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Notes. The summary statistics are calculated with variables before standardization.
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Web Appendix B. Complementary Figures
FIGURE B1
An Example of Search Result Page
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Notes. Sponsored advertisements are vertically listed (within the red rectangle) in the separate column with organic results.
FIGURE B2
Example Search Advertisements[image: ]




FIGURE B3
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Web Appendix C. The MCMC Algorithm
We ran the MCMC chain for 80,000 iterations and used every 40th of the last 40,000 iterations to compute the mean and standard deviation of the posterior distribution of the model parameters in the application presented in the paper. We report below the MCMC algorithm for the simultaneous model of click-through rate, conversion rate, and price rank.
As specific, we define 











	Step 1. Draw  and 
The likelihood function of the number of clicks nij and number of purchases mij is
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We use Metropolis-Hastings algorithm with a random walk chain to generate draws of . Let  denote the previous draw; then  the next draw is given by
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The likelihood function is 
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We use Metropolis-Hastings algorithm with a random walk chain to generate draws of . Let  denote the previous draw; then  the next draw is given by

with the accepting probability given by

is a draw from the density MVN ().

Step 6. Draw , similar to step 5.

Step 7. Draw  and .
Let , 
then ; 
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then ;
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then ;
Let , 
then .
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Then  ~ MVN (A, B)
	
Step 9. Draw ω
, 
where , ,  and 
Then, 

Step 10. Draw , similar to step 8.

Step 11. Draw , similar to step 8.

Step 12. Draw , similar to step 8.

Step13. Draw 𝜆
P1×n is a vector that contains the probability {,,…,}, and .  is the likelihood function evaluated at . 
Then, 𝜆 ~ Categorical (P1×n)

Step14. Draw 𝜋
𝜋| 𝜆 ~ Dirichlet (1+K1, 1+K2, … , 1+Kn), and , k=1,2,…,n



Web Appendix D. Latent Instrumental Variable
The instrumental variable (IV) method has been widely adopted in econometrics as most of the observations suffer from certain endogeneity issues. A crucial assumption of the ordinary least squares (OLS) approach in estimating the regression model is that the exogenous explanatory variables X and the error term ε are uncorrelated. Otherwise, when X is correlated with ε, X is said to be endogenous, and the estimator will be biased, inconsistent, and inefficient, and thus lose all features that make it preferable over other estimators. IVs were pioneered to overcome this issue in a variety of contexts. Usually, there are three potential causes of endogeneity: omitted variables, self-selection, and simultaneity. 
A valid instrumental variable needs to meet the exclusion restriction. That is, for the instrumental variable Z, 1) Z has a casual effect on X, 2) Z affects the outcome variable Y only through X (Z does not have a direct influence on Y conditioning on other covariates), and 3) there is no confounding for the effect of Z on Y. Often times, without careful experiment design and exogenous manipulation, it is not easy to find instrumental variables that perfectly address the endogeneity issues. Researchers often tend to use weak instrumental variables, which refers to the instrumental variables that are only marginally valid. It could be that the instrumental variable Z is poorly correlated with the endogenous explanatory variables X, or the instrumental variable Z weakly affects the outcome variable Y. Prior literature documents that using the weak instrumental variables may possibly be more biased, more inconsistent, and exhibit lower precision than the original endogenous estimates (e.g., Bound et al. 1995).
The latent instrumental variable (hereafter LIV) approach proposed by Ebbes et al. (2005) attempts to solve these issues when no valid instrumental variables are available. The LIV approach utilizes a latent variable, as instrumental variables, to estimate regression parameters when endogeneity is present. The LIV usually consists of two empirically determined vectors: the vector of fixed values (i.e., categorical means) and the vector of probability (i.e., categorical probability). The LIV approach decomposes the endogenous explanatory variable into an exogenous part and an endogenous part, where the exogenous part is an unobserved discrete variable (i.e., the LIV) and the endogenous part is included in the error term. That is, for an endogenous explanatory variable X, we have:
(1) , and 
(2) , 
where  is the exogenous part: π is the probability vector (π1, π2, …, πn), that the cth (c = 1, 2, …, n) latent category fits the observation and ; ω is an n-dimensional vector containing the latent category means. The number of latent categories should be empirically determined. In addition,  is the endogenous part, so that cor(τ, ε) ≠ 0. Therefore, the endogeneity part, cor(X, ε), could be captured by cor(τ, ε), and the cor(ω, ε)=0. By simultaneously estimate the two equations, we could identify the estimated coefficients as the endogeneity will be captured by the estimated covariance. Hence observed IVs are not required. Interestingly, ‘optimal’ IVs are estimated from the data, and endogeneity can be tested as well. 
Ebbes et al. (2005) suggest the LIV is most effective for the bimodal distributions and the skewed distribution, and the lowest power for the unimodal distributions. If the instrument has a bimodal or a skewed distribution, the two groups imposed on the endogenous X by the simple LIV model are an adequate representation, allowing for precise LIV estimates. That’s to say, the LIV has the best performance if the estimated LIV categorical means are well separated, and the estimated probabilities should be equally distributed (i.e., bimodal). 


Web Appendix E. Robustness Checks
To check the robustness of results, we conducted additional tests and the results are reported in Table E1: 
Alternative predictors. The price rank measure unfortunately does not control for the distance across the prices, so as an alternative measure, we divide the price range in the display list into five intervals and use the price interval as an alternative measure. The results are consistent with our main estimation results, and we keep the current predictor for the better model fit.
Lagged differences as instrumental variables. In the main model, we adopt previous observations of key variables as instrumental variables to address endogeneity concerns. To verify the validity of lagged terms as instrumental, we replace them with lagged differences and run a robustness check. The results are consistent with our main estimation results, and we keep the current setting for the better model fit.
Price rank among sponsored and organic listings. Although the sponsored and organic product listings are displayed separately, consumers’ perceptions of the sponsored prices might be affected by the organic listings (Jerath et al. 2014; Yang and Ghose 2010). To examine the potential influences of organic listings on the effects of price rank, calculate price rank among the top 16 listings (i.e., the eight sponsored listings and the first eight organic listings). The estimation results are largely consistent with (though smaller than) the main results.


TABLE E1
Unobserved Heterogeneity Estimates
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Web Appendix F. Post-Hoc Analysis
To further investigate the effects of changing price vs. changing price rank, we extend the proposed model by adding the log(price), its quadratic term, and their interactions with two keyword characteristics, as well as the random effects. Specifically, we revised the eq 3-5 and eq 7-9 as follows:
[bookmark: OLE_LINK18][bookmark: OLE_LINK13](3) = α0i + α1i PriceRankijt + α2iPriceRank2ijt + α3i log(Priceijt) + α4i log(Priceijt)2 + α5Specificityi + α6Popularityi + α7DisplayRankijt + α8PastSalesjt +α9-15Xijt ++ ηijt.
(4) .
(5) .

(7)  = β0i + β1iPriceRankijt + β2iPriceRank2ijt + β3i log(Priceijt) + β4i log(Priceijt)2 + β5Specificityi + β6Popularityi + β7DisplayRankijt + β8Volumeijt + β9Ratingijt + β10DiscountRatejt + β11-17Xijt + + εijt,
(8) , and						
(9) .
The rest of the equations are the same as our original model. The estimated results of the post-hoc model are reported in Table F1. 





TABLE F1
Post Hoc Model Estimation Results
[image: ]
The Post-hoc analysis in Table 3 is calculated based on the estimated results in Table F1 and the values of variables satisfying the conditions. The detailed values of each conditions are: 1) +/-10% price adjustment indicates log(Price)= +/- 0.10; 2) Price rank= 0.25, 0.5, and 0.75 for low, medium and high price rank, respectively; 3) Niche general keywords: Specificity = mean - S.D. and Popularity = mean - S.D.; Popular general keywords: Specificity = mean - S.D. and Popularity = mean + S.D.; Niche specific keywords: Specificity = mean + S.D. and Popularity = mean - S.D.; Popular specific keywords: Specificity = mean + S.D. and Popularity = mean + S.D. The rest of the covariates are taken at the mean. 
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Author Role of Price Context Findings

Adaval and Wyer (2011) Extreme price as anchors Consumers' conscious and unconscious use 

of price anchors

The price people are willing to pay for a product is influenced by 

exposure to prices of the same or a different product.

Adriani and Deiddad 

(2011)

Price as a signal of product 

quality depending on market 

competition 

A market where sellers are heterogeneous with 

respect to the quality of their products 

When competition among sellers is weak, high quality sellers are able to 

use prices as a signaling device; by contrast, strong competition among 

sellers inhibits the role of prices as signals of high quality.

Bagwell (1987) Price as a signal of cost A game between firms and consumers with 

asymmetric information about cost 

Consumers have incentive to use introductory price as a signal of cost.

Erdem et al. (2008) Price as a signal of product 

quality

Consumer brand choice using price and 

advertising as product quality signals

Price is an important quality-signaling mechanism; advertising content 

and consumer experience offer direct quality information

Erickson and Johansson 

(1985)

Price as a signal of quality and 

a determinant of attitude

Consumer brand choice in automobile market Price-quality relationship is operating in a reciprocal manner; Price is a 

good proxy for  quality but a weak determinant of overall attitude.

Gotlieb (1991) Price as a signal of product 

quality in advertisement

Setting brand price in advertisement of new 

brand, depending on the source credibility

When the credibility of the source communicating the new brand price 

was high, brand prices have an effect on perceived quality of the new 

brand.

Jones (1996) Price as a signal of product 

quality

The demand for products with unknown 

quality

There is a critical price above (below) which price is used (not used) to 

signal quality.

Kivetz et al. (2004) Intermediate price as 

compromise

Consumers' brand choice Compromise effect systematically affects product choice. 

Krishna et al. (2006) Extreme price as anchors Consumers' formation of reservation prices of 

products within a catalog.

The presence of an extreme cue leads to greater changes in target 

reservation price, when the extreme-priced referent and target are more 

related and are contiguously presented.

Raghubir and (1999) Price promotion as a quality 

signal

Consumers' brand evaluation with price 

promotions

Consumers expertise weakens the influences of price promotions

Zhao (2000) Price as a signal of product 

quality

A firm's optimal advertising and pricing 

strategies for introducing a new product

High-quality firm reduces advertising spending and increases price.
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Study 1

1. Click The number of times that consumer clicking 

sponsored ad to view product webpage

Number of Clicks received by the advertisement 

per day

2. Conversion The number of purchases converted from clicks



Number of Conversations received by the 

advertisement per day

3. Search The number of times that consumers search the 

keyword

The number of searches received by the keyword 

per day

4. Specificity The specificity of the keywords



The specificity is coded in terms of their 

specificity toward a certain category

5. Popularity The popularity of the keywords Rank of searches received by the keyword within 

the keyword with same specificity

6. Price Rank The relative order of displayed product price of 

search advertisements in a after-search page

PriceRank=Price ranking/number of prices in 

display list, ranging from 0.125 to 1

7. Display Rank Advertising position in a vertical listing setting



Display position from 1 to 8, 1 represents topmost 

position

8. Price The advertised unit price displayed in the sponsored 

advertisements

The within sponsored list dvertised unit price of 

the product (in local currency)

9. Ave. Sponsored Price The displayed price of sponsored search results



The average displayed prices of the products 

appeared in the sponosred search results 

10. Keyword Length The length of the keyword



Number of characters included in the keywords

11. Title Length The length of the title of the sponsored advertisement



Number of characters included in the sponsored 

advetisement title

12. Ave. Organic Price The displayed price of organic search results



The average displayed prices of the products 

appeared in the organic search results 

13. Past Sales Units sold in the past 30 days, observed by 

consumers in click and conversion

Number of units sold in the past 30 days

14. Sponsored Product Number Sellers' strategic focus on the advertised products in 

searh advertising, unobserved by consumers

Total number of products the seller sponsored in 

one day

15. Sponsored Keyword Number Sellers' strategic focus on the advertised keywords in 

searh advertising, unobserved by consumers

Total number of keywords the seller sponsored in 

one day

16. Review Volume The popularity of the sellers,  observed only in 

conversion stage

Number of customer reviews for the advertised 

products

17. Consistent Rating A rating measures the consistency of sellers' 

description, observed only in conversion stage

The numeric rating based on a 5-point scale

18. Discount Rate



The extent of promotion, observed only in conversion 

stage

Discount Rate=1-Sale Price/Original Price

19. Brand Whether the keyword involves certain brand names Dummy variable, Brand=1 indicating the keyword 

include a brand name and Brand=0 otherwise

20. Promo Whether the keyword involves promotinal event Dummy variable, Promo=1 indicating the keyword 

include the promotional event and promo=0 

21. Predicted Search Change Platform's prediction of keywords' search volume 

change based on the prior search activities across 

major search engines

Percentage change of the search volume of the 

keywords

Study 2

1. Click The click decisions of participants on the sponsored 

advertisements

Dummy variable, click=1 indicating the 

advertisement is clicked at focal click, and 0 

2. Conversion The purchase decisions of participants on the 

sponsored advertisements

Dummy variable, conversion=1 indicating the 

advertisement is purchased, and 0 otherwise

3. Rank (from 1 to 7) The relative order of displayed product price of 

search advertisements among the 7 advertisements

Measured as a categorical variable with the 

lowest priced as 1 and highest as 7

4. Stream The sequence of clicks along the participant's search 

process

Normalized to one with the first click as 0, and the 

last click prior purchase as 1

5. Design Participants' interests toward the design of the 

product regardless of product price

Measured by a 7-point scale with “not interested/ 

extremely interested”

6. PreClick Participants' interests toward the design of the 

product regardless of product price

Dummy variable, PreClick=1 indicating the 

advertisement has been clicked prior the focal 

7. Volume The displayed review volume Number of reviews displayed in the pre-click and 

post-click webpages

Definitions Operationalizations 
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Variables Mean SD Min Max 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1. Click 282.59 859.99 0.00 28299.00 1.00

2. Conversion 20.46 143.34 0.00 7129.00 0.52 1.00

3. Search 7645.83 14089.93 3.00 320940.00 0.57 0.11 1.00

4. Specificity 1.18 0.67 0.00 3.00 -0.03 0.02 -0.13 1.00

5. Popularity 0.49 0.30 0.00 1.00 0.23 0.09 0.40 -0.04 1.00

6. Price Rank 0.53 0.29 0.13 1.00 -0.01 -0.01 0.00 0.01 0.00 1.00

7. Display Rank 0.50 0.34 0.00 1.00 -0.04 0.01 0.00 0.00 0.00 0.06 1.00

8. Price 1365.82 3672.09 0.50 179900.00 0.13 0.01 0.09 -0.01 -0.04 0.25 0.02 1.00

9. Ave. Sponsored Price 1365.82 2473.55 1.05 25015.85 0.17 0.02 0.13 -0.02 -0.06 0.02 0.00 0.67 1.00

10. Keyword Length 5.29 1.53 2.00 11.00 0.00 0.03 -0.10 0.79 -0.01 0.01 0.00 0.00 0.00 1.00

11. Title Length 10.72 3.06 4.00 23.00 -0.01 0.03 -0.11 0.79 -0.02 0.00 0.00 0.00 0.00 0.99 1.00

12. Ave. Organic Price 900.59 2260.33 1.00 50000.00 0.10 0.00 0.09 -0.08 -0.07 0.00 0.00 0.29 0.43 -0.05 -0.04 1.00

13. Past Sales 860.55 2836.87 0.00 21235.00 0.01 0.01 -0.02 0.01 0.01 -0.15 -0.09 -0.08 -0.05 0.00 0.00 -0.05 1.00

14. Sponsored Product Number 117.17 125.47 4.00 680.00 -0.02 0.00 -0.01 -0.03 -0.01 -0.05 0.06 -0.12 -0.16 -0.02 -0.01 -0.03 -0.08 1.00

15. Sponsored Keyword Number 27.00 26.91 1.00 186.00 0.02 -0.01 -0.01 0.04 0.01 -0.07 -0.15 0.07 0.14 0.02 0.02 -0.01 0.08 -0.30 1.00

16. Review Volume 6530.50 23238.10 0.00 221136.00 0.01 0.01 -0.02 0.01 0.00 -0.16 -0.07 -0.07 -0.04 0.00 0.00 -0.05 0.75 -0.07 0.06 1.00

17. Consistent Rating 4.38 0.30 3.70 5.00 -0.01 0.01 -0.01 0.01 0.01 0.05 0.03 -0.01 -0.04 0.01 0.01 -0.03 0.08 0.32 -0.25 0.06 1.00

18. Brand 0.07 0.25 0.00 1.00 0.00 0.01 -0.04 0.10 -0.02 0.00 0.00 0.02 0.02 0.13 0.14 0.07 0.03 0.01 0.01 0.04 0.04 1.00

19. Promo 0.89 0.32 0.00 1.00 0.02 0.01 -0.01 0.04 0.05 0.00 -0.02 -0.03 0.09 0.04 0.03 -0.07 0.08 -0.16 0.12 0.09 0.00 0.06 1.00

20. Discount Rate 0.54 0.27 0.01 1.00 -0.02 -0.01 0.00 -0.04 -0.02 0.20 0.04 0.09 -0.02 -0.02 -0.02 0.04 -0.21 0.07 -0.10 -0.23 0.09 -0.01 -0.61 1.00

21. Predicted Search Change 0.04 0.60 -2.26 10.10 0.03 0.01 0.05 -0.01 0.01 0.00 0.01 0.06 0.09 0.04 0.04 0.05 0.00 -0.02 0.00 -0.01 -0.01 0.12 0.03 0.00
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LIV

2 3 4 5

DIC 96230936.74197011016.87096491765.19797199799.151
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Estimates

LIV category means

ω

1

-7.834

(-8.891, -6.718)

ω

2

1.082

(.848, 1.235)

LIV category probability

π

1

.301

(.259, .338)

π

2

.699

(.662, .741)



Notes. 95% CI are reported in parentheses.
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α

0i

(Intercept) α

1i

(Pricerank)

α

2i

(Pricerank

2

)

α

0i

(Intercept)

2.160(.193) -2.206(.188) -1.081(.196)

α

1i

(Pricerank)

-2.206(.188) 2.386(.187) 1.214(.186)

α

2i

(Pricerank

2

)

-1.081(.196) 1.214(.186) 3.914(.259)

β

0i

(Intercept) β

1i

(Pricerank)

β

2i

(Pricerank

2

)

β

0i

(Intercept)

2.713(.311) -2.498(.281) -1.744(.197)

β

1i

(Pricerank)

-2.498(.281) 2.391(.260) 1.654(.179)

β

2i

(Pricerank

2

)

-1.744(.197) 1.654(.179) 1.448(.133)

Unobserved Heterogeneity Estimates (S

α

)

Unobserved Heterogeneity Estimates (S

β

)
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η

ijk

(Click) ε

ijk

(Conversion) v

ijt

(Pricerank)

τ

ijt

(Price) μ

ijt

(DisplayRank)

η

ijk

(Click)

.804(.004) .326(.005)

.000(.011) -.035(.052)

-.073(.017)

ε

ijk

(Conversion)

.326(.005) 1.130(.008) -.111(.013)

-.031(.030)

-.088(.033)

φ

ijt

(Pricerank)

.000(.011)

-.111(.013)

.212(.019) .047(.012) .043(.012)

τ

ijt

(Price)

-.035(.052) -.031(.030)

.047(.012) .211(.019)

-.001(.011)

μ

ijt

(DisplayRank)

-.073(.017) -.088(.033)

.043(.012) -.001(.011) .231(.037)
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Variable Mean S.D. Min Max Mean S.D. Min Max

Click Number 4.98 2.48 2.00 12.00 3.91 2.52 1.00 12.00

Gender 1.34 0.48 1.00 2.00 1.36 0.48 1.00 2.00

Age 13.57 1.15 12.00 18.00 13.51 1.06 12.00 17.00

Experience 2.72 0.93 1.00 5.00 2.63 0.89 1.00 5.00

Desige_Rank 1 4.05 2.06 1.00 7.00 3.81 2.01 1.00 7.00

Desige_Rank 2 4.05 2.10 1.00 7.00 4.07 2.05 1.00 7.00

Desige_Rank 3 4.65 1.63 1.00 7.00 4.37 1.80 1.00 7.00

Desige_Rank 4 3.98 1.89 1.00 7.00 4.33 1.92 1.00 7.00

Desige_Rank 5 4.52 1.96 1.00 7.00 4.65 1.95 1.00 7.00

Desige_Rank 6 4.77 1.96 1.00 7.00 4.76 1.94 1.00 7.00

Desige_Rank 7 5.22 1.65 1.00 7.00 4.55 1.96 1.00 7.00

Search-only Condition Search-and-buy Condition
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Dependent Variable Click-through Rate Conversion Rate

Interval

-.988(.075) .558(.115)

Interval

2

.947(.061) -.536(.094)

Interval × Specificity

.621(.065) -.634(.095)

Interval

2

 × Specificity

-.506(.054) .554(.079)

Interval × Popularity

-.519(.094) .260(.121)

Interval

2

 × Popularity

.470(.082) -.293(.101)

DIC

Dependent Variable Click-through Rate Conversion Rate

Price Rank

-2.107(.082) 1.535(.112)

Price Rank

2

1.743(.078) -1.304(.101)

Price Rank × Specificity

1.002(.081) -.742(.080)

Price Rank

2

 × Specificity

-1.047(.079) .722(.073)

Price Rank × Popularity

-.762(.086) .370(.101)

Price Rank

2

 × Popularity

.672(.084) -.406(.093)

DIC

Dependent Variable Click-through Rate Conversion Rate

Price Rank

-1.153(.181) 1.014(.120)

Price Rank

2

1.054(.095) -.858(.102)

Price Rank × Specificity

.789(.085) -.699(.088)

Price Rank

2

 × Specificity

-.764(.075) .657(.081)

Price Rank × Popularity

-.872(.118) .324(.092)

Price Rank

2

 × Popularity

.726(.110) -.361(.087)

DIC

Panel B:Lag difference as Instrumental

Panel C: Sample with Organic Listings

224451374.477

Notes: 1) Specificity and Popularity are mean-centered; 2) Posterior 

means and posterior standard deviations (in parentheses) are reported, 

and estimates that are significant at 95% are bolded.

Panel A: Price Interval

96706273.025

97998422.774
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Dependent Variable Click-through Rate Conversion Rate

Price Rank

-2.037(.186) 1.411(.108)

Price Rank

2

1.786(.123) -1.289(.093)

log(Price)

-.155(.036) -.060(.027)

log(Price)

2

-.015(.025) .017(.012)

Price Rank × Specificity

1.101(.105) -.754(.108)

Price Rank

2

 × Specificity

-1.004(.079) .798(.094)

Price Rank × Popularity

-.659(.104) .464(.087)

Price Rank

2

 × Popularity

.516(.084) -.518(.075)

log(Price) × Specificity

-.068(.033) .044(.021)

log(Price)

2

 × Specificity

-.015(.011) .007(.010)

log(Price) × Popularity

.053(.020)

-.003(.019)

log(Price)

2

 × Popularity

.032(.013)

.005(.010)

DIC

Notes: 1) Specificity and Popularity are standardized; 2) Logarithm of product 

price is standarized among keywords; 3) Posterior means and posterior standard 

deviations (in parentheses) are reported, and estimates that are significant at 

95% are bolded; 4) the estimated coefficients of other covariates are ignored for 

parsimony.



97976525.892
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Position Price Specificity Popularity Others

Purchase 

Funnel

Consumer 

Segments

Jerath et al. (2004) A superior firm may bid lower than an inferior firm and obtain a position below 

it, yet it still obtains more clicks than the inferior firm. The inferior firm wants to 

be at the top where more consumers click on its link, whereas the superior firm 

is better off by placing its link at a lower position under both pay-per-impression 

and pay-per-click mechanisms. 

√

Ghose and Yang 

(2009)

Click-through rate and conversation rate are positively related to advertising 

position. But topmost position might not be economic optmized, whereas middle 

position usually has higher economic return

√

Agarwal, Hosanagar, 

and Smith (2011)

Click-through rate decreases with position, conversion rate increases with 

position and is even higher for more specific keywords.

√ √

Animesh, 

Viswanathan, and 

Agarwal (2011)

Sponsored search listings can act as an effective customer segmentation 

mechanism, and the effects on click-through rate advertising rank are strongly 

moderated by the seller’s ability to differentiate itself from its rivals.

√ √

Rutz, Bucklin, and 

Sonnier (2012)

Higher positions increase both the click-through and conversion rates, and the 

elasticity of conversions with respect to position is actually higher than the 

elasticity of clicks

√

Jerath, Ma and Park 

(2014)

Consumers’click activity after a keyword search is low and heavily 

concentrated on the organic list. However, searches of less popular keywords 

(i.e.,keywords with lower search volume) are associated with more clicks per 

search and a larger fraction of sponsored clicks.

√ √

Yang, Lu and Lu 

(2014)

The number of advertisers has a positive effect on the baseline click volume, 

has an inverse-U relationship with the mean decay factor, and has a negative 

and convex effect on the mean value of clicks; competition generally hurts 

advertisers but benefits the paid-search host.  

√

Chan and Park 

(2015)

Users in the larger, low-involvement segment are less likely to click sponsored 

links but more likely to stop the search. In contrast, users in the smaller, high-

involvement segment are more likely to click multiple links and less likely to stop 

the search. 

√ √

Narayanan and 

Kalyanam (2015)

Advertising position positively affects Click-through rates, but has similar effect 

on sales order on the advertisements on the first page. The position effect 

further depends on seller size, prior experience, and brand equity.

√ √
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Agarwal and 

Mukhopadhyay 

(2016)

First, competing high-quality ads have a lower negative effect on the click 

performance as compared to competing low-quality ads. Second, the negative 

effect of competing high-quality ads decreases at low positions as compared to 

high positions. Furthermore, this decrease in the negative effect of competing 

high-quality ads is more substantial for specific keywords.

√ √

Im et al. (2016) First, search queries containing deal-seeking keywords are associated with 

higher click-through rates and conversion rates than are search queries without 

such keywords. Second, the positive effect of deal-seeking keywords on click-

through rates is more pronounced for experience goods than for search goods. 

√ √

Du, et al. (2017) First, relativetogenerickeywords, focal-brand keywords are associated with 

higher CTRs and higher CRs, while competing-brand keywords are associated 

with lower CTRs; Second, keyword match types are also important and that 

their effects differ for the three keyword categories.

√ √

Gong, Abhishek and 

Li (2018)

Higher keyword ambiguity is associated with higher CTR on top-positioned ads, 

but also a faster decay in CTR with screen position.

√ √

This study Consumers tend to click the advertising display with extremely high or low 

prices and purchase the product of the advertising display with middle prices. 

These effect further depends on keyword specificity and popularity.

√ √ √ √ √ √
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