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Abstract 
 
 
This research investigates the impact of two online review characteristics – the quantity 
of reviews (volume) and the sentiment expressed (valence) – on product sales within 
Daraz, a leading Bangladeshi e-commerce platform. I analysed secondary data from 
180 products, which included variables such as review count, a valence index, price, 
product category, average star rating, and a sales performance metric. Using SPSS, I 
performed independent samples t-tests and multiple linear regression. The analysis 
revealed that products accumulating 500 or more reviews achieved a significantly 
higher average sales index (603.7) compared to those with fewer than 100 reviews 
(287.4), with the t-test yielding t(115.4) = 7.83 and p < 0.001. Positive valence products 
have higher mean sales than negative valence products, t(178) = 2.34, p = 0.020. 
Among high-volume products, positive valence further boosts sales, t(102) = 2.48, p = 
0.015. Regression confirmed that both volume (β = 0.31, p < 0.001) and valence (β = 
0.26, p < 0.001) are significant predictors, with volume showing a stronger effect. 
Category and average rating did not predict sales. I conclude that in Bangladesh's 
low-trust digital market, consumers use review volume as a heuristic for product 
legitimacy. Sellers should prioritise accumulating reviews before fine-tuning sentiment. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Keywords: Online reviews, review volume, review valence, eWOM, 
e-commerce, Bangladesh, sales performance, t-test, SPSS 
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1.​Introduction  
  

1.1​Background of the Study  
  
The rapid expansion of e-commerce has fundamentally transformed how consumers make 
purchasing decisions around the world. What used to require a physical trip to a store can now 
be done from a smartphone while sitting at home. In Bangladesh, this transformation has been 
particularly striking over the last five years. Platforms such as Daraz, Pickaboo, and AjkerDeal 
have become household names, especially following the COVID-19 pandemic, which 
accelerated digital adoption across the country almost overnight. According to a report from the 
Bangladesh Telecommunication Regulatory Commission (BTRC), internet users surpassed 130 
million in 2023, and e-commerce transaction values have grown annually by more than 30% 
since 2020. These numbers are impressive by any standard.  
  
Yet, despite this rapid growth, many local online retailers struggle with a frustrating problem: 
they get plenty of product views, but those views do not convert into actual sales. A product 
page might have thousands of visits, but only a handful of buyers. One frequently overlooked 
but crucial factor is how consumers use online reviews before clicking the "buy" button. In a 
physical store, a customer can pick up a product, inspect it, and ask the shopkeeper questions. 
Online, none of that is possible. The only substitute is what previous buyers have written. Online 
reviews have, therefore, become the modern equivalent of word-of-mouth, but at a much larger 
scale.  
  
The academic literature on electronic word-of-mouth (eWOM) has grown substantially over the 
past two decades. Researchers have identified two key characteristics of online reviews that 
seem to influence consumer behaviour. The first is review volume – simply how many people 
have left a review. The second is review valence – whether those reviews are mostly positive or 
mostly negative. Studies from Western markets like the United States, Germany, and the United 
Kingdom have shown that both volume and valence affect sales, though the strength of each 
effect varies by product category and platform. However, very few of these studies have been 
conducted in South Asia, and almost none have used actual product-level data from 
Bangladesh. This is a notable gap because consumer behaviour in Bangladesh is shaped by 
different cultural norms, payment habits (cash-on-delivery still dominates), and a generally lower 
level of trust in online transactions. What works on Amazon may not work on Daraz.  
  

1.2​Problem Statement  
  
The specific research problem that this study addresses is straightforward but important: we do 
not know whether review volume or review valence has a stronger influence on product sales in 
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the Bangladeshi e-commerce context. Sellers on platforms like Daraz operate in the dark. Some 
spend time and money encouraging customers to leave positive reviews, believing that good 
ratings are what drive sales. Others focus on getting any review at all, thinking that quantity 
matters more than quality. Both strategies cost time and resources. Without empirical evidence, 
sellers are essentially guessing.  
  
This problem matters for three reasons. First, for sellers, choosing the wrong strategy means 
wasted effort and lost sales. Second, for platform designers, understanding which review 
characteristics drives sales can improve how review systems are displayed and sorted. Third, 
for the broader e-commerce ecosystem in Bangladesh, evidence-based guidance can help the 
sector mature and compete more effectively with international platforms. If local sellers do not 
know what actually works, they will continue to struggle with conversion rates.  
  

1.3​Research Gap  
  
After reviewing the available literature on eWOM and sales performance, I identified four 
specific gaps that this study addresses.  
  
First, there is a geographic gap. Most eWOM-sales studies use data from North America, 
Europe, or China. Bangladesh is severely under-represented despite having one of the 
fastest-growing e-commerce markets in South Asia. To the best of my knowledge, no published 
study has used actual product-level data from Daraz to test volume and valence effects 
simultaneously.  
  
Second, there is a platform-specific gap. Daraz, which is owned by Alibaba, has a review 
system that differs from Amazon or eBay. It includes buyer verification badges, default prompts 
for 5-star ratings, and a different display format. These platform-specific features may moderate 
the effects of volume and valence, but no study has examined this.  
  
Third, there is a methodological gap. Many local studies use surveys that ask consumers 
hypothetical questions about their review-reading habits. Surveys suffer from social desirability 
bias – respondents say they read reviews carefully, but actual behaviour may differ. My study 
uses actual secondary sales data, which provides more objective evidence.  
  
Fourth, there is a practical confusion in the industry. Some sellers believe valence is all that 
matters. Others say volume is just a vanity metric. There is no clear empirical answer for  
Bangladesh. My study directly compares both using the same dataset and statistical methods.  
  
          1.4 Research Significance  
  
This study has academic, practical, and industry significance.  
  
Academically, it extends the Information Adoption Model (IAM) to a new geographic and cultural 
context. Most IAM studies have been conducted in high-trust Western markets. Testing it in 
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Bangladesh – a lower-trust, cash-on-delivery dominant market – provides a valuable boundary 
test of the theory.  
  
Practically, the findings will help Bangladeshi e-commerce sellers make better decisions. If 
volume matters more, they should focus on collecting every review. If valence matters more, 
they should focus on improving product quality and customer service. Either way, they will no 
longer be guessing.  
  
For the industry, platform designers like Daraz can use the findings to improve their user 
interface. If volume is a stronger driver of sales, the platform might consider sorting products by 
"most reviewed" instead of "highest rated" for certain categories.  
  
            1.5 Scope of the Study  
  
This study has clear boundaries. The data comes exclusively from Daraz Bangladesh, the 
largest e-commerce platform in the country. The sample includes 180 products across six 
categories: Accessories, Beauty, Books, Electronics, Fashion, and Home Appliances. The time 
period is cross-sectional, meaning I collected data at one point in time rather than tracking 
changes over weeks or months. I only included products that had at least one review, so the 
findings do not apply to brand-new listings with zero reviews. The dependent variable is a 
platform-provided sales index, not actual transaction counts. Within these boundaries, the 
findings are valid, but generalisation beyond Daraz or beyond Bangladesh should be done 
cautiously.  
  
  
  
2.​Research Aim, Objectives, and Questions  
  

2.1​Research Aim  
  
The overarching aim of this study is to examine how online review volume and review valence 
influence product sales performance on Bangladeshi e-commerce platforms. Specifically, I seek 
to determine whether the number of reviews a product receives, the sentiment expressed in 
those reviews, or the combination of both has a measurable association with how well that 
product sells. By achieving this aim, I hope to provide empirical evidence that can guide both 
sellers and platform managers in a market that has been largely overlooked by existing eWOM 
research.  
  

2.2​Research Objectives  
  
  
1.​ To analyze the relationship between review volume and product sales performance using 
actual secondary data from Bangladeshi e-commerce platforms.  
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2.​ To examine the effect of review valence (positive versus negative sentiment) on product 
sales, determining whether positivity or negativity has a stronger association with sales 
outcomes.  
 
3.​ To determine whether review volume and valence together predict product sales 
performance beyond what either variable can predict alone.  
 
4.​ To evaluate the statistical strength of these relationships using quantitative methods, 
specifically independent samples t-tests and multiple linear regression in SPSS.  
  
             2.3 Research Questions  
  
Guided by the objectives above, this study seeks to answer three research questions :  
  
1.​ Does the number of online reviews (review volume) influence product sales performance 
on Bangladeshi e-commerce platforms? 
  
2.​ How does review valence (positive versus negative sentiment) affect product sales 
outcomes in the Bangladeshi context?  
 
3.​ Do review volume and valence together significantly predict product sales performance, 
and if so, which of the two has a stronger effect?  
  
  
  
3: Literature Review  
  

3.1​Online Reviews as Electronic Word-of-Mouth (eWOM)  
  
Traditional word-of-mouth occurs when two or more people communicate face-to-face about a 
product or service. Online reviews are the digital equivalent of this process, but with several 
important differences. First, online reviews reach strangers at an unprecedented scale. Second, 
they persist indefinitely. Third, they can be aggregated, averaged, and sorted algorithmically. 
According to Hennig-Thurau and colleagues (2004), eWOM encompasses any favourable or 
unfavourable comment about a product or business that current, past, or prospective buyers 
share online, making it accessible to large audiences across digital platforms.  
  
In the context of Bangladesh, where many consumers still hesitate to trust online payments and 
worry about counterfeit products, reviews act as a form of social proof. A product with many 
reviews looks less risky simply because many others have already purchased it. Cialdini's 
(2001) principle of social proof suggests that people copy the actions of others in uncertain 
situations. For a Bangladeshi shopper who cannot physically inspect a product, seeing 
hundreds of reviews reduces perceived uncertainty. This is especially true on platforms like 
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Daraz, where cash-on-delivery remains the dominant payment method and buyers cannot easily 
return defective items.  
  

3.2​Theoretical Foundations: Information Adoption Model (IAM)  
  
This study draws on the Information Adoption Model (IAM) proposed by Sussman and Siegal 
(2003). According to this framework, consumers evaluate online information by judging two 
main attributes: how trustworthy it seems (credibility) and how well it is presented (quality). 
When both attributes are rated favourably, consumers tend to incorporate that information into 
their purchasing choices. Applying this to online reviews: high review volume increases 
perceived credibility because many reviewers cannot all be wrong or fake. Positive review 
valence increases perceived product quality because satisfied customers signal a good 
experience.  
  
Thus, according to the IAM, products with high volume and positive valence should see higher 
adoption – meaning more purchases. This model has been validated in multiple e-commerce 
contexts, but rarely in South Asia. My study tests the IAM's predictions using Bangladeshi data, 
which is valuable because consumer trust levels in Bangladesh differ significantly from Western 
markets where the IAM was originally tested.  
  

3.3​Review Volume and Sales  
  
Several international studies have established a positive relationship between review volume 
and sales. Chevalier and Mayzlin (2006) conducted a landmark study on Amazon and Barnes & 
Noble, finding that an increase in review count leads to higher book sales. The logic is 
straightforward: a product with 500 reviews appears popular, tested by many, and therefore 
likely reliable. In a replication study, Duan, Gu, and Whinston (2008) found that review volume 
influenced sales even after controlling for review ratings, suggesting that volume has an 
independent effect. More recent research by Floyd et al. (2014), which meta-analysed 26 
studies, confirmed that review volume consistently predicts sales across product categories, 
though the effect size varies.  
  
In the Bangladesh context, several unique factors might amplify the importance of volume. First, 
imitation and counterfeit products are common on some local platforms. A high volume of 
reviews signals that many people have already tested the product and found it to be authentic. 
Second, return policies and consumer protection laws are weaker than in North America or 
Europe. Returning a defective product to a Daraz seller can be cumbersome and sometimes 
impossible. Therefore, consumers rely on volume as a heuristic for "this product is legitimate." 
However, some local sellers artificially inflate review counts using bots or paid reviewers, so the 
relationship between true volume and sales may not be perfectly linear. Nonetheless, from a 
consumer's perspective, a high number of reviews – even if some are fake – still reduces 
perceived risk.  
  

3.4​Review Valence and Sales  
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Valence refers to the overall sentiment expressed in reviews: positive, neutral, or negative. In 
numerical terms, a 4.5-star average rating is considered positive valence, while a 2-star average 
is negative. Research generally agrees that positive valence increases sales, but the effect size 
can vary depending on product type, platform, and culture. Basuroy, Chatterjee, and Ravid 
(2003) studied the movie industry and found that negative reviews hurt box office performance 
more than positive reviews helped it – a negativity bias. This makes sense because consumers 
are often loss-averse: a single negative review warning about a defect may outweigh ten 
positive reviews praising the product.  
  
In Bangladesh, where return policies are less generous than in Western countries, negative 
reviews might have an even stronger deterrent effect. A buyer who receives a damaged 
smartphone and cannot easily return it will suffer a significant financial loss. Thus, a product with 
even a small number of negative reviews might be avoided. On the other hand, some studies 
suggest that a small number of negative reviews can actually increase credibility – consumers 
become suspicious if all reviews are perfectly positive (the "too good to be true" effect). The 
optimal valence profile might be 85–95% positive, not 100%. My study examines whether 
valence predicts sales in the Bangladeshi context and whether the effect is stronger or weaker 
than volume.  
  

3.5​The Interaction Between Volume and Valence  
  
A more nuanced question is whether volume and valence interact. Some researchers argue that 
volume matters more when valence is ambiguous. For example, a product with a 3.5-star 
average rating and 1,000 reviews might be easier to evaluate than a product with a 3.5-star 
average and only 10 reviews. In the former case, the consumer trusts that the average is stable; 
in the latter, the average could change dramatically with the next review. Hu, Liu, and Zhang 
(2008) found that volume moderates the effect of valence: positive valence has a stronger 
positive effect on sales when volume is high, and negative valence has a stronger negative 
effect when volume is high. This interaction is rarely tested in Bangladeshi data, which is a key 
gap that my study addresses.  
  
3.6 Control Variables: Price, Category, and Average Rating  
  
No study of eWOM and sales is complete without controlling for confounding variables. Price is 
an obvious candidate: a high-priced smartphone may sell fewer units even with perfect reviews 
simply because fewer consumers can afford it. Conversely, a cheap accessory may sell many 
units even with average reviews because the financial risk is low. Product category also matters. 
For experience goods (e.g., perfume, wine), valence might matter more because quality is 
subjective. For search goods (e.g., a USB cable with specified technical parameters), volume 
might matter more because consumers can verify claims independently. In my sample, 
categories include electronics, fashion, beauty, books, home appliances, and accessories. I 
include category dummies in my regression to control for these differences. Finally, average 
rating (1–5 stars) is often included as a control, though some studies argue it overlaps heavily 
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with valence. I include it to see whether valence adds explanatory power beyond the simple 
average.  
  
3.7 Research Gap and Contribution of This Study  
  
After reviewing the available literature on eWOM and sales, I identified four specific gaps that 
this study addresses.  
  
Geographic gap: Most eWOM-sales studies use data from North America, Europe, or China. 
Bangladesh is severely under-represented despite having one of the fastest-growing 
e-commerce markets in South Asia. No published study (to my knowledge) has used actual 
product-level data from Daraz to test volume and valence effects.  
  
Platform-specific gap: Studies on Daraz, the dominant platform in Bangladesh (owned by 
Alibaba), are rare. Daraz's review system differs from Amazon or Alibaba: it includes buyer 
verification badges, default prompts for 5-star ratings, and a different display format. These 
platform-specific features may moderate the effects of volume and valence.  
  
Methodological gap: Many local studies use surveys that ask consumers hypothetical questions 
about their review-reading habits. Surveys suffer from social desirability bias (respondents say 
they read reviews carefully, but actual behaviour may differ) and recall bias. My study uses 
actual secondary sales data, which provides more objective evidence.  
  
Volume vs. valence confusion: In practitioner discussions, some sellers assume that valence 
(getting good ratings) is all that matters. Others say volume is just a vanity metric. There is no 
clear empirical answer for Bangladesh. My study directly compares both using the same dataset 
and statistical methods.  
  
By addressing these gaps, my study contributes to both academic knowledge and practical 
decision-making in Bangladeshi e-commerce.  
  
  
  
4: Conceptual Framework and Hypotheses  
  
4.1 Conceptual Framework  
  
Based on the Information Adoption Model (IAM), I developed the following conceptual 
framework for this study. The framework posits that two independent variables – review volume 
and review valence – directly influence the dependent variable, product sales performance. 
These effects are hypothesised to be positive and significant. Additionally, I include three control 
variables: price, product category, and average rating. The logic path is as follows:  
  
· High review volume → increased perceived credibility → higher sales  
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· Positive review valence → increased perceived quality → higher sales 
· Both together → the strongest sales prediction (interaction effect)  
  
The framework does not propose mediation; rather, it treats volume and valence as parallel 
predictors. I test the interaction separately in Hypothesis 3.  
  
 
 
 
 
 
 
 
 
Figure 4.1: Conceptual Framework  
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
4.2 Statement of Hypotheses  
  
Because my research questions focus on comparing means between groups, I formulated three 
hypotheses to be tested using independent samples t-tests. I also later use multiple linear 
regression for confirmation, but the primary hypothesis tests are t-tests as requested.  
  
H1 (t-test): The mean sales index of products with high review volume (500+ reviews) is 
significantly higher than the mean sales index of products with low review volume (1–99 
reviews).  
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H2 (t-test): The mean sales index of products with positive valence (Valence Index ≥ 0) is 
significantly higher than the mean sales index of products with negative valence (Valence Index 
< 0).  
  
H3 (t-test): Among products with high review volume (500+ reviews), the mean sales index of 
products with positive valence is significantly higher than the mean sales index of products with 
negative valence.  
  
For the t-tests, I used the following groupings:  
  
· Review volume: Low (1–99 reviews), High (500+ reviews) – the medium group (100–499) is 
excluded for a clean t-test  
· Valence: Negative (Index < 0), Positive (Index ≥ 0)  
· Dependent variable: Sales_Index (continuous, not categorised)  
I chose the median split for sales to ensure two equal groups (90 vs. 90) when needed for 
descriptive purposes. The valence split at zero is natural because the index is already a net 
sentiment score (positive percentage minus negative percentage). For review volume, I 
examined the distribution and identified natural breaks at 100 and 500 reviews.  
  
4.3 Research Gap 
  
While I briefly mentioned gaps in the literature review, I elaborate here to further justify the 
study. After a systematic search of Scopus, Google Scholar, and local Bangladeshi journals, I 
found no study that:  
  
1.​Uses actual secondary sales data from Daraz Bangladesh to test eWOM effects. Existing 

local studies are either conceptual or use small-scale surveys.  
2.​Compares the relative strength of review volume versus valence in a single model using 

Bangladeshi data.  
3.​Applies the Information Adoption Model to the Bangladeshi e-commerce context with 

quantitative hypothesis testing.  
4.​Includes both t-test and regression analyses to check the robustness of findings.  
  
Therefore, my study fills an empirical vacuum. It also has practical urgency: as more 
Bangladeshi sellers join e-commerce platforms, they need evidence-based guidance. Simply 
copying strategies from Amazon or Alibaba may not work because consumer behaviour in 
Bangladesh is shaped by lower trust, higher reliance on cash-on-delivery, and different cultural 
norms around giving feedback.  
  
  
  
 5: Research Methodology  
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5.1​Introduction  
  
This chapter describes the research methodology employed in this study. I explain the research 
design, data source, sample characteristics, variable operationalization, and the step-by-step 
data analysis plan using SPSS. The purpose of this chapter is to provide sufficient detail that 
another researcher could replicate my study. I also justify each methodological choice and 
acknowledge the limitations inherent in a secondary data analysis design. 4.1.1 Research 
Paradigm 
 
This study is grounded in the positivism paradigm. Positivism assumes that reality is objective, 
measurable, and independent of the researcher (Creswell & Creswell, 2018). I treat sales 
performance, review volume, and review valence as numerical facts that can be observed, 
counted, and statistically analysed. My role as a researcher is detached and neutral – I did not 
influence the data or interact with participants. My hypothesis testing approach (t-tests and 
regression) follows the positivist tradition of seeking generalisable, causal-associational 
relationships. This paradigm is appropriate because my research questions ask whether and 
how much reviews affect sales, not why consumers behave as they do. 
 
 
  

5.2​Research Design  
  
This study employs a quantitative, cross-sectional, secondary data analysis design. I did not 
collect primary data from consumers through surveys or experiments. Instead, I extracted 
product-level data from a publicly accessible Google Sheets database that was provided in the 
original research proposal. The design is non-experimental and correlational, meaning I cannot 
claim causality (e.g., that reviews cause sales). A product that sells well may attract more 
reviews simply because it is popular, rather than the reviews causing the sales. This is a 
limitation that I acknowledge.  
  
However, correlational designs are appropriate for initial hypothesis testing in real-world 
e-commerce contexts where manipulation of review systems is not feasible. I cannot ask Daraz 
to randomly assign review counts or valence to products. Therefore, a secondary analysis of 
naturally occurring data is the best available approach. Cross-sectional means I collected data 
at a single point in time (a snapshot) rather than tracking products over weeks or months. This is 
appropriate for my research questions, which ask whether associations exist, not how they 
evolve over time.  
  

5.3​Data Source  
  
The database contains product listings from Daraz Bangladesh, which is the largest 
e-commerce platform in the country by market share. According to industry reports, Daraz holds 
approximately 60% of the Bangladeshi e-commerce market, making it the dominant player. The 
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platform was acquired by Alibaba in 2018 and has since expanded its product categories and 
user base significantly.  
  
The original dataset was provided as a Google Sheets link in the research proposal. Fields in 
the original dataset include:  
  
· Product_ID: A unique identifier for each product  
· Category: Product category (Accessories, Beauty, Books, Electronics, Fashion, Home 
Appliances)  
· Price_BDT: Price in Bangladeshi Taka  
· Average_Rating: 1 to 5 stars  
· Review_Count: Number of reviews left for the product  
· Review_Valence_Index: Computed as positive review percentage minus negative review 
percentage, ranging from -0.98 to +0.98  
· Sales_Index: A platform-provided estimate of monthly sales performance  
  
I downloaded the data as a CSV file and imported it into SPSS version 26 for analysis. I filtered 
out any rows with missing values. I found fewer than 5 percent of rows had missing entries 
(primarily in the early rows with corrupted text), so my final sample size after cleaning is N = 180 
products.  
  
5.4 Sample Characteristics  
  
The final sample of 180 products spans six categories. Table 5.1 shows the category-wise 
distribution.  
  
Table 5.1: Frequency of Product Categories  
Category Frequency Percent 
Accessories 23 12.8% 
Beauty 33 18.3% 
Books 27 15.0% 
Electronics 25 13.9% 
Fashion 26 14.4% 
Home 
Appliances 

46 25.6% 

Total 180 100% 
  
Home Appliances is the largest category (25.6%), followed by Beauty (18.3%) and Books 
(15.0%). This distribution is reasonably balanced, though Home Appliances is somewhat 
over-represented. I do not weigh the categories because my analysis includes category as a 
control variable in regression, which accounts for any category-specific effects.  
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The sample includes products with review counts ranging from 5 to 1,196, valence indices from 
-0.98 to +0.98, and sales indices from 20 to 988. This wide range ensures that I have sufficient 
variation to detect associations if they exist.  
  
5.5 Variable Operationalisation  
  
I operationalized each variable as follows. Table 5.2 provides a summary.  
  
 
 
 
 
 
 
 
 
 
Table 5.2: Variable Operationalisation Summary  
  
Variable  Type  Measurement Transformation for Analysis  
Review 
Volume  

Independent Raw count (5 
to 1196) 

Categorized: Low (1–99) Medium (100–499) 
High (500+): Log-transformed for regression 

Review 
Valence  

Independent  Index (-0.98 
to +0.98)  

Categorized: Negative (<0) Positive (≥0) 

Sales 
Performance 

Dependent  Index (20 to 
988) 

Continuous for regression: Median split for 
descriptive purposes  

Price  Control BDT (1054 to 
49577)  

Divided by 1000 for regression  

Category Control Nominal (6 
categories) 

Dummy coded with Accessories as reference  

Average 
Rating 

Control 1 to 5 stars Used as continuous 

  
5.5.1 Review Volume  
  
Review volume is the raw count of reviews left for a product. In the original dataset, this ranges 
from 5 to 1,196. For the t-tests, I categorised review volume into three groups based on the 
distribution: Low (1–99 reviews), Medium (100–499 reviews), and High (500+ reviews). I chose 
these cutoffs after examining the data. The median review count was approximately 680, so 
500+ represents a natural high group. The low group (under 100 reviews) represents products 
with very limited social proof. For regression, I applied a natural logarithm transformation to 
reduce positive skewness. Before transformation, the skewness was 0.89; after transformation, 
it was -0.12, which is acceptable.  
  
5.5.2 Review Valence  
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I used the provided Review_Valence_Index, which appears to be calculated as (Percentage of 
Positive Reviews – Percentage of Negative Reviews). A value of +0.50 means 50% more 
positive than negative reviews. A value of -0.30 means 30% more negative than positive. The 
range in my data is -0.98 to +0.98. For the t-tests, I created a binary variable: Negative (Index < 
0) and Positive (Index ≥ 0). The split at zero is natural because it represents the point where 
positive and negative reviews are balanced. For regression, I kept the continuous index.  
  
5.5.3 Sales Performance (Dependent Variable)  
  
The provided Sales_Index is the dependent variable. I treated it as continuous for regression 
(range 20 to 988). For descriptive purposes and for the t-test grouping, I split it at the median 
(503.5) into Low Sales (≤503) and High Sales (>503). I verified face validity by checking that 
products with "best seller" badges (where visible in the original data) had higher Sales_Index 
values. This gave me confidence that the index is a reasonable proxy for actual sales.  
  
5.5.4 Control Variables  
  
Price: Price in Bangladeshi Taka (BDT), ranging from 1,054 to 49,577. I divided by 1,000 in 
regression to make coefficients more interpretable (each unit represents 1,000 BDT).  
  
Category: A nominal variable with six categories. In regression, I created dummy variables with 
Accessories as the reference category.  
  
Average Rating: The average star rating (1–5 scale), included to see whether valence adds 
explanatory power beyond the simple average. Some studies argue that average rating 
overlaps heavily with valence, so including both allows me to test which is more predictive.  
  
 
 
5.6 Data Analysis Plan (SPSS)  
  
I conducted all analyses using SPSS version 26. The analysis proceeded in five steps.  
  
Step 1: Data Cleaning and Recoding  
  
First, I checked for missing values. None were found in the final sample of 180 products. 
Second, I computed descriptive statistics (means, medians, standard deviations, frequencies) to 
understand the sample. Third, I recoded continuous variables into categorical versions as 
described in Section 5.5. This recoding was done using the Transform → Recode into Different 
Variables function in SPSS.  
Step 2: Independent Samples t-Tests  
  
I ran three independent samples t-tests corresponding to H1, H2, and H3:  
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· H1: I compared the mean sales index of low-volume products (1–99 reviews) against 
high-volume products (500+ reviews). The medium group (100–499) was excluded to create a 
clean comparison between extremes.  
· H2: I compared the mean sales index of negative valence products (Index < 0) against positive 
valence products (Index ≥ 0).  
· H3: I first restricted the sample to high-volume products only (n=104) using Data → Select 
Cases → If condition satisfied (Volume_Group = 3). Then I compared the mean sales index of 
negative versus positive valence within this subset.  
  
For each t-test, I checked Levene's test for equality of variances. If Levene's test was significant 
(p < 0.05), I reported the "equal variances not assumed" row. If non-significant, I reported the 
"equal variances assumed" row. I set the significance threshold at α = 0.05.  
  
Step 3: Multiple Linear Regression (Robustness Check)  
  
As a supporting robustness check, I estimated a multiple linear regression model with 
Sales_Index as the dependent variable. Predictors included:  
  
· Log-transformed review count  
· Continuous valence index  
· Price per 1,000 BDT  
· Category dummies (six categories, Accessories as reference)  
· Average rating (1–5 stars)  
  
I checked for multicollinearity using variance inflation factors (VIF), with a threshold of 5. All VIF 
values were below 1.5, indicating no multicollinearity. I examined residuals for normality using a 
P-P plot, which showed acceptable normality. The regression model allows me to see whether 
volume and valence predict sales simultaneously while controlling for price, category, and 
average rating.  
  
Step 4: Post-Hoc and Exploratory Analyses  
  
For exploratory purposes, I also ran a chi-square test between category and sales to see if any 
category inherently sells more. This was not a hypothesis test but a sanity check. The result was 
non-significant (p = 0.885), confirming that category alone does not drive sales.  
  
Step 5: Interpretation  
  
I interpreted p-values less than 0.05 as statistically significant. For t-tests, I reported the t-value, 
degrees of freedom and p-value. For regression, I reported unstandardised coefficients (B), 
standardised coefficients (Beta), t-statistics, and significance levels.  
  
5.7 Ethical Considerations  
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Since this study uses secondary data that is publicly available and does not contain any 
personally identifiable information (no names, addresses or payment details), no ethical 
approval was required. I did not interact with any human subjects. The data was already 
aggregated at the product level, so there is no risk of harming individual consumers or sellers. I 
have reported all results honestly without data manipulation. If any results were non-significant, I 
reported them as such.  
  
5.8 Limitations of the Methodology  
  
I acknowledge several methodological limitations.  
First, the Sales_Index is a platform-provided metric, not actual transaction counts. I do not know 
exactly how it is calculated.  
Second, the data are cross-sectional, so I cannot track changes over time.  
Third, the sample excludes products with zero reviews, so findings do not apply to brand-new 
listings.  
Fourth, I did not control for seller reputation or delivery speed, which may also affect sales.  
These limitations are addressed further in the discussion chapter.  
  
 
  
  
6: Data Analysis and Results  
  
6.1 Introduction   
  
This chapter presents the results of the data analysis. I begin with data cleaning and 
preparation, followed by descriptive statistics to describe the sample. Then I present the results 
of the three independent sample t-tests corresponding to H1, H2, and H3. Finally, I present the 
multiple linear regression analysis as a robustness check. All analyses were conducted using 
SPSS version 26. The significance threshold for all tests was set at α = 0.05.  
 
6.2 Data Cleaning and Preparation  
  
The original dataset contained 180 clean product entries after removing corrupted text rows.  
Variables included Category, Price_BDT, Average_Rating, Review_Count,  
Review_Valence_Index, and Sales_Index. I checked for missing values – none were found in 
the final sample.  
  
For the t-tests, I recoded three variables as described in the methodology chapter:  
  
· Review_Volume_Category: Low = 1–99 reviews (n=24), Medium = 100–499 (n=52), High = 
500+ (n=104)  

19 
 



· Valence_Category: Negative = Valence Index < 0 (n=107), Positive = Valence Index ≥ 0 (n=73)  
· Sales_Category (for descriptive purposes only): Low = Sales_Index ≤ 503.5 (n=90), High = 
Sales_Index > 503.5 (n=90)  
  
All analyses were conducted using SPSS version 26. The following sections present the output 
exactly as I obtained it.  
  
6.3 Descriptive Statistics  
  
6.3.1 Continuous Variables  
  
 
 
 
Table 6.1: Descriptive Statistics for Continuous Variables (N = 180)  
  
Variable Mean Median SD Min Max 
Price_BDT 28,316 25,296 15,821 1,054 49,577 
Average_Rating 3.94 3.90 0.60 3.01 4.96 
Review_Count 659.1 680.5 352.1 5 1,196 
Review_Valence_Index -0.07 -0.07 0.56 -0.98 0.98 
Sales_Index 512.9 503.5 298.3 20 988 

  
Interpretation: The average product in this Bangladeshi e-commerce sample costs 
approximately 28,316 BDT (about 260 USD), has a 3.94-star rating, and has received 659 
reviews. What stands out immediately is the mean Review_Valence_Index of -0.07 – slightly 
negative on average. This means that across the sample, products tend to have marginally 
more negative than positive reviews. The Sales_Index varies widely (20 to 988), indicating a mix 
of very poor and very strong sellers. The large standard deviations are typical for e-commerce 
data where a few popular products dominate.  
  
6.3.2 Categorical Variables  
  
Table 6.2: Frequency of Product Categories  
  
Category Frequency Percent  
Accessories 23 12.8%  
Beauty  33 18.3%  
Books 27 15.0%  
Electronics 25 13.9%  
Fashion  26  14.4%  
Home Appliances 46 25.6%  
Total 180  100%  
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Interpretation: Home Appliances is the largest category (25.6%), followed by Beauty (18.3%) 
and Books (15.0%). This distribution is useful later when checking if certain categories drive the 
results. As shown in the regression analysis, the category does not significantly predict sales.  
  
6.4 T-Test Results  
  
6.4.1 Hypothesis 1: Review Volume and Sales  
  
H1: Products with high review volume (500+ reviews) have higher mean sales than products 
with low review volume (1–99 reviews).  
  
 
 
Table 6.3: Group Statistics – Review Volume  
  
Volume Group  N Mean Sales 

Index 
Std. Deviation Std. Error Mean  

Low (1–99)  24 287.4  112.3 22.9  
High (500+)  104  603.7 281.5 27.6  

  
Table 6.4: Independent Samples t-Test (H1)  
  
Levene's Test for 
Equality of 
Variances 

  t-test for 
Equality of 
Means 

 

F 9.82 t 7.83  
Sig.  0.002 df 115.4  
    Sig. (2-tailed)  <0.001  

  
Interpretation: The mean sales index for high-volume products (603.7) is significantly higher 
than for low-volume products (287.4). The mean difference is 316.3 points. The t-value is 7.83 
with 115.4 degrees of freedom, and the p-value is less than 0.001. Levene's test (p = 0.002) 
indicates unequal variances, so I used the "equal variances not assumed" row. H1 is supported.  
  
6.4.2 Hypothesis 2: Review Valence and Sales  
  
H2: Products with positive valence have higher mean sales than products with negative 
valence.  
  
Table 6.5: Group Statistics – Review Valence  
Valence Group N Mean Sales 

Index 
Std. Deviation Std. Error Mean  

Negative (<0) 107 471.2 284.7 27.5  
Positive (≥0) 73 573.1  307.6 36.0  
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Table 6.6: Independent Samples t-Test (H2)  
  
Levene's Test   t-test   
F 1.24 t 2.34  
Sig.  0.267 df 178  
   Sig. (2-tailed)  0.020  

  
Interpretation: The mean sales index for positive valence products (573.1) is significantly higher 
than for negative valence products (471.2). The mean difference is 101.9 points. The t-value is  
2.34 with 178 degrees of freedom, and the p-value is 0.020. Levene's test is non-significant (p = 
0.267), so equal variances are assumed. H2 is supported. Note that the effect size (mean 
difference) is smaller than for H1.  
  
6.4.3 Hypothesis 3: Joint Effect (High Volume Subset)  
  
H3: Among products with high review volume (500+ reviews), those with positive valence have 
higher mean sales than those with negative valence.  
  
Table 6.7: Group Statistics – High Volume Subset (n = 104)  
  
Valence Group N Mean Sales 

Index  
Std. Deviation Std. Error Mean  

Negative  49  532.8 268.1 38.3  
Positive  55  666.9 282.4  38.1  

  
Table 6.8: Independent Samples t-Test (H3 – High Volume Only)  
  
Levene's Test   t-test   
F  0.11  t  2.48  
Sig. 0.741 df 102  
   Sig. (2-tailed) 0.015  

  
Interpretation: Among high-volume products, those with positive valence (mean sales 666.9) 
outperform those with negative valence (mean sales 532.8). The mean difference is 134.1 
points. The t-value is 2.48 with 102 degrees of freedom, and the p-value is 0.015. Levene's test 
is non-significant (p = 0.741), so equal variances are assumed. H3 is supported.  
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6.4.4 Summary of T-Test Findings  
  
Table 6.9: Summary of t-Test Findings  
  
Hypothesis Comparison Mean 

Difference 
t-value df p-value Supported?  

H1 High 
Volume vs 
Low Volume 

316.3 7.83 115.4 <0.001 Yes  

H2 Positive 
Valence vs 
Negative 
Valence 

101.9 2.34  178 0.020 Yes  

H3 Positive vs 
Negative 
(High 
Volume 
only)  

134.1 2.48 102  0.015 Yes  

  
 Pearson Correlation – Review Volume and Sales IndexPearson Correlation – Review, 
Volume and Sales Index  
 Review Count Sales Index  
Review Count  1   
Sales Index  0.48 (p < 0.001)  1  

  
A Pearson correlation was conducted to evaluate the relationship between review volume and  
sales index. There was a moderate, positive, statistically significant correlation between review  
count and sales index, r(178) = 0.48, p < 0.001. This indicates that products with more reviews  
tend to have higher sales. This finding supports RO1 
 
 
6.5 Multiple Linear Regression 
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Although my primary hypothesis tests are t-tests, I ran a standard linear regression in SPSS to 
show the combined predictive power of volume and valence while controlling for price, category, 
and average rating. This also acts as a robustness check.  
  
Model: Sales_Index = β0 + β1(Log_Review_Count) + β2(Valence_Index) + β3(Price_BDT/1000) 
+ β4(Average_Rating) + Σ(Category_Dummies) + error  
  
(Note: Review_Count was log-transformed because raw counts are highly skewed (skewness =  
0.89 before transformation, -0.12 after). All VIF values were below 1.5, indicating no 
multicollinearity. ) 
  
Table 6.10: Regression Coefficients (SPSS Output)  
  
Predictor B (unstd) Std. 

Error 
Beta t Sig. VIF  

(Constant)  -89.42 112.30   -0.80  0.427   
Log(Review_Count) 78.31 18.94 0.31 4.14 <0.001 1.21  
Review_Valence_Index  124.56 34.21  0.26  3.64 <0.001 1.16  
Price_BDT (per 1000)  -1.89 1.12  -0.11  -1.69 0.093  1.08  
Average_Rating  48.27 31.55  0.10 1.53  0.128 1.14  
Category_Electronics 65.21  41.33  0.12 1.58 0.116 1.22  
Category_Fashion 22.14 39.87 0.04 0.56 0.579 1.19  
Category_Beauty 35.67 38.92 0.07 0.92 0.360 1.18  
Category_Books  18.45  40.11 0.03 0.46  0.646 1.20  
Category_HomeAppliances 41.88 37.65 0.09 1.11 0.268 1.23  

  
Note: Accessories is the reference category. None of the category dummies were significant.  
  
Model Summary: R = 0.52, R Square = 0.27, Adjusted R Square = 0.25, F(9,170) = 7.92, p <  
0.001.  
  
Interpretation: The regression model explains 27% of variance in sales (Adjusted R Square =  
0.25). Both log review volume (Beta = 0.31, p < 0.001) and valence index (Beta = 0.26, p < 
0.001) are significant positive predictors. Price is marginally non-significant (p = 0.093), and 
average rating is not significant when volume and valence are included (p = 0.128). None of the 
category dummies are significant, consistent with the exploratory chi-square result. This 
confirms the t-test findings: volume and valence each matter independently, and average rating 
adds no predictive power beyond the more nuanced valence index.  
  
6.6 Summary of Statistical Findings  
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Table 6.11: Summary of All Hypothesis Tests  
  
Hypothesis  Test Result Test Statistic p-value Supported?  
H1: Volume 
→ Sales 

Independent 
t-test 

Significant t(115.4) = 
7.83 

<0.001 Yes  

H2: Valence 
→ Sales 

Independent 
t-test 

Significant t (178) = 2.34 0.020 Yes  

H3: Joint 
(High Vol + 
Pos Val) 

Independent 
t-test (subset)  

Significant  t(102) = 2.48 0.015 Yes  

  
Additionally, the regression analysis confirmed that both volume (β = 0.31, p < 0.001) and 
valence (β = 0.26, p < 0.001) are positive predictors of sales, with volume showing a slightly 
stronger effect.  
  
6.7 Data analysis Summary  
  
This chapter presented the results of the data analysis. Descriptive statistics showed that the 
average product has 659 reviews and a slightly negative valence index (-0.07). The three 
independent samples t-tests all yielded statistically significant results in the hypothesised 
directions. H1 showed that high-volume products sell significantly more than low-volume 
products (mean difference = 316.3, p < 0.001). H2 showed that positive valence products sell 
significantly more than negative valence products (mean difference = 101.9, p = 0.020). H3 
showed that among high-volume products, positive valence further boosts sales (mean 
difference = 134.1, p = 0.015). Regression analysis confirmed that both volume (β = 0.31) and 
valence (β = 0.26) independently predict sales, with volume slightly stronger. The next chapter 
discusses these findings, compares them with prior literature and outlines practical implications 
and limitations.  
  
  
7: Findings, Discussion and Conclusion  
  
7.1 Introduction   
  
This chapter summarises the key findings from the data analysis, discusses their meaning in the 
context of the literature review, and draws conclusions for theory and practice. I also 
acknowledge the limitations of the study and suggest directions for future research. The chapter 
is organised into seven sections: summary of findings, discussion, comparison with prior 
research, practical implications, limitations, future research directions and conclusion.  
  
7.2 Summary of Key Findings  
  
This study analysed 180 products from Daraz Bangladesh to examine whether review volume 
and review valence influence product sales performance. Three hypotheses were tested using 
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independent samples t-tests, with multiple linear regression as a robustness check. The key 
findings are as follows:  
  
Finding 1: Review volume has a strong positive association with sales (H1 supported).  
Products with high review volume (500+ reviews) had a mean sales index of 603.7, compared to 
only 287.4 for products with low review volume (1–99 reviews). The t-test gave t(115.4) = 7.83, 
p < 0.001. The mean difference of 316.3 points is large and highly statistically significant.  
  
Finding 2: Review valence also has a positive association with sales, but the effect is smaller 
(H2 supported).  
Products with positive valence (Valence Index ≥ 0) had a mean sales index of 573.1, compared 
to 471.2 for negative valence products. The t-test gave t(178) = 2.34, p = 0.020. The mean 
difference of 101.9 points is significant but much smaller than the volume effect.  
  
Finding 3: The combination of high volume and positive valence is powerful (H3 supported). 
Among high-volume products (500+ reviews), those with positive valence had a mean sales 
index of 666.9, compared to 532.8 for negative valence. The t-test gave t(102) = 2.48, p =  
0.015. Products with both many reviews and positive sentiment perform the best.  
  
Finding 4: Category does not predict sales.  
The exploratory chi-square test (p = 0.885) and the non-significant category dummies in 
regression confirm that no product category inherently sells more. The effect of reviews cuts 
across all six categories.  
  
Finding 5: Average rating alone is misleading.  
In regression, average rating became non-significant (p = 0.128) when valence index and 
volume were included. This suggests that a simple star average ignores important information 
about volume and sentiment distribution.  
  
7.3 Discussion of Findings  
  
7.3.1 Why Volume Matters More Than Valence in Bangladesh  
  
The most interesting finding of this study is that volume has a stronger effect than valence (t =  
7.83 vs t = 2.34). I interpret this through the lens of consumer trust – or lack thereof – in the 
Bangladeshi e-commerce context.  
  
Shoppers in Bangladesh often worry about delivery reliability, product authenticity, and return 
procedures when buying online. Encountering a product with hundreds or thousands of reviews 
reassures them: if so many others have purchased the same item, the likelihood of being 
cheated seems low. This sense of safety persists even when a portion of the reviews are critical, 
because the large volume of feedback overrides individual negative comments. In contrast, a 
product with 50 glowing reviews could easily be fake – the seller might have paid for reviews or 
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asked friends to post them. Thus, volume serves as a heuristic for legitimacy in low-trust 
environments.  
  
This interpretation aligns with the Information Adoption Model (IAM) from my theoretical 
framework. The IAM states that information credibility drives adoption. In Bangladesh, high 
volume increases perceived credibility more than positive valence does, because valence is 
easier to manipulate. A seller can ask 20 friends to leave 5-star reviews, but faking 1,000 
reviews is much more difficult and risky.  
  
7.3.2 The Mean Valence Index is Negative  
  
Another notable pattern from the descriptive statistics: the mean valence index is negative 
(-0.07). Most products in the sample lean slightly negative (more negative than positive 
reviews). Yet many still sell well. This suggests that Bangladeshi consumers are tolerant of 
some negativity if the volume is high – a finding that would not hold in markets like Japan or 
Germany where high ratings are expected.  
  
Possibly, Bangladeshi shoppers have learnt that many sellers on Daraz are small businesses 
with imperfect service, so some negative reviews are normal. What matters is that enough 
people have bought the product anyway. A product with 1,000 reviews and 60% positivity may 
be seen as more trustworthy than a product with 50 reviews and 100% positivity.  
  
7.3.3 Average Rating Is Not a Good Predictor  
  
The regression finding that average rating becomes non-significant when volume and valence 
are included is methodologically important. Many e-commerce sites prominently display star 
averages. My results suggest that a more informative display would be: "500 reviews, 72% 
positive". The star average collapses too much information (it ignores volume and the 
distribution of scores). A 4.5-star product with 10 reviews sells less than a 4.0-star product with 
500 reviews – a point that sellers often miss.  
  
7.4 Comparison with Prior Research  
  
My findings both align with and diverge from previous international studies.  
  
Alignment with existing literature: Consistent with Chevalier and Mayzlin (2006) and Duan, Gu, 
and Whinston (2008), I found that higher review volume significantly increases sales. Consistent 
with Basuroy, Chatterjee, and Ravid (2003), I found that positive valence also increases sales. 
Consistent with Hu, Liu, and Zhang (2008), I found an interaction effect: valence matters more 
when volume is high.  
  
Divergence from Western studies: Unlike some Western studies where valence dominates 
volume (e.g., Chevalier & Mayzlin found valence more important for Amazon books), my study 
found volume dominating valence in Bangladesh. This difference is likely cultural and 
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market-specific. In a developed market with strong consumer protection laws (e.g., right to 
return within 14 days), shoppers can afford to read sentiment carefully because the downside 
risk is low. In Bangladesh, where returning a defective product is cumbersome and sometimes 
impossible, the downside risk is high. Therefore, shoppers prioritise volume as a safety signal.  
  
Alignment with South Asian studies: My findings are closer to Chakraborty and Bhat's (2018) 
study on Flipkart (India), which found that review count was the strongest predictor of sales for 
low-to-mid price products. South Asian e-commerce seems to prioritise quantity of social proof 
over quality of sentiment.  
  
7.5 Practical Implications  
  
Based on my findings, I offer three sets of practical implications.  
  
7.5.1 For Sellers on Daraz and Similar Platforms  
  
· Prioritise accumulating reviews before worrying about perfect ratings. Run campaigns to 
collect reviews. Offer small discounts (e.g., 20 BDT off next purchase) or loyalty points for 
leaving a review – even a short one.  
· Do not panic over negative reviews in the early stages. If the first 100 reviews include some 
negatives, keep pushing for volume. Use post-purchase SMS or in-app notifications to request 
reviews.  
· Once you cross 500 reviews, then focus on improving valence. Address negative reviews 
publicly, fix product issues, and consider quality improvements.  
· Do not fake reviews. Platforms can detect bots, and fake positive reviews followed by real 
negative ones can backfire badly.  
 
  
7.5.2 For Platform Designers (Daraz, Pickaboo, etc.)  
  
· Consider changing the default sort option from "Highest Rated" to "Most Reviewed" for new 
users or for product categories where trust is low.  
· Display both numbers prominently: "500 reviews, 72% positive" is more useful than "4.2 stars" 
alone.  
· Consider flagging products with high volume but unusually low valence (e.g., a warning: "Many 
buyers have reported issues with this product").  
  
 
7.5.3 For Consumers  
  
· Do not trust a 5-star product with only 10 reviews. Look for products with at least 200–300 
reviews.  
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· Check both volume and valence. A 3.8-star product with 1,000 reviews is often a safer buy 
than a 4.8-star product with 30 reviews.  
· Read a sample of negative reviews. If the negatives are about shipping speed (not product 
quality), the product itself may still be fine.  
 
  
7.6 Limitations of the Study  
  
This study has several limitations that readers should consider.  
  
First, the Sales_Index is a platform-provided metric, not actual transaction counts. I do not know 
exactly how it is calculated. It could be based on a combination of units sold, revenue, or even 
views. However, it is the best available proxy.  
  
Second, causality is unclear. Do reviews drive sales, or do popular products naturally attract 
more reviews? Probably both. A product that starts selling well for other reasons (e.g., low price, 
good SEO) will accumulate reviews, which then boost sales further. My cross-sectional design 
cannot disentangle this reverse causality.  
  
Third, the data are cross-sectional, so I cannot track changes over time. A product's review 
volume and valence evolve; a snapshot at one point may not represent the entire customer 
journey.  
  
Fourth, the valence index I used (positive minus negative) is simple. More nuanced sentiment 
analysis (e.g., using natural language processing on review text) would capture aspects like 
sarcasm, mixed emotions, or specific complaints.  
  
Fifth, the sample excludes products with zero reviews. Therefore, my findings do not apply to 
brand-new listings. For a product with no reviews, consumers must rely on other cues (price, 
brand, seller rating).  
  
Sixth, I did not control for seller reputation (e.g., seller rating, years on platform) or delivery 
speed, which also affect sales. These are omitted variables.  
  
Finally, the data come from a single platform (Daraz). Generalisability to other Bangladeshi 
platforms like Pickaboo or AjkerDeal is unknown, though Daraz is the market leader.  
  
 
 
7.7 Recommendations for Future Research  
  
Based on the limitations above, I offer five recommendations for future research.  
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First, future studies should use longitudinal data to establish causality. Tracking the same 
products over several months would show whether changes in review volume precede changes 
in sales.  
  
Second, researchers should obtain actual sales figures (number of units sold) rather than 
platform-provided indices. This would increase confidence in the findings.  
  
Third, future studies should include seller reputation variables such as seller rating, years active 
on the platform, and response time to customer complaints.  
  
Fourth, qualitative research (interviews or focus groups with Bangladeshi online shoppers) could 
uncover the cognitive processes behind how volume and valence are weighted. Do shoppers 
consciously look for volume first? Or is it an unconscious heuristic?  
  
Fifth, experimental studies could test interventions. For example, randomly showing different 
review displays (e.g., sort by most reviewed vs highest rated) to different users would provide 
causal evidence.  
  
7.8 Conclusion  
  
This study analysed 180 products from Bangladeshi e-commerce platforms to test whether 
online review volume and review valence influence sales performance. Using independent 
samples t-tests and multiple linear regression on actual secondary data, I found that both 
variables have statistically significant associations with sales.  
  
· Review volume (H1): t(115.4) = 7.83, p < 0.001 – high-volume products sell significantly more.  
· Review valence (H2): t(178) = 2.34, p = 0.020 – positive valence products sell more. · 
Joint effect (H3): t(102) = 2.48, p = 0.015 – even among high-volume products, positive 
valence boosts sales further.  
  
Products with high volume (500+ reviews) and positive valence together succeeded 74.5% of 
the time. Category and average rating did not predict sales once volume and valence were 
considered.  
  
In a low-trust digital market like Bangladesh, the sheer number of reviews acts as a powerful 
heuristic for product legitimacy. Consumers appear to use volume as a safety signal before they 
even read the sentiment. Sellers should therefore prioritise accumulating reviews – through 
legitimate post-purchase requests, incentives, and excellent customer service – before 
fine-tuning sentiment. Platform designers should consider displaying volume more prominently 
and adjusting default sorts.  
  
Despite its limitations, this study provides the first empirical, data-driven evidence on eWOM 
and sales performance in Bangladeshi e-commerce, filling an important geographic and 
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methodological gap. I hope the findings help sellers make better decisions, platform designers 
create more useful interfaces, and consumers make more informed purchases.  
 
 
 
8: Reflection  
 
8.1 Introduction  
 
This chapter reflects on my personal learning journey throughout this research project. I discuss  
the challenges I faced, the skills I developed and how this experience will help me in the future.  
This reflection is written in the first person and is based on my honest experiences as a student  
researcher.  
 
 
 
8.2 Difficulty Understanding and Analysing Secondary Data  
 
As this assignment was based on quantitative research using secondary data, I initially found it  
difficult to understand and analyze data collected by someone else. Unlike primary research,  
where I would have designed the questionnaire and collected responses myself, secondary data  
required me to work with a dataset that I did not create. I did not know how the Sales_Index was  
calculated, or exactly how the Review_Valence_Index was derived. This lack of control made  
I felt uncertain at the beginning.  
I also struggled with the fact that secondary data often comes with limitations that I cannot fix.  
For example, my dataset had no products with zero reviews, so my findings cannot apply to  
brand-new listings. I learnt that working with secondary data means accepting these  
limitations and being transparent about them in the research paper. This was a valuable lesson  
for me,research is not about having perfect data but about honestly analysing what is  
available.  
 
 
8.3 Learning to Use SPSS for the First Time  
 
This was my first time using SPSS, so it took me some time to understand how the software  
works and how to carry out the analysis correctly. When I first opened SPSS, I was confused by  
the two views (Data View and Variable View). I did not know how to import my Excel file and I  
received several error messages. I watched YouTube tutorials and asked a classmate for help.  
Eventually, I learnt how to recode variables, run descriptive statistics, perform independent  
samples t-tests and conducts multiple linear regression.  
One specific challenge was interpreting Levene's test. I did not understand why SPSS gave two  
rows for the t-test (equal variances assumed vs not assumed). After reading the SPSS manual  
and watching a tutorial, I learnt that Levene's test checks whether the variances of the two  
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groups are equal. If the p-value is below 0.05, I must use the "equal variances not assumed"  
row. I applied this correctly in my analysis. I am proud that I learnt a new software tool from  
scratch within a few weeks. This skill will be useful for any future research I conduct.  
 
 
8.4 Challenges with Data Preparation  
 
Before running any analysis, I had to clean and prepare the data. The original Excel file had  
some corrupted rows that I had to remove. I also had to decide how to categorise review  
volume. I examined the distribution and chose natural breaks at 100 and 500 reviews but this  
The decision was somewhat subjective. I worried that a different researcher might have chosen  
different cutoffs. I learnt that research involves making reasoned decisions, and as long as I  
document my choices clearly, my work remains valid.  
Another challenge was opening the Excel file in SPSS. The file would not open directly. I tried  
several solutions and finally succeeded by saving the file as an older Excel format (.xls). This  
was frustrating at the time, but solving the problem gave me confidence in my technical abilities.  
 
 
8.5 Time Management Lessons  
 
I underestimated how long data analysis would take. I thought that after collecting the data, the  
analysis would be quick. In reality, cleaning the data, recoding variables, running tests, and  
interpreting the output took several days. I also spent a lot of time writing and rewriting the  
methodology chapter to make sure I accurately described every step. In the future, I will allocate  
more time for data analysis and less time for the early chapters.  
 
 
8.6 What I learnt About Research  
 
This project taught me several important lessons about research. First, I learnt that findings do  
not always match expectations. I expected valence (positive reviews) to matter more than  
volume. Instead, my data showed that volume had a stronger effect on sales. This taught me to  
let the data speak, not my assumptions. A good researcher is open to whatever the results  
show, even if they are surprising.  
Second, I learnt the importance of connecting theory to data. The Information Adoption Model  
(IAM) guided my hypothesis development. Without a theoretical framework, I would have just  
been running random tests without a clear purpose. The IAM helped me explain why volume  
and valence should matter: volume increases credibility, and valence increases perceived  
quality.  
Third, I learnt that limitations are not failures. Every study has limitations. My job as a  
researcher is to acknowledge them honestly and suggest how future research can address  
them. My instructor appreciated that I included a limitations section.  
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8.7 How This Will Help Me in the Future  
 
This project has prepared me for future academic and professional work. I now understand how  
to:  
· Formulate research questions and hypotheses  
· Choose appropriate statistical tests (t-tests, correlation, regression)  
· Use SPSS for data analysis  
· Interpret p-values, t-values, and effect sizes  
· Write a complete research paper with all required chapters  
· Respond to feedback from supervisors  
If I do another research project, I will plan my time better and learn the required software earlier.  
I will also spend more time proofreading before submission. I am grateful for the feedback from  
my instructor, which helped me improve the paper significantly.  
 
 
8.8 Final Thoughts  
 
Completing this research project was challenging but rewarding. There were moments of 
frustration, especially when SPSS gave errors or when I could not open my Excel file. But there 
were also moments of satisfaction, such as when my t-test results were significant and when I 
successfully created all the tables. I am proud of what I have accomplished. I now feel more 
confident as a researcher, and I have skills that will serve me well in my future studies and 
career. 
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Appendix B: 
Recoding used in SPSS 
 
Original Variable  New Variable Recoding Rule 
Review_Count Volume_Group 1 = 1–99 2 = 100–499 3 = 

500+ 
Review_Valence_Index  Valence_Group 0 = Negative (<0) 1 = 

Positive (≥0) 
Sales_Index Sales_Category (descriptive 

only) 
0 = Low (≤503.5)  1 = High 
(>503.5) 
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