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Abstract: This paper explores the application of the Difference-in-Differences (DiD) method to measure the impact of brand marketing 

campaigns using survey data. Focusing on survey responses collected before and after a marketing intervention, we evaluate the 

effectiveness of the campaign by comparing changes in consumer perceptions between a treatment group, exposed to the campaign, and 

a control group, which was not exposed. The study emphasizes the importance of the parallel trends assumption, ensuring that the pre-

campaign trends in both groups are similar. We leverage advanced survey methodologies, including stratified sampling and weighting, to 

ensure data accuracy and representativeness. The analysis reveals significant shifts in brand perception among the treatment group post-

campaign, validating the effectiveness of the marketing efforts. Furthermore, the paper discusses potential biases in survey responses and 

how they can be mitigated through careful survey design and implementation. The findings contribute to the growing body of literature 

on causal inference in marketing, demonstrating the utility of DiD in isolating the impact of marketing activities on consumer behavior. 

This research provides actionable insights for marketers seeking to evaluate and optimize the impact of their campaigns using survey-

based metrics. 
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1. Introduction 
 

Accurately measuring the impact of marketing campaigns on 

consumer perceptions presents a substantial challenge in 

brand management and marketing strategy. Traditional 

methods often fail to isolate the campaign's effect from 

external influences, leading to potentially misleading 

conclusions about the effectiveness of marketing initiatives 

[1]. This research paper introduces a robust econometric 

approach, the Difference-in-Differences (DiD) analysis, to 

overcome these challenges by quantifying the true impact of 

brand marketing campaigns using survey data [2][3]. 

 

In econometrics, DiD has proven effective in policy 

evaluation, providing clear insights into causal relationships 

by comparing changes over time between a treatment group 

exposed to an intervention and a control group that is not [4]. 

Applying this methodology to marketing, especially using 

survey data, allows us to control for both observed and 

unobserved confounding factors that could otherwise bias the 

results. This approach is particularly advantageous in testing 

the effectiveness of brand marketing strategies, where 

external factors such as economic shifts or competitive 

actions might influence consumer behavior [5]. 

 

Moreover, survey data offer a granular view of consumer 

attitudes and perceptions, which are critical in assessing the 

nuanced impacts of marketing strategies [6][7]. However, 

leveraging such data requires sophisticated analytical 

techniques to ensure accuracy and validity. This paper 

addresses these methodological concerns by incorporating 

advanced statistical controls for confounding variables, such 

as demographic characteristics and previous consumer 

behavior, which significantly influence marketing outcomes 

[8][9]. 

 

By integrating DiD analysis with controlled survey data, this 

study not only enhances the reliability of measuring 

marketing impacts but also contributes to the broader 

academic discourse on the application of causal inference 

methods in marketing research [10][11]. The findings aim to 

provide marketers and brand managers with actionable 

insights, enabling more informed decisions in the 

development and execution of marketing strategies, thereby 

optimizing resource allocation and maximizing campaign 

effectiveness. 

 

2. Literature Review 
 

The application of Difference-in-Differences (DiD) analysis 

in economics and social sciences has been well-documented, 

particularly in the evaluation of policy interventions and their 

impacts over time [1][2]. This method provides a framework 

for observing causal relationships by comparing the evolution 

of outcomes between treated and control groups, accounting 

for common trends that affect both groups [3]. The robustness 

of DiD, particularly in controlling for unobserved 

heterogeneity, makes it an attractive tool for researchers 

looking to isolate specific effects from confounding factors 

[4]. 

 

In marketing research, however, the application of DiD is less 

pervasive but growing in relevance. Recent studies have 

begun to explore its potential in evaluating marketing 

campaigns, specifically how these initiatives influence 

consumer behavior and brand perception over time [5]. For 

instance, Bertrand, Duflo, and Mullainathan [6] demonstrate 

the importance of controlling for time-variant confounding 

factors that could affect the perceived effectiveness of 

marketing strategies. Their work underscores the need for 

rigorous econometric approaches to discern the true impact of 

marketing actions. 

 

Further, the use of survey data in DiD analyses adds another 

layer of complexity. Surveys often provide rich, detailed 

insights into consumer attitudes and perceptions, which are 

vital for assessing marketing effectiveness [7][8]. However, 

the challenges associated with survey data—such as sampling 
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biases, non-response issues, and measurement errors 

necessitate sophisticated statistical techniques to ensure 

accurate interpretations [9][10]. The work of Valliant, Dever, 

and Kreuter [11] offers comprehensive strategies for 

designing and weighting survey samples to mitigate these 

issues, enhancing the reliability of DiD estimations. 

 

Moreover, literature on causal inference emphasizes the 

importance of assumptions underlying the DiD methodology, 

such as the parallel trends assumption, which asserts that in 

the absence of treatment, the difference between the control 

and treated groups would remain constant over time [12]. This 

assumption is critical and must be verified for the results of a 

DiD analysis to be considered valid [13]. 

 

This paper builds upon these foundational studies, applying 

DiD to marketing research within a controlled survey context, 

aiming to refine the methodology and address the specific 

challenges presented by marketing data. By bridging these 

methodological insights with practical marketing 

applications, this study contributes to a nuanced 

understanding of how marketing campaigns can genuinely 

influence consumer behavior, supported by robust empirical 

evidence. 

 

3. Methodology 
 

3.1 Data Collection 

 

For the purposes of this study, a synthetic dataset has been 

generated to demonstrate the methodology and facilitate the 

analysis of the impact of a brand marketing campaign on 

consumer perceptions. This approach allows for a controlled 

examination of the data while ensuring the reproducibility and 

clarity of the analysis in an academic context. While the 

dataset used in this analysis is simulated, it is designed to 

reflect responses that might be obtained from a real-world 

survey, as illustrated by the example survey question shown 

in Figure 1, which asks respondents about their likelihood of 

shopping at Walmart. This question is representative of the 

type of data that would be crucial in assessing the 

effectiveness of marketing campaigns in influencing 

consumer behavior. 

 
Figure 1: Example of a Brand Survey Question - Likelihood 

of shopping at Walmart 

 

The survey is structured to measure consumer attitudes before 

and after exposure to a marketing campaign using a five-point 

Likert scale ranging from "Very likely" to "Very unlikely." 

This measurement scale is typical in marketing research to 

capture gradations in consumer attitudes, providing a 

quantitative basis for the subsequent analysis. To generate the 

synthetic data, assumptions about pre- and post-campaign 

consumer attitudes are modeled based on typical responses 

one might expect in a real survey, including the change in 

likelihood of shopping due to the campaign, and the 

distribution of responses across demographic segments, to 

create a realistic dataset that mimics potential real-world 

outcomes. This section aims to bridge the gap between 

theoretical analysis and practical application, underscoring 

the methodological rigor of the study while providing a 

concrete example to enhance reader comprehension of the 

techniques used. 

 

3.2 Difference-in-Differences Model 
 

The DiD approach compares the change in outcomes over 

time between a treatment group that experienced the 

intervention and a control group that did not. The key 

assumption is that in the absence of the treatment, the 

difference between the control and treatment groups would 

remain constant over time (parallel trends assumption). The 

basic formula for the DiD estimator is: 

𝛥𝑌 = (𝑌‾𝑇, 𝑃𝑜𝑠𝑡 − 𝑌‾𝑇, 𝑃𝑟𝑒 ) − (𝑌‾𝐶, 𝑃𝑜𝑠𝑡 − 𝑌‾𝐶, 𝑃𝑟𝑒 ) 

 

 

Where: 

• 𝛥𝑌 is the DiD estimate. 

• 𝑌‾𝑇, 𝑃𝑜𝑠𝑡  and 𝑌‾𝑇, 𝑃𝑟𝑒  are the average outcomes for the 

treatment group after and before the campaign, 

respectively. 

• 𝑌‾𝐶, 𝑃𝑜𝑠𝑡  and 𝑌‾𝐶, 𝑃𝑟𝑒  are the average outcomes for the 

control group after and before the campaign, respectively 

[3][4]. 

 

3.3 Econometric Specification 
 

The econometric model for analyzing the data is specified as 

follows: 

 

𝑌𝑖𝑡 = 𝛼 + 𝛽1𝑃𝑜𝑠𝑡𝑡 + 𝛽2 + 𝛽3(𝑃𝑜𝑠𝑡𝑡 × 𝐺𝑟𝑜𝑢𝑝𝑖)   + 𝛾𝑋𝑖

+ 𝜖𝑖𝑡  
Where: 

• 𝑌𝑖𝑡  is the outcome variable for individual 𝑖 at time 𝑡 

(post-campaign rating). 

• 𝑃𝑜𝑠𝑡𝑡 is a dummy variable that equals 1 if the 

observation is post-campaign, and 0 otherwise. 

• Group  𝑖 is a dummy variable for treatment status, 

equaling 1 if the individual is in the treatment group. 

• Post  𝑡 × Group  𝑖 is the interaction term, which 

provides the DiD estimate. 

• 𝑋𝑖 represents control variables such as age, gender, and 

income. 

• 𝜖𝑖𝑡 is the error term [5]. 

 

3.4 Statistical Analysis 

 

The model will be estimated using Ordinary Least Squares 

(OLS). Key outputs will include the coefficient of the 

interaction term, which quantifies the isolated effect of the 

marketing campaign. Standard errors will be adjusted for 
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heteroscedasticity. Model diagnostics will include checks for 

multicollinearity, normality of residuals, and potential 

autocorrelation [8][9] 

 

3.5 Control Variables 

 

The analysis will control for potential confounders such as 

age, gender, and income, which could influence both the 

likelihood of receiving the treatment and the outcomes. This 

ensures that the estimated effect of the marketing campaign is 

not biased by these variables [10]. 

 

By rigorously applying this methodology, this paper aims to 

provide a clear, unbiased assessment of the marketing 

campaign's impact, contributing valuable insights into 

effective marketing strategies [11]. 

 

3.6 Parallel Trends Assumption 

 

The parallel trends assumption is the cornerstone of DiD 

analysis. It posits that in the absence of the treatment, the 

outcome trends for the treated and control groups would have 

been parallel over time. This assumption allows the difference 

in changes between the two groups to be attributed to the 

treatment effect. 

 

To validate this assumption, one common approach is to 

examine pre-treatment trends visually or statistically to check 

for parallelism. If the trends diverge before the treatment, the 

assumption is violated, and the DiD estimator may be biased. 

Another approach is to include pre-treatment periods in the 

regression model and interact them with the treatment 

indicator to formally test if the differences between groups 

were constant before the intervention [2][4][6]. 

 

 
Figure 2: Parallel Assumption 

 

3.7 Confidence Interval 

 

The Confidence intervals (CIs) are essential in statistical 

analysis to estimate the precision of an estimate. In the context 

of Difference-in-Differences (DiD) analysis, the confidence 

interval around the coefficient of the interaction term 

(treatment effect) provides a range within which the true 

effect is likely to lie with a certain level of confidence, 

typically 95%. The formula for the confidence interval in a 

regression context, assuming normal distribution of errors, is 

given by: 

 

𝐶𝐼 = 𝛽ˆ ± 𝑧 × 𝑆𝐸(𝛽ˆ) 

Where:  

• 𝛽ˆ is the estimated coefficient (DiD estimator). 

• 𝑧 is the 𝑧-value from the standard normal distribution 

corresponding to the desired confidence level 

(approximately 1.96 for 95% confidence). 

• 𝑆𝐸(𝛽ˆ) is the standard error of the estimated coefficient. 

 

Using OLS regression as outlined in the methodology, 

statistical software will typically provide the confidence 

intervals directly in the regression output. These intervals are 

crucial for understanding the certainty of the estimated effects 

of the marketing campaign and for making informed 

decisions [1][5]. 

 

3.8 Evaluating Campaign Impact 

 

The central focus of our Difference-in-Differences (DiD) 

analysis is the interaction term's coefficient, which quantifies 

the effect of the marketing campaign on the treatment group 

relative to the control group over time. A significant positive 

coefficient for this term indicates that the marketing campaign 

successfully enhanced consumer perceptions in the treatment 

group as opposed to the control group, whose perceptions 

remained unchanged or were less influenced by the campaign. 

This result validates the efficacy of the marketing strategy 

employed. Statistical significance is confirmed if the p-value 

associated with the interaction term is below 0.05, reinforcing 

the reliability of the campaign's positive impact. Moreover, 

the magnitude of this coefficient highlights the strength of the 

campaign's influence, providing valuable insights into its 

effectiveness. 

 

The findings have important implications for marketing 

strategy and resource allocation, helping strategists fine-tune 

future campaigns based on the quantifiable success of current 

methods. However, the DiD methodology assumes that the 

pre-treatment trends between the treated and control groups 

would have continued parallel in the absence of the treatment. 

Future research should continue to scrutinize this assumption 

and explore the effect of the marketing campaign across 

different demographic segments to gain deeper insights into 

its impact. Expanding the analysis to include various 

consumer behaviors or further subgroup analyses can enrich 

our 

 

4. Data Description 
 

This study utilizes a synthetically generated dataset designed 

to simulate the consumer response to a brand marketing 

campaign. The dataset comprises responses from participants, 

modeled to represent a diverse consumer base in terms of 

demographics and purchasing behavior. This approach allows 

for a controlled analysis while avoiding the privacy concerns 

associated with real consumer data. 

 

Dataset Composition 
The dataset includes the following variables for each 

participant: 

• UserID: A unique identifier for each participant to ensure 

anonymity. 

• Group: A binary variable indicating whether the 

participant was in the control group (0) or the treatment 

group (1). Participants in the treatment group were 
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exposed to the marketing campaign, while those in the 

control group were not. 

• Age: The age of the participant, included as a continuous 

variable. Age data helps control demographic variability 

in response to marketing. 

• Gender: A categorical variable indicating the gender of 

the participant (Male, Female), allowing the analysis to 

account for gender-specific marketing impacts. 

• Income: Categorical data representing the income bracket 

of the participant (Low, Medium, High), which is crucial 

for understanding purchasing power and its influence on 

marketing effectiveness. 

• Pre_Campaign_Rating: A Likert scale rating (1-5) of the 

participant’s brand perception before the marketing 

campaign, providing a baseline measure of brand 

sentiment. 

• Post_Campaign_Rating: A Likert scale rating (1-5) 

post-exposure to the campaign, used to assess the direct 

impact of the marketing efforts on brand perception. 

 

5. Results 
 

The analysis conducted in this study reveals significant 

insights into the effectiveness of the brand marketing 

campaign, as assessed through the Difference-in-Differences 

(DiD) methodology. The main findings from the study are 

summarized as follows: 

 

5.1 Effectiveness of the Marketing Campaign 

 

The DiD analysis indicated a significant positive treatment 

effect on the ratings of the treatment group post-campaign. 

The treatment group experienced an average increase in 

ratings, highlighted by a statistically significant coefficient of 

0.2800 (p < 0.000) shown in Fig 3. This increase demonstrates 

the campaign's successful impact on enhancing consumer 

perceptions compared to the control group, which did not 

receive the campaign. 

 
Figure 3: Model Summary 

 

5.2 Stability of Ratings in the Control Group 

 

For the control group, the ratings remained relatively stable 

across the pre and post periods, with a minor non-significant 

change. This stability is crucial as it supports the validity of 

the parallel trends assumption necessary for the DiD method, 

suggesting that any observed changes in the treatment group 

can reliably be attributed to the marketing intervention. 

 

5.3 Demographic Factors 

 

The coefficients for demographic variables such as age and 

gender (male) were found to be statistically non-significant 

shown in Fig 3, implying that these factors did not unduly 

influence the changes in ratings. This finding suggests that the 

campaign's effects were consistent across different 

demographic segments. 

 

5.4 Visual Analysis 

 

The distribution of ratings by group and time showed that 

while the control group’s ratings remained relatively stable, 

the treatment group experienced a noticeable increase in 

ratings post-campaign. This visual evidence supports the 

numerical findings from the regression analysis.  

 

 
Figure 4: Box Plot 

 

The age distribution was normal around the mean age of 35, 

indicating that our sample was well-balanced and 

representative of a wider consumer population. 

 

 
Figure 5: Age Distribution Plot 

 

6. Conclusion 
 

This study effectively demonstrated the application of the 

Difference-in-Differences (DiD) methodology to assess the 

impact of a brand marketing campaign on consumer ratings. 

By comparing the changes in perceptions between a treatment 

group, which received the campaign, and a control group, 

which did not, we were able to isolate and quantify the direct 

effects of the marketing efforts.         

 

The key findings from this research indicate that the 

marketing campaign significantly improved the ratings in the 

treatment group, with an average increase of 0.2800 points, a 

result that was both statistically and practically significant. 

This improvement confirms the campaign's success in 

enhancing consumer perceptions and highlights the efficacy 

of targeted marketing initiatives. Moreover, the stability of 

ratings within the control group across the study period 

Paper ID: SR18920585948 DOI: https://dx.doi.org/10.21275/SR18920585948 1672 

www.ijsr.net
http://creativecommons.org/licenses/by/4.0/


International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Index Copernicus Value (2016): 79.57 | Impact Factor (2017): 7.296 

Volume 7 Issue 9, September 2018 

www.ijsr.net 
Licensed Under Creative Commons Attribution CC BY 

validated the parallel trends assumption critical to the DiD 

approach, reinforcing the reliability of our results. 

Additionally, the analysis showed that demographic factors 

such as age and gender did not significantly influence the 

treatment effect, suggesting that the campaign was effective 

across diverse segments of the consumer base. This 

universality is particularly valuable for marketers looking to 

apply similar strategies across varied demographics. 
Ultimately, this paper contributes to the existing body of 

knowledge by showcasing how advanced statistical 

techniques can be utilized to evaluate marketing strategies 

and by confirming the value of data-driven decision-making 

in marketing. 
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