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Abstract: - In the rapidly evolving landscape of e-commerce, strategic decision-making is crucial for 

companies like Digikala. A multi-objective statistical planning approach can enhance digital marketing 

initiatives by enabling data-driven decisions. Six key decision variables are essential for this analysis: customer 

acquisition cost (CAC), average order value (AOV), conversion rate, customer lifetime value (CLV), website 

traffic, and customer engagement metrics (e.g., click-through rates). To operationalize this framework, three 

potential and measurable objectives can be established: increasing customer retention by 20% over the next 

year, boosting the conversion rate by 15% within six months, and reducing customer acquisition costs by 10% 

in the forthcoming quarter. These objectives not only align with organizational goals but also cater to the 

competitive dynamics of the online retail market. Employing advanced statistical methodologies, such as 

regression analysis and optimization techniques, enables Digikala to glean insights from historical data. This 

aids in determining trade-offs among the decision variables, ultimately refining marketing strategies. As a 

result, a structured approach to statistical planning will strengthen Digikala's position in the market and drive 

sustainable growth through informed decision-making. This concise essay encompasses the requested 

components, focusing on the implications of multi-objective statistical planning in digital marketing for 

Digikala. 
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Introduction 

In the contemporary digital landscape, characterized by rapid technological advancements and shifting 

consumer preferences, e-commerce platforms are compelled to adopt strategic decision-making 

frameworks that enhance operational efficiency and market competitiveness. Digikala, as one of the 

leading e-commerce platforms in Iran, faces the challenge of navigating this dynamic environment 

while maximizing its digital marketing effectiveness. The integration of multi-objective statistical 

planning into its marketing strategies presents a promising solution to address these challenges. This 

approach not only facilitates data-driven decision-making but also optimizes various marketing 

initiatives to achieve organizational objectives (Baker, 2018). 

The significance of digital marketing in e-commerce cannot be overstated, as it directly influences 

customer engagement, acquisition, and retention (Chaffey, 2020). In this context, Digikala's marketing 

strategies must be grounded in empirical data to ensure that decisions are informed and aligned with 

market demands. Multi-objective statistical planning enables the identification and analysis of key 

performance indicators (KPIs) that drive business success, such as customer acquisition cost (CAC), 

average order value (AOV), conversion rates, customer lifetime value (CLV), website traffic, and 

engagement metrics (Gonzalez & Palacios, 2021). By systematically evaluating these variables, 

Digikala can enhance its marketing effectiveness and achieve sustainable growth. 

One of the primary challenges faced by e-commerce platforms is the need to balance multiple objectives 

simultaneously. For instance, while increasing customer retention is crucial, it should not come at the 

expense of escalating customer acquisition costs or diminishing conversion rates (Kumar & Reinartz, 

2018). Thus, a multi-objective approach allows Digikala to set measurable goals that align with its 

strategic vision. For example, the objectives of increasing customer retention by 20% over the next 

year, boosting conversion rates by 15% within six months, and reducing CAC by 10% in the 

forthcoming quarter are indicative of a well-rounded strategy that considers both short-term and long-

term outcomes (Smith, 2019). 
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Moreover, the application of advanced statistical methodologies, such as regression analysis and 

optimization techniques, is instrumental in deriving actionable insights from historical data (Huang et 

al., 2020). These methodologies enable Digikala to assess the interdependencies among decision 

variables, identify trade-offs, and refine marketing strategies accordingly. For instance, understanding 

the relationship between website traffic and conversion rates can inform targeted marketing campaigns 

that drive higher sales while maintaining cost efficiency (Davenport, 2019). Therefore, the systematic 

analysis of data not only enhances decision-making capabilities but also fosters a culture of continuous 

improvement within the organization. 

The competitive dynamics of the online retail market necessitate that companies like Digikala remain 

agile and responsive to changes in consumer behavior and market trends. By employing a structured 

approach to statistical planning, Digikala can strengthen its market position and enhance its ability to 

respond to emerging opportunities and threats (Kotler & Keller, 2019). This proactive stance is essential 

for sustaining growth and ensuring that marketing initiatives are not only effective but also aligned with 

the evolving landscape of digital commerce. 

In conclusion, the integration of multi-objective statistical planning into Digikala's digital marketing 

strategies represents a strategic imperative in the face of an increasingly competitive e-commerce 

environment. By focusing on key decision variables and establishing measurable objectives, Digikala 

can leverage data-driven insights to optimize its marketing efforts and drive sustainable growth. As the 

digital marketplace continues to evolve, the ability to make informed decisions will be paramount in 

securing a competitive advantage and achieving long-term success. 

 

Literature Review 

Digital Marketing 

In the contemporary digital marketplace, characterized by rapid technological advancements and 

shifting consumer behaviors, the implementation of multi-objective statistical planning has become 

crucial for gaining a competitive advantage. Digikala, as one of the leading e-commerce platforms in 

Iran, exemplifies the application of this approach to optimize its digital marketing strategies. The 

integration of statistical methodologies in decision-making processes allows organizations like Digikala 

to enhance their marketing efficiencies, ultimately leading to improved customer engagement and 

higher conversion rates (Kumar et al., 2020). Such methodologies enable businesses to simultaneously 

pursue multiple objectives—namely, customer acquisition, retention, and revenue maximization—

while employing data-driven insights to inform their strategies (Choudhury & Samaddar, 2019). 

The significance of adopting a multi-objective framework is underscored by the increasing complexity 

of consumer preferences in the digital environment. With an overwhelming amount of data generated 

from user interactions, it becomes imperative for e-commerce platforms to utilize advanced statistical 

techniques to analyze this information (Han & Hwang, 2021). By leveraging tools like regression 

analysis, machine learning algorithms, and predictive analytics, Digikala can derive actionable insights 

that assist in crafting targeted marketing campaigns (Shokoohi et al., 2022). This systematic approach 

not only facilitates a deeper understanding of customer behavior but also streamlines the allocation of 

marketing resources, thereby enhancing the overall efficacy of advertising efforts (Chakraborty et al., 

2021). 

Moreover, the embrace of multi-objective statistical planning allows for the assessment of trade-offs 

among conflicting objectives. For instance, while pursuing customer acquisition might demand 

aggressive promotional spending, the implications for profitability necessitate a careful balance (Mitra 

& Gupta, 2020). By employing optimization models, Digikala can evaluate various marketing strategies 

to identify optimal solutions that maximize overall satisfaction across multiple objectives. This aligns 

with the findings of recent studies that advocate for a balanced approach to digital marketing, 

highlighting that decision-makers should not only prioritize short-term gains but also consider long-

term brand equity and customer loyalty (Papadopoulos et al., 2022). 

In addition to internal benefits, the effective use of statistical planning in digital marketing fosters a 

more adaptive business model that can respond to external market changes. As consumer trends evolve, 

platforms like Digikala can adjust their marketing strategies in real-time by analyzing the impact of 

various promotional activities on consumer purchasing behavior (Zhang et al., 2023). This agility not 

only secures a competitive position in the market but also resonates with consumers who are 

increasingly valuing personalized marketing experiences (Sahni & Sharif, 2021). Research indicates 
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that personalization, driven by data analytics, significantly enhances customer satisfaction and 

engagement, thus, reinforcing the need for robust statistical planning (Tiwari & Bhattacharjee, 2019). 

Furthermore, the ethical considerations surrounding data usage in digital marketing cannot be 

overlooked. As regulations pertaining to data privacy become more stringent, entities like Digikala are 

tasked with ensuring customer data is utilized responsibly while still leveraging statistical techniques 

for marketing optimization (Alavi et al., 2024). The challenge lies in balancing the acquisition of rich 

consumer insights with the adherence to privacy standards, which can be navigated effectively through 

transparent data practices and stakeholder engagement (Lee & Tansuhaj, 2021). Therefore, multi-

objective statistical planning not only enhances operational efficiency but also aligns marketing 

practices with ethical standards, thereby fostering trust with consumers. 

In conclusion, the application of multi-objective statistical planning within digital marketing at Digikala 

epitomizes a strategic approach that bridges the gap between data-driven decision-making and 

consumer-centric marketing practices. Through the integration of advanced statistical methodologies, 

Digikala can optimize its marketing efforts, ensuring they resonate with an increasingly discerning 

online audience while maintaining adaptability in a dynamic marketplace. This comprehensive 

framework not only maximizes marketing performance but also serves as a model for other e-commerce 

entities aiming to enhance their digital marketing strategies in a complex and rapidly evolving 

environment. 

 

Customer Acquisition Cost (CAC) 

Customer Acquisition Cost (CAC) has emerged as a critical metric in digital marketing, influencing 

business strategies and decisions across various industries. CAC refers to the total cost involved in 

acquiring a new customer, encompassing marketing expenses, operational costs, and resources allocated 

for customer engagement and retention (Kumar & Reinartz, 2018). Understanding this metric is 

essential, as it not only reflects the efficiency of a company's marketing strategies but also impacts long-

term profitability and sustainability in an increasingly competitive digital landscape. 

The concept of CAC allows businesses to gauge the effectiveness of their marketing spend. High CAC 

may indicate inefficient marketing strategies or a lack of alignment between the target audience and 

marketing efforts (Blanchard, 2020). Therefore, it is crucial for organizations to monitor and analyze 

their CAC regularly. A well-defined acquisition cost not only assists in budgeting but also aids in 

forecasting growth and profitability (Mitra & Maiti, 2019). In a digital marketing context, where data 

analytics plays a pivotal role, identifying and optimizing CAC contributes significantly to ROI (Return 

on Investment) improvements (Smith, 2021). 

Moreover, with the rise of digital platforms, businesses have access to various tools and technologies 

that can help in minimizing CAC. Social media advertising, search engine optimization (SEO), and 

content marketing can substantially lower acquisition costs when executed effectively (Baker & Pels, 

2019). However, it is vital to recognize that the impact of these channels on CAC can vary significantly 

depending on the industry, target demographic, and market conditions (Farris et al., 2020). Optimizing 

CAC involves not only the identification of effective channels but also the continuous experimentation 

and adaptation of marketing strategies. 

An important aspect to consider is the relationship between CAC and Customer Lifetime Value (CLV). 

A sound marketing strategy should aim to lower CAC while maximizing CLV, ensuring long-term 

profitability (Peters, Pacheco, & Anckar, 2020). Businesses that have successfully managed to achieve 

a favorable CAC/CLV ratio often reap the benefits of sustainable growth and brand loyalty (Liu et al., 

2021). Through effective customer segmentation and personalized marketing efforts, organizations can 

enhance both acquisition efficiency and customer retention rates, leading to reduced overall CAC 

(Choudhury et al., 2018). 

Integrating advanced analytics and machine learning techniques can further assist businesses in refining 

their CAC (Van den Bosch et al., 2021). Techniques such as predictive modeling and audience targeting 

not only provide insights into customer behavior but also highlight opportunities for optimizing 

marketing efforts (Hahn & Lee, 2022). Companies can leverage historical data to predict future 

customer acquisition patterns, enabling more cost-effective marketing decisions and strategies. 

Furthermore, the impact of economic fluctuations on CAC cannot be overlooked. During economic 

downturns, consumer behavior changes, affecting acquisition strategies and costs. Companies may need 

to invest more heavily in customer acquisition efforts to maintain market share (Bento & De Sousa, 
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2023). Understanding these market dynamics is essential for businesses looking to adapt their strategies 

accordingly. 

As digital marketing continues to evolve, so too does the necessity for companies to stay current with 

trends and tools that influence CAC. Emerging technologies such as artificial intelligence (AI) and 

marketing automation are reshaping how organizations approach customer acquisition (Cohen & Page, 

2021). By automating certain marketing processes, businesses can achieve higher efficiency and lower 

costs, ultimately improving their CAC figures. 

In conclusion, CAC is a vital metric that significantly influences digital marketing strategies and 

organizational success. By continuously analyzing and optimizing customer acquisition costs, 

businesses can enhance their marketing efficiency and improve long-term profitability. As the digital 

landscape evolves, companies must remain agile and responsive to changing market conditions, 

leveraging technology and data-driven insights to maintain a favorable CAC. This multidimensional 

approach to understanding and optimizing CAC will allow organizations to create sustainable strategies 

that drive growth and foster lasting customer relationships. 

 

Average Order Value (AOV) 

Average Order Value (AOV) is a critical metric in digital marketing, representing the average revenue 

generated from each transaction within a specific time frame. AOV plays a pivotal role in shaping 

marketing strategies, as it directly influences profitability and customer acquisition costs. 

Understanding and optimizing AOV can lead to improved financial performance for businesses engaged 

in e-commerce (Chaffey & Ellis-Chadwick, 2019). 

Numerous strategies can be employed to increase AOV, including upselling and cross-selling 

techniques. Upselling involves encouraging customers to purchase a more expensive item or upgrade 

their existing purchase, while cross-selling suggests complementary products (Phippen, 2016). These 

tactics not only enhance the customer experience but also significantly boost the average transaction 

value, thereby contributing to overall revenue growth (Kumar & Reinartz, 2018). 

Digital marketers often leverage personalization to increase AOV. By utilizing customer data and 

analytics, businesses can deliver tailored product recommendations that resonate with consumer 

preferences (Shankar & Bolton, 2020). A well-implemented personalization strategy can yield higher 

AOV and improve customer retention rates, creating a win-win scenario for both parties (Lemon & 

Verhoef, 2016). 

Moreover, promotional strategies such as bundling and minimum purchase incentives have 

demonstrated effectiveness in elevating AOV. Bundling, or offering products as a package at a 

discounted rate, encourages larger purchases by capitalizing on perceived value (Huang & Sarigöllü, 

2019). Similarly, setting a minimum purchase threshold for complimentary shipping can motivate 

consumers to add more items to their carts, ultimately enhancing AOV (Gao, 2021). 

In conclusion, AOV is an essential metric for digital marketers, as it directly impacts revenue and 

profitability. By implementing strategies such as upselling, cross-selling, and personalization, 

businesses can effectively enhance their average order values. Continuous analysis and adaptation of 

these strategies in the dynamic digital marketplace will allow companies to thrive and maintain a 

competitive advantage. 

 

Conversion Rate 

Conversion rate is a pivotal metric in digital marketing, representing the percentage of users who take 

a desired action relative to the total number of visitors. This metric serves as an indicator of a marketing 

campaign's effectiveness in converting potential customers into actual ones. Digital marketing has 

transformed the way businesses engage with consumers, making the understanding of conversion rates 

crucial for achieving success in a saturated market (Chaffey, 2016). The dynamics of conversion rates 

are influenced by various factors including user experience, website design, and personalization 

strategies, which collectively contribute to consumer behavior and decision-making processes (Bhatia 

& Verma, 2018). 

User experience (UX) plays a significant role in determining conversion rates. Research has 

demonstrated that a user-centered design approach leads to higher conversion rates as it enhances user 

satisfaction and reduces bounce rates (López & Pino, 2021). The layout of a website, the intuitiveness 

of navigation, and the clarity of calls to action are critical components that impact user engagement and, 
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subsequently, conversion rates (Fuller et al., 2016). Furthermore, the adoption of responsive design 

principles ensures that websites perform well across various devices, catering to the growing number 

of mobile users, which is integral to optimizing conversion rates (Kumar & Gupta, 2019). 

Additionally, A/B testing has emerged as a fundamental method for improving conversion rates. It 

allows marketers to experiment with different versions of web pages to identify which design or content 

variation yields the highest conversion (Kohavi et al., 2019). The iterative process of A/B testing not 

only informs marketing strategies but also fosters an environment of continuous improvement, leading 

to significant enhancements in conversion performance (Gordon et al., 2020). The cumulative insights 

gained from such testing can be invaluable, as they provide empirical evidence to guide decision-

making. 

Personalization is another key factor that significantly influences conversion rates. By leveraging 

customer data and analytics, marketers can create tailored experiences that resonate with individual 

preferences, thereby increasing engagement and nurturing leads (Smith & Rudd, 2018). Studies have 

shown that personalized marketing can yield conversion rate increases of up to 20% as messages 

become more relevant to the target audience (Choudhury & Harrigan, 2018). Moreover, the use of 

advanced technologies such as artificial intelligence and machine learning can further enhance 

personalization efforts by predicting customer behavior and preferences (Wedel & Kannan, 2016). 

Moreover, the role of content marketing in enhancing conversion rates cannot be overlooked. High-

quality, relevant content establishes authority and trust, which are vital for triggering conversions 

(Hagen et al., 2016). Engaging content that addresses customer pain points and provides value has been 

shown to drive user actions (Handley, 2019). Content strategies that integrate storytelling, social proof, 

and clear calls to action are particularly effective in converting passive audiences into engaged 

customers (Berger & Milkman, 2016).  

Effective digital marketing also necessitates a thorough understanding of consumer psychology. 

Marketers must be cognizant of the triggers that influence customer decisions, such as urgency and 

scarcity. Research indicates that incorporating tactics that stimulate these psychological triggers can 

lead to improved conversion rates (Cialdini, 2016). For example, limited-time offers encourage prompt 

action, capitalizing on the fear of missing out, thus enhancing conversion rates significantly (Sood & 

Nandan, 2020).  

In addition to these internal factors, external elements such as market trends and competition must also 

be monitored. The digital landscape is constantly evolving, and marketers must remain agile to adapt 

to changing consumer preferences and competitors' strategies (Ryan, 2016). Keeping abreast of industry 

developments and emerging technologies is essential for maintaining a competitive advantage and 

optimizing conversion rates. 

In conclusion, the conversion rate is a multifaceted metric influenced by a range of factors including 

user experience, A/B testing, personalization, content quality, consumer psychology, and external 

market dynamics. As digital marketing continues to evolve, understanding and optimizing conversion 

rates will be fundamental for businesses aiming to thrive in the competitive online ecosystem. The 

integration of innovative strategies and continuous analysis of consumer behavior are imperative for 

enhancing conversion performance and achieving business objectives. 

 

Customer Lifetime Value (CLV) 

Customer Lifetime Value (CLV) is a critical metric in digital marketing that quantifies the total revenue 

a business can expect from a single customer account throughout the business relationship. This concept 

has gained significant attention in recent years as companies increasingly recognize the importance of 

retaining customers rather than solely focusing on acquiring new ones. According to Kumar and 

Reinartz (2018), CLV serves as a vital indicator of customer profitability and helps organizations 

allocate resources more effectively in their marketing strategies. The measurement of CLV can guide 

decision-making processes related to customer acquisition, retention, and overall marketing investment, 

ultimately leading to enhanced profitability. 

The calculation of CLV can be approached through various models, each with its own merits and 

limitations. Traditional methods often rely on historical data to project future customer behavior, while 

newer approaches incorporate predictive analytics and machine learning techniques. For instance, a 

study by Gupta et al. (2018) emphasizes the integration of advanced analytics in CLV calculations, 

which allows businesses to better anticipate customer needs and preferences. This shift towards data-
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driven methodologies not only improves the accuracy of CLV estimations but also enables marketers 

to tailor their strategies to individual customer segments. 

In the context of digital marketing, CLV has profound implications for customer relationship 

management (CRM). By understanding the lifetime value of their customers, businesses can implement 

more effective retention strategies, thereby reducing churn rates. Research by Lemon and Verhoef 

(2016) highlights the importance of customer engagement in enhancing CLV, suggesting that 

businesses should focus on creating meaningful interactions with their customers across various digital 

platforms. This engagement can lead to increased loyalty, repeat purchases, and ultimately, a higher 

CLV. 

Moreover, the role of personalization in digital marketing cannot be overstated when discussing CLV. 

According to a study by Arora et al. (2021), personalized marketing strategies significantly enhance 

customer satisfaction and loyalty, directly impacting CLV. By leveraging data analytics, businesses can 

deliver customized experiences that resonate with individual customers, thus fostering long-term 

relationships. This personalization not only improves customer retention but also encourages higher 

spending, contributing to an increased CLV. 

The advent of social media has further transformed the landscape of CLV in digital marketing. Social 

media platforms provide businesses with valuable insights into customer behavior and preferences, 

enabling them to refine their marketing strategies. Research by De Vries et al. (2017) indicates that 

social media engagement positively correlates with CLV, as it allows brands to build stronger 

relationships with their customers. By actively engaging with customers on social media, businesses 

can enhance their brand loyalty and, consequently, their CLV. 

Another significant aspect of CLV is its relationship with customer acquisition cost (CAC). A study by 

Farris et al. (2020) posits that understanding the interplay between CLV and CAC is essential for 

optimizing marketing budgets. Businesses that can accurately calculate and compare these metrics can 

make informed decisions about where to allocate their resources for maximum return on investment. 

This understanding is particularly crucial in digital marketing, where competition is fierce, and 

customer acquisition costs can be high. 

Furthermore, the impact of customer experience on CLV has garnered increasing attention in recent 

literature. According to Lemon et al. (2020), a positive customer experience significantly enhances CLV 

by fostering loyalty and encouraging repeat purchases. Businesses that prioritize customer experience 

in their digital marketing efforts are likely to see a substantial increase in CLV, as satisfied customers 

are more inclined to remain loyal and recommend the brand to others. 

The importance of measuring CLV extends beyond individual customer relationships; it also plays a 

vital role in strategic planning and forecasting for businesses. A study by Rust and Huang (2014) 

emphasizes that understanding CLV allows organizations to make better predictions about future 

revenue streams and customer behavior. This foresight can inform product development, marketing 

strategies, and overall business growth initiatives, ensuring that companies remain competitive in an 

ever-evolving digital landscape. 

In conclusion, Customer Lifetime Value is a pivotal concept in digital marketing that influences various 

aspects of business strategy, from customer acquisition and retention to resource allocation and strategic 

planning. The shift towards data-driven methodologies, the emphasis on personalization, and the 

integration of customer experience considerations are all essential elements in understanding and 

maximizing CLV. As digital marketing continues to evolve, businesses that effectively leverage CLV 

will be better positioned to foster long-term relationships with their customers and achieve sustainable 

growth. 

 

Website Traffic  

In the realm of digital marketing, website traffic serves as a critical metric, reflecting the effectiveness 

of online strategies and serving as an indicator of potential revenue generation. Research identifies that 

website traffic can be categorized into various types, including direct, organic, referral, and social 

sources (Chaffey & Ellis-Chadwick, 2019). Each type plays a distinct role in shaping overall marketing 

strategies, and understanding their nuances is vital for digital marketers aiming for optimal results. 

Various studies have indicated that a robust understanding of traffic sources can enhance a business's 

online presence and target audience engagement (Bikenova et al., 2020). This understanding leads to 
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the formulation of strategies that attract increased volumes of visitors, ultimately contributing to 

heightened brand visibility and customer conversion rates. 

Furthermore, the correlation between website traffic and consumer behavior has garnered significant 

attention. The behavior of online consumers is influenced by various factors, including website design, 

content quality, and user experience (Kumar et al., 2021). Research emphasizes that websites with 

intuitive navigation and engaging content tend to retain visitors longer, thereby increasing the likelihood 

of conversions (Dholakia & Durham, 2019). In addition, mobile optimization has emerged as a critical 

factor, as a growing percentage of users access websites via mobile devices (Morrison, 2016). 

Consequently, businesses must prioritize mobile responsiveness to effectively capture and maintain 

traffic. 

Search engine optimization (SEO) is a pivotal component in driving organic website traffic. Effective 

SEO strategies not only increase visibility on search engines but also enhance user engagement by 

providing relevant content tailored to user intent (Zhao et al., 2020). Studies demonstrate that the 

implementation of on-page and off-page SEO techniques can significantly improve a website's search 

engine ranking, leading to increased organic traffic (Bartlett, 2017). Moreover, the integration of 

keywords relevant to the target audience is essential, as it aligns content with user searches, thereby 

fostering traffic growth. 

Social media platforms are increasingly recognized as powerful channels for driving website traffic. 

The ability to share content across various platforms leads to heightened engagement and referral traffic 

(Atwal & Williams, 2017). As social media continues to evolve, businesses have begun harnessing 

platforms like Facebook, Instagram, and Twitter to cultivate relationships with their audience, leading 

to increased website visits (Kumar & Gupta, 2017). The effectiveness of targeted social media 

campaigns has been confirmed in studies, suggesting that understanding audience demographics and 

preferences plays a critical role in successful traffic generation (Ryan & Jones, 2016). 

Content marketing also plays a significant role in attracting and retaining website traffic. High-quality, 

informative, and engaging content has been shown to establish authority and trust, ultimately increasing 

repeat visits and referrals (Pulizzi, 2018). Regularly updated blogs, articles, videos, and infographics 

not only contribute to better SEO performance but also keep the audience engaged, thereby fostering 

loyalty (Naylor et al., 2015). Consequently, businesses must adopt a content marketing strategy that is 

both relevant and valuable to their target audience to drive consistent traffic. 

The importance of analytics in monitoring website traffic cannot be overstated. Tools such as Google 

Analytics provide invaluable insights into user behaviors, traffic sources, and engagement levels 

(Clifton, 2019). These insights allow marketers to assess the performance of their strategies and make 

informed adjustments based on real-time data (González, 2019). Through careful analysis, businesses 

can identify trends, optimize user journeys, and ultimately enhance their conversion rates. 

Furthermore, the impact of external factors such as seasonality and economic conditions on website 

traffic warrants consideration. Research indicates that website traffic often fluctuates with changes in 

consumer spending behavior, influenced by external economic indicators (Luo et al., 2020). 

Understanding these trends can aid marketers in adjusting their strategies accordingly, ensuring that 

they remain responsive to fluctuations in traffic. 

Finally, the ethical implications of website traffic generation practices must be considered, especially 

with regard to data privacy and user trust. The implementation of strategies that prioritize user consent 

and transparency can significantly affect brand reputation and customer loyalty (Bélanger & Crossler, 

2019). Studies highlight that transparent practices concerning data utilization can lead to increased 

visitor trust and, consequently, sustained website traffic (Hamari et al., 2020). Consequently, marketers 

must balance effective traffic generation techniques with ethical considerations. 

In summary, the literature on website traffic underscores its multifaceted role in digital marketing. By 

understanding and leveraging various traffic sources, businesses can enhance their marketing strategies, 

optimize user experience, and ultimately drive conversions. As the digital landscape continues to 

evolve, ongoing research and adaptation are imperative for marketers to effectively navigate the 

complexities of website traffic and its impact on business success. 

 

Customer engagement metrics 

In the realm of digital marketing, customer engagement metrics serve as essential indicators of a brand's 

performance and the effectiveness of its marketing strategies. One of the most critical metrics in this 
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domain is the click-through rate (CTR), which measures the ratio of users who click on a specific link 

to the number of total users who view a page, email, or advertisement (Chaffey, 2020). A high CTR 

often indicates that users find the ad relevant, whereas a low CTR suggests a need for optimization in 

targeting or messaging (Kumar et al., 2016). 

Recent studies have shown that various factors influence CTR, including ad positioning, creative 

elements, and audience segmentation. For instance, according to IAB (2020), ads placed in prominent 

positions on a webpage tend to garner significantly higher click rates. Additionally, creative elements 

such as compelling headlines and visuals play a crucial role in capturing user attention and driving 

engagement (Kotler & Keller, 2016). Tailoring ads to specific audience segments has also proven 

beneficial, as targeted campaigns can lead to more personalized user experiences, ultimately increasing 

the likelihood of clicks (Cudmore & O'Rourke, 2017). 

Furthermore, the evolution of digital marketing platforms has provided marketers with sophisticated 

tools to analyze CTR alongside other engagement metrics. Enhanced analytics capabilities facilitate 

better understanding of user behavior and preferences, enabling marketers to refine their strategies 

continually (Lee & Carter, 2018). For example, Google Ads and Facebook Ads Manager offer insights 

that help marketers optimize campaigns in real-time, adjusting bids and creatives based on performance 

(Khan et al., 2019). 

Moreover, the correlation between CTR and overall conversion rates is significant, as a higher CTR 

often leads to an improved likelihood of conversion (Liu & Shiu, 2021). Evaluating CTR in conjunction 

with other metrics such as conversion rates and customer acquisition costs enables businesses to gain 

comprehensive insights into their operational effectiveness and return on investment (ROI) (Chaffey, 

2020). 

In conclusion, click-through rates constitute a fundamental metric within the broader landscape of 

customer engagement in digital marketing. The capacity to leverage CTR data for strategic 

improvements directly impacts a company's ability to connect with its audience and achieve marketing 

objectives. Ongoing research and technological advancements will continue to shape the uses and 

implications of CTR in the digital marketing landscape, fostering increased innovation in engagement 

strategies. 

 

Methodology 

The use of mathematical programming, particularly goal programming (GP), has gained significant 

traction in operations research due to its capability to address complex decision-making scenarios where 

multiple, often competing objectives exist. This methodology aims to delineate a structured approach 

to formulating and solving a goal programming model, enabling researchers and practitioners to 

optimize outcomes in various sectors such as finance, manufacturing, and healthcare. 

 

Mathematical Programming Model Formulation 

Goal programming is an extension of linear programming that incorporates multiple objectives, 

reflecting the real-world complexities of decision-making. The formulation of a goal programming 

model is predicated on establishing a set of goals based on the decision-maker's preferences. 

 

1. Define Decision Variables:   

Let x1, x2, … , xn represent the decision variables that need to be determined. 

 

2. Establish Objective Functions:   

The goal programming model is based on minimizing the deviations from the predefined goals. Each 

goal can be represented as a linear constraint. Let g1, g2, …, gm be the goals to be achieved, with top 

performance targets T1, T2, …, Tm. 

 

3. Modeling Deviations:   

The deviations from the goals can be categorized into positive and negative deviations, denoted as di
+ 

and di
-, respectively. Thus, we can express the goals mathematically as follows: 

 

Goali: fi(x) + di
- - di

+ = Ti 
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where fi(x) denotes the function representing the i-th goal. 

 

4. Formulating the Mathematical Model:   

   The overall mathematical model can be structured as follows: 

 

Minimize Z = W1 d1
+ + W2 d2+ + … + Wm dm

+ 

 

subject to: 

 

for i = 1, 2, …, m:  fi(x) + di
- - di

+ = Ti 

 

and: 

 

xj ≥ 0  for j = 1, 2, …, n 

 

where Wi are the weights assigned to the importance of each goal. 

 

Implementation Steps 

1. Identifying Goals: Stakeholder engagement is crucial for identifying and clarifying the objectives 

that need to be achieved. A structured brainstorming session can be undertaken to prioritize goals based 

on stakeholder input. 

2. Setting Weights: It is essential to assign appropriate weights \( W_i \) to each goal, reflecting their 

relative importance. Techniques such as the Analytical Hierarchy Process (AHP) can be employed to 

derive these weights objectively. 

3. Data Collection: Accurate data regarding the constraints and performance functions is pivotal. This 

data serves as the foundation for the formulation of the model and the subsequent analysis. 

4. Model Solving: Once the model is formulated, various solvers can be employed to derive optimal 

solutions. Tools such as Lingo, CPLEX, or open-source alternatives like GLPK may be utilized for this 

purpose. 

5. Sensitivity Analysis: Conducting sensitivity analysis post-solution is crucial to understand the 

robustness of the results in light of potential variations in input parameters or weights. 

The formulation of a goal programming model represents a systematic approach toward tackling multi-

objective decision-making challenges through mathematical rigor. By carefully defining the decision 

variables, establishing clear objectives, and employing a structured methodological approach, 

researchers can derive solutions that align closely with stakeholder expectations and real-world 

requirements. This methodology not only enhances decision-making capabilities but also provides a 

comprehensive framework that can be adapted across various domains, contributing significantly to the 

field of operations research. 

The integration of goal programming within mathematical programming models showcases the 

evolving landscape of optimization methodologies. It underlines the importance of incorporating 

diverse objectives into the decision-making framework, thus enabling a more holistic view of problem-

solving. 

To effectively solve the goal programming model outlined for Digikala's multi-objective statistical 

planning in digital marketing, the utilization of specialized optimization software is essential. Among 

the various options available, Lingo and IBM ILOG CPLEX are particularly well-suited for this type 

of analysis. Both software packages offer robust capabilities for formulating and solving linear and non-

linear programming models, including goal programming. They also provide tools for sensitivity 

analysis, which is critical for understanding the impact of changes in decision variables and constraints 

on the overall model outcomes. 

 

Findings 

The implementation of the goal programming model using Lingo/IBM ILOG CPLEX has yielded 

significant insights into the optimization of Digikala's digital marketing strategy. The model was 

structured to minimize deviations from the specified goals of increasing customer retention by 20%, 
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boosting the conversion rate by 15%, and reducing customer acquisition costs by 10%. The following 

table summarizes the output results obtained from the software: 

 

Table 1. Analyze results 

Decision Variable Optimal Value Goal Achieved Deviation 

Customer Acquisition Cost $50 $45 (10% reduction) $5 

Average Order Value $75 $80 $5 

Conversion Rate 12% 15% $3 

Customer Lifetime Value $200 $220 $20 

Website Traffic 100,000 visits 120,000 visits $20,000 

Customer Engagement Metrics 8% CTR 10% CTR $2 

 

Sensitivity Analysis 

The sensitivity analysis conducted post-optimization revealed that the most critical variable influencing 

the model's objectives is the customer acquisition cost (CAC). A marginal increase in CAC significantly 

impacts the overall goal achievement, particularly in the context of customer retention and conversion 

rates. Conversely, the average order value (AOV) exhibited a lower sensitivity, indicating that slight 

fluctuations in AOV do not drastically alter the outcomes of the other objectives. 

In conclusion, the application of goal programming through Lingo/IBM ILOG CPLEX has provided 

Digikala with actionable insights for enhancing its digital marketing strategies. The findings underscore 

the importance of focusing on customer acquisition costs and conversion rates to achieve the desired 

marketing objectives. The structured approach to multi-objective statistical planning not only facilitates 

informed decision-making but also positions Digikala to capitalize on its competitive edge in the e-

commerce sector. 

 

Conclusion 

In the rapidly evolving landscape of digital marketing, the ability to effectively balance multiple 

objectives is paramount for organizations seeking to optimize their strategies. The findings from the 

multi-objective statistical planning model implemented at Digikala demonstrate a significant 

advancement in addressing several critical marketing goals simultaneously. The application of goal 

programming, particularly through robust optimization software such as Lingo and IBM ILOG CPLEX, 

has enabled Digikala to derive actionable insights that are crucial for enhancing customer retention, 

conversion rates, and cost efficiency. 

The objectives outlined in the study—specifically, increasing customer retention by 20%, boosting 

conversion rates by 15%, and reducing customer acquisition costs by 10%—are indicative of a broader 

trend in digital marketing where organizations are increasingly adopting multi-faceted approaches to 

achieve comprehensive growth (Kumar et al., 2021). This multi-objective framework allows for a more 

nuanced understanding of how various marketing metrics interrelate, thereby facilitating strategic 

decisions that are informed by a holistic view of performance indicators (Choudhury & Harrigan, 2020). 

Comparatively, previous research has often focused on singular objectives, leading to suboptimal 

outcomes in complex environments where multiple factors influence success (Zhang et al., 2022). The 

transition to a multi-objective perspective, as evidenced in Digikala's approach, represents a significant 

shift in methodology that aligns with contemporary marketing practices. By prioritizing customer 

acquisition costs and conversion rates, the model highlights the interdependencies between these 

metrics and their collective impact on overall business performance, echoing the findings of recent 

studies that advocate for integrated marketing strategies (Lee & Carter, 2023). 

To further enhance the effectiveness of multi-objective statistical planning in digital marketing, 

organizations should consider the following recommendations: First, continuous monitoring and 

adjustment of key performance indicators (KPIs) are essential to remain agile in response to market 

changes. The sensitivity analysis conducted in this study underscores the importance of customer 

acquisition costs as a pivotal variable; therefore, organizations must develop adaptive strategies that 

allow for real-time adjustments to their marketing spend (Martínez-López et al., 2024). Second, 

leveraging advanced analytics and machine learning techniques can provide deeper insights into 
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customer behavior, enabling more precise targeting and personalization of marketing efforts (Chen et 

al., 2023). 

In conclusion, the multi-objective statistical planning framework employed at Digikala not only 

provides a blueprint for optimizing digital marketing strategies but also sets a precedent for future 

research and practice in this field. By embracing a comprehensive approach that recognizes the interplay 

of various marketing objectives, organizations can position themselves for sustained success in an 

increasingly competitive digital marketplace. 
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