, conversation norms of turn-
taking encourage responding to questions with answers [26]. Requests are a
common form of “seed” message in online support groups, and given the di-
versity and volume of messages online, the threads with question-answer pairs
reduce chaos and ambiguity [10].

For the purpose of this research, questions (e.g. “What can I expect from
chemotherapy?”) and indirect requests not in the form of a question (e.g. I'm
wondering what to expect from chemotherapy.”) are treated as having a similar
purpose: posters are seeking a response from the group. Yet the difference in
language between explicit questions and implicit requests may affect whether
the group will respond. While indirect language often signals politeness, ex-
plicit requests are more likely to elicit response than indirect or polite requests
[18,9]. Linde found that attempts to change topic in face-to-face conversation
were less likely to be continued if they contained mitigating language such as
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“would,” “could,” “please,” and “right” [9]. Messages initiating new threads
are implicit attempts to change topics, and so explicit requests within these
messages should elicit greater community response.

2.3 Limitations of Previous Work

Previous studies of responsiveness in online groups have made methodological
tradeoffs between population size and depth of analysis. Studies of millions of
messages afford only shallow analyses of content, based on metadata and bulk
metrics like word count [31,11]. Studies that delve more deeply into the lin-
guistic content of the messages generally rely on human coders to read mes-
sages. This approach is only practical with smaller corpora of a few thousand
messages from a handful of groups [1,12]. The present study uses machine
learning to overcome this tradeoff: A simple decision tree learner was trained
to automatically detect introductions and requests—both explicit and im-
plicit—in a large corpus of 41,000 messages.

Furthermore, previous investigations of introductions [1,10] derived exam-
ples solely from support groups, where the typical introduction includes refer-
ences to diagnosis, therapy, and daily life. However, introductions in other
kinds of groups, such as server administration, economics policy, or yoga, may
take largely different forms and affect community responsiveness to different
degrees. For example, von Krogh and colleagues found that introductions in
which newcomers described their technical skills were insufficient for joining a
technical community. Instead, the newcomers had to post code fixes [15]. The
present study includes introductions from health support, political, hobby, and
technical groups.

Finally, previous research of archival data has been largely correlational. In-
troductions and requests have been associated with an increased likelihood of
reply, but have not been shown to cause it. For example, delurking introduc-
tions are likely to come from people who have read many messages in the
group, and it may be their general familiarity with the group and not the use of
an introduction that causes the group to respond. The present study establishes
causation by experimentally manipulating messages in live communities.

3 Study 1: Correlational Analysis of 41,000 Usenet Messages

The first study expands the previous work of Kraut and colleagues [1], which
had a corpus of 6,000 messages from 8 groups, to a much larger corpus from a
wider array of groups. The goals were twofold: To use machine learning to
automatically detect introductions and requests across many groups, and to de-
termine the effect of those strategies on community responsiveness.
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3.1 Data Collection

The sample was drawn from the structural data and message text of 99 Usenet
newsgroups from June 2003 to February 2005. The data included the combina-
tion of individual and structural data provided by the Microsoft Netscan project
[29] and the text of the posted messages, which were downloaded from a Use-
net archive. The Netscan database provided structural information such as the
total number of messages posted to a group on a given day, dates of
an individual’s first and last posts, and the number of replies to a message.

The 99 groups represent a wide variety of topics and popula-
tions, comprising four general categories: health support, technical, hobby,
and political issue discussion. Health support topics include asthma, epilepsy,
breast cancer, and food allergies. Technical groups include C program-
ming, civil engineering, and Windows NT security. Hobby groups include
quilting, the Grateful Dead, and vegetarian cooking. Issue groups include gun
rights, economics, and agnosticism. The sample originally included 100
groups, but missing text from one group left 99. All groups had a minimum of
four posts per week during the study period.

A sample of 40,931 messages was selected from the 2,179,999 messages
posted to the 99 groups during the focal period. The messages were selected to
be first posts in their threads, and thus were potential conversation starters
rather than replies to ongoing conversations. A maximum of 500 of these po-
tential thread-starters was randomly selected from each of the 99 groups, such
that the authors were distinct and the full message text was available. Some
groups had fewer than 500 messages meeting these criteria, and cross-posted
duplicate messages were removed, resulting in a sample of 40,931 messages.
Slightly more than half of the messages (57%) received a reply.

3.2 Measures

Dependent Variable

Community responsiveness is measured by a dummy variable GotReply, re-
flecting whether a focal message received a reply (1) or not (0). Results are
qualitatively the same when the number of replies is used.

Independent Variables: Rhetorical Strategies

The following section describes the key features of introductions and requests,
followed by a description of the machine learning algorithm and dictionary
package that were used to detect them.

An introduction is a self-disclosing post to a group that contains most of the
following features: first-person pronouns (though sometimes describing the
situation of a third party), the age of the poster, the acknowledgment that this
message is a first-time post (e.g., “I've been lurking here” or “let me start
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by...”), and a description of the poster’s relationship to the topic (“I was diag-
nosed in 1994 with BC....” to alt.support.cancer.breast or “I'm doing street stuff
and need a cheap uni that’s just a step up from a beginner” to rec.sport.unicycling).

A request asks for something from the group. Not all requests are proper
questions with question marks, so requests were based on more than punctua-
tion. Other features include interrogatives and reversed subject and verb
(“Does anybody know how to play it on guitar.” “Wondering the best way to
dissolve chocolate, besides eating it.”), indirect requests (“/ want,” “I’m look-
ing for”), and references to help (“suggestions,” “advice,” “recommendations”).

Minorthird, a machine learning and text classification toolkit, was used to
classify messages’ rhetorical content. In prior research, Minorthird has been
used to identify signature files, quotations, and speech acts in email [5]. Minor-
third’s Boosted Stump Learner was trained with 392 human-coded examples of
introductions drawn from 101 Usenet groups. Human coders looked for the
features described above. A comparison of the machine classification with the
human-coded training set for a 10-fold cross-validation gave a recall of 0.75,
precision of 0.83, and Kappa of 0.63. Kappa is an estimate of agreement cor-
rected for chance, and a Kappa of 0.7 is generally considered as good as a hu-
man observer. A dummy variable, Has Introduction, is 1 if Minorthird classi-
fied the message as containing an introduction and O otherwise. Message terms
ranked highly informative for introductions by Minorthird included [I, my,
now, years, during, been, month]. Strongly negative features included [you,
people, think, very, other, $].

For requests, a human-coded training set of 1011 messages with requests
from two Usenet groups was used. Request-training messages came from fewer
groups because they were determined by human judges to be highly similar
across group types, unlike introductions. Machine classification of requests had
recall of 0.76, precision of 0.78, and a Kappa of 0.61. A dummy variable, Has
Request, is 1 if Minorthird classified the message as containing a request and 0
otherwise. Highly informative features Minorthird ranked as positive indicators
of requests included [thanks, anyone, I, wondering, what, help, seem, ?]. Addi-
tional interrogatives (e.g. how/where/who) were most likely not included be-
cause their frequency reduced their information value. Negative indicators of
requests included [we, you, their, f**k, see, !].

Pennebaker’s Linguistic Inquiry and Word Count (LIWC) software [20] was
used to count low-level words related to introductions and requests that may
not have been detected by Minorthird. The analysis included the percentage of
pronouns in the message body, the number of question marks in the subject
line, and the percentage of sentences with question marks in the message body.

Controls

Factors previously determined to affect the likelihood of getting a reply were
included as controls in this analysis. Control variables are listed in Table 1, and
include the group type, traffic, and message complexity (information overload
may prevent any single message, especially one that requires effort to under-
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stand, from receiving a response) [11]. The inclusion of introductions necessar-
ily adds length to the message body, and as longer messages are less likely to
receive replies [11], message length was controlled. Spam messages are un-
likely to include introductions or requests, but are also unlikely to receive a re-
sponse, and so were controlled. SpamAssassin was used to generate a dummy
variable, Spam, which equals 1 if the message is likely spam, and O if not.

3.3 Results and Discussion

To examine the effect of the rhetorical strategies of introductions and requests
on community responsiveness, the analysis focuses on predicting the likelihood
that a thread-initiating message will elicit a response. Table 1 presents the re-
sults of a logistic regression on the binary dependent variable, Got Reply. The
table shows the effect of each of the explanatory variables on the likelihood
that a focal message received a reply. Because messages within a single news-
group are not independent of each other, the analysis was conducted using the
cluster feature in Stata’s probit procedure, which adjusts the standard error of
the coefficients to account for non-independence of observations.

Table 1. Probability of getting a reply

Model 1 Model 2
Context  |Rhetorical Strategies

Mean S.D. AProb! SE AProb SE

Poster is newcomer (0/1) 37 48 -.04%%*% 01 -05%*%% 01

~ Issue group 23 42 -27FF 01 - 19%%% 01
S Hobby group 28 A5 -.05%*%* 01 -03**% 01
g Support group 22 42 -02¢ 01 .00 01
Msg is cross-posted (0/1) 25 43 07%%* 01 A1FEx 01
Msgs over 21 months 1.1e5 2.3e5 .04*** .00 04**% 00
Msgs per day in group 68.57 131.9 .02*%** .00 02%%% .00

= Characters in subject 35.63  27.52 -.08*** .00 -07%%* .00
S Words in msg body 367.2 1221 -.02%** .00 -03**#% 00
5 % Words >5 letters in subject 31.58 26.86 .01*** .00 01%%* .00
& % Words > 5 letters in body 18.16 10.60 .01*** .00 .00 .00
% Abbrs. in subject 44 3.62 -.02%** 00 -02%*%% 00

% Abbrs. In body 1.11 3.57 -.08*** .00 -04%*% 00
Words per sentence in body 4.88 5583 .04*%** .00 03%*%* .00

% Numbers in subject 49 1.70 -.04*** .00 -.04%%% 00

% Emoticons in subject .16 1.86 -.01 01 -0r*** 01

% Emoticons in body .19 91 -03*%%* 01 03%%% 01
Topicality® 6.65 7.35 .02%** .00 -02%*%% 00

% $ signs in subject .02 220 - 12%%% 02 -.06%* .02

g % !in subject 11 75 -01 01 .00 01
8, % ! in body 99  38.32 -.02%** .00 -02%*%% 00
“* 9 CAPS in subject 13 A7 -20%%* 01 - 15%FE 02

Spam (0/1) 67 92 -05%%% 01 - 04k 0]
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Table 1. (cont.).

Has Introduction (0/1) 74 44 07#** 01

91st person sing. in subject 1.04 4.89 .00 .00

g %1* person sing. in body 2.92 3.77 08%*%* .00

' % 1* person pl. in subject 25 215 01 01

3 % 1" person pl. in body 48 1.23 .00 .00

£ %2nd person in subject 54 3.33 -01* .00

= % 2nd person in body .89 2.04 -.04%%% 00

% 3rd person in subject 21 1.88 -.02%*%% 01

% 3rd person in body 1.10 1.92 02%%% .00

. Has Request (0/1) 29 46 06%%* .01

§ Num. gmarks in subject 224 748 Q3% .00
g % qmarks in body kk

~ 63 1.72 .05 .00
R’=.13 R’=.17

Notes: N=40,931. * p < .05, ** p < .01, *** p <.001

1. A Prob is the change in the probability of getting a reply (probit regression).

2. Technical group is the missing category.

3. Topicality was measured using average document frequency (ADF), the number of
messages in the group in which the content words of the focal message appeared one or
more times, divided by the number of words in the focal message and total messages in
the group. As a pre-process, messages were stemmed and functional terms (i.e. the,
this, is) were removed. A high ADF indicates that the language in the focal message is
widely used in the group.

All continuous measures have been logged (base 2). So, A Prob for continuous meas-
ures indicates the effect of doubling the independent variable on the probability of get-
ting a reply. A Prob for binary variables (O=False, 1=True) indicates the effect of
changing the variable from false to true.

Overall, messages had a 57% chance of getting a reply and the rhetorical
content had a strong impact on whether the community responded. Posts that
included introductions detected by Minorthird were 7% more likely to receive
a reply than those without. Over and above introductions identified by the ma-
chine-learning algorithm, first person singular pronouns (i.e. I, me, my) in-
creased the likelihood of reply: Every doubling of these pronouns in the mes-
sage body increased likelihood by 8%. Doubling the third person pronouns (i.e.
he, she, theirs) in the message body increased it by 2%. Pronoun effects some-
times differed in the subject line: First-person singular pronouns in subject
lines were not significant, while third person pronouns reduced likelihood of
reply. The reduced real estate may afford different ways of speaking in subject
lines. Adding pronouns to the model reduces the effect of introductions when
modeled without pronouns, indicating that the final model is not weighting
pronouns redundantly. Alternatively, if we recognize that the machine learning
classification of introductions is imperfect, the increase in reply rates from
pronouns may be due to introduction language missed by the classification.
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Requests also increased the likelihood of reply. Messages with requests de-
tected by Minorthird were 6% more likely to receive a reply than those with-
out, consistent with the theory that requests invoke linguistic norms that elicit
response [26]. Over and above the requests detected by Minorthird, which in-
cluded both explicit questions and implicit requests, question marks in the
message body and subject line each increased the likelihood of reply. Every
doubling of question marks in the subject line increased reply rates by 3%, and
every doubling of sentences ending in question marks in the message body in-
creased reply rates by 5%.

Study 1 shows that requests and self-disclosing introductions have a signifi-
cant impact on the likelihood that a community will respond to a conversa-
tional overture. After controlling for numerous low-level characteristics of a
message and the environment in which it was posted—including newsgroup
traffic, message complexity, and spam—the high-level rhetorical strategies of
the author affect the probability of getting a response. However, while it is
plausible that the relationship between the explanatory variables and the out-
come is causal, and thus can be the basis of interventions to improve the suc-
cess of online communities, the data are correlational. Therefore, Study 2 was
designed to test causality of introductions and requests.

Furthermore, introductions within this corpus really come in two varieties:
group introductions referencing the virtual group (e.g. “I’ve been lurking”) and
topic introductions referencing the common topic:

“I've been trying to find a good milk substitute for a long time and have been ex-
perimenting with some soy or soy-containing powders” in rec.food.vegetarian-cooking

“i have a heavyness or tightness of chest, also i get tightning of throat. this is fith
week. could this be the ms hug. my ms center closed and my nuro isn't ms special-
ist, he didn'y do spinal mri just brain which showed no recient lesions. every test
for heart lungs ect is negative.” in alt.support.mult-sclerosis

The two varieties of introductions observed in the wild are consistent with
those described in the literature [10], and yet the relative impact of each kind is
unknown. Finally, requests within Study 1 included both implicit and explicit
forms, but the literature suggests explicit questions may be more powerful than
implicit requests [18,9]. Study 2 experimentally manipulates messages in cur-
rent Usenet groups to test causality, to disentangle the effects of the two kinds
of introductions, and to test the impact of explicit questions.

4 Study 2: Introduction Manipulations

In Study 2, previously posted messages from 93 Usenet groups were experi-
mentally manipulated, with introductions added or removed, and then reposted
to the original groups to see the impact of the manipulations on community re-
sponse. The high turnover rate—only 28% of the posters in one month remain
the following month [30] —suggests that there is little likelihood of the original
message author or readers observing the reposted message.
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4.1 Method

Of the 99 groups from Study 1, 93 were still active in July 2006. From each of
the 93 groups, two potential thread-starting messages —not replies to existing
threads —that were at least one year old were randomly selected from the Goo-
gle Groups site. Spam, FAQ reminders, outdated topics, and obvious flaming
were excluded. Messages were selected such that one had an explicit ques-
tion—defined below —and one did not.

Two independent judges coded the two messages for the presence of intro-
ductions. Group introductions indicate the author’s previous lurking or post-
ing behavior. Topic introductions indicate the author’s relationship to the
topic the group cares about. Topic introductions were coded using the same
guidelines as those used to train the machine learning algorithm in Study 1,
with an additional caveat: The introduction had to include information beyond
the simple facts necessary to diagnose a problem. Therefore, “I'm running
RedHat 9.0 with MySQL 5.1” and “I used Redek on my [surf]board” would not
be coded as topic introductions because technical specifications alone do not
describe the author’s personal connection to the topic, while “I’ve been run-
ning Windows servers for the last three years and I've been thinking about
switching to Linux” is a topic introduction.

The judges also coded explicit questions as a control variable. Explicit ques-
tions were defined as phrases ending with a question mark or, if they end with
other punctuation, those that would be grammatically correct questions if they
ended with a question mark (e.g. “Has anyone heard of this [quilting] block.”
or “Will it fit in a 172.”). Rhetorical questions were coded as explicit if they
addressed the group (e.g. “Why can’t everyone stop whining?”) but not if they
were part of a narrative that did not address the group (e.g. “Boy, was I sur-
prised or what?”). Cohen’s Kappa for inter-rater reliability was 0.91 for topic
introductions, 0.87 for group introductions, and 1.0 for explicit questions.

For each of the “base” messages, three versions were derived: (1) One with-
out an introduction, (2) One with a group introduction, and (3) One with a
topic introduction. One of the three versions was the original message. Table 2
shows three versions of a base message.

Table 2. Three versions of an example message with topic/group introductions added

Topic Group Message Text

Intro  Intro

0 0 Original from alt.support.cerebral-palsy
Subject: Neuromove
Anyone had any experience with this device?
http://www.neuromove.com/

0 1 I’ve been reading here for the last month and am ready to jump in.
Anyone had any experience with this device?
http://www.neuromove.com/

1 0 My son has cerebral-palsy and I’ve been looking for options. Any-

one had any experience with this device?
http://www.neuromove.com/
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The experiment employed a 4 (Group category: Support, Technical, Issue,
Hobby) x 3 (Introduction: None, Group, Topic) design. The dependent variable
was the number of replies received within one week. A preliminary analysis of
over 200 million threads from the Netscan database shows 96% of thread-
starting messages that receive a reply do so within 24 hours, so a weeklong
window is adequate to count replies. One of the three versions of each base
message was randomly selected to fill the experimental conditions, with 14
messages for each of the 12 combinations. The 168 messages were posted in
counterbalanced order, 24 messages each day for one week.

Research involving interactions with online communities requires special
ethical considerations, and so the experiment included several precautions to
protect participants. To ensure that privacy norms were not violated, the ex-
periment included only large public groups with no registration and high turn-
over (mean 72%/month) so that the appearance of newcomers repeating ideas
is common, as are replies to them. Replies in which the reposting was noticed
were generally neutral in tone and showed that the reposting did not cause
trouble for the group (see below). To ensure that the activity would not no-
ticeably affect the character of the group, the messages comprised a small per-
centage of the groups’ traffic that week (median 4.1% across groups, mean
17.1%). Original author names were changed and personal URLs were re-
moved from signature blocks. Carnegie Mellon’s Institutional Review Board
approved the research as involving minimal risk.

4.2 Results and Discussion

The measure of community responsiveness in Study 2 was the number of re-
plies. Roughly two-thirds (65%) of the messages received at least one reply,
and the number of replies ranged from 0 to 55. Because the distribution of re-
plies was non-normal, as expected, the square root of the number of replies was
taken in the model described below. Therefore, the dependent variable ranges
from O to 7.42.

Of the 168 messages posted, the community recognized 6 as reposts of pre-
vious messages. Those messages had a total of 69 replies, 17 of which related
to reposting. Those 17 replies were generally neutral (e.g. “Someone asked ex-
actly this question a year ago and no one had an answer then”) and were ex-
cluded from analysis. Four of the five groups were hobby groups (including
one group that caught both messages), suggesting a lower turnover rate or more
robust collective memory in hobby groups.

Table 3 shows a model of the number of replies as a function of its rhetorical
content. In addition to the independent variables, Group Introduction and
Topic Introduction, the model controls for the presence of an explicit question,
the number of replies it originally received, which can be treated as a proxy for
how interesting or compelling the message topic and style were, and the kind
of group it was posted to (Hobby, Issue, Support, and Technical). The intercept
represents a message in the default group, Technical, with all of the binary ex-
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planatory variables set to O (i.e, a message with no group introduction, no topic
introduction, and no explicit questions). A message of this type received an av-
erage of 0.42 replies (0.65°=0.42). Adding a group introduction increased the
number of replies by 92% to 0.81 ((0.65+0.25)*=0.81). Adding topic introduc-
tions did not significantly affect the number of replies. The presence of an ex-
plicit question was correlated with an increase in replies by 68% to 0.71
((0.65+0.19)>=0.71), though causality of explicit questions was not tested in
Study 2 (it was in Study 3). As expected, the number of replies the message
originally received—how interesting it was—was significantly correlated with
the number of replies after reposting. The difference between the four group
categories was not significant. As a validity check, adding the day of week of
the repost, and whether the message was original text or a manipulation did not
change the model results.

Study 2 showed that group introductions almost doubled reply counts, inde-
pendent of message content and context. Topic introductions were not found to
have a significant impact, which could be related to how difficult it is to create
them for 93 topics. Group introductions, on the other hand, follow a standard
format independent of group. Saying “I’ve been reading here for a while” is
equally effective in economics and depression groups. Explicit questions were,
once again, significantly correlated with more replies, so Study 3 manipulates
both questions and introductions to test causation of both.

Table 3. Number of replies (sqrt) in Study 2

Beta S.E.
Intercept .65 FHx* A2
(Tech category, no introductions, no questions)
Has group introduction 25* A2
Has topic introduction -.10 A2
Has explicit question A19* .09
Original # of replies (sqrt) .26 Frxk .04
Hobby group .18 A4
Issue group -.25 .16
Support group A7 14

Note. Ordinary Least Squares (OLS) regression. Continuous variables have been nor-
malized (sqrt). So, a message in the default category, Technical, with no introductions
and no explicit questions would get .65°=.42 reglies.

*p<.05, *** p<.0001 N=168 R°=0.24

5 Study 3: Introduction and Question Manipulations

Study 3 followed the same method as Study 2 with some exceptions. The five
groups in which reposting was noticed by the community were excluded, as
was one with an inactive moderator, leaving 87 groups. Six versions of each
base message were created, one for each combination of request and introduc-
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tion (see Table 4). One of the six was the original message. As in Study 2, in-
troductions were added to the beginning of the base message, but explicit ques-
tions were added where appropriate, either at the beginning or the end.

The experiment employed a 4 (Group category: Support, Technical, Issue,
Hobby) x 3 (Introduction: None, Group, Topic) x 2 (Request: Explicit, Not Ex-
plicit) design. One of the six versions of each base message was randomly se-
lected to fill the experimental conditions, with 7 messages for each of the 24
combinations. The 168 messages were posted in counterbalanced order, 24
messages each day for one week.

Table 4. Six versions of one base message. The original had an explicit question and a
group testimonial.

o
=

Explicit Q.
< Topic

(_% Message Text

1 Original from alt.support.hepatitis-c
Subject: Med-i-cal in California
Does anyone here know if Med-i-cal covers the treatment for HepC?? I
have no insurance. Thanks for any information, I have already learned so
much from your group.

0 0 1 I'mwondering if anyone here knows if Med-i-cal covers the treatment for
HepC. I have no insurance. Thanks for any information, I have already
learned so much from your group.

1 1 0 Iwasdiagnosed with HepC years ago and have been holding off getting
treatment. Does anyone here know if Med-i-cal covers the treatment for
HepC?? I have no insurance. Thanks for any information.

0 1 O Iwasdiagnosed with HepC years ago and have been holding off getting
treatment. I'm wondering if anyone here knows if Med-i-cal covers the
treatment for HepC. I have no insurance. Thanks for any information.

1 0 O Does anyone here know if Med-i-cal covers the treatment for HepC?? I have
no insurance. ThSanks for any information.

0 0 O I'mwondering if anyone here knows if Med-i-cal covers the treatment for

HepC. I have no insurance. Thanks for any information.

[

5.1 Results and Discussion

Model 1 of Table 5 shows the number of replies as a function of the message’s
rhetorical content. The overall reply rate was approximately the same as Study
2; 65% of the messages received a reply, and the intercept received a mean of
0.40 replies (0.63°=0.40). However, at first glace, neither group introductions
nor explicit questions caused an increase in the reply count.

Yet there was no change in the way group introductions were manipulated in
Studies 2 and 3. Therefore, we would expect them to cause an increase in re-
plies, as they did in Study 2. This discrepancy suggests that the additional ma-
nipulation of questions may have interfered with the introduction manipulation.
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Question text was changed from the original message text in approximately
half of the messages in Study 3; excluding these messages leaves a subset of 83
messages where only the introduction text was manipulated, similar to the con-
ditions of Study 2. Even with the low power from such a small set of messages,
group introductions nearly tripled the number of responses (0.62+0.34)*=0.96,
and the results were significant (p < 0.05) (see Model 2 of Table 5).

Table 5. Number of replies (sqrt) in Study 3.

Model 1 Model 2
Explicit questions Question manipula-
tions removed
Beta S.E. Beta S.E.
Intercept L3 HHHE 12 O2%FFE 14
Has group introduction 01 12 34% A5
Has topic introduction .04 12 -.14 .14
Has explicit question .02 .08 -.08 A1
Original # of replies (sqrt) 2T A .05 28%*%% 06
Hobby group 23 15 -.30 .16
Issue group -.26 15 -.24 .18
Support group .08 15 .30 .18
N=168 R*=0.16 N=83 R’=0.25

Note: Ordinary Least Squares regression. Continuous variables have been normalized
(sqrt). *p<.05, ****p<.0001

Furthermore, the results of Study 3 suggest that further investigation is
needed to disentangle the effects of explicit questions and implicit requests. In
the natural corpus of Study 1, explicit questions are correlated with an increase
in replies, yet they do not cause it experimentally. The literature suggests ex-
plicit questions are more effective than implicit requests, yet that may not be
the case here, or the manipulations need to be stronger. Lumping implicit re-
quests in the non-explicit category may reduce its contrast with explicit ques-
tions.

Half of the messages in the 83-message subset of Study 3 had original, im-
plicit requests. Collapsing the 83 messages with those of Study 2 reveals that
the presence of any form of request—explicit or implicit—is correlated with an
increase in replies from 0.35 to 0.59 (0.59 + 0.18)*=0.59, an increase of 69% (p
< 0.05). These correlational results suggest that requests—whether explicit or
implicit—increase replies. However, the fact that adding explicit questions to
messages that did not have them interfered with the effect of group introduc-
tions suggests that something about the request manipulation was not successful.

A more meaningful distinction may be between open-ended and specific re-
quests. Netiquette pages such as Raymond and Moen’s “How to Ask Questions
the Smart Way” [24] have detailed guidelines for making requests effectively,
including being specific and explicit: “Open-ended questions tend to be per-
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ceived as open-ended time sinks. Those people most likely to be able to give
you a useful answer are also the busiest people. . . . People like that tend to be
allergic to open-ended time sinks.”

Finally, topic introductions in Studies 2 and 3 were shorter and more generic
than those found in the wild. Previous research suggests that longer messages
are less likely to receive replies, so these introductions were intentionally brief
and prepended to messages. Also, they were designed to easily generalize to
other groups and lend themselves to machine learning. The short, generic topic
introductions in Studies 2 and 3 may have been too artificial to have the same
magnitude of impact as those in Study 1.

6 General Discussion

When a person posts a message to an online community, rhetoric matters. In-
cluding a self-disclosing introduction demonstrates legitimacy and commit-
ment to the group, while making requests makes it easier for repliers to help
and implicitly calls the group to answer. The present studies show strong corre-
lational and experimental evidence that introductions increase the likelihood
that others will respond, and that the effect holds for numerous kinds of online
groups. The experimental evidence is particularly strong regarding group in-
troductions: Saying “I’ve been lurking for a while” doubles your reply count. It
also presents correlational but not experimental evidence that requests increase
community response.

This research can help inform the design of an intervention at the point mes-
sages are written, in the form of an agent embedded in email or newsgroup
software, suggesting improved wording when the community is unlikely to re-
spond.

But will it scale? Will this kind of automatic assistant result in a flood of in-
distinguishable messages to online communities? Or will it fuel an arms race of
“better,” more attention-getting rhetoric? This brings us to the issue of dual cri-
teria for judging success in online communities: What is good for the individ-
ual may not be good for the group. Yet, by allowing novice members to learn
group norms faster and have successful interactions earlier, we may increase
the pool of available responders to future messages. Successful socialization
into an online community requires learning both norms and politics [7], so an
assistant that improves rhetoric allows the author to focus on strengthening the
message substance and its ability to attract allies. So, increasing the quantity of
messages to the group does not necessitate decreasing quality.

One final issue is whether newcomers should make their first interaction
with the group by starting new threads, or whether they should make a more
gradual entrance by replying to existing threads first. In the Freenet project, for
example, potential developers were unlikely to be successful proposing entirely
new modules if they had not first garnered community attention by posting
smaller bug fixes [15]. We intend to further analyze the Netscan data to deter-
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mine whether Usenet group members have better long-term outcomes when
they first appear in an ongoing thread rather than starting a new topic. Auto-
matic interventions for rhetorical strategies would then account for the mes-
sage’s position in the thread.

6.1 Limitations and Directions for Future Work

The present research assumes that all thread-initiating messages are seeking
replies. This is likely true for the majority, given that people go online seeking
things: information, friendship, and support [24], but there are certainly excep-
tions. We excluded FAQ reminders and spam from Studies 2 and 3 because the
authors clearly do not intend to get replies. But the intention of other message
types is less clear. Issue and health groups, for instance, have numerous thread
stumps where members posted links to articles about regulations or drug tests.
Are the authors just trying to be helpful, or do they want others to respond?

The machine learning model for introductions currently lumps both topic
and group introductions together. Studies 2 and 3 indicate the need to develop
separate models to determine their relative impact so that interventions based
on introductions are most effective.

Finally, only one type of technology infrastructure, Usenet newsgroups, was
studied. Other technologies might result in different response patterns. Further
research can better understand the role of specific technologies in shaping re-
sponsiveness by studying groups that use technologies such as listservs, fo-
rums, or blogs.

7 Conclusion

Getting others in an online community to talk to you is difficult, but certain
rhetorical strategies increase the odds. Introductions referencing the virtual
group and topic, as well as requests, are correlated with an increased commu-
nity response, over and above other contextual and linguistic factors, such as
message length and newsgroup traffic. Group introductions like “I’ve been
lurking for a few months” have been proven to double the number of replies.
These results hold for a wide variety of populations, and so can be used to de-
velop automatic interventions to improve messages before they are sent to the
community, facilitating more successful interactions.
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