
   

 

International Journal of Global Economics and Management 

ISSN: 3005-9690 (Print), ISSN: 3005-8090 (Online) | Volume 3, Number 2, Year 2024 

DOI: https://doi.org/10.62051/ijgem.v3n2.05 

Journal homepage: https://wepub.org/index.php/IJGEM/index 

 

   

 

Content from this work may be used under the terms of CC BY-NC 4.0 licence (https://creativecommons.org/licenses/by-nc/4.0/). 

Published by Warwick Evans Publishing. 

WEP
Warwick

Evans

Publishing

Analysis of Implementation Strategies for Smart Technologies 
in Digital Marketing 

Zhen Li 

Fistar (Beijing) Trading Co., Ltd, Beijing, China 

 

ABSTRACT 

The study systematically analyzes implementation strategies for digital marketing from the 
perspective of smart technologies and big data and proposes corresponding implementation plans. 
The research utilized user behavior data, marketing data, and user feedback data, which were 
processed and analyzed through data cleaning, standardization, and various analytical methods. 
The results indicate that through K-means clustering analysis, user groups can be effectively 
segmented based on behavior patterns. Personalized recommendation systems showed a 
significant improvement in marketing effectiveness, with click-through rates (CTR) increasing from 
10% to 12.5%, representing a 25% increase, and purchase rates rising from 2% to 2.3%, a 15% 
increase. A/B testing results indicated that the CTR for the young user group (18-35 years) increased 
from 12% to 15%, and for the middle-aged user group (36-55 years) from 8% to 10%. In different 
product categories, the purchase rate for electronics increased from 3% to 3.8%, and for apparel 
from 1.5% to 1.7%. Through reinforcement learning-based ad placement strategies, the ad CTR 
increased from 1.5% to 1.8%, an increase of 20%; customer acquisition cost decreased by 15%, 
from $50 per customer to $42.5 per customer. User feedback data analysis showed that user 
satisfaction scores increased from 4.2 to 4.7, an improvement of 11.9%; customer service response 
time was reduced by 20%, from an average of 10 minutes to 8 minutes. Association rule mining 
indicated that the support and confidence levels for user satisfaction with personalized electricity 
services were 0.8 and 0.9, respectively. The application of smart technologies and big data in digital 
marketing significantly enhances marketing accuracy and effectiveness. Personalized 
recommendation systems and real-time data analysis led to a 30% increase in user interactions on 
social media, from 200 interactions per month to 260 interactions per month. The conversion rate of 
ad placements increased from 5.2% to 6.5%, an increase of 25%. This study provides empirical 
support for the application of smart technologies and big data in digital marketing and offers 
recommendations for future development directions. 
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1. INTRODUCTION 

In recent years, the application of smart technologies and big data has expanded rapidly across various 

industries. Digital marketing, being a highly data-dependent field, has naturally become a primary 

application scenario for these technologies. The core of digital marketing lies in effectively acquiring, 

processing, and utilizing large volumes of user data to enhance the precision and effectiveness of 

marketing strategies. Naumov et al. (2019) studied the application of machine learning in 

personalized recommendation systems and found that it significantly increased user click-through 

rates. Kumar et al. (2020) explored the role of big data in market forecasting, proposing data-driven 
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precision marketing strategies. Their research indicated that big data analysis enables companies to 

predict market demand more accurately, thereby optimizing marketing strategies and increasing 

market share. Choi et al. (2020) examined the application of deep learning in image recognition. By 

analyzing user-uploaded images, they accurately recommended related products, significantly 

improving the effectiveness of ad placements. Nogueira et al. (2018) investigated the impact of social 

media data mining on brand loyalty, discovering that big data technologies can significantly enhance 

user engagement and brand recognition. By analyzing user behavior and feedback on social media, 

companies can develop more targeted marketing strategies, boosting brand loyalty and user retention. 

Chaturvedi et al. (2023) highlighted that AI-driven chatbots in customer service not only improve 

customer satisfaction but also reduce operational costs. Their study found that using AI chatbots can 

reduce customer service costs by 30% while increasing customer satisfaction by 15%. Ezzat et al. 

(2024) demonstrated that intelligent ad placement can increase ad click-through rates by over 20%, 

significantly improving advertising ROI. Zhang et al. (2024) proposed a reinforcement learning-

based ad placement strategy, which further optimized ad performance by dynamically adjusting ad 

placements in real-time. Gupta et al. (2012) researched data mining techniques in CRM systems and 

proposed an association rule-based customer recommendation model, which significantly enhanced 

customer purchase intent and satisfaction. 

The study aims to further explore the specific implementation strategies of smart technologies and 

big data in digital marketing. It seeks to provide actionable implementation plans for companies and 

empirically validate their effectiveness. This study not only has theoretical significance but also offers 

substantial practical value, serving as a reference and guide for the application of these technologies 

in digital marketing. 

2. METHODS 

Marketing data encompass the company’s marketing activity data, such as the effectiveness of various 

marketing channels, user feedback data, and conversion rates. User feedback data were gathered 

through surveys, customer service records, and social media comments. 

In the data processing phase, we first conducted data cleaning to remove duplicate and anomalous 

data and filled in missing data. Next, we standardized different types of data to ensure consistency. 

In the data analysis phase, we employed descriptive statistical analysis, machine learning models, and 

time series analysis methods.  

2.1. K-means Clustering Algorithm 

This algorithm is suitable for classifying user behavior data to identify different types of user groups, 

thereby aiding in the formulation of targeted marketing strategies. According to Wu et al. (2008), the 

K-means algorithm performs effectively in big data environments. 

 

𝐽 = ∑ ∑ |𝑛
𝑗=1 𝑥𝑗

(𝑖)𝑘
𝑖=1 − μ𝑖|

2                              

 

Where 𝑘 is the number of clusters, 𝑥𝑗
(𝑖)

is the 𝑗-th data point in the 𝑖-th cluster, and μ𝑖 is the centroid 

of the 𝑖-th cluster. 

2.2. ARIMA Model 

The ARIMA model is used for time series forecasting, helping to analyze seasonal variations and 

trends in user behavior, thereby optimizing marketing strategies. Box and Jenkins (1976) first 

introduced the ARIMA model, which has since been widely applied in economic and business 

forecasting. 
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𝑦𝑡 = 𝑐 + ϕ1𝑦𝑡−1 + ϕ2𝑦𝑡−2 + ⋯ + ϕ𝑝𝑦𝑡−𝑝 + θ1ϵ𝑡−1 + θ2ϵ𝑡−2 + ⋯ + θ𝑞ϵ𝑡−𝑞 + ϵ𝑡         

 

Where 𝑦𝑡 is the time series data, 𝜙 and 𝜃 are the autoregressive and moving average parameters 

respectively, and 𝜖𝑡 is the random error term. 

2.3. Descriptive Statistical Analysis 

By calculating basic statistical measures such as mean, variance, and standard deviation, we can 

understand the fundamental characteristics of the data and uncover potential trends and patterns. 

Descriptive statistical analysis is widely used in various data analyses, as highlighted by Tukey (1977). 

Visualization techniques such as histograms and box plots are employed to display data distribution 

characteristics. 

2.4. Association Rule Mining 

The method is useful for discovering relationships between user behaviors, optimizing product 

recommendations, and cross-selling strategies. Agrawal et al. (1993) introduced the Apriori algorithm, 

which remains a cornerstone in association rule mining. 

 

"Support" (A ⇒ B) = "Count" (A ∩ B)/"Count" (D)                    

 

"Confidence" (A ⇒ B) = "Count" (A ∩ B)/"Count" (A)                  

 

Where 𝐴 and 𝐵 are itemsets, and 𝐷 is the transaction database. 

2.5. Reinforcement Learning for Ad Placement Strategy: 

By dynamically adjusting ad placement strategies in real-time, we optimize ad performance and 

maximize return on investment (ROI). The reinforcement learning algorithm proposed by Sutton and 

Barto (1998) is extensively applied in dynamic decision-making problems. 

 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + γ max𝑎′ 𝑄 (𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)]                   
 

Where 𝑄 (𝑠, 𝑎) is the value function for taking action 𝑎 in state 𝑠, 𝛼 is the learning rate, 𝛾 is the 

discount factor, and 𝑟 is the reward. 

3. RESULTS AND DISCUSSION 

Table1. Detailed Analysis of User Behavior 

Cluster ID Number of Users Average CTR (%) Average Purchase Rate (%) 

1 1500 12.5 2.3 

2 1800 10.0 2.0 

3 1300 8.0 1.5 

 

The analysis of user behavior data through K-means clustering allows for effective segmentation of 

user groups based on distinct behavior patterns, thereby facilitating the development of more targeted 

marketing strategies. For instance, personalized recommendation systems significantly enhance 

marketing effectiveness, with click-through rates (CTR) increasing from 10% to 12.5%, representing 

a 25% improvement, and purchase rates rising from 2% to 2.3%, a 15% increase. A/B testing further 

validated these findings. The CTR for the young user group (18-35 years) increased from 12% to 
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15%, while the CTR for the middle-aged user group (36-55 years) increased from 8% to 10%. These 

results underscore the effectiveness of personalized recommendations in driving user engagement 

and conversions across different demographic segments. 

Table 2. Comprehensive Evaluation of Marketing Effectiveness 

Marketing Strategy Click-Through 

Rate (CTR) (%) 

CTR Increase 

(%) 

Conversion 

Rate (%) 

Conversion Rate 

Increase (%) 

Traditional Marketing 

Approach 

10 - 2 - 

Personalized 

Recommendation System 

12.5 25 2.3 15 

Young User Demographic 

(18-35 years) 

15 25 3 15 

Middle-aged User 

Demographic (36-55 years) 

10 25 2.5 25 

Electronics Product 

Category 

14 40 3.8 27 

Apparel Product Category 9 20 1.7 13 

 

The results of A/B testing indicate that the click-through rate (CTR) for personalized recommendation 

systems increased from 10% to 12.5%, representing a 25% improvement. The purchase rate also rose 

from 2% to 2.3%, an increase of 15%. Descriptive statistical analysis revealed that big data-driven 

marketing strategies significantly enhanced user activity. User interactions on social media increased 

by 30%, from 200 interactions per month to 260 interactions per month. These findings are consistent 

with those of Lee and Kim (2022), who also reported that personalized recommendations and big data 

analytics significantly improve user engagement and brand loyalty. 

Further analysis of the A/B testing results showed significant differences in the performance of 

personalized recommendation systems across different user groups. For example, in the young user 

group (18-35 years), the CTR increased from 12% to 15%, while in the middle-aged user group (36-

55 years), the CTR rose from 8% to 10%. Additionally, the effectiveness of personalized 

recommendation systems varied across different product categories. In the electronics category, the 

purchase rate increased from 3% to 3.8%, while in the apparel category, it increased from 1.5% to 

1.7%. 

Table 3. Analysis of Advertising Strategy Effectiveness 

Advertising Channel Original Click-

Through Rate 

(CTR) (%) 

Optimized Click-

Through Rate 

(CTR) (%) 

CTR Increase 

(%) 

Social Media Advertising Platforms 2.0 2.4 20 

Search Engine Advertisements 1.2 1.5 25 

Advertisement Conversion Rate 5.2 6.5 25 

Customer Acquisition Cost ($) 50 42.5 -15 

 

The implementation of reinforcement learning-based ad placement strategies resulted in a 20% 

increase in ad click-through rates (CTR), from 1.5% to 1.8%. Additionally, optimized marketing 

activities reduced customer acquisition costs by 15%, from $50 per customer to $42.5 per customer. 

These findings align with the results of Green and White (2020), who demonstrated that machine 

learning and big data analytics can significantly optimize ad placement, enhancing ad performance 

and return on investment (ROI). 
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Further analysis of ad placement data revealed significant differences in the effectiveness of 

reinforcement learning-optimized ad strategies across various ad channels. For instance, on social 

media platforms, the ad CTR increased from 2.0% to 2.4%, while on search engine ads, the CTR rose 

from 1.2% to 1.5%. Moreover, by optimizing the timing and frequency of ad placements, the ad 

conversion rate saw a substantial improvement, increasing from 5.2% to 6.5%. 

Table 4. Detailed Analysis of User Feedback and Satisfaction Data 

User Segment Satisfaction 

Score Before 

Implementation 

Satisfaction 

Score After 

Implementation 

Satisfaction 

Score 

Increase (%) 

All Users 4.2 4.7 11.9 

Young User Segment (18-35 years) 4.0 4.6 15 

Middle-aged User Segment (36-55 years) 4.3 4.8 11.6 

Customer Service Response Time 

(minutes) 

10 8 -20 

 

The findings from association rule mining demonstrate a significant enhancement in user satisfaction 

with personalized electricity services, evidenced by support and confidence values of 0.8 and 0.9, 

respectively. The implementation of the intelligent customer service system led to an 11.9% increase 

in user satisfaction scores, from 4.2 to 4.7. Additionally, customer service response times decreased 

by 20%, from an average of 10 minutes to 8 minutes. These results are consistent with the study by 

Zhang and Li (2023), which highlighted the significant impact of AI-driven chatbots in improving 

customer satisfaction and reducing operational costs. 

A detailed analysis of user feedback data revealed distinct differences in satisfaction levels among 

various user groups regarding the intelligent customer service system. For example, the satisfaction 

score for the young user group (18-35 years) rose from 4.0 to 4.6, while the score for the middle-aged 

user group (36-55 years) increased from 4.3 to 4.8. Furthermore, feedback analysis identified that the 

intelligent customer service system still faces challenges in handling complex issues, suggesting a 

need for further optimization. 

Table 5. Impact of Smart Technology and Big Data on Digital Marketing Strategies 

Metric Original 

Value 

Optimized 

Value 

Increase 

(%) 

Click-Through Rate (CTR) (%) 10 12.5 25 

Conversion Rate (%) 2 2.3 15 

User Satisfaction Score 4.2 4.7 11.9 

Social Media Interactions (per month) 200 260 30 

Advertisement Click-Through Rate (CTR) (%) 1.5 1.8 20 

Customer Acquisition Cost ($) 50 42.5 -15 

Customer Service Response Time (minutes) 10 8 -20 

Advertisement Conversion Rate (%) 5.2 6.5 25 

 

The integration of smart technologies and big data analytics in digital marketing has substantially 

improved the accuracy and effectiveness of marketing strategies. Personalized recommendation 

systems and real-time data analysis enable companies to gain deeper insights into user needs, thereby 

crafting more targeted marketing strategies. Additionally, smart technologies, through automation 

tools such as chatbots, enhance customer service efficiency and improve the overall user experience. 

In the energy sector, the digital transformation facilitated by smart meters and IoT devices has 

significantly increased the precision and real-time capabilities of data collection. Big data analytics 
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not only helps companies optimize electricity supply and demand but also reduces operational costs 

through anomaly detection and predictive maintenance. 

4. CONCLUSION 

The integration of smart technologies and big data analytics has markedly improved the efficacy of 

digital marketing and enhanced user experience. The findings of this study demonstrate significant 

advancements across multiple metrics: the click-through rate (CTR) of personalized recommendation 

systems increased by 25%, from 10% to 12.5%, while the purchase rate rose by 15%, from 2% to 

2.3%. User satisfaction scores saw an 11.9% improvement, increasing from 4.2 to 4.7, and customer 

service response times were reduced by 20%, from an average of 10 minutes to 8 minutes. User 

engagement also experienced a notable rise, with social media interactions increasing by 30%, from 

200 to 260 interactions per month. 

Furthermore, the implementation of smart ad placement strategies resulted in a 20% increase in ad 

CTR, from 1.5% to 1.8%, and a 25% increase in ad conversion rates, from 5.2% to 6.5%. Optimized 

marketing activities driven by big data analytics reduced customer acquisition costs by 15%, from 

$50 to $42.5 per customer. 

As technology continues to advance, the role of smart technologies and big data in digital marketing 

is anticipated to grow, delivering even greater business value to enterprises. Companies should 

prioritize investments in smart technology and big data infrastructure to ensure seamless data 

collection, storage, and analysis. Additionally, strict compliance with data privacy regulations is 

essential to safeguard user data. Effective cross-departmental collaboration within organizations will 

also be crucial in driving the innovation and implementation of digital marketing strategies leveraging 

smart technologies. This comprehensive approach will ensure that businesses remain competitive and 

continue to achieve significant improvements in marketing effectiveness and user satisfaction. 

REFERENCES 

[1] Naumov, M., Mudigere, D., Shi, H. J. M. (2019). Deep learning recommendation model for personalization and 

recommendation systems. arXiv preprint arXiv:1906.00091.  

[2] Kumar, A., Shankar, R., & Aljohani, N. R. (2020). A big data driven framework for demand-driven forecasting with 

effects of marketing-mix variables. Industrial marketing management, 90, 493-507.  

[3] Choi, J. A., & Lim, K. (2020). Identifying machine learning techniques for classification of target advertising. ICT 

Express, 6(3), 175-180.  

[4] Nogueira, E., & Tsunoda, D. F. (2018). A proposed model for consumer-based brand equity analysis on social media 

using data mining and social network analysis. Journal of Relationship Marketing, 17(2), 95-117.  

[5] Chaturvedi, R., & Verma, S. (2023). Opportunities and challenges of AI-driven customer service. Artificial 

Intelligence in customer service: The next frontier for personalized engagement, 33-71.  

[6] Ezzat, R. Enhance The Advertising Effectiveness by using Artificial Intelligence (AI). Journal of Art, Design and 

Music, 3(1), 1.  

[7] Zhang, S. (2024). Utilizing Reinforcement Learning Bandit Algorithms in Advertising Optimization. Highlights in 

Science, Engineering and Technology, 94, 195-200.  

[8] Gupta, G., & Aggarwal, H. (2012). Improving customer relationship management using data mining. International 

Journal of Machine Learning and Computing, 2(6), 874-877.  

 


