User Motivation and the Effects of Multitasking:

An Analysis of an Online CQA Forum

Jed DeVaro* Jin-Hyuk Kimf Liad Wagman? Ran Wolff$

February 24, 2015

Abstract

Large-scale knowledge sharing has become a ubiquitous online phenomenon. Collab-
orative Question Answering (CQA) forums often depend on volunteers’ provision of
informational content. We examine a rich dataset of user contributions to study user
motivation and its effects on multitasking performance. We find that most users on the
platform we study behave in a manner consistent with the incentives to win contests
rather than to make public-good contributions. Further, for those users who are rela-
tively more contest-motivated, multitasking across subject categories is associated with

lower performance levels, and more so when answering activities are spread over time.
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1 Introduction

Much of online content is generated and provided to websites by user-contributors, who are
not employed by the firms running those sites. Such users’ contributions of time and content
can be important determinants of a firm’s value (Brynjolfsson et al., 2014). A number of
authors have analyzed data from Wikipedia, the online user-contributed encyclopedia, by
bringing in economic perspectives; however, there are many other knowledge-sharing forums
and there is a paucity of quantitative, economic analysis that studies them. This paper
aims to understand some aspects of user contribution and performance within an economic
framework, by analyzing a large set of data from an online question-answering forum.

The forum we analyze is Yahoo Answers. It is the second most popular such website in
terms of traffic according to the measurement of Alexa.com.® On this forum, the number of
open questions awaiting answers is vast at any moment, facilitating the continuous exchange
of large amounts of information.? The data set we extracted is detailed and at the user level.
Specifically, our data set tracks a cohort of nascent (new) users over a 12-month period
and records all of their answering activities and the timing of those submissions. We first
reconcile the pattern of user contributions with two well-known economic theories, and then
account for the effect of user motivation on multitasking performance.

The first theory we consider is the framework proposed by Bergstrom et al. (1986)

concerning the private provision of public goods. That work and the voluminous literature

IThe first-ranked website in the ‘Reference’ category is Stackoverflow.com. Stackoverflow specializes
in questions and answers for programmers while Yahoo Answers spans a full spectrum of general subject
categories.

2This contrasts with Wikipedia, where articles tend to stabilize and mature leaving less opportunity to
contribute after much of the low-hanging fruit has been picked. Although there may be an uncharted terrain
on Wikipedia where users might contribute, identifying the subset of that terrain that matches a user’s
knowledge set involves relatively high search costs.



that followed it suggests that it is possible to overcome the free-riding problem when making
voluntary contributions to public goods in a dynamic environment. For instance, Marx
and Matthews (2000) show the existence of an equilibrium that achieves an asymptotically
efficient outcome, where a person’s response to previous contributions is affected by the
cumulative level of contributions. Although these models focus on monetary contributions,
their implications for user-generated content are quite plausible because the contributed
information is a public good generating positive externalities for those who search for an
answer to the same question (e.g., Jian and MacKie-Mason, 2012).

The second theory is that answering questions in a public forum resembles a contest
(e.g., Morgan and Wang, 2010). Indeed, creating the perception that answering questions
is a contest is arguably one of the reasons that Yahoo Answers became a successful forum.

4

Promoting the idea that user contribution is a game was achieved by creating a “winner”
in the sense that each question is organized as a contest where volunteer answerers compete
to have their answers selected as the “best answer” by the person who originally posted the
question (henceforth, “the asker”), or by a community vote. Those who win best answer are
rewarded with virtual points, and a user’s accumulated points and level (defined by ranges
of points) are a publicly visible indicator of their social status on the forum. This contest
motivation may be a source of user motivation to post answers.

We proxy user “effort” by the length of the answers, which we measure in two ways
(number of characters, and number of words) that yield very similar results. Particular
cases in which posting length is a poor proxy for effort can be easily imagined. For instance,

a well thought out answer and a poorly thought out one may be of the same length. But in a

typical case, it seems reasonable to assume that a longer response consumes more time and



hence effort. To be clear, we are not trying to capture answer “quality” with our measure
of effort.®> Our purpose is to understand whether the data is broadly consistent with either
one of the two aforementioned economic theories.

The two theories of user motivation have opposite predictions concerning a user’s con-
tribution patterns, which suggests a simple empirical specification that nests both theories
and that allows us to see which theory better describes the data. Of course, we do not argue
that these two theories are the only, literal interpretation of a user’s inner thought process.
Further, a user’s browsing behavior might account for data patterns, but the data generat-
ing process we refer to is based on theories rather than individual behavior. In fact, surveys
that directly ask the users for reasons for their online activities might reveal individual-
level, real-life motivations. Nonetheless, the two theories on which we focus are and have
been of particular interest to economists, as they contrast the general ideas of altruism and
selfishness of economic agents.

The empirical specification captures the best-response function of a given user in terms
of effort (proxied by posting lengths) to that of the collective effort already posted in a
question thread at the time of the given user’s submission. The contributions of users who
are likely motivated by public-good provisions (contests) are decreasing (increasing) in the
collective efforts already invested by others. We find that the data is consistent with most
users having a contest motivation rather than a public-good motivation. Further, we show
that users with a public-good motivation cease their answering activities (and hence drop

out of the contest) earlier than those who are more contest motivated, and the estimated

3That is, the relation between text content and answer quality is not the topic of our paper; we are
also unable to objectively evaluate millions of answers by hiring independent third-parties due to budget
constraints.



preference parameter capturing this behavior seems stable over time among users. With the
point system, the platform seems to attract mostly contest-motivated contributors.

We essentially treat this coefficient estimate at the individual level, which predicts differ-
ent observable posting behaviors, as the user’s preference parameter. One might object that
we do not have a plausible identification strategy for this parameter. Yet, our belief is that
the endogeneity is less likely to be a concern in our analysis because of the sequential nature
of posting activities. That is, the amount of existing contributions are predetermined from
the standpoint of potential contributors. We also think that the selection (participation) into
answering a particular question is plausibly exogenous holding constant the user’s domain
expertise. This is because the website lists the most recently posted (open) questions at the
top, so that it takes time for users to browse questions far down the list. Thus, users arrive
and only consider a subset of questions that are exogenous.

One of the well-known behavioral patterns of online user activities is multitasking (e.g.,
contributing answers across multiple subject categories in a given time period). The lit-
erature has noted pros and cons associated with multitasking; however, existing evidence
of the effects of multitasking on performance is mostly based on lab experiments. In our
context, the incentive mechanism is the “best answer” point system, and we hypothesize
that the effects of multitasking on performance would be stronger for those who are contest
motivated than for those users who are motivated by public-good provision. A key feature of
the platform we study is that the reward (ten points for winning “best answer”) is the same
across subject categories. This is convenient for us because it means that the coefficient on

multitasking will not reflect different underlying incentive schemes.*

4f the “best answer” award can be a different number of points for different categories or over time,



We measure multitasking in two dimensions over the history of users’ activities: across
subject categories and across time. In our data, contest-motivated users tend to have lower
performance metrics. That is, the number of completed answers (or best answers) for a
given posting length is lower for contest-motivated users than for public-goods-motivated
users. Consistent with our predictions, this performance gap is larger at the high levels of
multitasking across subject categories, and this is particularly so when users spread their
answering activities more equally over time. The former result indicates that when users
multitask they become jacks-of-all-trades, and this is a problem for contest-motivated users.
The latter implies that multitasking further lowers contest-motivated users’ performance

when they engage in answering activities in a ubiquitous fashion.

2 Related Literature

A large literature in computer science examines user behavior in online conversational spaces
such as Usenet, where users read messages from and post messages to threaded discussions.
This literature has uncovered a rich pattern of user interactivity. For instance, Whittaker et
al. (1998) analyze millions of messages collected from newsgroups to find the relationship
between newsgroup characteristics (e.g., number of messages and participants) and conver-
sational characteristics (e.g., message length and thread depth). More recently, researchers
have used various visualization techniques to study the relationship between role behavior

and social-network characteristics (Welser et al., 2007) as well as to cluster forum categories

then the effect of multitasking on performance would need to control for the different incentives each user
might be facing. Hence, it is beneficial not to have this variation created by differential incentives in our
cross-sectional analysis.



according to content characteristics and patterns of user interactions (Adamic et al., 2008).

The paper closest to ours in this literature is Backstrom et al. (2008), which examines
user groups of varying degrees of engagement. They employ a large data set from an online
message board, classify users by the level of patronage and contribution, and study their
respective behaviors. Their main finding is that the higher the number of groups to which a
user belongs, the less likely it is that the user can be heavily engaged in all of them; moreover,
new users who will become active members of a group tend to receive preferential treatment
early on from other active group members, possibly because of their personal relationships
and/or fit with the group. While our analysis examines a similar context of online user
contribution, the difference is that we focus on understanding some of these patterns by
applying economic theories.

We aim to build a bridge between this literature and economics. The two economic
theories underlying our analysis (i.e. contests and public-goods provision) connect broadly
to multiple literatures in economics and beyond. For instance, the tournament theory (e.g.,
Lazear and Rosen, 1981) relates to our setting as multiple players compete for a smaller
number of prizes and outcomes are determined by the players’ relative performances. One
study that is closest to ours in the literature on information technology and labor productivity
is Aral et al. (2012), where the effects of multitasking on employee productivity are mediated
by knowledge networks. Specifically, the authors find that the workers who have access to a
more evenly distributed expertise in the company are more productive when juggling multiple
projects.

The theory of public-goods provision naturally relates to intrinsic motivation (e.g., Kreps,

1997 and Besley and Ghatak, 2005, explore theoretically the idea that this intrinsic motiva-



tion in nonprofits can substitute for explicit rewards). For instance, in the nonprofit sector,
many individuals volunteer to work for lower pay than they would receive elsewhere. There is
also an experimental literature in psychology establishing that explicit reward can crowd out
intrinsic motivation, and in economics, Frey (1997) identifies conditions under which explicit
rewards crowd out intrinsic motivation. Thus, if rewards such as “best answer” crowd out
intrinsic motivation, then the approach may backfire, because users who would otherwise be
driven by the provision of a public good may lose that motivation and drop out early.

Recent empirical studies have focused on identification of group size effects using exoge-
nous variations. For instance, Zhang and Zhu (2011) show that the free-riding hypothesis
is inconsistent with the evidence following the block of Chinese Wikipedia and conclude
that contributors must receive some other (to which they refer as “social”) benefits. Like
Yahoo Answers, Wikipedia offers social recognition. It publicly acknowledges the highest-
performing few thousand contributors. Given the vast number of contributors to Wikipedia,
however, the online social status of being named to this elite list would be extremely difficult
to achieve, whereas in Yahoo Answers, each new posted question offers a level playing field
and a chance to win the “best answer” and receive some points. Hence, the status-seeking
motivation can be stronger in Yahoo Answers.

Existing evidence on online user motivation is mostly based on the open-source software
literature, where researchers directly survey the developers (e.g., Lerner and Tirole, 2002;
Lakhani and von Hippel, 2003; Roberts et al., 2006). This literature often focuses on whether
extrinsic motivation (such as future career) substitutes or complements intrinsic motivation,
where the consensus appears that the latter incentive is at least as important as the former.

To our knowledge, Nam et al. (2009) is the only study that deals with the motivation for



participating in a question answering forum, based on telephone interviews with a small
group of answerers. They find that a point system similar to the one we consider here works
well in motivating answerers; in particular, questions that are assigned more points in their

study attract more answerers.

3 User Motivation

3.1 Theoretical Predictions

The first of two theoretical perspectives we examine is public-goods provision theory. Se-
quential contribution models are particularly suitable to our context because on the Ya-
hoo Answers platform users post their answers sequentially, observing all previously posted
answers for a given question, within four (or eight, if the asker requests an extension) days
after the question is posted. Marx and Matthews (2000) consider a model where an agent’s
best response is to contribute either the full shortfall (i.e., “finishing the job” by filling the
gap between the target level of the public good and the current cumulative contribution) or
nothing. Further, a player’s payoff depends on the contributions of the others only through
their sum, and in equilibrium individual contributions tend to decrease over time as the
collective contribution increases. This implies that holding constant a player’s sequence of
moves, a user’s contribution would be decreasing in the sum of existing contributions by
others.

The reason for the negative correlation between own and others’ contributions is that
an early mover’s contribution crowds out the contribution from the late movers. Consider a
canonical model (e.g., Varian, 1994) where two players divide their free time ¢;, i € {1,2},

9



between private consumption, x; > 0, and a contribution to the public good, g; > 0. The
total amount of the public good is g; 4+ g; for i # j. Agent 4’s utility function is quasilinear
in his time, concave and increasing in the public good, and specified by A;u;(g; +g;) +ti — g,
where the parameter A; > 0 scales the relative weight on the public good provision. Let
g; denote the amount of the public good that maximizes agent ¢’s utility when the other
agent contributes zero; that is, g; satisfies A;u}(g;) = 1. Suppose agent i observes agent
7’s contribution prior to deciding his own. The best-response function of agent ¢, denoted
by BR;(g;), satisfies A;u;(BR;(g;) + g;) = 1, so that BR;(g;) = max{g; — g;,0}. Figure 1
depicts BR;(g;) for three different levels of A,.

The remaining issue is whether it is possible for agent i to contribute a positive amount,
that is, whether data will be observed in the downward-sloping portion of the curve. As
Varian (1994) shows, this is possible if the first-mover j has a belief distribution F' on the
second-mover’s valuation A; (or equivalently g;).> This seems plausible in our context because
millions of users frequent the Yahoo Answers platform, so that a user would only form a belief
distribution over other contributors’ public-good preferences. Figure 1 illustrates possible
data points with dots, where agent ¢’s contribution is non-zero. The figure also shows
that the slope of the function does not depend on the parameter A; as long as A; has a
multiplicative effect on utility. Therefore, our first hypothesis is that if users are motivated
by public-good provisions, then their contributions would be decreasing in existing levels of
contributions with roughly the same sensitivities, holding constant a player’s position in the

overall sequence of moves.

5Tt can readily be shown that the first-mover’s contribution g; satisties Aju’(g7)F(g;) = 1, whereby the
first-mover would contribute less than what he would have contributed under certainty (i.e., g; < gj)-

10



The second theory we examine is the theory of contests (e.g., Tullock, 1980), where two
or more rent-seekers simultaneously determine their outlays to win a prize according to some
“contest success function.” While the literature that follows Tullock’s seminal paper is large,
an extension of this basic framework that is particularly relevant to our study is a sequential
contest with asymmetric contestants. Specifically, Dixit (1987) and Morgan (2003) show
that the “favorite” contestant (e.g., the one who has a higher valuation for the prize) has an
incentive to overcommit an outlay compared to the Nash equilibrium level; and the opposite
holds if the “underdog” contestant (e.g., the one who has a lower valuation for the prize) has
an opportunity to move first. Baik and Shogren (1992) show that given endogenous order
of moves, the favorite finds it advantageous to wait until the underdog moves and, thus, at
the equilibrium levels of contributions the second mover’s best response is increasing in the
first mover’s contribution.

This leads to our second hypothesis that if players are motivated by the contest prize,
then their outlays would be increasing in the existing levels of outlays. Consider a standard
contest model involving two players (i and j) who choose effort levels, e; > 0. Let A; represent
the relative value that player ¢ places on the contest reward. Player i’s expected payoff is
A;p(ei, e;) —c(e;), where p(e;, e;) is the probability that player ¢ will win, and c(e;) represents
effort cost. For the typical contest success functions p (such as the ratio form), it is well
known that player i’s best-response function, BR;(e;), is inverse-U shaped. Further, under
some mild conditions (such as the concavity of p in e;) the slope of BR;(e;) also increases

in 4;.° Let player j be the underdog and player ¢ be the favorite in the contest (A4; > A;),

5For instance, suppose p

=¢;/(e; +¢;), and c(e;) = e;. Then it is straightforward to derive agent ’s best
response function as BR;(e;) =

\/A,‘(’,j —€; and show that 8QBRi(ej)/8Ai8ej = 1/4\/14,‘63‘ > 0.

11



so that player j is the first-mover. It can be shown that the equilibrium intersection of
the two best-response functions occurs on the downward-sloping segment of BR; and the
upward-sloping segment of BR;. Figure 2 depicts player i’s best-response curve for three
different levels of A;, where possible data points are indicated with dots.

It seems reasonable to assume that on the Yahoo Answers platform users know whether
they are an underdog or a favorite; that is, whether they have more than the average prefer-
ence for the contest reward (hence more than one-half chance to win the contest if they were
to simultaneously compete with a randomly drawn user). Given that users have access to
all the archival answers posted on the platform, they should have an idea of how much they
care to write lengthy answers to win “best answer” points. If the first-mover j has a belief
distribution F' on the second-mover’s valuation A;, then j will choose the level of effort e,
that maximizes his expected utility, which will fall somewhere between zero and the value
that maximizes player ¢’s utility. The equilibrium occurs on the upward-sloping segment
of i’s best-response function, because j reduces his effort relative to the Nash equilibrium.
Thus, a user’s effort would increase in the amount of existing contributions, and the more

so for those users having stronger preferences for contest rewards.

3.2 Empirical Evidence

Our analysis is made possible by the granular level of data in the activity traces on Yahoo
Answers. We follow a cohort of users who began their Yahoo Answers activities during the
months of January, February, or March of 2013, extracting all of their answering activities
for the ensuing twelve months. For each answer of a given user in our sample, we have a
snapshot of the Unix time (in seconds) at which the answer was given and the question was

12



asked, the number of answers already given (by others) at the time of the answer submission,
the number of total characters and terms in the existing answers for the question, the same
count measures for the user’s own answer, the eventual number of answers provided for the
question, and the names of the subject category and subcategory in which the question was
posted. We also record the user’s cumulative profile at each snapshot including the number
of total answers provided and the number of total best answers.

We use a large fraction of these data (to protect the business information), randomly
chosen at the user level (hence containing all answer sequences of any chosen user) for this
study.” There are a total of 236,531 unique user identifiers in our dataset who self-reported
the U.S. and English as their country of residence and primary language, respectively, and
a total of 5,900,247 answers (see Table 1 for summary statistics). The average answer in
the sample contains 240 characters or 43 words, and at the time of submission there are,
on average, three answers already posted by others, which sum to roughly 600 characters or
110 words. There is a rapid response to questions on this forum, with modal time-to-answer
being less than ten minutes from the initial posting of the question. This is likely due to
the user interface, as previously mentioned, which lists the most recently posted questions
at the top, whereby it takes longer to find previously posted questions.

Our aim in this section is to show whether user behavior is, on average, consistent with the
data generating process predicted by the theoretical model of dynamic public-goods provision
or sequential contest. If the data are consistent with either prediction, then we can refer

that users are “public-good motivated” or “contest motivated,” respectively. (However, to

"There can be some randomly missing answer sequences for a given user that we believe to be due to
removed content that violated the terms of service. We believe that these should have little effect on our
results.
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be precise, it should be recognized that this inference may only be a “labelling” of underlying
process, elicited here from the activity data, and not about self-stated motivation as in a
survey.) Both theories seem plausible to us, a priori. That is, some socially-motivated
users might be motivated by providing an incremental answer to the question, hoping that
others follow suit, regardless of whether their answers are chosen as the best answer or not.
Others might be motivated by the social comparison and status in the community, which is
maintained by accumulating recognition points when their answers are chosen as the best
one.

Our two hypotheses are that, holding constant a user’s position in the contribution se-
quence and the total number of answers for a given question, the user’s own contribution
should be negatively correlated with the sum of existing contributions under the public goods
hypothesis and positively correlated under the sequential contest hypothesis. We consider

the following regression equation:

OwnContriby, = Boy+ pr1ExistingContriby, + o NumofExistingAns; (1)

23
+B3sNumo f Eventual Ans;, + Z Hourof Day(h)
h=1

6 65
+ Z DayofWeek(d) + Z Weekly(w)i + ¢ + €,

d=1 w=1

where users and answers are indexed by ¢ and k, respectively.
User i’s own contribution (the dependent variable) is measured either as the number of
characters in a posted answer or as the number of words. As previously mentioned, these

are proxies for user effort in the theory and not the answer quality. We estimate the effort
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regression (1) using both measures, defining the sum of existing contributions (the first
independent variable) in the corresponding units. The specification includes twenty-three
indicators for the hour of the day and six indicators for the day of the week to control
for factors associated with hourly or daily routines and also user fixed effects and weekly
dummies to absorb unobserved heterogeneity. The error term is independent across users
but not necessarily within a user.

Estimation is by ordinary least squares, and the results are presented in Table 2. The signs
of the coefficients on the existing contributions are consistently and statistically significantly
positive throughout the specifications. The coefficient decreases by about one third when user
fixed effects are included in columns (3) and (6), compared to the immediately preceding two
columns. The coefficient is very similar regardless of whether contributions are measured by
using the number of characters or the number of words. Thus, we conclude that, on average,
the users posting answers in this forum are better described by the contest theory. It should
be understood that this result does not imply the absence of the public-goods motivation.
It is an average effect across all users, some of whom may be contest motivated. Users may
also have a blend of both types of motivation.

We conjecture that those users who are more public-goods motivated may have lower
levels of interest in answering questions because of the presence of those who are contest
motivated, so that they drop out earlier than the point gatherers. To investigate this pos-
sibility, we divide the sample of users (at the user level) according to the number of total
active days (i.e., days in which there is at least one answering activity) into four segments
of data with roughly equal proportions. We then re-estimate specification (1) separately for

each subgroup. Table 3 shows that indeed the estimated coefficient Bl is higher for the group
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of users who are active on the forum over more days. In particular, the coefficient is much
higher for the last subgroup of 90+ active days, which is consistent with the conjecture that
those users who are more public-goods motivated are more likely to quit early.

An alternative possibility is that (even initially public-goods-motivated) users may be-
come contest-motivated as they experience the point system. We find some support for this
possibility, but this effect is not large. We excluded from the sample all users who were
active for less than 91 days. That is, we now only use the fourth quartile of the previously
defined subgroup of users. Then we divide the data by the cumulative number of active days
and re-estimate specification (1) by experience level. That is, for a given user, activities in
the earlier and later periods are grouped into different bins. Table 4 shows the results, where
the coefficient estimate, Bl, is increasing slightly over the experience bins but relatively little
in the first three categories, which suggests that the dominance of contest motivated users
is due to drop-outs rather than due to changing preferences. The coefficient increases in the
highest experience category, but this is a confounded estimate because it only comprises of
longer-running users.

Estimates so far describe user behavior at the conditional means. However, it has long
been recognized in the literature that there is considerable individual heterogeneity, and big
data might offer an opportunity to measure and incorporate such heterogeneity (Einav and
Levin, 2013). Thus, we estimate the specification in (1) for each of the users who are ob-
served with enough activities (i.e., more than 30 answering events following a rule of thumb),
using a simple regression with only the first three explanatory variables (EzistingContrib;,
Numof ExistingAns;,, Numof Eventual Ans;;). This allows us to investigate how the mo-

tivation parameter, Bl, varies across the individual users. Figures 3 and 4 display the dis-
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tribution of this parameter using variables measured in characters and those measured in
words, respectively. The histograms are plotted on the range [—0.5,1], excluding 0.65% of
the sample which falls outside of this range. The two distributions are very similar, and

about two thirds are between 0 and 0.2.

4 Effects of Multitasking

4.1 Theoretical Predictions

We assume that the parameter 5; measures how much more, in relative terms, a user cares
about incentive rewards (i.e., points). In this section, we illustrate how this imputed pref-
erence parameter can be useful in understanding user performance at the aggregate level.
Specifically, we investigate the effect of multitasking on performance. Multitasking means
that a user is equipped to engage in multiple tasks and that the user regularly performs all of
those tasks.® Making the notion of “regularly performs” precise in the empirical counterpart
requires stating a specific timeframe (e.g. a minute, an hour, or a day) during which to
record which activities a user performs. That is, whether or not a user is said to be “mul-
titasking” hinges on which timeframe is chosen as well as the granularity of those activities
(see Circella et al., 2012).

In most settings, the degree of multitasking decreases as the time unit of reference de-

creases to zero.” In our context, a user can only answer one question from a single category

8A recent theoretical exploration of the tradeoff between multitasking and the alternative (i.e. special-
ization) is DeVaro and Giirtler (2015).

9Some basic functions of the brain may operate simultaneously even in a relatively small unit of time.
For instance, one may be concurrently typing at the keyboard, reading on a screen what is being typed, and
thinking about what to type next. We abstract from this finer level of multitasking.
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at a time, and thus would always be engaged in a single activity if a sufficiently narrow
timeframe is considered, although the user might switch tasks across such timeframes. In
our application, the choice of any finite time scale that is uniformly applied to every user is
problematic — this is due to the large variation in the frequencies with which users make
contributions to the forum. Thus, in what follows, to define a user’s level of multitasking,
the timeframe we choose is the entire period during which the user’s answering activities are
observed.!® We believe this leads to a better measurement while we hold constant the level
of detail characterizing a task or activity.

Both positive and negative effects of multitasking have been documented. There is a
long tradition in experimental psychology showing that multitasking can have detrimental
effects on performance if subjects are required to switch between multiple tasks within a
given time period than if only a single task is performed, due to the limited capacity of the
human mind (e.g., Koechlin and Hyafil, 2007; Just et al., 2008; Kiesel et al., 2010; Buser
and Peter, 2012). On the positive side, multitasking have been sometimes linked to various
types of innovation in other strands of literature (e.g., Aoki, 1986; Morita, 2005; Gibbs et
al., 2007), which in our context would mean users who are actively participating in multiple
subject categories might see linkages that more specialized users might miss and that could
result in more creative, and better answers.!!

We attempt to link these two strands of literature by proposing that the effects of mul-

titasking on performance may be mediated by the user’s motivation. To be more specific,

10For instance, if a user’s activities are observed over a year, and during that time they post one answer
in category A and all other answers in category B, the user is defined to be multitasking although we use a
continuous measure of multitasking to address these issues.

HFor further information on the positives and negatives associated with multitasking and multiskilling at
both the individual and organization levels, see Carmichael and McLeod (1993), Owan (2011), DeVaro and
Farnham (2011), Farnham and Hutchinson (2011), and Kato and Owan (2012).
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we hypothesize that the effects of multitasking would be more pronounced for those who
respond relatively more strongly to the point system (i.e., contest motivated users) than
for those whose behavior is relatively more consistent with the public-goods theory. Our
assumption is that the latter group does not care much about winning more points by spe-
cializing in certain categories, so that their performance depends little on the observed extent
of multitasking. We test this correlative effect in a cross-section of users, by investigating
whether the performance gap between the two differentially motivated groups tends to widen
or shrink as the level of multitasking increases in data.

Notice that the user’s expertise and subject knowledge are not observable to the platform,
so the platform does not personalize the point system to each individual user. Thus, if users
are solely interested in gaining “best answer” points, they should focus all their efforts on
a single (or few) subject categories representing their area(s) of greatest knowledge and
expertise, which should yields the greatest number of points earned for a given investment
of effort. This assumption is similar to and consistent with the prediction and evidence in
the incentive theory literature that high-powered incentive schemes tend to make workers
neglect quality (e.g., Hong et al., 2013; Bartel et al., 2013). Since incentive schemes typically
do not adjust for quality (as in our case of Yahoo Answers), workers tend to focus on one
“task” (such as quantity of items produced).

Finally, in addition to choosing a subject category, users on the forum also decide when to
contribute answers, if at all. That is, there is also a time dimension in multitasking between
answering activities and other time-use activities (that are not observed in our data). The
experimental psychology literature indicates that when people try to do multiple things

simultaneously, it impairs the speed and/or quality of their work because the competition for
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the allocation of brain resources tends to increase switching costs between different activities.
Thus, we predict that the performance of the users who post answers to multiple subject
categories tends to be lower when they also frequently switch in and out of the answering
activity among daily /weekly routines. By the same logic as above, the effects on performance

would bear on those who are contest motivated.

4.2 Empirical Evidence

The analysis in this section is at the aggregate (user) level. We are interested in determin-
ing how the effect of multitasking on performance is moderated by the user’s motivation
parameter imputed from the previous section. The user-level estimation of equation (1) has
three explanatory variables, and we required N > 30 for each user to remain in the data
set. This reduces the sample size from the previous 5,900,247 answers to 4,597,747, and
from 236,531 unique user identifiers to 32,135. The latter is unsurprising because most users
engage in activities on the platform once or twice and never return. From the previous sec-
tion, we know that the early dropouts are more likely to be public-goods motivated; hence,
dropping these users would only be biased against our prediction, which focus on the most
contest-motivated group’s performance.

The summary statistics are shown in Table 5. Coef f1 is the individual response pa-
rameter (5, estimated from above using variables measured in characters, and Coef f2 is the
corresponding estimate when they are measured in words. The correlation coefficient be-
tween these two variables is 0.95, and it affects little the grouping of users into quintiles that
we use in our analysis below. Thus, to save space, we only present results using Coef f1,
though the results are virtually the same if we instead use Coef f2. The table shows that
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a typical user answers questions in nine subject categories, or 20 subcategories, during the
active period. Duration is the number of days between the first and the last observed an-
swering activity in the data.'? Activedays counts only the number of days when a user
posted at least one answer, which averages about 20 days.

The middle panel in Table 5 lists our measures of multitasking with respect to subject
and time. We use Shannon entropy, — Y ., p(x;) log(p(z;)), where p(z;) is the probably
mass function of task xz;, i € {1,...,n}. The measure is standard in the information science
literature, and it quantifies the amount of uncertainty associated with a realization of n
outcomes. We use this entropy measure as a proxy for a user’s level of multitasking because
it measures how evenly a user’s activities are spread over tasks. That is, simply counting the
number of active subject categories would ignore information on the respective amounts of
contributions made to each category. The Shannon entropy is maximal when activities are
equally distributed over tasks (all of the outcomes are equally likely), and it is also additively
separable if activities are divided into sub-tasks.!?

The first two entropies are measured with respect to subject categories and subcategories,
respectively, to which there is a unique assignment from each question. There are 26 Ya-
hoo Answers subject categories and 272 subcategories in our data. The next two entropies
are measured with respect to the timing of answering activities. Specifically, we classify each
answer’s submission time into (modulus of) 7 days of the week as well as 24 hours of the day.

Then the entropies based on the modulo number can capture the user’s time-use pattern over

12The data are right-truncated. That is, some 1300 users (out of 32,135) still are observed posting answers
after one year from their first activity, so they are likely to continue their activities beyond the time period
of our data. Further, a dormant user may return in the future.

13When the realizations are equally spread over n tasks, then the Shannon entropy is log(n), which means
that the entropy is in fact an increasing function of the number of active categories. Thus, we control for
the number of active (sub)categories in our regressions.
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personal routines in addition to the online activity. Hence, if a user posts answers online
only at a certain hour of the day during the entire history of online activities, then the hour
entropy would be zero, whereas if the user has posted answers on many different hours of the
day, then the entropy would be high. As previously discussed, frequent switching between
activities over time as well as across subjects tends to lower performance.

The bottom panel in Table 5 lists our four “performance” measures, intended to check the
robustness of our results. We posit that performance of an answerer is defined by how many
questions the user serves for a given effort. This can be operationalized by dividing the total
number of answers by the sum of total number of characters (or terms) typed by the user.
We believe this metric captures the commonly accepted definition of performance, that is,
the accomplishment of tasks measured against some known standards or costs. However, this
captures the quantity rather than the quality of answers for a given amount of efforts. We
partly address this issue by measuring the same performance metrics, where the numerator
counts only the total number of best answers a user has provided. Thus, under this definition,
if an answer was not selected as a best answer, then it does not count at all. Although rather

extreme, we show that our results are robust to these specifications.'*

Hence, our performance measures are observed under two “virtual” incentive schemes: One is to get two
points for each answer a user posts, and the other is to get ten points only when the answer is selected as a
best answer by the asker (or by community vote).
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The performance regression equation is

Perf; = (2)
Bo + B1Coef f; + BaEnt(subject); + BsEnt(time); + B4(Coef fQ5; x Ent(subject)Q5;)
+05(Coef fQ5; x Ent(time)Q5;) + Bs(Coef fQ5; x Ent(subject)@Qb; x Ent(time)Q5;)

+5:Coef fQ5; + BsEnt(subject)Qb; + PsEnt(time)@Q5; + X0 + €,

where X; includes duration (in days), number of active days (or hours), and number of active
(sub)categories, and the error term is i.i.d. across user i.

Table 6 presents the estimation results with robust standard errors, where the dependent
variable is the total number of answers divided by the sum of efforts measured in characters.
The first three columns (1)-(3) pair the two upper-level entropies, namely, across subject
categories and days of week; the next three columns (4)-(6) pair the other lower-level en-
tropies across subject sub-categories and hours of day. The specification of each column
is maintained for the remaining Tables 7-9, where the only difference is the left-hand side
variable. Column (1) shows only direct correlative effects of the motivation parameter, and
subject and time entropies on performance. We find that all three variables are significantly
negatively associated with the performance measure. That is, it appears that more contest-
motivated users have lower performance levels, and multitasking across either subjects or
time is also negatively correlated with performance.

Column (2) tests the main prediction that the negative effects of multitasking on perfor-
mance would be stronger for contest-motivated users compared to that of public-goods moti-

vated users. To highlight this result, we classify users into quintiles based on the motivation
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parameter, subject entropy, and time entropy, each separately, and then we employ an indi-
cator variable for the fifth quintile (labeled with @5). The prediction is supported by the sta-
tistically significant negative coefficient on the interaction term, Coe f fQ5x Ent(subject)Q5,
in Column (2). Another prediction was that this moderating effect would be even larger for
the users who tend to spread over time due to switching costs. Column (3) shows that this
prediction is also supported by the statistically-significant negative coefficient on the triple
interaction term, Coef fQ5 x Ent(subject)Q5 x Ent(time)@Q5. Results in columns (4)-(6)
confirm these findings with a pair of lower-level entropies.

Table 7 shows the same estimation results when we divide the total number of answers
by the sum of posting length measured in words rather than characters. The results are
essentially identical to those in Table 6. We also find that more contest-motivated users
tend to perform better when their answers are relatively more spread over time (holding
constant multitasking across subjects). An interpretation of these findings is that contest-
motivated users tend to access the forum and post their answers throughout a day (or a
week), rather than posting an answer regularly at a certain time of usage. Finally, Tables
8 and 9 show the estimation results using performance based only on the number of best
answers provided by the user. Except for one case (the insignificant coefficient on the triple
interactive term in column (3) of Table 8), the above predictions are strongly confirmed even
when we use quality-adjusted performance metrics. Thus, we conclude that our hypotheses

are supported by the data.
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5 Conclusion

Our results have a number of implications. One is that instituting a recognition-incentive
system, such as rewarding virtual points for best answers, can have a significant effect on
the composition of the user population active on the forum. Specifically, we found that
from a given cohort of nascent users, those who are more drawn to the contest aspects of
winning best answers tend to be active for more days than those who might care more about
the public-good-provision aspect of their contributions. Thus, if overcoming the free-rider
problem and maximizing the time spent on the platform is the objective of the operating
platform, then a recognition system based on a stream of contests can be a useful means to
achieve this goal and will cost little to the firm or any other users involved.

Another implication is that there are statistically significant effects from spreading con-
tributions more evenly over multiple subjects for those who are drawn to such an incentive
system. This effect is more pronounced when the users spread their answering activities
more evenly over time (within a day or a week). Thus, the platform operator may want to
discourage contest-motivated users from multitasking across subjects and time. The current
system awards the same number of points across all categories and time, but equipped with
information about imputed user types, the platform operator can identify those users for
whom multitasking is an issue, and could, for instance, target personalized point offers to
direct their focus to fewer categories and induce their participation.

Some limitations of our analysis are also worth noting. First, it is unclear to what
extent our findings can be generalized beyond Yahoo Answers. However, we believe that our

methodology can be easily adapted and expanded when analyzing user-generated content
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from other knowledge exchange forums where there is some contest-based recognition system.

Second, perhaps more importantly, this paper focused only on the turnover of user-generated

content, and we do not address the issue of answer quality. In fact, there is no guarantee that

the chosen best answer is even correct. Although we do not claim here that the recognition

system or multitasking improves answer quality, other researchers could examine it in future

work by analyzing an answer’s popularity.
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Figure 1: Public-good contributions best-response curves, with A < A" < A”.
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Figure 2: Tullock contest best-response curves, with A < A" < A”.
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Figure 3: Histogram of coefficients using a measurement of characters used. The histogram
excludes 0.65% of the sample which falls outside the given range. About two thirds of the
density is between 0 and 0.2.
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Figure 4: Histogram of coefficients using a measurement of terms used. The histogram
excludes 0.65% of the sample which falls outside the given range. About two thirds of the
density is between 0 and 0.2.
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Variable Mean Std. dev. Min Max N

Own contribution (in characters) 239.6146 394.7037 2 11378 5900247
Own contribution (in terms) 43.17206 69.11497 1 1888 5900247
Existing contributions (in characters) 613.306 3225.927 0 450152 5900247
Existing contributions (in terms) 108.9812 583.2364 0 83418 5900247
Number of existing answers 3.381745 12.6679 0 1854 5900247
Number of eventual answers 8.005107 21.04932 1 1856 5900247

Table 1: Summary statistics for answer-level data set

Term(=words) includes the articles, "a(n)" and "the."

Panel A: Y = Contributions (in char.)

Panel B: Y = Contributions (in terms)

Variable (1) (2) (3) (4) (5) (6)
Exiting contributions 0.0330 0.0329 0.0206
(in char.)

(0.0012)***
Exiting contributions

(in terms)

Number of existing -4.0539
answers (0.2272)%**
Number of eventual -2.2897
answers (0.1169)***
Hour of day No

Day of week No

Week FE No

User FE No

R® 0.0198

N 5900247

(0.0012)***

-4.0372
(0.2251)***
-2.2923
(0.1175)***
Yes

Yes

Yes

No

0.0214
5900247

(0.0007)***

-3.0480
(0.1494)***
-1.0171
(0.0522)***
Yes

Yes

Yes

Yes

0.4149
5900247

0.0315
(0.00112)***
-0.7031
(0.0378)***
-0.3949
(0.0203)***
No

No

No

No

0.019
5900247

0.0314
(0.00112)***
-0.7024
(0.0376)***
-0.3953
(0.0203)***
Yes

Yes

Yes

No

0.0201
5900247

0.0200
(0.0007)***
-0.5327
(0.0249)***
-0.1782
(0.0090)***
Yes

Yes

Yes

Yes

0.4119
5900247

Table 2: Effort regressions (using the whole sample)

User-clustered standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Variable

Panel A: Y = Contributions (in char.)

Active = 1-7 day

Active = 8-30 days

Active = 31-90 days

Active = 90+ days

Exiting contributions
(in char.)

Number of existing
answers

Number of eventual
answers

Hour of day
Day of week
Week FE

User FE

R2

N

Variable

0.0193
(0.0007)

% % %k

-2.9489
(0.1906)

% % %k

-1.3237
(0.0859)

% % %k

Yes

Yes

No

0.011
1612387

0.0120
(0.0006)

% % %k

-1.7922
(0.1475)

% % %k

-0.8194
(0.0606)

% % %k

Yes
Yes

Yes

0.5487
1612387

0.0288
(0.0017)

% % %k

-3.5362
(0.3191)

% % %k

-1.8620
(0.1579)

% % %k

Yes
Yes
Yes
No

0.0178
1582275

0.0179
(0.0009)

% % %k

-2.6428
(0.2002)

% %k %k

-0.8600
(0.0735)

% % %k

Yes
Yes
Yes

Yes

0.386
1582275

0.0379
(0.0026)

% % %k

-4.5815
(0.5115)

% % %k

-2.3912
(0.2220)

% % %k

Yes
Yes
Yes
No

0.0249
1277090

0.0235
(0.0014)

% % %k

-3.5102
(0.3023)

% % %k

-1.0011
(0.1044)

% % %k

Yes
Yes
Yes

Yes

0.3533
1277090

Panel B: Y = Contributions (in terms)

0.0708
(0.0060)

% % %k

-7.7226
(0.9120)

% % %k

-4.1952
(0.5317)

% %k %k

Yes
Yes
Yes
No

0.0505
1428495

0.0405
(0.0032)

% % %k

-5.3809
(0.5129)

% % %k

-1.5408
(0.1773)

% % %k

Yes
Yes
Yes

Yes

0.3834
1428495

Active = 1-7 day

Active = 8-30 days

Active = 31-90 days

Active = 90+ days

Exiting contributions
(in terms)

Number of existing
answers

Number of eventual
answers

Hour of day
Day of week
Week FE

User FE

R2

N

0.0189
(0.0007)

% % %k

-0.5353
(0.0334)

% % %k

-0.2290
(0.0151)

% % %k

Yes

Yes

No

0.0109
1612387

0.0121
(0.0006)

% % %k

-0.3304
(0.0266)

% % %k

-0.1484
(0.0111)

% % %k

Yes
Yes

Yes

0.5473
1612387

0.0281
(0.0017)

% % %k

-0.6351
(0.0551)

% % %k

-0.3211
(0.0272)

% % %k

Yes
Yes
Yes
No

0.0172
1582275

0.0178
(0.0009)

% %k %k

-0.4765
(0.0352)

% % %k

-0.1517
(0.0132)

% %k %k

Yes
Yes
Yes

Yes

0.3743
1582275

0.0365
(0.0024)

% % %k

-0.7968
(0.0874)

% % %k

-0.4149
(0.0385)

% % %k

Yes
Yes
Yes
No

0.0239
1277090

0.0229
(0.0014)

% % %k

-0.6178
(0.0524)

% % %k

-0.1768
(0.0182)

% % %k

Yes
Yes
Yes

Yes

0.3354
1277090

0.0677
(0.0056)

% % %k

-1.3321
(0.1518)

% % %k

-0.7181
(0.0923)

% % %k

Yes
Yes
Yes
No

0.0477
1428495

0.0387
(0.0029)

% % %k

-0.9209
(0.0837)

% % %k

-0.2643
(0.0296)

% % %k

Yes
Yes
Yes

Yes

0.3922
1428495

Table 3: Effort regressions (using all user samples) by total active days

User-clustered standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Panel A: Y = Contributions (in char.)

Active =79-132

Variable Active = 1-39 day Active = 40-78 days days Active = 133+ days
Exiting contributions 00576 00329  0.0619  0.0334  0.0685 00356  0.0969  0.0573
(in char.) (0.0059) (0.0034) (0.0064) (0.0032) (0.0092) (0.0047) (0.0101) (0.0055)
¥k k ¥k k ¥k k ¥k % ¥k k ¥k k ¥k k ¥k %
Number of existing -6.5527 -4.4927 -7.2178 -4.4202 -6.7969 -4.7381 -7.3234 -6.4528
answers (1.2365) (0.7356) (1.1359) (0.6014) (1.4292) (0.6568) (1.5410) (1.0508)
¥k k ¥k k ¥k k ¥k k ¥k %k ¥k % ¥k % ¥k k
Number of eventual -3.7904 -1.5256 -2.9739 -1.1013 -4.4465 -1.2594 -7.6949 -2.2970
answers (0.6405) (0.2618) (0.6170) (0.2099) (0.8886) (0.2632) (1.1687) (0.4984)
¥k k ¥k k ¥k k ¥k k ¥k k ¥k k ¥k % ¥k k
Hour of day Yes Yes Yes Yes Yes Yes Yes Yes
Day of week Yes Yes Yes Yes Yes Yes Yes Yes
Week FE Yes Yes Yes Yes Yes Yes Yes Yes
User FE No Yes No Yes No Yes No Yes
R’ 0.0431 0.4148 0.0433 0.4421 0.0485 0.4537 0.0772 0.3374
N 364262 364262 350491 350491 357147 357147 356595 356595
Panel B: Y = Contributions (in terms)
Active = 79-132
Variable Active = 1-39 day Active = 40-78 days days Active = 133+ days
Exiting contributions 00557  0.0321  0.0607 0.0331  0.0667  0.0349  0.0911  0.0528
(in terms) (0.0058) (0.0033) (0.0064) (0.0031) (0.0087) (0.0044) (0.0094) (0.0047)
¥k k ¥k k ¥k k ¥k % ¥k k ¥k k ¥k k ¥k %
Number of existing -1.1529 -0.7945 -1.2944 -0.8008 -1.1875 -0.8296 -1.2375 -1.0327
answers (0.2141) (0.1276) (0.1949) (0.1032) (0.2384) (0.1090) (0.2618) (0.1683)
¥k k ¥k k ¥k k ¥k k ¥k k ¥k k ¥k % ¥k k
Number of eventual -0.6642 -0.2687 -0.5178 -0.1921 -0.7723 -0.2213 -1.2372 -0.3717
answers (0.1135) (0.0459) (0.1109) (0.0367) (0.1564) (0.0454) (0.1712) (0.0791)
¥k %k ¥k %k ¥k %k ¥k k ¥k k ¥k % ¥k k ¥k %
Hour of day Yes Yes Yes Yes Yes Yes Yes Yes
Day of week Yes Yes Yes Yes Yes Yes Yes Yes
Week FE Yes Yes Yes Yes Yes Yes Yes Yes
User FE No Yes No Yes No Yes No Yes
R’ 0.0418 0.4162 0.0416 0.4543 0.0472 0.4709 0.0736 0.3354
N 364262 364262 350491 350491 357147 357147 356595 356595

Table 4: Effort regressions (using only users with more than 90 active days) by total active days

User-clustered standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Variable Mean Std. dev. Min Max N

Coeffl (first-stage parameter in char.) 0.100566 0.276102 -33.2217  8.255607 32135
Coeff2 (first-stage parameter in terms) 0.103762 0.230992 -23.8581 6.569354 32135
Number of active (main) categories 9.306364 5.768125 1 26 32135
Number of active subcategories 20.22922 17.95117 1 207 32135
Number of total active days 20.77567 29.47209 1 387 32135
Number of total active hours 45.37921 109.1597 2 3441 32135
Total duration (in days) 143.0513 122.7452 1 396 32135
Entropy over main categories 1.329898 0.81183 0 3.100776 32135
Entropy over subcategories 1.947031 1.03329 0 4.580973 32135
Entropy over hours of day 2.085094 0.482003 0 3.163832 32135
Entropy over days of week 1.510556 0.340179 0 1.94503 32135
Number of total answers 166.5196 496.0233 17 22001 32135
Number of best answers 30.34713 117.3526 0 9384 32135
Total contributions (in char.) 33807.44 155471.8 33 11800000 32135
Total contributions (in terms) 6061.71 26530.19 60 2250493 32135
#Best answers / XContrib. (in char.) 1.377749 8.835681 0 1424.46 32135
#Best answers / XContrib. (in terms) 6.987059 12.10376 0 712.2302 32135
#Total answers / Contrib. (in char.) 10.54363 21.93251 0.24218 1436.306 32135
#Total answers / 3Contrib. (in terms) 51.98561 60.10996 1.176514 893 32135

Table 5: Summary statistics for user-level data set

The four ratio measures are multiplied by 1,000.
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Variable

(2)

3)

(4)

(5)

(6)

Coeff

Ent(main category)
Ent(day of week)
Ent(subcategory)
Ent (hour of day)
CoeffQ5 x Ent(m)Q5
CoeffQ5 x Ent(d)Q5

CoeffQ5 x Ent(m)Q5 x

Ent(d)Q5

CoeffQ5 x Ent(s)Q5
CoeffQ5 x Ent(h)Q5

CoeffQ5 x Ent(s)Q5 x

Ent(h)Q5
CoeffQ5

Ent(m)Q5
Ent(d)Q5
Ent(s)Q5

Ent(h)Q5

Total duration (in days)
Total active days

Total active hours

No. of active

categories

No. of active

subcategories
2

R

N

-2.2285
(1.1587)*
-2.4125
(0.2906)***
-5.2119
(0.4720)***

-3.8621
(0.7771)%**

-5.0521
(0.3847)***
7.0558

(0.4790)***

-0.0175
(0.0010)***
0.0041
(0.0028)

0.2912
(0.0329)***

0.0468
32135

-2.1970
(1.1488)*
-2.2320
(0.2963)***
-6.0246
(0.5217)***

-3.5337
(0.8342)***
1.2142
(0.3531)***
-2.3973
(0.7746)***

-5.2337
(0.4051)***
7.0477
(0.4784)***
1.7771
(0.4078)***

-0.0173
(0.0010)***
-0.0043
(0.0031)

0.2678
(0.0325)***

0.0476
32135

-5.6795
(2.5690)**

-1.1951
(0.2501)***
-6.6494

(0.3351)***

-0.0152
(0.0009)***

0.0001
(0.0007)

0.1514
(0.0106)***
0.0407
32135

-1.9755
(1.1374)*

-1.7323
(0.2547)%**
-6.4034

(0.3257)***

-3.4914
(0.7847)%**

-4.8701
(0.3810)***

7.1291
(0.5073)***

-0.0137
(0.0009)***

0.0021
(0.0007)***

0.0695
(0.0093)***
0.0556
32135

-1.8984
(1.1223)*

-1.5162
(0.2556)***
-7.7927
(0.4194)***

-3.1318
(0.8709)***
1.4985
(0.2873)***
-2.5581
(0.7505)***
-5.0085
(0.3958)***

7.1534
(0.5061)***
2.9533
(0.3572)%**
-0.0135
(0.0009)***

0.0007
(0.0007)

0.0554
(0.0094)***
0.0575
32135

Table 6: Performance regressions (Y = #Total answers / 2Contrib. in char.)
Heteroscedasticity-consistent standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Variable (1) (2) (3) (4) (5) (6)
Coeff -29.3676 -11.3427 -11.1791 -27.0043 -10.1830 -9.8594
(12.4000)**  (5.4028)**  (5.3420)**  (11.8045)** (5.3047)* (5.2328)*
Ent(main category) -11.6443 -13.9454 -13.4036
(0.9228)***  (0.8461)*** (0.8528)***
Ent(day of week) -23.4010 -22.5047 -25.0765
(1.4609)***  (1.4112)***  (1.5448)***
Ent(subcategory) -5.9904 -7.8785 -7.0879
(0.5966)***  (0.5277)***  (0.5310)***
Ent (hour of day) -30.4286 -29.3554 -34.5020

CoeffQ5 x Ent(m)Q5
CoeffQ5 x Ent(d)Q5
CoeffQ5 x Ent(m)Q5 x
Ent(d)Q5

CoeffQ5 x Ent(s)Q5
CoeffQ5 x Ent(h)Q5
CoeffQ5 x Ent(s)Q5 x
Ent(h)Q5

CoeffQ5

Ent(m)Q5

Ent(d)Q5

Ent(s)Q5

Ent(h)Q5

Total duration (in days)
Total active days
Total active hours

No. of active
categories

No. of active
subcategories

R2
N

-0.0863
(0.0027)***
-0.0447

(0.0114)***

3.2632
(0.1486)***

0.0953
32135

-22.3108
(1.5996)***

-21.8691
(1.7301)***
30.2966
(1.3871)%**

-0.0784
(0.0025)***
-0.0332
(0.0109)***

2.2858
(0.1301)***

0.1367
32135

-20.8935
(1.6057)***
6.5975
(1.1656)***
-10.2875
(2.2161)***

-22.9046
(1.7893)***
30.2561
(1.3843)%**
5.2053
(1.0085)***

-0.0777
(0.0025)***
-0.0592

(0.0112)***

2.2183
(0.1317)***

0.1379
32135

(1.0450)***

-0.0687
(0.0024)***

-0.0069
(0.0030)**

0.8978
(0.0417)***
0.1238
32135

(0.9927)***

-20.8313
(1.5403)***

-20.9631
(1.7185)***

29.3873
(1.4277)%**

-0.0629
(0.0023)***

0.0011
(0.0027)

0.5612
(0.0361)***
0.1612
32135

(1.2327)%**

-18.8323
(1.5642)%**
7.8233
(1.0768)***
-13.8406
(1.9359)***
-21.8396
(1.7713)%**

29.4470
(1.4231)%**
10.7348
(1.0398)***
-0.0622
(0.0023)***

-0.0043
(0.0027)

0.5118
(0.0367)***
0.1649
32135

Table 7: Performance regressions (Y = #Total answers / XContrib. in terms)
Heteroscedasticity-consistent standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Variable (1)

(2)

3)

(4)

(5)

(6)

Coeff -0.5693
(0.2393)**

Ent(main category) -0.2739
(0.1425)*

Ent(day of week) 0.0583
(0.0873)

Ent(subcategory)

Ent (hour of day)

CoeffQ5 x Ent(m)Q5

CoeffQ5 x Ent(d)Q5

CoeffQ5 x Ent(m)Q5 x

Ent(d)Q5

CoeffQ5 x Ent(s)Q5

CoeffQ5 x Ent(h)Q5

CoeffQ5 x Ent(s)Q5 x

Ent(h)Q5

CoeffQ5

Ent(m)Q5

Ent(d)Q5

Ent(s)Q5

Ent(h)Q5

Total duration (in days) -0.0015
(0.0003)***

Total active days -0.0012
(0.0009)

Total active hours

No. of active 0.0565

categories
No. of active
subcategories
R? 0.001
N 32135

(0.0088)***

-0.2346
(0.1076)**
-0.3177
(0.1582)**
0.0749
(0.0857)

-0.2974
(0.0891)***

-0.4338
(0.0706)***
0.5405

(0.1183)***

-0.0013
(0.0003)***
-0.0010
(0.0009)

0.0384
(0.0064)***

0.0016
32135

-0.2331
(0.1068)**
-0.3128
(0.1629)*
0.0515
(0.0941)

-0.2816

(0.0878)***

0.0664
(0.0804)
-0.1160

(0.0772)

-0.4442
(0.0819)***
0.5401
(0.1180)***
0.0470
(0.0730)

-0.0013
(0.0003)***
-0.0013
(0.0007)*

0.0378
(0.0068)***

0.0016
32135

-0.5402
(0.2310)**

-0.2008
(0.1519)
-0.2745
(0.1346)**

-0.0010
(0.0002)***

-0.0004
(0.0003)

0.0176
(0.0052)***
0.0011
32135

-0.2174
(0.1057)**

-0.2441
(0.1650)
-0.2535
(0.1323)*

-0.3155
(0.0888)***

-0.4215
(0.0600)***

0.5962
(0.1178)***

-0.0009
(0.0002)***

-0.0002
(0.0002)

0.0107
(0.0042)**
0.0018
32135

-0.2133
(0.1043)**

-0.2370
(0.1639)
-0.3008
(0.1444)**

-0.2842
(0.0867)***
0.1273
(0.0651)*
-0.2138
(0.0662)***
-0.4386
(0.0675)***

0.5962
(0.1182)***
0.0929
(0.0536)*
-0.0009
(0.0002)***

-0.0003
(0.0002)

0.0103
(0.0041)**
0.0018
32135

Table 8: Performance regressions (Y = #Best answers / 2Contrib. in char.)
Heteroscedasticity-consistent standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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Variable (1)

(2)

3)

(4)

(5)

(6)

Coeff -2.5381
(0.9878)**

Ent(main category) -0.9825
(0.1867)***

Ent(day of week) 0.6904
(0.2880)**

Ent(subcategory)

Ent (hour of day)

CoeffQ5 x Ent(m)Q5

CoeffQ5 x Ent(d)Q5

CoeffQ5 x Ent(m)Q5 x

Ent(d)Q5

CoeffQ5 x Ent(s)Q5

CoeffQ5 x Ent(h)Q5

CoeffQ5 x Ent(s)Q5 x

Ent(h)Q5

CoeffQ5

Ent(m)Q5

Ent(d)Q5

Ent(s)Q5

Ent(h)Q5

Total duration (in days) -0.0063
(0.0005)***

Total active days -0.0079

(0.0019)***
Total active hours

0.3498
(0.0258)***

No. of active
categories
No. of active
subcategories
R? 0.0182
N 32135

-1.0513
(0.4060)**
-1.1189
(0.1921)***
0.7527
(0.2845)***

-2.6028
(0.2820)***

-1.6205
(0.1572)***
2.3624

(0.2677)***

-0.0057
(0.0005)***
-0.0070

(0.0019)***

0.2764
(0.0247)***

0.025
32135

-1.0470
(0.4049)**
-1.1109
(0.1942)***
0.7036
(0.3111)**

-2.4712
(0.2825)***
0.3287
(0.2217)
-0.9848
(0.3554)***

-1.6719
(0.1686)***
2.3614
(0.2675)***
0.0942
(0.1943)

-0.0057
(0.0005)***
-0.0076

(0.0019)***

0.2758
(0.0250)***

0.0251
32135

-2.4663
(0.9839)**

-0.2642
(0.1438)*
-0.8742
(0.2116)***

-0.0047
(0.0004)***

-0.0016
(0.0005)***

0.0887
(0.0073)***
0.0171
32135

-1.0038
(0.4122)**

-0.4069
(0.1481)***
-0.7789

(0.2078)***

-2.7473
(0.2869)***

-1.6146
(0.1570)***

2.6339
(0.2896)***

-0.0042
(0.0004)***

-0.0009
(0.0005)*

0.0598
(0.0070)***
0.0245
32135

-0.9884
(0.4055)**

-0.4036
(0.1479)***
-0.8257

(0.2533)***

-2.4766
(0.2902)***
0.8649
(0.2059)***
-1.7665
(0.3165)***
-1.7491
(0.1652)***

2.6230
(0.2902)***
0.0301
(0.1965)
-0.0042
(0.0004)***

-0.0009
(0.0004)**

0.0604
(0.0072)***
0.0247
32135

Table 9: Performance regressions (Y = #Best answers / 2Contrib. in terms)
Heteroscedasticity-consistent standard errors are in the parenthesis; *** 1%, ** 5%, * 10%
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