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Abstract:
Retail analytics is becoming a crucial part of modern retail strategy due to the rapid improvements in technology and the digital disruption of traditional retail environments. The aim of this study is to investigate the impact of pricing, promotions and stock levels on retail sales. A quantitative methodology is employed to conduct this research. Secondary data has been collected from the online database. A generalized linear model has been created to justify the hypothesises. The study found that all these three variables have significant effects on retail sales. This study also found that the pricing has a negative impact on sales. 
[bookmark: _Toc229180742]1 Introduction:
One of the fastest growing industries in the current era is retail. Due to the availability of massive amount of the data, data analytics has improved the industry significantly. Academics and practitioners have given the term name Retail analytics. Rapid technology advancements and the digital disruption of conventional retail settings have made retail analytics a key component of contemporary retail strategy (Vel´asquez, 2025). In the retail sector, this area is revolutionary (ibid). It is characterised by its ability to use massive amounts of data to improve consumer experiences, streamline decision-making procedures, and provide more complex and useful insights into consumer behaviour and retail operations (ibid). TechSci Research projects that the worldwide retail analytics market will develop at a compound annual growth rate (CAGR) of 19% between 2017 and 2022 due to the retail industry's growing use of sophisticated analytics solutions (Bansal, 2025).  The methodical application of data to comprehend consumer behaviour, preferences, and purchase dynamics is referred to as retail customer analytics (Shafa, 2022). The retail sector employs a sizable fraction of the labour force in many countries, making it a significant contributor to global economies (Rooderkerk et al., 2022). To obtain actionable insights, make prompt choices, and satisfy changing customer expectations, the retail industry is becoming more dependent on real-time data analytics (Akerele et al., 2024). Retailers can rapidly analyse vast amounts of data thanks to real-time analytics, which gives them insight into consumer trends, preferences, and behaviours (ibid). Retail companies may improve the whole shopping experience and gain a competitive edge by employing real-time analytics to modify pricing strategies, optimise inventory management, and customise promotions to meet urgent client needs (ibid). Furthermore, Real-time analytics enable merchants to take proactive rather than reactive measures in a market where competition are always changing and consumer tastes are changing quickly (ibid). For example, retailers can improve store layouts, expedite checkout procedures, and shorten wait times by using real-time data to understand client movements in-store or online (ibid).  
Retailers may make well-informed decisions based on quick and precise information by utilising real-time data analytics, which improves consumer experiences and operational efficiency (Raji et al., 2024). The use of real-time data analytics, demand forecasting, and cross-border e-commerce all have an impact on the various practices and tactics that define global retail markets (ibid). Global retailing has seen a rise in the use of artificial intelligence and machine learning algorithms, with research showing how these technologies are used in supply chain management, demand forecasting, and decision-making (ibid). This involves using real-time data for pricing intelligence, demand forecasting, and consumer segmentation to improve decision-making and operational effectiveness (ibid). The area has shifted from being dominated by regression modelling and descriptive statistics to predictive and prescriptive analytics powered by machine learning algorithms (Shafa, 2022). In addition, quantitative research shows that the forecast accuracy of customer lifetime value (CLV) and churn models is greatly increased by including machine learning (ML) models like gradient boosting and neural networks (ibid). This development represents a paradigm change from intuition-driven marketing to evidence-based tactics, where analytics technologies are employed to improve profitability, streamline inventories, and customise products (ibid). The quantifiable impact of ML-based analytics on retail performance measures including inventory turnover, customer retention rates, and sales forecasting accuracy has been repeatedly shown by empirical study (ibid). Retail data analytics, when used properly, turns unprocessed data into a strategic asset that powers every facet of the company. (Bansal, 2025). 
Most of the data recorded in the retail field are related to price, sales, promotions, stocks and so on. There has been much research focused on significance of various variables such as price, stock, promotions on sales. The profit margins of many industrial businesses are reduced by rising raw material costs and the favourable growth of the price index in nations all over the world (Friess and Kassemeier, 2024). Price rises hurt the offering's appeal to consumers and hence reduce future sales volumes, even when they are a reasonable response to rising input prices (ibid). Therefore, in order to avoid a scenario where anticipated profit improvements result in a detrimental decline in sales, businesses must carefully analyse how their customers respond to price increases (ibid). A price response function, or more broadly, a sales response function, links a brand's sales to its own and competing brand prices, to related marketing initiatives (such as feature or display advertising), and/or to additional covariates that take store or time-specific effects into account. (Aschersleben and Steiner, 2024). Furthermore, the idea that large inventories can boost demand in addition to improving service quality is central to modern inventory management philosophy (Chuang and Zhao, 2019). For several reasons, high inventories may increase demand good stocks, for instance, might boost product exposure, indicate a popular product, reassure customers of good service standards and future availability, or spread a product among several areas on the sales floor to promote demand (ibid). This is also commonly referred to as the "demand stimulation effect," which describes how an increase in inventory raises demand and sales (ibid). Researchers in operation management have mathematically examined these ideas and analytical models of different retail environments (ibid). Additionally, in many retail environments, inventory is kept in a backroom and only a small portion is on display on the sales floor (Xue et al., 2017). From an operational perspective, carrying an item in the backroom is usually more expensive than carrying it on the retail shelf. In addition, handling and labour costs are associated with moving products between the two locations (ibid). Similarly, discounts and special offers encourage consumers to explore new products, make larger purchases, and spend more (Mishra et a., 2024). Based on their objectives and the market, businesses create a variety of promotional offers, each of which will appeal to a different clientele (ibid). To investigate the relationship between discount offers and purchase decisions, Ahmad et al. (2015) studied clients in Bahawalpur City and discovered that promotions account for a significant portion of overall sales (Mishra et al., 2024). In marketing communications, promotion is a one-way flow of knowledge or persuasion to direct people or organisations (Harahap and Situmorang, 2023). For businesses to sustain continuity and raise the calibre of their sales, promotion is crucial (ibid). 
There are various studies on retail analytics, which related to price, stock, promotional activities to investigate the impact on sales. However, it has not been done to combine all these variables to examine the effects on sales. The current research is trying to use retail analytics and combine price, inventory and promotions from the transactional data and examine how it affects the sales. 

[bookmark: _Toc229180743]2 Related Literature and Hypotheses Development:
[bookmark: _Toc229180744]2.1 The impact of pricing on sales:
Every business needs to make certain choices about pricing (Igani et al.,2025). The value at which a seller is willing to trade and the value at which a buyer is willing to take part in that transaction are represented by price (ibid). It is important because product price has a significant impact on consumers' purchasing behaviour in the competitive market of commodities, products, types, consumers, ethnicities, and preferences (Zhao et al., 2021). In addition, Igani et al. (2025) claimed that the product's saleability is determined by its price; a badly designed pricing strategy will have a detrimental effect on the product. If a business wants to attract more customers, they need to do employ an appropriate pricing strategy. Similarly, Zhao et al. (2021) supported that pricing is thought to have a big impact on customers' purchasing decisions because higher prices result in fewer units being sold. One of the most creative and economical practice-based entrepreneurial marketing techniques is an efficient pricing plan (Kawira, 2021). This is since efficient pricing strategies help businesses choose rates that maximise profits and shareholder value while taking consumer and market demand into account (ibid). However, it is a challenging task for the organization as being sensitive and if they made a mistake regarding the pricing, business would lose the attention of customers. The managers participating in this process need to comprehend how their customers view the pricing of their goods and services, creating and establishing prices is a difficult and complex undertaking (Igani et al.,2025). 
There have been many studies done on pricing strategies. One study examines on how pricing methods affect Nigerian pharmaceutical companies' sales results, specifically, the study looked at how sales performance was affected by cost plus pricing, value-based pricing, competitive pricing, penetration pricing, and skimming pricing (Oyegbami et al., 2025). Furthermore, one study done by Kawira (2021) that evaluated how pricing strategy affected Kenyan MSMEs' (micro, small, and medium-sized enterprises) performance. The survey was conducted using a descriptive design where 8,526 licensed MSMEs in Tharaka Nithi County made up the study population (Kawira, 2021). Moreover, consumer purchasing behaviour is significantly influenced by the relationship between product pricing and packaging, but customer happiness acts as a mediating factor, as demonstrated by research done on Chinese university students (Zhao et al., 2021). Similarly, another study that conducted by Igani et al., (2025), examined on the connection between Port Harcourt food and beverage companies' sales success and pricing plan concerns. The study used a census approach and examined all the companies, concentrating on middle- and lower-level managers (ibid). Likewise, in an experiment conducted over 106 mealtimes with 13,840 meal options at a University of Cambridge (UK) cafeteria, Garnett et al. (2021) slightly altered the cost of meat meals by 20p (from £2.52 to £2.72) and vegetarian meals by 20p (from £2.05 to £1.85). 
[bookmark: _Toc229180745]2.2 Impact of Promotions on Sales:
It has been demonstrated that retailer sales promotions have a major impact on customer behaviour and market demand (Abolghasemi et al., 2020). Promotion is a marketing strategy that suggests adding value to a product to obtain more than what is already there within a specific time frame to boost sales and customer purchases (Harahap and Situmorang, 2023). Using sales promotion tools is a key component of modern marketing strategies (Sinha and Verma, 2020). As they draw in potential customers and encourage them to make a purchase, sales promotion tools are becoming increasingly popular in contemporary marketing strategies (ibid). Through marketing initiatives, the promotion seeks to educate, persuade, and remind consumers about the goods being promoted (ibid). The advantages that a sales promotion tool offers influence the psychological assessment of the consumer, and customers assess the sales promotion offer and determine its profitability (ibid). Promotional strategies are one of the most effective tools to promote brands. According to Yasa et al. (2020), to reinforce the brand and increase market awareness and knowledge of the product innovation, a more extensive promotional approach is required. Proper and intensive implementation of a promotional plan is anticipated to produce a greater competitive advantage, which will boost marketing performance (ibid). There various types of promotional strategies are employed by the business organizations. To boost traffic and sales, merchants regularly employ a range of promotional tactics, including discounts and other forms of advertising (Mishra et al., 2024). For example, by addressing customers through screen-mediated sales presentations (e.g. Amazon live, Facebook live) for a range of products, livestream retailing enhances conventional go-to-market tactics (Bharadwaj et al., 2022). Similarly, businesses have embraced green marketing to boost sales, profitability (business performance), and eventually their brand image (Mukonza and Swarts, 2019). Sales promotions include discounts, coupons, flash sales, and loyalty bonuses (Mishra et al., 2024).
Many studies have been conducted on sales promotions. Harahap and Situmorang (2023) have done research which goal was to ascertain how price reductions and promotions affected sales. The study's cohort consists of all 355 customers that purchased medical devices from a Medan City company between April and June of 2020 (ibid). Mishra et al., (2024) examined how sales promotions affect consumers' purchase decisions in the clothing industry and investigates several sales promotion strategies that can draw customers and affect their choices in the clothing industry. The study's methodology is based on a statistical analysis of 330 Indian residents between the ages of 18 and 35 who answered closed-ended questionnaires as part of fieldwork (ibid). Furthermore, Abolghasemi et al. (2020), have developed and tested a regime-switching approach that quantifies systematic information and incorporates it into the baseline statistical model. In addition, a study by Sinha and Verma (2020) examines the moderating effect of product categories on the relationship between sales promotions, their benefits, and consumer perceived value. It also evaluates the impact of sales promotions' benefits on customer perceived value. A sample of 400 Indian customers was employed in the study, and the research assumption was assessed using the "Structure Equation Modelling" technique (ibid). Moreover, Dolega et al. (2021) investigated the effects of daily social media participation on daily business outcomes, including website traffic, orders, and sales, using specific data collected over a 12-month period from a prominent online shop. Similarly, Yasa et al. (2020) carried out a study to elucidate how promotional strategy affects marketing performance and enhances the Tenun Ikat industry's competitive edge in Bali, Indonesia. 100 owners or managers of Tenun Ikat SMEs in Bali, Indonesia, were chosen as a sample and subjected to structural equation modelling analysis (ibid). Additionally, a framework to covertly identify salespeople's faces and concurrently extract six emotions—happiness, sadness, surprise, anger, fear, and disgust—was created by Bharadwaj et al. in 2022. 99,451 pitches are compared with real sales transactions on a livestream retailing platform (ibid). 
[bookmark: _Toc229180746]2.3 Impact of Inventory levels on Sales:
One of the company's most significant assets is its inventory (Kim et al., 2021). The secret to reducing the enormous losses caused by overstocking is an effective inventory management strategy (Chakraborty et al., 2025). Companies can reduce the losses by just providing products to the customer quickly. The idea that large inventories can boost demand in addition to improving service quality is central to modern inventory management philosophy (Chuang and Zhao, 2019). It is because good inventories can be used to spread a product across several areas on the sales floor to raise demand, signal a popular product, boost product exposure, and assure customers of good service standards and future availability (ibid). In addition, retailers have profited more from the use of inventory tracking and control technologies to increase operational efficiency in store and channel management; yet it seems that efforts in this area have not succeeded in coordinating the operations in the shop backroom and on the sales floor (Xue et al., 2017). However, according to Allon et al. (2011), a fast-food drive-thru chain's market share can increase by an average of 1% to 3% for every seven seconds that customers must wait (cite in Deshpande and Pendem, 2023). It is evident that faster services provide a better sale, however according to Sweeney et al. (2022), bigger variety of products have been shown to affect businesses that offer them in both positive and negative ways. There are benefits and drawbacks to keeping inventory, and its main function is to act as a safety net against market volatility (Kim et al., 2021). More product diversity is linked to poorer operational effectiveness, but it also enables businesses to boost revenues by expanding their customer base or enticing existing clients to make larger, more frequent purchases (Sweeney et al., 2022). According to a 2009 Nielsen study, diminishing product categories outnumbered rising product categories two to one at a typical shop, and more than half of all merchants sought to minimise their goods as sorting (cite in Sweeney et al., 2022). This pattern persisted in 2015, when more than 54% of shops questioned said they were reducing rather than expanding or maintaining their product assortment (Sweeney et al., 2022). Due to the amount of variety product is substantial. Some sellers provide more than 40,000 stock-keeping units (SKUs) across dozens of various product categories from hundreds of different brands (Sweeney et al., 2022). Furthermore, according to Kim et al. (2021), finding the right inventory levels to optimise business performance is a challenging task. 
There have been many related works done by the researchers. In addition to offering a unique method for figuring out the ideal quantity of safety stock, Tadayonrad and Ndiaye (2023) present a Key Performance Indicator to be employed in the demand forecasting process that yields more effective outcomes in terms of inventory costs. Research on supply chain coordination with a single supplier supplying a single product to several downstream purchasers has been conducted by Chakraborty et al. (2025) that examines the scenario in which the supplier suggests implementing vendor-managed inventory (VMI) for each buyer. In addition, a study by Santos et al. (2020) examined how product diversity affects fill rate, inventory, and sales performance in the consumer products sector. Moreover, a thorough performance evaluation of DRL in three traditional and unsolvable inventory problems—lost sales, dual sourcing, and multi-echelon inventory management—was presented by Gijsbrechts et al. (2022). Similarly, Deshpande and Pendem (2023) investigated how logistics service ratings and third-party merchants' sales on an e-commerce platform were impacted by logistics performance parameters such delivery time and customer-requested delivery speed. Researchers employed the Heckman ordered regression model to explain the variation in customers' ratings of logistics performance and the probability of customers posting a logistics rating using a large data set of over 15 million customer orders on the Tmall platform and Cainiao network (Alibaba's logistics arm) (ibid). Additionally, Sweeney et al. (2022) examined how product variety affects business performance in a retail environment. Researchers created a multiple stage regression model using data collected from a large retailer over a 32-week period for 12 product categories. They discovered that the effects of product variety on inventory levels, stockout rates, and sales vary between more hedonistic and more utilitarian product categories (ibid). Likewise, to assess the effect of resilience tactics in a multi-stage supply chain (SC) during a pandemic, Moosavi and Hosseini (2021) created a measurement technique. They suggest a technique for using simulation to infer quantitative resilience assessment (ibid). Moreover, Chuang and Zhao (2019) introduced two simultaneous equation modelling (SEM) systems to investigate the simultaneous and interaction impacts of order amount, inventory level, and sales demand in dealerships using data from General Motors dealerships. Xue et al. (2017) looked at a periodic-review inventory system in which the quantity of goods on the shelf determines the stochastic demand in each period. 
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The existing literature explained the impact of the price of product, promotional activities and inventory levels on sales performance in various industries. The existing literature on retail analytics has shown a significant progress. From the current research, it is evident that the price has been playing a key role in the sales and key driver of the demand. However, the evidence is mainly contextualised and varies on the produce types. In addition, one study argued that along with the product price the packaging is playing an influential role. Furthermore, one study (Harahap and Situmorang, 2023) found that price reduction and promotional offers impacted the sales. Current research showed that the promotions significantly affected the demand and purchase decisions. In addition, there have been developed various statistical models that can quantify information. Another study by Sinha and Verma (2020), product categories' moderating impact on the connection between sales promotions, their advantages, and customers' perceptions of their worth. Moreover, promotional activities through social media have also significant impact on sale performance. Some study revealed the relationship between promotional activities and marketing performance. Research has been done on demand forecasting process that showed how it effects the inventory cost. Additionally, research has been done on supply chain coordination. Furthermore, a study by Santos et al. (2020) looked at how product diversity impacts sales performance, inventory, and fill rate in the consumer goods industry. Finally, there have been numerous advanced forecasting models that used machine learning and Artificial Intelligence to predict the effect on sale performance. 
From the above discussion, it can be observed even though the field of retail analytics is vastly progressed, there is not any research that combined price, promotions and stock in one unified model to investigate the impact of sales performance. Most of the studies have done in separately. In addition, most of the studies focused on forecasting and model development, but there is not much evidence to strong operational decision making for the management of an organization. Furthermore, there are various sampling being used for regression analysis, such as survey, census, experiment, questionnaire and so on, nonetheless there is not any actual store-product level transactional data collected for the analysis. 
Therefore, the current quantitative research method project’s aim is to integration of price, promotions and stock in one regression model, by using store-product level highly granular transactional data and providing an interpretable statistical result that could offer the management practically applicable insights rather than forecasting.
Research objectives: 1. to examine the effect of price on retail sales performance, 2. to evaluate the influence of promotional activities on sales, 3. to assess the impact of inventory (stock levels) on sales, and 4. to develop a regression model explaining variations in sales performance. 

The first object of this project is to see whether the price has effect on sales performance, and existing literature suggests that it has negative impact on performance. Hence, the price effect null hypothesis H10= Price has not significant effects on sales, and Alternative hypothesis H11= Price has significant negative effects on sales. 

The second objective of this project is to investigate the promotions have effects on sales performance, and existing literature support that it has positive impact on sales. Therefore, the promotion effect null hypothesis H20= Promotional activities have no significant effects on sales, and alternative hypothesis H21= Promotional activities have a significant positive effect on sales. 

The third objective of this project is to find out the impact of inventory levels on sales performance, and existing literature assumes that it has positive and negative relation with the sales performance. As the result, the inventory level effect null hypothesis H30= stock levels have no significant effect on sales. H31= stock levels have a significant effect on sales.
[bookmark: _Toc229180748]3 Methodology: 
[bookmark: _Toc229180749]3.1 Data Collection and Descriptive Statistics:
According to Rahman et al. (2022), collecting data is not an easy task for the researchers. The researchers won't be able to answer the study's research questions in their current form because they won't be able to gather data from every scenario (ibid). For this project work, secondary data is used that collected from an open-source database “Kaggle”. Due to the time limitations, actual primary data could not be collected. However, collected dataset is a large enough that meet the purpose of this research. Although secondary data analysis (SDA) is not as credible as the primary data, there are few additional advantages in using it. According to Heaton (2004), one advantage of secondary analysis of qualitative data is that it relieves research participants and community partners who work with researchers to find, reach, and enlist research participants of the burden of participation (Cited in Ruggiano and Perry, 2019). In addition, the practice of exchanging data for SDA has also been encouraged by academics, who claim that it may provide answers to novel research topics and boost statistical power and sample sizes (Ruggiano and Perry, 2019). The dataset has been collected for this project is a large one which has 1048576 entries and for the ethical reason the confidentiality is also secured. 
This dataset has multiple variables, product_id, store_id, data, sales, revenue, stock, price, promo_type_1, promo_bin_1, promo_type_2, promo_bin_2, promo_discount_2 and promo_discount_type_2. However, promo_discount_2, promo_discount_type_2, promo_type_2 and promo_bin_2 do not have enough record to analyse, therefore, these variables are removed from the dataset to make it clearer. For this project work, the most important variables are price, promo_type_1 and stock as independent variables and the sales is the dependent variable. 
The collected dataset is originally a csv file that needed to import in the SPSS. There were some modifications needed to adjust the variable types, for example, promo_bin_1 was a categorical variable, which needed to transform into numerical variables and renamed as promo_bin_num. In addition, three more variables created from the data, Month_feature, Weekday_feature, and Quarters_feature. 
Descriptive statistics are the numerical methods or graphical approaches used to arrange and characterise the features or components of a particular sample (Fisher and Marshall, 2009). The goal of descriptive statistics is to characterise both the dispersion or variance and the midpoint of a spread of scores, which is sometimes referred to as the measure of central tendency (ibid). This descriptive statistical analysis helps to understand the dataset more profoundly. After applying this in SPSS, it provides the information that shown in the figure: 1; 
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Figure 1: Descriptive Statistics.
From the figure 1, this is a measure of dispersion or variation. Measures of dispersion, also known as measures of variation, are used to illustrate how widely distributed (or varied) a data set is (Mishra et al., 2019). It is the quantitative degree to which values in a population or sample vary or are dispersed (ibid). More precisely, it is demonstrating the absence of central tendency measures, typically for mean/median (ibid). These indices provide information on the data's homogeneity or heterogeneity (ibid). 
The minimum value for sales, price and stock is very small .000, .25 and, .000 respectively. On the contrary, the maximum value of these variables is massive 27656, 249.9 and 4655 according. Therefore, it can be assumed that this dataset being right-skewed is very high, it means that it has large clusters of small values and some massive values that is why the smallest value is 0.0 whereas the largest value is 276656. Same is true for the price and stock. 
Similarly, all the Standard Deviations are larger than the mean values. The mean and standard deviation (SD) are used to describe a normal distribution (Herbst et al., 2020). The standard deviation (SD) quantifies the degree to which values deviate from the mean (Mishra et al., 2019). The standard deviation (SD) quantifies the degree to which the data deviate from the mean (ibid). 68% of the results fall within one standard deviation of the mean, 95% within two standard deviations, and 99.7% within three standard deviations which is referred to as the 3-sigma rule or the 68e95e99.7 rule (ibid). 
Since the standard deviations are larger than the mean values, it is impossible to consider 3-sigma. If we consider 3-sigma rule, the one SD, two SD or three SD would be negative values, which is not possible in continuous radio data. This dataset is a real-world complex dataset that has high abnormality. Therefore, normal multi-variate regression model is not fit to analyse this. The researcher of this project work is going to take a different approach called Tweedie Model (generalized linear model) with a log link in SPSS, where no transformation is needed. 
[bookmark: _Toc229180750]3.2 Empirical Analysis and Findings:
According to Alexopoulos (2010), inferential statistics are used for a variety of purposes, including answering questions about the data, testing hypotheses (creating alternative or null hypotheses), producing a measure of effect, usually a ratio of rates or risks, describing associations (correlations), modelling relationships (regression), and many more. Since, the aim of this project is to investigate how significantly the independent variables impacted the dependent variable. Linear regression model is the ideal for this sort of analysis. The process of estimating the coefficients of a linear equation comprising one or more independent variables that most accurately predict the value of the dependent variable—which should be quantitative—is known as linear regression (Alexopoulos, 2010). Multiple linear regression equation is looking like: Y = β0 + β1 Χ1 + …+βρΧρ (ibid). 
From the above discussion in Descriptive statistics, the collected dataset has variance that means it the spread of the variance is more significant than the centre. It is a highly skewed dataset with full of extreme outliers. The following presumptions ought to hold true if a linear model is employed: the dependent variable's distribution needs to be normal for every value of the independent variable; for every value of the independent variable, the variance of the dependent variable's distribution ought to remain constant; all observations should be independent, and there should be a linear relationship between the dependent and independent variables (Alexopoulos, 2010). Therefore, it is not preferable to run a linear regression for this dataset. Instead, different approach known as Tweedie distribution is used. 
An efficient statistical method for modelling data with atypical dispersion characteristics, particularly data with mixed discrete and continuous components, is the Tweedie distribution (Mustafa, 2025). The Tweedie distribution is used in models with continuous data that contains a lot of zero values (ibid). Mustafa (2025) also argued that numerous fields, including data science, ecology, actuarial science, and health science, frequently use data having peculiar dispersion properties. In addition, Dunn and Smyth (2005) claimed that a two-parameter family of distributions made up of a linear exponential family plus an extra dispersion parameter is known as an exponential dispersion model (EDM). Because they represent the response distributions for generalised linear models, EDMs are significant in statistics (ibid). Furthermore, the Tweedie distribution, which belongs to the exponential distribution family, may describe data with polynomial correlations between expectation and variance and discrete-continuous combinational features (Mustafa, 2025). It is used in many different domains, including species population distributions in ecology, total loss modelling in insurance, and complicated data analysis in data science, including modelling the conversion rate of digital advertisements (ibid). 
After applying Tweedie distribution which is a generalized linear model, with a log-link in SPSS several tables are created in the output panel among which three tables are most important:
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Figure 2: Omnibus Test.
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Figure 3: Tests of Model Effects. 
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Figure 4: Parameter Estimates.
These three tables provide very important information about the dataset. 
The figure 2 demonstrates the omnibus test where it explains the significance of the entire model. On the other hand, the figure 3 demonstrates the test of model effects explain the significance of each independent variable of the model. Wald Chi-Square is a value that is like F value in the linear regression model. When number is large the effects are strong. In addition, sig or p-value is determinant of the significance of each independent variables in the model. Finally, figure 4 demonstrate the most important table with three fundamental values B, Sig. and Exp(B). These values explain the significance of the of the project hypothesis. If the B value is negative, it will decrease the dependent variable value, and vice-versa. From this table, the Sig. (p-value) is 0.001 which is lower that 0.05 for each independent variables (price, promo_type_num, promo_bin_num and stock, therefore these variables have impacted the value of dependent variable, sales. Moreover, B value for the price is a negative one which indicates if the price increases the sales will decline. In contrast, other three independent variables have positive effect on sales. 
[bookmark: _Toc229180751]4 Discussion:
In this section the author of this report will discuss whether the outcome from the model. The hypothesises are divided into three sections aligning to the objectives of the project. In the first section there are two hypothesises: null hypothesis, H10= Price has not significant effects on sales, and alternative hypothesis, H11= Price has significant negative effects on sales. From previous section the figure 4 provided information about price variable. From the table, it is clear the B value for price is negative, hence it decreases the dependent variable, sales value. In addition, the Sig. (p-value) is 0.001 which is lower than 0.05 that means it has significance on the sales. Furthermore, the Exp(B) value for price is 0.944 that is not equals to 1, imply that this variable has significant effect on sales, and from this the likelihood of the outcome would decrease by (1-.944) *100%= 5.6%. Therefore, from this analysis, we can say the evidence from this research rejects null hypothesis H10= Price has not significant effects on sales. Additionally, the evidence supports the alternative hypothesis, H11= Price has significant negative effects on sales. 
In the second section of the hypothesis which are related to promotions, null hypothesis, H20= Promotional activities have no significant effects on sales, and alternative hypothesis, H21= Promotional activities have a significant positive effect on sales. Now, the B values for the promo_type_num and promo_bin_num both are positive which indicates that the increase in these variables will increase the dependent variable sales. Furthermore, Sig. (p-value) for both variables is 0.001 which is lower than 0.05 that indicates both these variables have significance in this model. Moreover, the Exp(B) for promo_type_num and promo_bin_num are 1.097 and 1.184 respectively. Therefore, the likelihood increase for promo_type_num is (1.097-1) *100%= 9.7%, and for promo_bin_num it would be (1.184-1) *100%= 18.4%. This empirical evidence rejects the null hypothesis, H20= Promotional activities have no significant effects on sales, and support the alternative hypothesis, H21= Promotional activities have a significant positive effect on sales.
Finally, in the third section of hypothesises that based on the inventory levels effect on sales are: null hypothesis, H30= stock levels have no significant effect on sales, and alternative hypothesis, H31= stock levels have a significant effect on sales. To analyse this, we need to see figure 4, stock variable. Its B value is positive that indicates increases in stock will increase the sales. Similarly, Sig. (p-value) is 0.001 is lower than 0.05 which indicates that the stock variable has significance in this model. In addition, the Exp(B) = 1.003 that indicates the likelihood of increase is, (1.003-1) *100%= 0.3 which is a small increase. From this analysis, it can be said that this empirical evidence from this research reject the null hypothesis H30= stock levels have no significant effect on sales and supports the alternative hypothesis, H31= stock levels have a significant effect on sales. 
Therefore, the evidence gathered for this project rejected all the null hypothesis and supported the alternative.
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Although this project successfully rejected the null hypothesises and proven alternative hypothesises with the empirical evidence, there are several limitations. First, the dataset has been used is a secondary data. In addition, it has been collected from open sources online platform named Kaggle, therefore, there is no guaranty that this dataset is accurate which questions the reliability of this secondary data. If it would have been possible to collect the store level transactional data from an actual retail supermarket this may have been different. Furthermore, in the descriptive statistics section, it is found that the data is inconsistent and there are significant number of outliers in the dataset. The maximum and the minimum values for all variables are massive which indicated that a massive cluster of the dataset is small values along with some massive outliers. Likewise, it is found that the standard variations are also much higher than the mean values, that is not applicable in the continuous ratio data. These hindrances force the researcher to create Generalized linear Model (Tweedie Model), whereas the primary plan was to create regression model. Due to these phenomena, overall complication has been increased that causes more time consumption. Otherwise, this time could be used to improve other sections of the project. Similarly, it is considered to try simple linear regression to justify the correlation between independent variables and dependent variable before trying multiple variables. However, due to the time limitations, in this current research, the process could not be followed. 
[bookmark: _Toc229180753]6 Conclusion:
The pivotal aim of this research project is to investigate the impact of three variables price, promotions and inventory levels on sales from a store level data. The chosen methodology is quantitative approach and secondary data have been used for the analysis. Existing literature has been progressed in the retail analytics, nevertheless with the knowledge of the author there has not been any research done, from the store level raw data and combining three major factors together to find the impact on sales. To justify the objectives of this project six hypothesises have been developed of which three null hypotheses and three alternatives’ hypotheses. Initially the researcher planned to use multiple linear regression analysis, however the collected dataset has a vast number of outliers that forced to use an alternative model. A generalized linear model also known as Tweedie distribution model has been created to test the hypothesises. The model has been created from the collected secondary dataset, has rejected all null hypotheses, and supported the alternative hypothesises. Nonetheless, there are several limitations of the project work, for instance, collected dataset is not from a reliable source. Although this dataset is large and has required variables to conduct this research, if would have been more effective to collect data from actual retail supermarket’s transactional database. Overall, research has been able to attain new knowledge regarding quantitative research as well as statistical analysis while conducting the current project. 
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1. Generalized Linear Models (Tweedie Distribution):


2. Descriptive Statistics:
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Dependent Variable: sales
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