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Diffusion of a new product



Econometrics Model +  Unstructured Data
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Bass Model 

𝑓(𝑡)

1−𝐹(𝑡)
= 𝑝 + 𝑞𝐹(𝑡)

The Bass Model or Bass Diffusion Model 
was developed by Frank Bass. It consists 
of a simple differential equation that 
describes the process of how new 
products get adopted in a population. 

m: Potential Marketing Size
p: Innovation Rate
q: Imitation Rate
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Bass Model

Generalized Norton-Bass Model

GNB＋Marketing Mix

GNB＋Marketing Mix＋Social Media

GNB＋Marketing Mix＋Social Media
＋Hierarchical Structure

Original Bass Model by Bass (1969)

Bass model for successive generations
(Jiang and Jian, 2012)

Multi-generation Bass model with Marketing mix variable 
like price

Improve forecasting precision by involving social media data

Forecasting the diffusion for the next generation by adding 
hierarchical structure



Literature Reviews
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Forecasting with Bass model
（One generation）

Time

Sales

t

Estimate m, p, q



Bass model for successive 
generations
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Time

Sales

1st generation

2nd generation

Limitation：
Need at least one data for forecasting diffusion for i-th generation. 
Reason：
Latent variables like m, q need to be estimated for each single 
generation.



One of the approaches of our 
proposal model
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Time

Sales

1st

2nd 3rd

4th

Constrains：
No data for 4th generation. (Before releasing)
Comments data from SNS for 4th generation.



Switch and Leapfrog

Switch Leapfrog

Influenced by:

Cumulative Sales Remain fraction rate

Sales (2th)         ＝ Independent part ＋ Influenced part
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Time

Sales

𝜏2

Independant

Switch

Leapfrog

independent  + Leapfrog  +          Switch

𝑚2𝑓2 𝑡 − 𝜏2 +𝑚1𝑓1 𝑡 𝐹2 𝑡 − 𝜏2 +𝑚1𝐹1(𝑡)

Sales of 2nd generation



Sales for 1st generation
Sales in period t:

Cumulative Sales in period t:

𝑈2(𝑡) stands for cumulative leapfrogger in period t. 14



Sales for 2nd generation
Sales in period t:

Cumulative Sales in period t:

𝑈2(𝑡) stands for cumulative leapfrogger in period t.
𝑊2(𝑡) stands for cumulative switcher in period t.

15
Leapfrog 𝑢2 = 𝑚1𝑓1(𝑡)𝐹2 𝑡 − 𝜏2
Switch     𝜔2 = 𝑚1𝐹1(𝑡)



Marketing Mix in Bass Model
It is well documented that marketing mix variables (e.g., price, 
advertising) can influence the diffusion of a single-generation 
product.

X(t) and x(t) means culmulative marketing effort and current 
marketing effort. based on the original study by Bass et al.(1994) :

𝑣𝐺 𝑡 : absolute price in time t.
𝑣𝐺
′ 𝑡 : the rate of change in price in period t.
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Bass Model with Marketing Mix
Cumulative Diffusion Rate:
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𝑋𝐺 𝑡 = 𝑡 + 𝛽 ∙
𝑉𝐺 𝑡

𝑉𝐺 0
+ 𝜶 ∙

𝑻𝒐𝒑𝒊𝒄𝐺 𝑡 − 1

𝑻𝒐𝒑𝒊𝒄𝐺 0
𝑉𝐺 0 : Price of G-th Generation in period 0
( In this research, we use ((max price + min price) / 2), cause there are multiple types 
of iPhone in one generation )

𝑻𝒐𝒑𝒊𝒄𝐺(0) : Topic Frequency Vector for G-th Generation in period 0

Marketing Mix:
Price

Topic Freq. from 
social media



18

for m and q:

𝑚𝐺 = 𝛿0 + 𝛿1𝑚𝐺−1 + 𝜹𝑻𝑻𝑮 + ε𝑚
𝑞𝐺 = 𝜔0 + 𝜔1𝑞𝐺−1 +𝝎𝑻𝑻𝑮 + ε𝑞

𝑻𝑮 : Topic Frequency Vector for Gth-Generation before it launch to the market.
(Example: Generation G launched to the market at time 𝜏, then 𝑻𝑮 stands for 
vector of topic frequency at time 𝜏 − 1)

Hierarchical Structure for Bass Model

Difference between 𝑻𝒐𝒑𝒊𝒄𝐺 and 𝑻𝑮：

 Topic Data in Marketing Mix only contains data after new generation 
launched to the market.  Topic Data in Prior Structure only contains 
data before new generation launched to the market. 

 Topic Data in Marketing Mix have data in each time point for each 
generations, Topic Data in Prior Structure only have one data point for 
one generation.
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Period 1 Period 2 Period 3 Period 4

Topics

Topics
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Release

Topic Data for 
Marketing Mix

Topic Data for 
Hierarchical  Structure

Forecasting sales of generation G:

Before Release: 𝑆|𝑃𝑟𝑖𝑜𝑟(𝑻𝑮)
After Release   :   𝑆|𝑃𝑟𝑖𝑜𝑟 𝑻𝑮 , 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑(𝑻𝒐𝒑𝒊𝒄𝑮)



Posterior Density

20

𝑚𝐺 , 𝑞𝐺 , 𝑝 ：Base parameter for Bass Model

𝛼𝐺 , 𝛃𝐆 ：Coefficients of Marketing Mix

𝚫𝒊 ：Coefficients of Hierarchical stucture

𝜎, 𝜎𝑖 : Covariance Matrixs
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Topic Model
One of the famous methods to extract latent topics from 
documents in nature language processing.



Labeled Dynamic Topic Model(LDTM)

23

Dynamic Topic Model (Blei and Lafferty, 2006)

Labeled Topic Model (Daniel R. et al., 2009)
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• iPhone 5 ~ iPhone 7 
（5 generations) 
(Training)

• iPhone 8/X (Hold-out)

Data(Sales) 
iPhone 

5

iPhone 
5S

iPhone 
6

iPhone 
6S

iPhone 
7

 Only cumulative sales 
data for all generations. 
(No individual sales for 
each generation)

 Need estimate all 
parameters and latent 
sales for each generation.

iPhone 
i

Release date of 
i-th generation2015Q4 2016Q42014Q42012Q4 2013Q4



Data(Marketing Mix) 

Source: Ebay’s history price BBS with Topic Model
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G1

G2

G3
G4

*Take mean prices as variable for 
each generation.

120,000 of comments
after preprocessing

Source:  gsmarena



Price
𝑽𝑮

Topics
𝑻𝒐𝒑𝒊𝒄𝑮

Heterogeneity for
𝜶 and 𝜷

Hierarchical Structure

Model 1 - - 〇 -

Model 2 〇 - 〇 -

Model 3 - 〇 〇 -

Model 4 〇 〇 〇 -

Model 5 〇 〇 〇
𝑚𝐺|𝑚G−1 q𝐺 | qG−1

α𝐺 | αG−1 βG | βG−1

Model 6 〇 〇 〇
𝑚𝐺 | 𝑚G−1, 𝑻𝐆 q𝐺 |qG−1, 𝑻𝐆

α𝐺 | αG−1, 𝑻𝐆 βG | βG−1, 𝑻𝐆

Model 7 - 〇 〇
𝑚𝐺|𝑚G−1 q𝐺 | qG−1

α𝐺 | αG−1 βG | βG−1

Model 8 - 〇 〇
𝑚𝐺 | 𝑚G−1, 𝑻𝐆 q𝐺 |qG−1, 𝑻𝐆

α𝐺 | αG−1, 𝑻𝐆 βG | βG−1, 𝑻𝐆

Model 9 - 〇 -
𝑚𝐺|𝑚G−1 q𝐺 | qG−1

− −

Model 10 - 〇 -
𝑚𝐺 | 𝑚G−1, 𝑻𝐆 q𝐺 |qG−1, 𝑻𝐆

− −

Zeroth-Order

Model

First-Order
Model
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Model 1 ~ 4   : Can not predict diffusion for next generation.
Model 5 ~ 10 : With Hierarchical structure for parameters, it becomes possible to forecasting 
diffusion of next generation.
*Purpose of assuming homogeneity for marketing mix variables:
We need more Hierarchical structure and restrictions if marketing mix is heterogeneity.
Forecasting for the future generation is an important approach in our research. Assuming 
homogeneity will make model more flexible and easier to deal with forecasting problem.



Zeroth-Order First-Order

Model 1 2 3 4 5 6 7 8 9 10

RMSE(Train) 3.251 3.215 2.883 3.059 4.217 3.766 3.649 3.038 3.587 2.897

RMSE(Test) - - - - 9.097 5.091 8.881 4.987 3.552 3.495

log(ml) -95.073 -90.570 -75.571 -75.901 -85.557 -74.481 -84.473 -75.993 -85.917 -75.911

DIC 258.417 250.471 207.178 208.879 269.518 211.571 271.433 205.547 241.581 196.110

Model Evaluation
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1. For Training Dataset, Model 3 has best performance in RMSE and log of 
marginal likelihood. 

2. Model 10 which assumes homogeneity in marketing mix variable 𝜶 and 
𝜷 has best performance in DIC and RMSE for Test Dataset.

3. Hierarchical structures with market size and Topic Information (Model 6, 
8 , 10) has better performance than only with market size information.

4. Price almost has no influence for iPhone product in all models. 



Top words for each generation

Topic 1 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 apple apple phone apple apple apple

2 time battery apple battery ios face

3 new ios android ios phone phone

4 iphone use ios phone android id

5 market apps use time charging charging

6 device problem time back back recognition

7 innovation phone apps charging battery fingerprint

8 nfc update problem new fast like

9 apples app device apps time screen

10 like like new jack wireless innovation

Topic 2 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 iphone iphone iphone iphone iphone iphone

2 5 5s 6s 7 8 s8

3 samsung android 6 plus plus samsung

4 better better better better 7 x

5 galaxy samsung samsung ram x 8

6 4s s4 camera camera better display

7 s3 phone android samsung 5 screen

8 ios 5 ram screen s8 better

9 screen camera plus 6s screen android

10 lumia good s6 s7 display battery

Topic 3 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 iPhone 5 iphone iphone iphone iphone iphone

2 apple phone phone phone phone phone

3 phone buy apple buy apple apple

4 iphone u dont apple dont x

5 dont dont buy dont buy dont

6 u 5s like like like buy

7 buy apple people u people like

8 like one best phones one want

9 people im one android im better

10 im want u want samsung one

性能

比較

交流

 2,  
𝑡

 1,  
𝑡

  ,  
𝑡

29

Property

Comparison
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Topic 1 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 apple apple phone apple apple apple

2 time battery apple battery ios face

3 new ios android ios phone phone

4 iphone use ios phone android id

5 market apps use time charging charging

6 device problem time back back recognition

7 innovation phone apps charging battery fingerprint

8 nfc update problem new fast like

9 apples app device apps time screen

10 like like new jack wireless innovation

Topic 2 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 iphone iphone iphone iphone iphone iphone

2 5 5s 6s 7 8 s8

3 samsung android 6 plus plus samsung

4 better better better better 7 x

5 galaxy samsung samsung ram x 8

6 4s s4 camera camera better display

7 s3 phone android samsung 5 screen

8 ios 5 ram screen s8 better

9 screen camera plus 6s screen android

10 lumia good s6 s7 display battery

Topic 3 iPhone 5 iPhone 5s iPhone 6 iPhone 6s iPhone 7 iPhone X/8

1 iPhone 5 iphone iphone iphone iphone iphone

2 apple phone phone phone phone phone

3 phone buy apple buy apple apple

4 iphone u dont apple dont x

5 dont dont buy dont buy dont

6 u 5s like like like buy

7 buy apple people u people like

8 like one best phones one want

9 people im one android im better

10 im want u want samsung one

性能

比較

交流

 2,  
𝑡

 1,  
𝑡

  ,  
𝑡 Discussion

Topic 1: Words like nfc(iPhone5), apps(all), face recognition and 
fingerprint(iPhone X) imply Topic 1 may related to property of product.
Topic 2: competitors and their products’ name appears all the time(s3, 
Samsung, android) with word better means it is a topic of comparison
Topic 3: Words don’t, u(you), buy and im(I am) indicates this is a topic of 
discussion.

Besides forecasting, Dynamic Topic Model can detect the change of users 
demand and  change of competitors by time.



Parameter Estimates(Model 10)
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m p q beta alpha1 alpha2 alpha3

18.391 0.900

(1.035) (0.186)

9.916 0.285

(0.739) (0.112)

10.182 1.002
(0.746) (0.103)
10.839 1.061
(0.473) (0.137)
10.106 1.108
(1.275) (0.204)

G5

0.098
(0.012)

-0.018
(0.001)

0.011
(0.001)

0.0476
(0.000)

-

G1

G2

G3

G4

Increasing number of Topic 1(Property) may have negative 
correlation to sales,  other two topics(Comparison and 
discussion) have positive correlation to sales.



Estimate for Hierarchical Structure

32

According to the Hierarchical Structure:

 The base of m increases and q decreases slowly during generations. 
 Amount of Topic 1(Property) has positive influence both to m and q. It means the 

more people care about the property of new generation, the bigger marketing size 
and imitation rate will be.

 Result of Topic 2(Comparison) means comparison among iPhone and its competitors 
have negative influence to m, but have positive influence to p. On the other hand, 
Topic 3(Discussion) have opposite influence.

 The coefficients of 𝑚𝑖−1 and 𝑞𝑖−1 is very close to 1, which means both marketing size 
and imitation rate from last generation will be carry on to the next generation.

intercept

0.037 0.031 -0.025 0.022 0.976

(0.002) (0.002) (0.001) (0.001) (0.001)

-0.014 0.036 0.011 -0.049 1.010

(0.000) (0.001) (0.002) (0.001) (0.001)

𝛿𝑚

𝛿𝑞

 1  2   𝑚(𝑞)𝑖−1

𝑚𝐺= 𝛿𝑚0 + 𝛿𝑚1𝑚𝐺−1 + 𝛿𝑚𝑇′ 𝐺 + 𝜀𝑚
𝑞𝐺 = 𝛿𝑞0 + 𝛿𝑞1𝑞𝐺−1 + 𝛿𝑞𝑇′ 𝐺 + 𝜀𝑞



Model Fit (Training)

332012Q4 2013Q4 2014Q4 2015Q4 2016Q4 2017Q4

Sale

Time

It is not able to evaluate 
the result of the 
prediction for the latent 
sales data for each 
generations.



Forecasting for iPhone 8/X

34

*Only use data before launched to the market.

ෟ𝑚𝑖+1 = 10.08
ෞ𝑞𝑖+1 = 0.620
Ƹ𝑝 = 0.098

Predict m, q for latest generation(iPhone 8 and iPhone X)

Once parameters are estimated, we can predict 𝑚𝑖+1 and 𝑞𝑖+1, with constant p, we can 
forecast diffusion for next generation by using hierarchical structure.
(if we assume heterogeneity for 𝜶 and 𝜷, we also need to make prior structure to 
estimate 𝜶𝑖+1 and 𝜷𝑖+1)( Model 5 ~ Model 8 have this structure)
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2016/11
iPhone 6s Program for Unexpected Shutdown Issues
2017/12
Apple confirmed iPhones with older batteries will take hits in 
performance

Social media effect for 
“Battery problem of iPhone”



Leapfrog Comparison
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We assume S𝑖(𝑡) stands for marketing share of iPhone in time period t, U(t) stands 

for total unit sale of smartphone (including iPhone and Android), then 

  ( ) ( ) ( ) ( 1)          2i iD t U t S t S t t       (5.1) 

In this equation, 𝐷(𝑡) means the difference of unit sales of iPhone corresponding to 

total smartphone market. If we define u(t) as total amount of leapfrog from iPhone to 

another iPhone product in time period t, then 

 𝑙(𝑡) = 𝐷(𝑡) −  𝒖(𝒕)  

 (5.2) 

In this equation, if we ignore the leapfrog effect from iPhone in 𝐷(𝑡), the remain part 

𝑙(𝑡) can be seen as leapfrog effect from Android. 

Finally, we can compare the two leapfrog effects coming from iPhone and Android 

by 

 𝑟𝑎𝑡𝑒(𝑡) =  
𝒖(𝒕)

𝑙(𝑡)
   

 (5.3) 



Effect of Social Media
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𝑋𝐺 𝑡 = 𝑡 + 𝛽 ∙
𝑉𝐺 𝑡

𝑉𝐺 0
+ 𝜶 ∙

𝑻𝒐𝒑𝒊𝒄𝐺 𝑡 − 1

𝑻𝒐𝒑𝒊𝒄𝐺 0

𝜶＝𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆 （𝑾𝒊𝒕𝒉 𝒔𝒐𝒄𝒊𝒂𝒍 𝑴𝒆𝒅𝒊𝒂 𝑬𝒇𝒇𝒆𝒄𝒕)

𝜶＝0 （𝑾𝒊𝒕𝒉𝒐𝒖𝒕 𝑺𝒐𝒄𝒊𝒂𝒍 𝑴𝒆𝒅𝒊𝒂 𝑬𝒇𝒇𝒆𝒄𝒕）



Leapfrog
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Comparing with models without SNS information,  those models 
with SNS information apparently have larger number of leapfroggers. 
It implicates consumers are influenced by social media in their 
decision whether they’ll skip current generation or not .
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Market ＊ Share change of iPhone ー Leapfrog to iPhone

Leapfrog to iPhone

Leapfrog to Android

Leapfrog to iPhone



Social media effect to 
iPhone product

41

＞０
Social media has positive 
effect to sales of iPhone

＜０
Social media has negative 
effect to sales of iPhone
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Conclusion

• １．We have showed that we can improve the precision of 
forecasting by involving the unstructured data from BBS.

• ２．Our proposed model LDTM can capture the change of 
the consumers dynamically.

• ３．Bass Model with Hierarchical structure for successive 
generations improve both interpretability and capacity of 
forecasting.

43



Future work

1. Better Interpretation for topic model.

2. Better interpretation for the relationship between the 
leapfrog effect and the social media effect.

3. Computational problem.

44


