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Appendix.
A. Labeled Dynamic Topic model
[bookmark: _Hlk53498578]The DTM is base model for LDTM as detailed in Blei and Lafferty (2006). Assuming we define a set of seed words , means word “camera” is fixed to the 1st topic, while “like” is fixed to the 2nd topic.  denotes the corresponding topic of the related word. Based on DTM, The algorithm of LDTM can be written as
For t = 1,2, …, T
1. Draw Topics

	2.  Draw at

	For each document:
		3. Topic proportion
		
		
		For each word:
       if word in seed_words:
				 =  
			else:
				4. Topic-word assignment
				
				
Here  is a softmax function that can fix the sum of  to 1.


B. MCMC method for the Bass model
B.1 Prior Settings for the Bass model
	Parameter
	Setting

	
	

	
	

	
	

	
	

	
	

	
	

	
	

	
	a

	
~
	

	
	


*  is the vector of ,  is the vector of .
B.2 Posterior Density for Model Parameters
The joint posterior density of our model parameters is represented by



where  is the coefficient of the vector of each equation in Eq. (4).
The second line of Eq. (B.1) captures the product of conditional posterior density for parameters in the diffusion model in Eqs. (1) and (2). The third and fourth lines are joint posterior density of parameters in the marketing mix in Eq. (3). The fifth to eighth lines define joint posterior density for parameters in the hierarchical structure connecting the (G-1) generation to the G generation in Eq. (4).
We employ MCMC to estimate parameters because the procedure for hierarchical models is well-established and some of necessary conditional posterior densities are available in closed form. The sampling scheme of MCMC for estimating the model is a hybrid of Metropolis-Hastings and Gibbs sampling for other parameters in hierarchical models.

B.3 Conditional Posterior Distributions
(1) 
For iter (=1, …, R) of MCMC iterations, we use Metropolis-Hastings with a random walk algorithm for each generation G,

where the acceptance probability is 

where t = 1, …, N and G = 1, 2, …, 5.
(2) 

For and , we also use Metropolis-Hastings sampling, which is the same as  above.
.                            (B.4)
The probability of acceptance is 

 (3)  
       			 (B.6)
The acceptation probability is 

 (4) 

The acceptation probability is 

 (5) 
If we define estimated sales in period t for the generation G as

we can update  by

M stands for number of generations in this equation.

Marketing Mix.
(6) 


(7) 
For each topic j the posterior of coefficient  can be derived from a normal regression equation from



(8) 


Hierarchical Structure.
 (9) [image: ]
Assuming D as data matrix for hierarchical structure for m, and  as coefficient vector, we can derive the posterior of coefficient  by


(10) [image: ]

where Z means the number of coefficients in the hierarchical structure. As the sampling methods are the same among all the hierarchical structures, we can sample for other parameters () as well.
Forecasting
(10) 
      For , where ITER means the max iteration, after sampling all the parameters using MCMC, the forecasting unit sales for the G-th generation  can be written as
[image: ]
(B.16)
where 

.			(B.17)
Note that 
 	
then total sales [image: ] can be calculated by

	 . 	(B.19)
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