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Strategic Content Generation and Monetization in Financial Social Media 

Online Appendix 

1 Literature Review 

We review the studies on content generation and monetization in Table A1 below to position our study in the relevant literature.  

Table A1 Literature Review and Our Paper’s Positioning 

Stream Paper Topic Data Analysis 
Level DV IV Monetization 

Method 

Financial 
Social Media 

Antweiler and Frank 
(2004), Bagnoli et al. 
(1999), Chen et al. (2014), 
Clarkson et al. (2006), 
Das and Chen (2007), 
Luo et al. (2013), 
Sabherwal et al. (2008) 

Informational 
value of social 
media content 

Financial 
social media 
(Twitter, 
Seeking 
Alpha, 
online 
discussion 
forum, etc.) 

Platform or 
stock 

Stock market 
reactions (trade 
volume, 
volatility, returns, 
etc.) 

Social media 
content (i.e., 
sentiment) 

- 

Kadous et al. (2019) 
Why investors 
rely on social 
media content 

Experiment Investor Willingness to 
invest 

Tone, content 
type (sentiment 
or advice), source 
credibility 

- 

Chen et al. (2019) 
Impact of 
monetary 
incentive 

Financial 
social media 
(Seeking 
Alpha) 

Content 
contributor 

Content quantity, 
stock 
recommendation 
accuracy 

Monetary 
incentive 

Platform’s ad 
revenue sharing 

Content 
Generation 

Becker et al. (2010), 
Hsieh et al. (2010), Liu et 
al. (2014), Liu and Feng 
(2015), Mason and Watts 
(2010), Stephen et al. 

Impact of 
monetary 
incentive 

Question & 
answer 
platforms; 
product 
review; 
online 

Content 
contributor 

Content 
decisions (e.g., 
quantity and 
quality); 
participation 

Introduction or 
presence of 
monetary 
incentive 

Platform paying 
contributors or 
ad revenue 
sharing 
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Stream Paper Topic Data Analysis 
Level DV IV Monetization 

Method 
(2012), Tang et al. (2012), 
Wang et al. (2012) 

community; 
social media 

Baek and Shore (2020), 
Qiu and Kumar (2017), 
Wei et al. (2020), 
Bhattacharya et al. (2019), 
Lu et al. (2017), Guo et al. 
(2020), Hwang et al. 
(2015), Cavusoglu et al. 
(2016), Heimbach and 
Hinz (2018), Zhao et al. 
(2016) 

Factors 
affecting 
content 
generation 

Online 
community; 
social media 

Content 
contributor 

Content 
decisions (e.g., 
quantity and 
quality); 
participation 

Social network 
factors; distance 
factors; content 
platform policies; 
cognitive factors 

- 

Goes et al. (2014), 
Nguyen et al. (2021), 
Shen et al. (2015) 

Strategic 
content 
generation 

Product 
review 

Content 
contributor 
(reviewer) 

Review 
characteristics 

Ranking system; 
experience; 
popularity;  

- 

Content 
Monetization 

Aral and Dhillon (2020), 
Lambrecht and Misra 
(2017) 

Design of paid 
content policy 

Sports 
media 
website 
(ESPN) 

Platform Revenue 

Price in high/ 
low demand; free 
article quantity 
and sections 

Platform’s paid 
content 
subscription 

Oh et al. (2016), 
Pattabhiramaiah et al. 
(2019), Pauwels and 
Weiss (2008) 

Impact of paid 
content policy 

Content 
websites 
(e.g., the 
New York 
Times) 

Platform 
/newspaper 
/News 
articles 

Word-of-mouth 
of articles on 
social media;  
readership; 
reader 
engagement; 
print newspaper 
sales 

Implementation 
of paywall; 
adoption of paid 
content policy 

Platform’s paid 
content 
subscription 
(e.g., paywall) 

 Our paper 

Strategic 
content 
generation and 
monetization 
in financial 
social media 

Financial 
social media 
(iMaibo) 

Content 
contributor 
(SMA) 

Content 
generation 
decision,  
monetization 
decision 

Time-varying 
investor 
preferences 

Contributors’ 
paid content 
subscription 
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2 Identification Strategy 

In our study, various sources of potential endogeneity bias can arise, such as SMAs’ content generation 

and monetization decisions are subject to their knowledge of investor preferences (which we evaluate in our 

research questions) and to unobserved influences (e.g., omitted variables, self-selection), beyond the focal and 

control factors accounted for in our proposed model. If this is indeed the case, the investor preference 

parameters (i.e., itα  , itβ
 ) and SMA response parameters (i.e., iκ 

, iγ 

, iλ 

) are likely biased. To control for 

potential endogeneity bias, we propose to follow the framework of non-random marketing-mix variables 

(Bronnenberg and Mahajan 2001, Manchanda et al. 2004), which leverages the full likelihood of the data and 

the power of Bayesian inference. To elaborate the framework, we look at the example below.  

 *it it itXy β +=  (1) 
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∏ ∏
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 (2) 

Equation (1) is a linear model, and equation (2) is the corresponding full likelihood of the data. ity  can 

represent performance metrics (e.g., drug sales, readership, and subscriptions). itX  can denote the strategic 

variable of interest (e.g., pharmaceutical firms’ detailing on physicians and the sentiment decision of SMAs’ 

financial social media content). The identification task is to obtain an accurate, unbiased estimate of β . This 

is often done by maximizing the conditional likelihood (or distribution) of ity  given itX ,  

 ,|it ity X β  (3) 

which is, 
,

( | ),it it
i t

P y X β∏  in equation (2). This conditional likelihood approach is valid only under the 

assumption that the marginal distribution of itX  (i.e., |itX θ ) is independent of the conditional distribution of 

ity  (i.e.,   | X| ,it it itX yθ β⊥ ). In this case, itX  does not provide information about β . Therefore, the full 

likelihood of the data can be factorized, as in equation (2). Consequently, the conditional likelihood of ity  is 
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enough for the estimation of β  without resorting to the full likelihood of the data. However, it is possible that 

itX  is endogenous, for example, such that it is chosen strategically by managers (or SMAs in our study). 

Statistically speaking, there exists a dependence 1 between the conditional distribution ,|it ity X β  and the 

marginal distribution of itX . This dependence is known as endogeneity. Thus, the likelihood function of the 

model can no longer be factorized in the manner as shown in equation (2). Estimating the model using the 

conditional likelihood method (i.e., equation (3)) may lead to a biased β .  

Instead of relying on the conditional likelihood of ity , the framework of non-random marketing-mix 

variables utilizes the full likelihood. Specifically, the dependence between the conditional distribution 

,|it ity X β  and the marginal distribution of itX  is explicitly modeled to establish the full model. The 

framework recommends making the marginal distribution of itX  depend on the response (or preference) 

parameter in the conditional model (i.e., β ). The full model can be summarized below, 

 ,|it ity X β  and ,|itX β τ  (4) 

Modeling how itX  depends on β  (via τ ) entails three benefits (Manchanda et al. 2004): 1) removal of 

possible endogeneity biases since the dependence is explicitly accounted for; 2) more precise estimate of β  by 

exploiting the information in both the conditional distribution ,|it ity X β  and the marginal distribution of 

,|itX β τ ; 3) detection of the existence of strategic behaviors through assessing the extent of how the 

information of β  affects the generation of itX  (via the significance and magnitude of τ ). However, 

traditional frequentist approaches have a hard time estimating the full model in equation (4). Bayesian inference, 

on the other hand, is ideally geared toward handling the above model structure. This method of inference is 

fully Bayesian and does not rely on the existence of valid instruments and asymptotic approximations 

(Manchanda et al. 2004). This framework has been adopted by many papers to handle the strategic behaviors 

                                                      

1 This dependence has other interpretations such as omitted variables (including self-selection, reverse causality and 
simultaneity) or violation of the independence between the regression residual error term and the independent variables. 
See a detailed discussion in Manchanda et al. (2004). 
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of firms and others, such as Li et al. (2011), Luo and Kumar (2013), Musalem et al. (2008), Nair et al. (2017), 

Schweidel and Knox (2013), Van Diepen et al. (2009). 

Given the structure of our model, it is important to provide some intuition for the identification of the 

parameters. Our simulation result in the online appendix’s Section 4 also shows that our proposed model can 

recover the parameters with a good degree of accuracy.  

The parameters in our model can be grouped into two categories: 1) the regression coefficients in the 

demand-side observation equations ( iρ
 ), demand-side state equations ( iδ

 , iSMA ), and supply-side equations 

( iκ 

, iγ 

, iλ 

, iη
 ), and the associated (co)variance for the error term of each equation; 2) the investor 

preferences ( itα  , itβ
 ). The identification of the regression coefficients and (co)variance for the error terms is 

identical to that in simple regressions, i.e., determined by the relative rate of change between dependent 

variables and independent variables and by the difference between dependent variables and the predicted values.  

The identification of investor preferences is a bit complicated. We note that the investor preferences have 

both subscripts i and t, that is, the number of one type of investor preference (e.g., subscribers’ preference for 

free content sentiment) is equal to the number of observations. Thus, without additional structure, the investor 

preferences cannot be identified. It is useful to understand the investor preferences first without the time 

dimension. Without the time dimension, the investor preferences are similar to normal regression coefficients. 

The difference is that two pieces of information are used jointly to pin down the investor preference: 1) the 

relation between Readerit ( *
itSubscriber ) with FreeSentimentit (FreeSentimentit, PaidSentimentit), and 2) the relation 

between FreeSentimentit (PaidSentimentit) and SMAs’ degree of catering to investor preferences, 1iγ  and 2iγ  ( 1iλ ). 

When estimating the investor preferences, we essentially “borrow” additional observations from the equations 

of FreeSentimentit and PaidSentimentit. With the time dimension, the investor preferences cannot be identified 

without extra structures. Infinite investor preference values can fit our model equally well (i.e., investor 

preferences can vary freely), since we have the same amount of unknown parameters and data. The state 

equations provide such a structure that specifies the evolution pattern of investor preferences or how adjacent 

investor preferences are connected. With this structure, when estimating the investor preference at time t, in 



6 

 

addition to the two pieces of information mentioned above, the investor preference at time t-1 offers another 

equation. Thus, the investor preferences can no longer vary freely, but by the pattern specified in the state 

equations, such that they can be validly identified.  

3 MCMC Procedure for the Proposed Model 

The proposed model is estimated using a hierarchical Bayesian framework. We estimate the model 

parameters by iteratively sampling from their full conditional distributions, which proceeds as follows, 

• Step 1, draw potential subscription, itSubscriber ∗  

[ ,  ]~ ( , )
itit SubscriberTruncatedNormSubsc lrib Ser a M∗

+∞ , if 0itMonetize =  

it itSubscriber Subscriber∗ = , if 1itMoneti e =z  

where  

0 * 1( 1)i it it it it i
f p s

itFreeSentiment PaidSentiment Monetize ControlM β β β ρ+ + = +=  

(1,1)S V=  

• Step 2, draw latent variable, *
itMonetize   

[ ,0 ]~ ( , )it TruncateMo z dNormal M Sneti e∗ −∞  if 0itMonetize =  

[ 0, ]~ ( , )it TruncatMonetiz edNormal M Se∗ ∞  if 1itMonetize =  

where 

0 1 2( ) ( )i i i
m

it i itE Reader E Subscriber ControlM κ κκ η+ + +=  

(1,1)S = Ω  

• Step 3, draw investor preferences, itα   and itβ
  

Let us first re-arrange the model in the following format: 

Observation equations  

it it it itY Fµ ω= +  



7 

 

State equations 

1 itit i it itGµ µµ ω−= + +  

where 

1

2

3

4

5

it

it

itit

it

it

y
y
yY
y
y

 
 
 
 =
 
 
  

 

01
r

t ii it iy Reader Controlρ α= − −  

0
*

2 it it i
s

iy Subscriber Control βρ= − −  

*
3 0it i

m
t i iy Monetize Controlκ η= − −  

04 i
f

it t iiy FreeSentiment Controlγ η= − −  

05 i
p

it t iiy PaidSentiment Controlηλ= − −  

( )~ 0,it MVNω Π , 
V 

Π =  Ω 
 

[ , ]it it itµ α β=   , 1 2

1 2

1

[ ]
[ , * 1( 1)]

[ , ]
[ , ]
[ ]

it

it

i iit

i i

it it

i

FreeSentiment
FreeSentiment PaidSentiment Monetize

F κ κ
γ γ
λ

 
 = 
 =
 
 
  

 

i
i

i

G
α

β

δ

δ

 
=  
  





, it i tSMAµ τ= +   

The draw of investor preferences is done using the Kalman filtering technique which consists of two steps: 

forward filtering and backward sampling. The derivation of the distributions is in Lindsten and Schön (2013). 

At the filtering step, the objective is to obtain the filtering density, 

~ ( , )it it itMVN m Cµ  

where 
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it it it itm a A e= +  , it it it it itC R A Q A ′= −  

it it ite Y f= − , 1
it it it itA R F Q −=  

1it ti iiR G C G W′
−= + , it it it itQ F R F′= + Π  

1 itit itia G m µ−= + , it it itf F a′=  

Note that we assume the initial states 0 00 ~ ( , )i MVN m Cµ  where 0 0m =  and 0 100C I= . 

At the sampling step, we draw itµ  recursively from the following distribution starting backward from iTµ  

to 1iµ : 

~ ( , )itit itMVN Mµ µ  

where 



1
1) ))( ( (it it it i i it i iiit it tm C G W G C G G mµ µ µ′ ′ −

+= + + − +  

1( )it it it i i it i i itM C C G W G C G G C′ ′ −= − +  

Note that the last state iTµ  is drawn directly from the filtering density ~ ( , )iT iT iTMVN m Cµ . 

• Step 4, draw SMA-specific regression coefficients , , , , , ][ , , i ii ii i i iSMAα βφ ρ δ κ ηδ γ λ=
 



  

 

  

1

2

7

it

it
it

it

y
y

Y

y

 
 
 =
 
 
 



 

1 0it it i it t
f

iy Reader FreeSentimentα α−= −  

*
2 0 * 1( 1)it it i it it it i

p
tt

f
iSubscriber FreeSentimenty PaidSentiment Monetizeβ β β− − == −  

3it it ty αα τ
•

= −  

4 it it ty ββ τ
•

= −  

2
*

5 1 ( ) ( )it it i iit ity dMon Re eetize Ea er SuE bscrib rκ κ= − −  

6 1 2
f

it it i i i
f
t itFrey eSentiment γ α γ β= − −  
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7 1t
p

it i i itPaidSentimy ent λ β= −  

1

1

,[ 1]
[ 1]

[1, ]
[1, ]

[1

,

, ]

it

ititX
o

Control
Control

Contr l
Control

Control

α
β

−

−

 
 
 
 
 
 
 
 
 
  

=



  

V
W

 
 Σ =  
 Ω 

 

i ib Zφ= , 0Σ = Γ  

Then, ~ ( , )i i ib MVN A B , where 

1
0[ ]i i it it iYA B X b′ −= + ΣΣ  

1 1
0[ ]i it itB X X′ − −+ ΣΣ=  

• Step 5, draw tτ
  

tτ
  are time-fixed effects. The draw of tτ

  follows a similar procedure to Step 4. Here, we take itα   and itβ
  

as the dependent variables, group the observations at the same time period t as separate regressions, and 

draw tτ
  as the coefficient of the intercept in each regression.  

• Step 6, draw population-level parameters φ  

0

0

I
X

I

 
 =  
  



  



 

0a = , 0 IΣ =  

Then, ~ ( , )n MVN A Bβ , where 

1
0[ ]i iA B X aφ′ −= + ΣΓ  
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1 1
0[ ]iB X X′ − −ΣΓ= +  

• Step 7, draw the error term variance for the demand-side observation equations, V  

1

2

it
it

it

y
Y

y
 

=  
 

 

1 0( )r
it it i it it

f
iReader FreeSentiment Coy ntrolα α ρ= − + +  

*
2 0( * 1( 1) )it it i it it i

f p s
itt it iSubscriber FreeSentimenty PaidSentiment Monetize Controlβ β β ρ== − + + +  

 0 100V = I , 0 5ν =  

Then, 0 0~ ( , )it it it
i t

V InvertedWishart Y Y V N ν′ + +∑∑ , where N is the total number of data observations.  

The draw of itW , tU  and iΓ  follow the same procedure, in which we just need to replace itY  with the 

errors of corresponding equations.  

• Step 8, draw the error term variance for the supply-side observation equations, Ω . 

Note that the itMonetize  equation is a binary probit model. For identification purpose, we need to set its 

variance (i.e., the first element of Ω ) to 1. Let us assume  

1 ρ
ρ π
 

Ω =  
 

 

*
1 20 1( ( ) ( ) )m

itit i itt ii iiy E Reader E SubscribeMonetiz te r Con rolκ ηκ κ= − + + +  

0 2
2

0

1

1

( )

( )
it i it i

f
it i

it
it

f f
i

p
i i

p
i ti

l
y

FreeSentiment Contro

PaidSentiment Control

γ α γ β

λ β

γ

ηλ

η
′

+ 
=  
 

+

+ + 

− +

−
 

Then 2
1 1~ ( , )InvertedWishart v sπ  where  

1 0v v N= + ,
2

2 0 0 2 1 2 1
1

0

( () )it it it itv s y y
s

v N
y yρ ρ′+ − −

=
+

, 

0 4v = , 2
0 1s I=  

1 1
1 1 1 2 1 1) )( ( )~ ( ( ),it it it it it ity A y yN y yA Ayρ β π′ − ′ ′ −+ + +  where  
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100A = , 0β =  

• Step 9, draw expected readership E(Readerit) and expected subscriptions E(Subscriberit) 

We follow the approximation method used in Albuquerque et al. (2012) (see Page 417) to obtain E(Readerit) 

and E(Subscriberit). Specifically, we use the estimated parameters and the explanatory variables (in equations (1) 

and (2)) to compute the deterministic part of E(Readerit) and E(Subscriberit). We then draw unobserved shocks 

from V and add the shocks to the deterministic part of E(Readerit) and E(Subscriberit). Finally, we average the 

obtained quantities to compute the expectations, that is, E(Readerit) and E(Subscriberit). 

4 Simulation Study and Result 

To ensure that our model is fully identified, we first create a simulated dataset that resembles the structure 

of the real data we have. To be specific, we simulate a dataset of 500 SMAs, each with 100 observations. For 

illustration purposes, we only include two control variables for each observation equation and only include the 

Monetize and FreeSentiment equations on the supply side. The true parameter values are stated in the following 

tables, along with the estimated parameter values. We run the model on the simulated dataset with 20,000 

MCMC iterations and use the last 5,000 iterations to compute the mean and standard deviation of the 

parameters. If our model is fully identified, the estimated parameter values should be close to the true parameter 

values that we use to create the simulated dataset. We find that the estimated parameter values are indeed quite 

close to the true values, showing that our model is validly identified well. 

Table A2 Population-level Estimates for Observation Equations 
Equation Variable True Value Estimated Value 

Reader 
Covariate1 -3 

-3.147*** 
(0.115) 

Covariate2 -3 
-3.068*** 

(0.108) 

Subscriber 
Covariate3 0 

-0.003 
(0.122) 

Covariate4 -3 
-3.079*** 

(0.130) 
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Table A3 Population-level Estimates for SMA-specific Effects (i.e., iSMA ) 
Parameter True Value Estimated Value 

f

SMAα  3 
3.155*** 
(0.168) 

f

SMAβ  -3 
-3.007*** 

(0.089) 
 

Table A4 Carryover Effects of Investor Preferences 

Parameter True Value Estimated 
Value 

f

i
αδ  0.5 0.473*** 

(0.015) 
f

i
βδ  0.4 0.385*** 

(0.009) 
 

Table A5 Supply-side Population-level Estimates 
Equation Variable True Value Estimated Value 

Monetize 
 E(Readerit)   1 

1.063*** 
(0.066) 

 E(Subscriberit) -2 
-2.072*** 

(0.071) 

FreeSentiment 

f
itα  1 

0.959*** 
(0.042) 

f
itβ  -1 

-1.008*** 
(0.044) 

 

Table A6 Supply-side Population-level Estimates (Control) 
Equation Variable True Value Estimated Value 

Monetize 
Covariate5 1 

0.968*** 
(0.075) 

Covariate6 -2 
-2.011*** 

(0.091) 

FreeSentiment 
Covariate7 2 

2.011*** 
(0.049) 

Covariate8 3 
3.047*** 
(0.078) 
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5 Additional Data Description 

Here, we present more information about our data context. The data for our empirical analysis comes 

from a China-based financial social media platform, iMaibo, which hosts around five million registered users. 

iMaibo employs a Twitter-like following structure, that is, upon a user (i.e., the follower) following another user 

(i.e., the followee), the followee’s content will automatically appear on the follower’s timeline in a reverse 

chronological order. Figure A1 presents a sample screenshot of an iMaibo user’s timeline. On iMaibo, we 

observe two types of users: SMAs and retail investors. SMAs are platform-verified advisors, with special badges 

signaling their status (the blue circle with white “V” next to “SMA a” in Figure A1). SMAs can publish both 

free and paid tweets (i.e., VIP tweets in Figure A1, the paid content in our study) to retail investors (i.e., their 

followers) to consume. Such content mainly involves investment advice (e.g., stock recommendations and asset 

allocations) for the Chinese stock market.  

Paid tweets employ the subscription model. There are three types of subscription contracts with prices set 

independently by the SMAs: daily, monthly, and quarterly. Based on the contract a retail investor chooses, she 

can view all the paid (as well as free) tweets authored by a SMA for the coming 1 day, 30 days (monthly), or 90 

days (quarterly). The only button for the subscription payment (i.e., “Subscribe to View VIP Content” in Figure 

A1) is embedded in paid tweets, and the button is deactivated the following day at 12 am midnight subsequent 

to a paid tweet’s publication. Therefore, an investor cannot make a subscription to a SMA if the SMA does not 

produce paid content on that day. Moreover, the renewal option (i.e., new subscription) is only available to the 

investor after his current contract expires. In Table A7, we present additional summary statistics for variables 

not mentioned in the main paper.  
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Figure A1 An iMaibo User’s Timeline 

 

Table A7 Additional Summary Statistics 
Variable Definition Mean S.D. Min Max 

TotalTweetCount 
Total number of tweets 
generated by SMA i on day 
t 

10.754 16.065 1 169 

Price Per-day price of SMA i’s 
subscription package 183.384 312.943 0 1000 

FreeAccuracy1D 
Next 1-day prediction 
accuracy of SMA i’s free 
content on day t 

0.125 0.284 0 1 

FreeAccuracy1M 
Next 1-month prediction 
accuracy of SMA i’s free 
content on day t 

0.096 0.257 0 1 

FreeDiversity 
Diversity of the stock 
coverage of SMA i’s free 
content on day t 

6.745 17.975 0 410 

FreeNovelty 

Novelty (number of stocks 
not mentioned by other 
SMAs) of the stock 
coverage of SMA i’s free 
content on day t 

0.433 3.798 0 185 

PaidTweetCount 
Number of paid tweets 
generated by SMA i on day 
t 

2.055 9.331 0 148 

PaidAccuracy1D 
Next 1-day prediction 
accuracy of SMA i’s paid 
content on day t 

1.001 5.056 0 227 

PaidAccuracy1M 
Next 1-month prediction 
accuracy of SMA i’s paid 
content on day t 

0.190 2.573 0 342 

 
PaidDiversity 

Diversity of the stock 
coverage of SMA i’s paid 
content on day t 

13.232 76.474 0 1231.435 

PaidNovelty Novelty (number of stocks 
not mentioned by other 0.039 0.172 0 1 
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SMAs) of the stock 
coverage of SMA i’s paid 
content on day t 

 

6 Demand-side Results 

6.1 Demand-side Model 

Table A8 Population-level Estimates for Observation Equations 
Variable Reader Subscriber 

CommentLag 
2.756*** 1.437*** 
(0.115) (0.077) 

LikeLag 
0.017 0.019 

(0.020) (0.021) 

FollowerLag 
0.013 0.020 

(0.017) (0.015) 

Tenure 
-0.111 0.068 
(0.426) (0.223) 

isTradeDay 
0.364*** -0.159*** 
(0.070) (0.057) 

TradeVolume 
-0.001 -0.001 
(0.012) (0.012) 

VIX 
-0.010 -0.002 
(0.013) (0.012) 

TotalTweetCount 
0.081*** 0.042** 
(0.015) (0.018) 

Price 
-0.005 -0.001 
(0.031) (0.030) 

FreeAccuracy1D 0.021 0.013 
(0.034) (0.038) 

FreeAccuracy1M 
0.019 0.041 

(0.037) (0.048) 

FreeDiversity 
0.011 0.020 

(0.017) (0.018) 

FreeNovelty 
-0.031 -5e-04 
(0.032) (0.033) 

PaidTweetCount 
-0.001 -0.223*** 
(0.059) (0.067) 

PaidAccuracy1D 
 -0.011 
 (0.088) 
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PaidAccuracy1M 
 0.045 
 (0.111) 

PaidDiversity 
 -0.023 
 (0.062) 

PaidNovelty 
 -0.021 
 (0.075) 

 

Table A9 Population-level Estimates for State Equations (i.e., Equations (4) and (5)) 
Investor 

Preference Variable Estimate 

f
itα  

f

SMAα  
-0.009 
(0.053) 

StocksReturnf 
0.508 

(0.535) 

f
itβ  

f

SMAβ  
-1.143*** 

(0.053) 

StocksReturnf 
1.128* 
(0.747) 

p
itβ  

p

SMAβ  
-0.069 
(0.088) 

StocksReturp 
0.891 

(0.567) 
 

6.2 Time-varying Nature of Investor Preferences for Content 

Our paper’s focus is to identify the strategic behaviors of SMAs in the sense that SMAs may cater their 

content generation and monetization decisions to investors’ changing preferences. An important premise here 

is that investors have time-varying preferences for financial content. To ascertain that this is the case, we present 

some demand-side results that can demonstrate the time-varying nature of investor preferences.  

Recall that we assume the investor preferences for content (α 

it  and β 

it ) are SMA- and time-specific. 

However, given that there are more than 500 SMAs, it is impossible to plot the evolution pattern of investor 

preferences for each SMA. We hereby plot the time-specific effects of each investor preference (i.e., τ t s) in 

Figure A2. From these plots, we can discern that investor preferences all change considerably over time.  
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In addition, we show the carryover effects in investor preferences ( i
αδ


 and i
βδ


 in equations (4) and (5)) 

in Table A10. If these carryover effects are not equal to one, the investor preferences at time t can be 

systematically different from their previous values. As we can see, at most 51.3% of investor preferences from 

the last period would carry over to the next period, suggesting that investor preferences across consecutive 

periods are rather different. Overall, the findings below confirm that investor preferences for SMAs’ content 

indeed vary greatly across time. 

Further, we find that the carryover effect of free readers’ preference for free sentiment (51.3%) is larger 

than that of paid subscribers’ preference for free sentiment (12.7%) in magnitude. These results suggest that 

free readers’ preferences are more persistent than paid subscribers’ in SMAs’ free content sentiment decision. 

In addition, the correlation between readers’ and subscribers’ preferences in free content sentiment is 0.289. 

Therefore, free readers’ and paid subscribers’ preferences are substantively different.  

 

 

Figure A2 Population-level Time-specific Trends of Investor Preferences (i.e., τ t s ) 
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Table A10 Carryover Effects of Investor Preferences 
Parameter Carryover Effects 

f

i
αδ  

0.513*** 
(0.020) 

f

i
βδ  

0.127*** 
(0.016) 

p

i
βδ  

0.320*** 
(0.043) 

1. Standard deviation in parenthesis. 
2. Estimates significant at 90%, 95%, 
99% are marked by *, **, *** 
respectively. 

7 SMA Heterogeneity 

The random coefficients framework we have employed permits us to further recover the individual SMA-

level parameters. We plot the individual-level parameter estimates in Figure A3. We find that strategic SMAs 

are considerable in numbers. If we differentiate various aspects of strategic behaviors in content generation and 

monetization for free readers and paid subscribers, we find that around 100% of SMAs rely on the strategic use 

of expected readership for content monetization and, similarly, 100% of SMAs do so with expected 

subscriptions for content monetization. About 25% (100%) of SMAs make strategic use of free readers’ (paid 

subscribers’) preferences for free content sentiment in the content generation decision and likewise, 77% of 

SMAs do so with paid subscribers’ preferences for paid content sentiment in the content generation decision. 
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Figure A3 Individual SMA’s Heterogenous Strategic Behaviors2 

8 SMAs’ Readership and Subscription Optimization Strategies 

In this section, we provide some analyses on SMAs’ readership and subscription optimization strategies.  

In each period, we simulate the readership and subscriptions under different content monetization and 

generation decisions based on the estimated model coefficients. We then identify the content monetization and 

generation decisions that will achieve the maximal readership in each period. We term these decisions as the 

readership-maximizing strategies. Similarly, we can obtain the subscription-maximizing strategies. After that, 

we compare the observed content monetization and generation decisions of SMAs to those based on the 

optimization strategies identified above.    

We find that for 97.57% of observations, SMAs’ content generation and monetization decisions are neither 

consistent with the readership-optimizing strategies nor the subscription-maximizing strategies. This result, 

combined with our main findings, suggests that for the majority of the time, SMAs’ content generation and 

                                                      

2 SMAs whose individual parameters are significant are regarded as “strategic SMAs”. The percentage of strategic SMAs 
are shown in parenthesis in Figure A3. We note that the values in the plots are scaled (significance levels are not affected) 
for the purpose of presentation. 
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monetization decisions are not performance-optimizing in nature, but are mainly strategic responses to the 

changes in the demand side (e.g., investor preferences).  

Among the 531 SMAs, we find that about 251 SMAs exercise the readership-maximizing strategy at least 

once, and 27 SMAs exercise the subscription-maximizing strategy at least once (out of which 22 exercise both 

the readership-maximizing and subscription-maximizing strategy at least once). We find that the median timing 

for exercising the readership-maximizing strategy is at the 40th percentile (the mean is at the 34th percentile) of 

a SMA’s tenure at the platform. Correspondingly, the median timing for exercising the subscription-maximizing 

strategy is at the 57th percentile (the mean is at the 55th percentile). The timing difference between the 

readership-maximizing and subscription-maximizing strategies shows that it is common that SMAs first 

maximize or build up the free readership, and then adopt monetization actions later on the acquired investor 

or readership base. 

9 Normality Assumption of Error Terms 

In our econometric model, we assume that the error terms ( ~ (0, )it MVN V , ~ (0, )it MVNπ Ω ) follow 

the normal distribution. We note that the normality assumption of error terms is widely used in Bayesian models 

for its tractability (e.g., enabling conjugacy and Gibbs sampling) and ease of statistical sampling and simulation 

in Markov Chain Monte Carlo-based methods (Rossi and Allenby 2003). Nevertheless, we here present some 

evidence that the error terms are indeed normally distributed, and thus verify that our assumption is reasonable.  

We draw the histogram plots of the residuals of each equation and show the histogram plots in Figure A4. 

We find that the model residuals are all approximately normally distributed and bell-shaped. Therefore, the 

assumption of the normal distribution is reasonable.  
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Figure A4 Histograms of Residuals 
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