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Appendix A: Literature Review on Antecedents of the Perceived Value of Answers

Authors and Year Answer Question Source Q&A Site
Characteristics Characteristics Characteristics Characteristics
Gazan (2006) answerer expertise
Jeon et al. (20006) answer length, the answerer expertise,
number of times the answerer activity
answer is clicked, the
number of times the
answer is recommended
by other users, the
number of times that
users print the answer
Kim et al. (2007) content value, cognitive
value, and socio-
emotional value
Adamic et al. answer length answerer expertise
(2008)
Harper et al. (2008) question topic paid-based vs.

free-based sites

Kim and Oh (2009)

content, cognition,
utility, socio-emotion

answerer expertise,
answerer experience

Chen et al. (2010)

answerer reputation

paid-based vs.
free-based sites

Jeon et al. (2010)

paid-based vs.
free-based sites

Shah and Pomerantz
(2010)

answer length

question length,
number of answers
for the question,
number of
comments for the
question

answerer profile

Fichman (2011) site popularity
Shah (2011) answer time lapse
Edelman (2012) answer length, answer answerer experience

time lapse

Lou et al. (2013)

internal motivation,
external motivation

Oh and Worrall answer length answerer expertise,
(2013) answerer experience
Zhang and Wang question length

(2016)

Lee et al. (2019)

answer politeness




Appendix B: Robustness Checks

We conducted several additional tests to examine the robustness of our results. First, a potential
sample selection bias exists in the data, as not all answers have received helpfulness votes. More
importantly, the likelihood of an answer being voted on may be correlated with the explanatory variables
that predict answer helpfulness. To account for this potential bias, we employed Heckman’s (1979) two-
stage selection model as a robustness check. The first stage is a Probit “selection” equation that identifies
the determinants of whether an answer was voted on or not. A vivid answer that draws readers’ attention
is more likely to receive votes, while a pallid answer that fails to draw attention is less likely to receive
votes. We included author and answer characteristics that are related to information vividness in this
stage, including author expertise, author credibility, answer length, answer readability, answer
concreteness and answer emotional intensity (see Kuan et al. 2015). We also included the number of days
since the answer was posted. In the second stage, the determinants of an answer’s helpfulness are
estimated using only voted answers, conditional on the first stage. As shown in Table B1, the inverse
Mills ratio was significant (p< 0.01) and its inclusion in the stage 2 model alleviates potential bias due to
sample selection and endogeneity (Shaver 1998). As shown in Model 2 of Table B1, the results of the
second stage of Heckman’s model did not qualitatively differ from the results reported earlier.

Table B1: Robustness Check with Heckman’s Two-Stage Selection Model

Model 1 Model 2
First-stage Second-stage
selection equation outcome equation

Author Expertise 05117 0.034™
(0.052) (0.003)
Author Credibility 5.523"™ -0.001
(0.089) (0.001)
Answer Length 0.263 0.022"
(0.015) (0.001)
Answer Reading Difficulty -0.050™" 0.006""
(0.015) (0.001)
Answer Total Votes 0.002""
(0.001)
Answer Days -0.886"" 0.118
(0.020) (0.133)



Answer Concreteness -0.082"" 0.001
(0.012) (0.001)
Answer Emotional Intensity -0.081°" 0.004™
(0.011) (0.001)
Answer Sequence -0.162"" 0.007""
(0.011) (0.001)
Other Helpful Answers 0.624™" -0.002
(0.021) (0.001)
Question Keywords 0.531"" -0.022™"
(0.022) (0.002)
Question Length -0.128"™ 0.0003
(0.021) (0.002)
Question-Answer Concreteness Congruence 0.003"
(0.001)
Question-Answer Emotion Congruence 0.002"
(0.001)
Disease-Answer Concreteness Congruence 0.006™"
(0.001)
Disease-Answer Emotion Congruence 0.004™
(0.001)
Inverse Mills Ratio -0.056""
(0.005)
Constant 0.347"" 0.338
(0.016) (0.394)
N 34894 16726
Chi2 4,612.25

All continuous independent variables standardized; Disease topic dummies, days of week dummies, and
month-year dummies included; Standard errors in parentheses; ** p < 0.05, *** p <0.01

Second, we useda number of alternative models to see if our findings would still hold. One

alternative model was a multilevel regression model, chosen because most disease topics in WebMD

Answers have more than one posted question. It is expected that answers addressing the same topic will

be more similar to each other than to answers not addressing the same topic. Such similarity can cause

intra-class correlation (ICC), which results in the standard errors of regression coefficients being

underestimated (Klein and Kozlowski 2000; Kreft and Leeuw 1998; Raudenbush and Bryk 2002).

Therefore, we useda random coefficient multilevel model to account for the interdependence of individual



answers within the same topic (Model 1 of Table B2).Another chosen alternative was a fractional logit
model. This approach was deemed appropriate because our dependent variable is a ratio bounded in the
range of 0 to 1(Baum 2008). We usedfractional logit regressions to analyze the data. As shown in Model
1-2 of Table B2, we found consistent results by using these alternative models.

Table B2: Additional Robustness Checks

Model 1 Model 2 Model 3 Model 4 Model 5

Multilevel |Fractional Logit| Tobit Tobit  Tobit

#votes >=3 >=15 >=10

Author Expertise 0.0417" 10.170™" 0.042™"  0.042" 0.045™
(0.003)  |(0.016) (0.003)  (0.003) (0.004)

Author Credibility -0.001  |-0.004 -0.0002  -0.0001 -0.001
(0.001)  |(0.007) (0.001)  (0.001) (0.001)

Answer Length 0.024™" 10.108™" 0.024™  0.024™ 0.022"
(0.001)  |(0.005) (0.001)  (0.001) (0.001)

Answer Reading Difficulty 0.006"" 10.026" 0.007"  0.008"" 0.006
(0.001)  |(0.006) (0.001)  (0.001) (0.001)

Answer Total Votes 0.002"  [0.011 0.002”  0.002” 0.002"
(0.001)  |(0.008) (0.001)  (0.001) (0.001)

Answer Days -0.004  |0.046 -0.115 -0.118  0.036
(0.133)  |(0.557) (0.130)  (0.133) (0.155)

Answer Concreteness 0.0003 0.001 0.0002 0.001 0.0002
(0.001)  |(0.005) (0.001)  (0.001) (0.001)

Answer Emotional Intensity 0.003™  ]0.012™" 0.003™  0.002° 0.002
(0.001)  |(0.005) (0.001)  (0.001) (0.001)

Answer Sequence 0.006™"  10.023™" 0.004™  0.002” 0.004™
(0.001)  |(0.005) (0.001)  (0.001) (0.001)

Other Helpful Answers 0.003™  0.0117 0.005™"  0.006™" 0.005"
(0.001)  |(0.005) (0.001)  (0.001) (0.001)
Question Keywords -0.017"" -0.074™ -0.012™"  -0.012"7-0.016™
(0.002)  |(0.008) (0.002)  (0.002) (0.002)

Question Length -0.001  |-0.004 -0.001 -0.001  0.001
(0.001)  |(0.006) (0.001)  (0.001) (0.002)

Question-Answer Concreteness Congruence 0.003™" 10.013" 0.002" 0.002°  0.004™
(0.001)  |(0.005) (0.001)  (0.001) (0.002)

Question-Answer Emotion Congruence 0.003™  0.0117 0.004™" 0.004™" 0.003"
(0.001)  |(0.005) (0.001)  (0.001) (0.001)

Disease-Answer Concreteness Congruence 0.006" 0.023™ 0.006"" 0.007"" 0.006""
(0.001)  |(0.005) (0.001)  (0.001) (0.002)

Disease-Answer Emotion Congruence 0.004™" 10.017 0.004™  0.004” 0.004™



(0.001) (0.005) (0.001) (0.001) (0.002)
Disease Topic Dummies N.A. Included Included  Included Included
Days of Week Dummies Included |Included Included  Included Included
Month*Year Dummies Included |Included Included Included Included
Constant 0.648  0.362 0.946"  0.9557 0.597

(0.395) |(1.601) (0.384) (0.394) (0.367)
N 16726 16726 15362 13757 9960
Log-likelihood 7,350.61 |-7,646.56 7,374.56  7,170.59 5,504.65

All continuous independent variables standardized; Disease topic dummies included in all models except
Model 1; Days of week dummies and month-year dummies included in all models; Standard errors in
parentheses; * p < 0.10, ** p <0.05, *** p <0.01

Third, in the main analyses, we measured our dependent variable by dividing the number of helpful
votes by the total number of votes for a given answer. Although this measure was commonly adopted in
prior research, its accuracy may suffer when measuring extreme values. For example, assume that two
answers both get zero helpful votes, while one answer has ten not-helpful votes, and the other answer has
one not-helpful vote. These two answers received the same score for answer helpfulness, but the latter
answer may be perceived as more helpful. To reduce this concern, we conducted a set of additional
analyses, in which we included only the answers whose total number of votes were at least 3, 5, or 10. As
shown in Model 3-5 of Table B2, the results were again consistent with those reported earlier.

Fourth, we alleviate further concerns about possible endogeneity by employing the instrumental
variable approach proposed by Lewbel (2012). This approach identifies instruments as simple functions
of the observed regression variables when external instrumental variables are not available. Although
similar to Arellano and Bond (1991)’s approach using panel data estimators, Lewbel (2012)’s method can
be implemented in cross-sectional data sets. Identification hinges on finding regressors that are
uncorrelated with the product of heteroskedastic errors. Lewbel (2012)’s approach has been used in many
fields such as information systems, marketing, and accounting (e.g., Anderson and Core 2018; Hong et al.
2018; Kashyap and Murtha 2017).

We followed the approach in Lewbel (2012) to generate instruments for our four

congruencevariables (Question — Answer Concreteness Congruence,



Question — Answer Emotion Congruence, Disease — Answer Concreteness Congruence,
Disease — Answer Emotion Congruence). We used Hansen’s J-statistic of over-identifying
restrictions to examine the exogeneity of our four generated instruments and were unable to reject the null
hypothesis that our instruments are uncorrelated with the errors (p-value > 0.10). This result suggests that
our generated instrumental variables are valid and appropriate. As shown in Table B3, we found
consistent results by using these generated instrument variables. Therefore, our earlier results do not
appear to be driven by reverse causality or omitted variables.

Table B3: Robustness Check with Lewbel (2012)’s Instrument Variable Approach

Model 1
Author Expertise 0.041""
(0.003)
Author Credibility -0.001
(0.001)
Answer Length 0.024™"
(0.001)
Answer Reading Difficulty 0.006™"
(0.001)
Answer Total Votes 0.002"
(0.001)
Answer Days 0.007
(0.133)
Answer Concreteness 0.0002
(0.001)
Answer Emotional Intensity 0.003"
(0.001)
Answer Sequence 0.006™"
(0.001)
Other Helpful Answers 0.003"
(0.001)
Question Keywords -0.018™
(0.002)
Question Length -0.001
(0.001)
Question — Answer Concreteness Congruence 0.003™
(0.001)
Question — Answer Emotion Congruence 0.003™



(0.001)

ke

Disease — Answer Concreteness Congruence 0.006
(0.001)
Disease — Answer Emotion Congruence 0.004"
(0.001)
Constant 0.599
(0.395)
N 16726
Log-likelihood 7496.44

All continuous independent variables standardized; Disease topic dummies, days of week dummies, and
month-year dummies included; Standard errors in parentheses; ** p < 0.05, *** p <0.01
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