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[bookmark: _Toc154196878]Modify R Markdown document
[bookmark: include-a-python-chunks]include a Python chunks
SIMULATION in Python! WE ARE CONDUCTING A SIMULATION TO INVESTIGATE THE FACTORS THAT HELP ACHIEVE SPEEDUP WITH CONSTRAINED CAPACITY - A MARKETING PARADOX
[bookmark: _Toc154196879][bookmark: import-python-libraries]Import Python Libraries
Pandas imported successfully!
Libraries imported successfully!
All libraries imported successfully!
[bookmark: _Toc154196880][bookmark: start-simulation-python]START SIMULATION: PYTHON
Run Simulation BASS & CWBM models
[bookmark: _Toc154196881][bookmark: competiton-entry-augmentation]COMPETITON ENTRY AUGMENTATION
STUDY 2 NEW: GENERATE DATA
Competitor ENtry TIMING TL, CAPACITY CE, qW EFFECTS
We Update qW to = (qW - 0.2*qW ) at time TL. I.e., qW =0.8*qW
[bookmark: X0566c415d3a68ca3d2e47598f069a3788148548]

[bookmark: _Toc154196882]Methodology: {#SIMULATION DESIGN OF EXPERIMENTS}
Our study utilized a Python-based simulation to investigate the dynamics of competitive entry in a new product category. The simulation was structured using a Design of Experiments (DoE) approach, focusing on three key parameters: the social influence of waiting customers (‘qw’), competitor entry capacity (‘CE’), and the timing of competitor entry (‘TL’). The baseline settings included an adopter influence (‘qA’) of 0.35 and an initial market appeal (‘p’) of 0.03, with an initial capacity (‘CL’) limited to 1,000 units.
Parameter Variation:
· Social Influence of Waiting Customers (‘qw’): Varied across 14 levels, ranging from 0.05 to 0.9. This parameter reflects the word-of-mouth impact from customers awaiting product availability.
· Competitor Entry Capacity (‘CE’): Tested at 7 different levels, from 2,000 to 12,000, to study the effect of additional market capacity introduced by competitors.
· Time of Competitor Entry (‘TL’): Assessed at 11 points, from the 2nd to the 12th time step, to understand the impact of competitor entry timing.
This resulted in 1078 different scenarios.
Simulation Process:
· The simulation iterated over combinations of ‘qw’, ‘CE’, and ‘TL’ values, adjusting ‘qw’ at each designated competitor entry time (‘TL’) to simulate market reactions.
· Key metrics were calculated, including the time to achieve specific market adoption thresholds and the rate of market penetration, in comparison to a standard Bass diffusion model.
Results Compilation:
· The simulation generated a detailed dataset that captured various market penetration scenarios under different combinations of ‘qw’, ‘CE’, and ‘TL’.
· The primary focus was on the time required for the product to progress from 10% to 90% market penetration in both the modified and standard Bass models, as well as the market penetration speed ratio.
Conclusion:
[bookmark: design-of-experiments]This extensive simulation study sheds light on the interplay between capacity constraints and the social influence of waiting customers in shaping market dynamics in new product categories. The introduction of competitors, along with their added capacity, creates market interactions that significantly influence the adoption rate and market penetration pattern. The results offer valuable insights into strategic decision-making for firms in new product categories, particularly regarding timing and capacity planning in response to competitive pressures. 

[bookmark: _Toc154196883]DESIGN OF EXPERIMENTS
SIMULATION CODE
[bookmark: _Toc154196884][bookmark: eda-anova-new-study-2]EXPLORATORY DATA ANALYSIS & ANOVA: NEW STUDY 
[bookmark: _Toc154196885][bookmark: qw-timing-capacity]QW, TIMING, & CAPACITY
Analysis:
The simulation examined the interplay of the model parameters to investigate the entry of competitors in a new product category, namely, the ratio of social influence of waiting customers to adopters (‘qWqAratio’), the normalized competitor entry capacity (‘CEM’ = CE/m), and the time of entry by competitors (‘TL’). The analyses focused on several key metrics, including the speed of market penetration, the time to significant market adoption milestones, and the point at which the modified model’s market penetration surpasses that of the standard Bass model.
1. Logistic Regression Analysis:
· A logistic regression model (modelSPEEDYN_LOGIT) was used to predict the likelihood of market speedup (‘YES’ or ‘NO’) . The OLS provided insights into how these factors influence the probability of a faster market penetration compared to the standard Bass model.
1. Ordinary Least Squares (OLS) Regression Analyses:
· OLS regression models were constructed to understand different aspects of market dynamics:
· modelSPEEDRATIO: Explored the factors affecting the speed ratio of market penetration.
· modelCWB_Cross: Analyzed the time at which the modified model’s market penetration surpasses the Bass model.
· modelCWB_time_to_90_from_10: Investigated the time taken for the product to move from 10% to 90% market penetration.
· modelT90_CWB: Focused on the time to reach 90% market penetration.
· These models included interaction terms to capture the combined effects of social influence, capacity expansion, and competitor entry timing on market dynamics.
1. Interpretation of Results:
· The summary and report functions provided detailed statistical insights, including coefficients, significance levels, and model fit statistics.
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[bookmark: _Toc154196887]Correlation Matrix of Key Variables in CWBM Analysis
           qW_initial     CE     TL T90_CWB SPEEDRATIO
qW_initial      1.000  0.000  0.000  -0.113      0.214
CE              0.000  1.000  0.000  -0.672      0.680
TL              0.000  0.000  1.000   0.347     -0.250
T90_CWB        -0.113 -0.672  0.347   1.000     -0.937
SPEEDRATIO      0.214  0.680 -0.250  -0.937      1.000
[bookmark: _Toc154196888][bookmark: anova-main-study]ANOVAS OF MAIN STUDY

1. LOGISTIC REGRESSION – SPEEDUP (YES/NO)
Call:
glm(formula = SPEEDYN_Logit ~ qW_initial + CEM + TL, family = binomial, 
    data = dfCOMPQW_doe_no_tie)

Coefficients:
            Estimate Std. Error z value Pr(>|z|)    
(Intercept) -2.20973    0.41443  -5.332 9.71e-08 ***
qW_initial   2.27013    0.53935   4.209 2.56e-05 ***
CEM         48.98441    3.88410  12.612  < 2e-16 ***
TL          -0.77684    0.07222 -10.756  < 2e-16 ***
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 1200.30  on 865  degrees of freedom
Residual deviance:  365.98  on 862  degrees of freedom
AIC: 373.98

Number of Fisher Scoring iterations: 7




Call:
lm(formula = SPEEDRATIO ~ qW_initial + CEM + TL + CEM:TL, data = dfCOMPQW_doe_no_tie)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.37480 -0.10986 -0.00725  0.08507  0.71615 

Coefficients:
             Estimate Std. Error t value Pr(>|t|)    
(Intercept)  0.801944   0.028189  28.448  < 2e-16 ***
qW_initial   0.189243   0.020974   9.023  < 2e-16 ***
CEM          1.537289   0.162587   9.455  < 2e-16 ***
TL          -0.035479   0.003433 -10.334  < 2e-16 ***
CEM:TL       0.100362   0.021406   4.689  3.2e-06 ***
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Residual standard error: 0.1565 on 861 degrees of freedom
Multiple R-squared:  0.6645, Adjusted R-squared:  0.663 
F-statistic: 426.4 on 4 and 861 DF,  p-value: < 2.2e-16




Call:
lm(formula = SPEEDRATIO ~ qW_initial + CEM + TL + CEM:TL + qW_initial:TL + 
    qW_initial:CEM + qW_initial:CEM:TL, data = dfCOMPQW_doe_no_tie)

Residuals:
     Min       1Q   Median       3Q      Max 
-0.51831 -0.10788 -0.00275  0.08086  0.63371 

Coefficients:
                  Estimate Std. Error t value Pr(>|t|)    
(Intercept)        0.76228    0.05040  15.123  < 2e-16 ***
qW_initial         0.28532    0.09841   2.899  0.00384 ** 
CEM                2.01828    0.31653   6.376 2.96e-10 ***
TL                -0.01460    0.00639  -2.285  0.02256 *  
CEM:TL            -0.07362    0.04081  -1.804  0.07161 .  
qW_initial:TL     -0.04956    0.01264  -3.920 9.57e-05 ***
qW_initial:CEM    -1.11058    0.58670  -1.893  0.05870 .  
qW_initial:CEM:TL  0.40367    0.07711   5.235 2.08e-07 ***
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Residual standard error: 0.1497 on 858 degrees of freedom
Multiple R-squared:  0.6942, Adjusted R-squared:  0.6917 
F-statistic: 278.3 on 7 and 858 DF,  p-value: < 2.2e-16




Call:
lm(formula = CWB_Crosses_Bass_At ~ qW_initial + CEM + TL + CEM:TL, 
    data = dfCOMPQW_doe_no_tie)

Residuals:
    Min      1Q  Median      3Q     Max 
-6.4943 -1.9878 -0.1767  1.8727 11.1042 

Coefficients:
            Estimate Std. Error t value Pr(>|t|)    
(Intercept)   6.3516     1.0651   5.963 4.99e-09 ***
qW_initial    0.5402     0.9719   0.556  0.57862    
CEM         -32.6530     4.7808  -6.830 2.75e-11 ***
TL            1.7279     0.1076  16.060  < 2e-16 ***
CEM:TL       -1.6670     0.6348  -2.626  0.00893 ** 
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Residual standard error: 3.489 on 452 degrees of freedom
  (409 observations deleted due to missingness)
Multiple R-squared:  0.7594, Adjusted R-squared:  0.7573 
F-statistic: 356.7 on 4 and 452 DF,  p-value: < 2.2e-16




Call:
lm(formula = CWB_time_to_90_from_10 ~ qW_initial + CEM + TL + 
    CEM:TL + qW_initial:TL + qW_initial:CEM + qW_initial:CEM:TL, 
    data = dfCOMPQW_doe_no_tie)

Residuals:
    Min      1Q  Median      3Q     Max 
-3.9704 -1.5372 -0.3653  1.5609  5.2092 

Coefficients:
                   Estimate Std. Error t value Pr(>|t|)    
(Intercept)        13.02966    0.71289  18.277  < 2e-16 ***
qW_initial         -3.41584    1.39184  -2.454 0.014318 *  
CEM               -23.05938    4.47673  -5.151 3.22e-07 ***
TL                  0.36978    0.09038   4.091 4.69e-05 ***
CEM:TL             -0.33700    0.57722  -0.584 0.559485    
qW_initial:TL       0.47302    0.17880   2.645 0.008307 ** 
qW_initial:CEM     16.84069    8.29780   2.030 0.042712 *  
qW_initial:CEM:TL  -3.63042    1.09060  -3.329 0.000909 ***
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Residual standard error: 2.117 on 858 degrees of freedom
Multiple R-squared:  0.6447, Adjusted R-squared:  0.6418 
F-statistic: 222.4 on 7 and 858 DF,  p-value: < 2.2e-16




Call:
lm(formula = T90_CWB ~ qW_initial + CEM + TL + CEM:TL + qW_initial:TL + 
    qW_initial:CEM + qW_initial:CEM:TL, data = dfCOMPQW_doe_no_tie)

Residuals:
    Min      1Q  Median      3Q     Max 
-3.8345 -1.5780 -0.3743  1.5541  4.8390 

Coefficients:
                   Estimate Std. Error t value Pr(>|t|)    
(Intercept)        16.16001    0.69756  23.166  < 2e-16 ***
qW_initial         -3.28845    1.36192  -2.415  0.01596 *  
CEM               -18.63247    4.38048  -4.254 2.34e-05 ***
TL                  0.46356    0.08844   5.242 2.01e-07 ***
CEM:TL             -0.82064    0.56481  -1.453  0.14660    
qW_initial:TL       0.45525    0.17496   2.602  0.00943 ** 
qW_initial:CEM     10.94467    8.11940   1.348  0.17803    
qW_initial:CEM:TL  -2.94261    1.06716  -2.757  0.00595 ** 
---
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Residual standard error: 2.071 on 858 degrees of freedom
Multiple R-squared:  0.6624, Adjusted R-squared:  0.6596 
F-statistic: 240.4 on 7 and 858 DF,  p-value: < 2.2e-16


[bookmark: _Toc154196889]LOGISTIC REGRESSION: SPEED YES/NO:
We utilized a logistic model, estimated using Maximum Likelihood, to predict SPEEDYN_Logit, focusing on the variables qW_initial, CEM, and TL. The model demonstrated substantial explanatory power (Tjur’s R2 at 0.74). The initial social influence of waiting customers (qW_initial) showed a significant positive effect on market speedup, with an estimated coefficient of 2.27 (p < 0.001), suggesting that higher initial enthusiasm among waiting customers substantially increases the likelihood of rapid market penetration. The normalized competitor entry capacity (CEM) also demonstrated a strong positive impact, with a coefficient of 48.98 (p < 0.001), indicating that the relative capacity increase brought by competitors is a crucial driver for accelerating market adoption. Conversely, the timing of competitor entry (TL) exhibited a negative relationship with market speedup, with a coefficient of -0.78 (p < 0.001). These findings underscore the significant roles of initial customer excitement, competitor capacity, and entry timing in shaping market dynamics in new product categories.
[bookmark: _Toc154196890][bookmark: SPEEDRATIO]DV: SPEEDRATIO
In our study, we assessed the impact of various factors on the speed ratio of market penetration (DV: SPEEDRATIO). The metric 'Speed Ratio', defined as the ratio of the time taken by the standard Bass model to achieve market penetration from 10% to 90% (bass_time_to_90_from_10) relative to the time taken by the Constrained Waiting Bass Model (CWB) for the same market penetration levels (cwbm_time_to_90_from_10). Yhis ratio offers a comparative analysis of the diffusion speed between the two models, where higher values suggest a more rapid diffusion process under our CWBM-2-stage mode 
Our linear model, predicting SPEEDRATIO with initial social influence (qW_initial), normalized competitor entry capacity (CEM), and time of competitor entry (TL), along with their interactions, yielded significant insights:
· Initial social influence (qW_initial) demonstrated a positive and significant effect (β = 0.285, p = 0.00384). This indicates that higher initial social influence of waiting customers contributes to a faster market penetration relative to the standard Bass model.
· Competitor entry capacity (CEM) also showed a positive and significant impact (β = 2.018, p < 0.001), suggesting that greater capacity introduced by competitors accelerates market penetration.
· The time of competitor entry (TL) presented a negative and significant association (β = -0.0146, p = 0.02256), indicating that later competitor entry correlates with a slower market penetration compared to the standard Bass model.
· The interaction of CEM and TL (CEM:TL) was non-significant (β = -0.07362, p = 0.07161), suggesting the independent rather than combined effects of these variables on market penetration speed.
· The interaction between qW_initial and TL (qW_initial:TL) was negative and significant (β = -0.04956, p < 0.001), implying that the effect of initial social influence diminishes with later competitor entry.
· The interaction between qW_initial and CEM (qW_initial:CEM) was non-significant (β = -1.11058, p = 0.05870), suggesting no substantial combined effect of these factors on speeding up the market penetration.
· Notably, the three-way interaction (qW_initial:CEM:TL) was positive and significant (β = 0.40367, p < 0.001), indicating that the combined effect of initial social influence, competitor capacity, and entry timing uniquely contributes to market dynamics.
These results highlight the nuanced roles of initial social influence, competitor capacity, and entry timing in shaping the speed of market penetration. Especially, the three-way interaction underscores the intricate dynamics these factors play in influencing market adoption rates.
[bookmark: _Toc154196891][bookmark: CWB_Crosses_Bass_At]DV: CWB_Crosses_Bass_At
In examining the time at which our Constrained Waiting Bass Model (CWB) surpasses the standard Bass model in market penetration (DV: CWB_Crosses_Bass_At), our linear model demonstrated significant explanatory power (Adjusted R² = 0.7573, F(4, 452) = 356.7, p < .001).
· The initial social influence of waiting customers (qW_initial) did not significantly impact the time CWB surpasses the Bass model (β = 0.54, p = 0.579).
· The normalized competitor entry capacity (CEM) showed a substantial negative effect (β = -32.65, p < .001). This suggests that as competitors introduce more capacity into the market, the CWB model surpasses the Bass model more rapidly.
· The time of competitor entry (TL) significantly positively influenced this metric (β = 1.73, p < .001), indicating that later competitor entry delays the point at which CWB overtakes the Bass model in market penetration.
· The interaction of competitor capacity and entry timing (CEM:TL) was significant (β = -1.67, p = 0.009). This indicates that while later entry and higher capacity individually influence market dynamics, their combined effect accelerates the CWB model in overtaking the Bass model, but the magnitude of this acceleration diminishes with later entry times.
These findings suggest that both the amount of capacity competitors add and the timing of their market entry are critical in determining how quickly a new diffusion model can surpass traditional market models.



[bookmark: _Toc154196892][bookmark: CWB_time_to_90_from_10]DV: CWB_time_to_90_from_10
Our analysis on the time taken to transition from 10% to 90% market penetration in the Constrained Waiting Bass Model (CWB) (DV: CWB_time_to_90_from_10) reveals significant findings:
· Initial social influence of waiting customers (qW_initial) negatively impacts this transition time (β = -3.42, p = 0.014), suggesting that higher initial social influence can accelerate market penetration.
· Normalized competitor entry capacity (CEM) shows a strong negative effect (β = -23.06, p < .001). This indicates that greater capacity introduced by competitors significantly shortens the time taken to achieve widespread market adoption.
· Time of competitor entry (TL) is positively associated (β = 0.37, p < .001), indicating that earlier competitor entry contributes to a quicker transition from 10% to 90% market penetration.
· The interaction between initial capacity and time of competitor entry (CEM:TL) is not statistically significant (β = -0.34, p = 0.559), suggesting that these factors independently, rather than interactively, influence the market penetration speed.
· The interaction between initial social influence and time of competitor entry (qW_initial:TL) is significant and positive (β = 0.47, p = 0.008). This implies that earlier entry times amplify the impact of initial social influence on speeding up market penetration.
· The interaction between initial social influence and competitor capacity (qW_initial:CEM) also shows a positive, significant effect (β = 16.84, p = 0.043), indicating that higher competitor capacity coupled with strong initial social influence can accelerate market penetration.
· Interestingly, the three-way interaction (qW_initial:CEM:TL) is negative and significant (β = -3.63, p < .001), suggesting a diminishing effect of combined initial social influence and competitor capacity when competitors enter the market later.
Overall, these results again underscore the critical roles of initial social influence, competitor capacity, and entry timing in determining the speed of market penetration in a new product category.


[bookmark: _Toc154196893]DV: T90_CWB {#TIME TO 90% MARKET PENETRATION}
In our analysis examining the time to achieve 90% market penetration by our Constrained Waiting Bass Model (CWB), we utilized a linear regression model (DV: T90_CWB) with initial social influence (qW_initial), normalized competitor entry capacity (CEM), and time of competitor entry (TL), along with their interactions. Our goal was to identify factors contributing to faster market penetration (indicated by lower T90_CWB values).
Key findings from the model, which explains a significant 66% of variance in T90_CWB, are as follows:
· Initial social influence (qW_initial) showed a significant negative effect (β = -3.29, p = 0.016). This suggests that higher initial social influence of waiting customers correlates with a faster attainment of 90% market penetration.
· The normalized competitor entry capacity (CEM) also had a significant negative impact (β = -18.63, p < 0.001). Higher competitor capacity upon entry is associated with a quicker approach to 90% market penetration.
· The time of competitor entry (TL) demonstrated a significant positive effect (β = 0.46, p < 0.001). This indicates that later competitor entry is associated with a slower progression to 90% market penetration.
· The interaction between CEM and TL was not significant (β = -0.82, p = 0.147), indicating the independent effects of these variables rather than a combined influence on market penetration speed.
· The interaction of qW_initial with TL was significant and positive (β = 0.46, p = 0.009), implying that the benefit of initial social influence becomes more pronounced with later competitor entry.
· The interactions involving qW_initial with CEM and the three-way interaction (qW_initial:CEM:TL) were statistically significant (p = 0.178 and p = 0.006, respectively). The negative coefficient for the three-way interaction (-2.94) suggests a specific scenario where the combined dynamics of initial social influence, competitor capacity, and entry timing significantly accelerate market penetration.
These results emphasize the critical roles of initial social influence, competitor capacity, and entry timing in achieving faster market penetration in a competitive product category. 
[bookmark: table-1]

[bookmark: _Toc154196894]HYPOTHESES:
In the context of market penetration dynamics in a competitive product market with shortage:
1. Hypothesis on Initial Social Influence (qW_initial):
· H1: Higher initial social influence of waiting customers (qW_initial) is positively associated with faster market penetration, leading to a quicker attainment of 90% market penetration in the Constrained Waiting Bass Model (CWB).
1. Hypothesis on Competitor Entry Capacity (CEM):
· H2: The normalized competitor entry capacity (CEM) has a significant impact on market penetration speed, with higher competitor capacity upon entry accelerating the attainment of 90% market penetration.
1. Hypothesis on Time of Competitor Entry (TL):
· H3: Later competitor entry (TL) is associated with slower progression towards 90% market penetration, suggesting the importance of early market entry for achieving faster market penetration.
1. Hypothesis on Interaction of CEM and TL:
· H4: The interaction between competitor capacity (CEM) and entry timing (TL) does not significantly influence the speed of market penetration, indicating independent effects of these variables.
1. Hypothesis on Interaction of qW_initial and TL:
· H5: The benefit of initial social influence (qW_initial) is more pronounced with later competitor entry, suggesting a synergistic effect between initial social influence and the timing of competitor entry.
1. Hypothesis on Three-Way Interaction (qW_initial:CEM:TL):
· H6: There exists a significant interaction effect among initial social influence (qW_initial), competitor capacity (CEM), and entry timing (TL) on the speed of market penetration. Specifically, certain combinations of these factors can lead to significantly faster market penetration.
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