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Abstract: This study evaluates how behavioral analytics tools contribute to short-term business 
objectives in digital marketing. We analyze 73 case studies from 12 brands collected on October 3, 
2023, using content analysis to extract tools, outcomes, and problems addressed. Expert weighting 
from three senior scholars is applied to  value outcome categories, with moderate agreement 
reported by Kendall’s W = 0.47. We then compute aggregate tool evaluations, build a co-occurrence 
matrix, and estimate linear and multiple regressions together with Pearson correlations. Synergies 
with top-rated tools are strongly associated with more outcomes achieved, the total result increases 
by 2.8295 for each additional co-occurrence, with R² = 0.936, and the  largest effect appears for 
conversion and site optimization. Tool ratings are highly correlated with the number of problems 
solved, r = 0.9888. Effectiveness in solving UX and optimization issues is strongly associated with 
gains in satisfaction and loyalty, r = 0.9646, with a positive regression coefficient for this category. 
Session recordings, heatmaps, A/B testing, and conversion funnels emerge as the most impactful 
instruments. We propose a six-category framework and provide practical guidance for integrating 
complementary tools within iterative, data-driven workflows. Results underline the strategic role 
of behavioral analytics in improving conversion, satisfaction, and short-term performance.
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Introduction
Information technology and digital infrastruc-
ture have turned social networks from interper-
sonal tools into catalysts of brand and business 
growth, which makes analytics essential for 
effective strategies (Saeidi &  Baradari, 2023). 
In  the digital age, uncertainty in business pro-
cesses and the  ubiquity of  digital content re-
quire advanced analytical tools rooted in AI and 
behavioral data sciences, as  well  as  continu-
ous monitoring of user behavior (Davidavičienė 

et al., 2014; Saura et al., 2021). The COVID-19 
pandemic accelerated digitization and shifted 
interactions online, expanding e-commerce 
and social selling, which strengthens the stra-
tegic need for behavioral analytics as  shop-
ping habits and peer opinions gain importance 
(Huang & Lin, 2022; Manchia et al., 2022; Miah 
et al., 2022).

Behavioral analytics supports decision 
making, enables precise performance mea-
surement, and powers personalization and 
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segmentation that improve user experience, 
conversions, and loyalty, which helps firms 
remain competitive as  preferences change 
rapidly (Alfian et al., 2019; Miklosik et al., 2019; 
Treboux et al., 2016; Wedel & Kannan, 2016). 
This study examines how specific tools and 
their configurations affect short-term business 
goals on websites and business profiles.

The study addresses the following research 
questions:

RQ1: How effective are behavioral analytics 
tools in achieving short-term business goals?

RQ2: What is the effectiveness of configu-
rations with top-rated analytical tools in achiev-
ing short-term business goals?

RQ3: How effective are behavioral analyt-
ics tools in  solving emerging user experience 
problems?

RQ4: How does solving UX and optimiza-
tion problems affect customer satisfaction and 
loyalty?

Prior research has rarely assessed 
the  short-term effectiveness of  specific tools 
and their synergies, therefore, this study fills 
that gap by providing focused evidence.

1	 Theoretical background  
– The essence of behavioral analysis 
in digital marketing

Behavioral analytics in  digital marketing pro-
vides deep insight into user behaviors and 
preferences, which is crucial for optimizing 
strategies and improving online performance 
(Beri & Singh, 2013; Bronnikova et al., 2020). 
Combined with machine learning, it  helps de-
tect cross-platform patterns and forecast con-
sumer actions, enabling personalized, targeted 
campaigns and strengthening competitive ad-
vantage through more relevant content (Aiolfi 
et al., 2021; Güngör & Çadırcı, 2022; Masrianto 
et  al., 2022). Tools such as  Google Analytics 
and Adobe Analytics allow firms to monitor web 
and social activity, measure campaign effective-
ness, and identify areas for improvement (Beri 
& Singh, 2013; Hassan & Galal-Edeen, 2017).

Embedding behavioral analytics within 
a  user-centered approach raises satisfaction 
and engagement; adapting interfaces and 
content based on empirical evidence increases 
conversions and builds long-term relationships 
(Bronnikova et  al., 2020; Yasmine &  Atmojo, 
2022). In  a  fast-changing environment, where 
UX  competition intensifies and behaviors 

evolve, maintaining relevance and personaliza-
tion is challenging (Güngör &  Çadırcı, 2022; 
Novák et al., 2023).

In  e-commerce, UX  quality, clear informa-
tion, easy navigation, and transaction security, 
drives satisfaction and, in turn, loyalty and rec-
ommendation (Wijaya et  al., 2021). Evidence 
links perceived service quality to  loyalty via 
satisfaction (Hansopaheluwakan, 2021) and 
shows that superior online experiences deepen 
emotional engagement and reduce sensitivity 
to rivals (Garcia-Madariaga et al., 2018).

Concrete instruments such as  click analy-
sis, heatmaps, and session recordings reveal 
intuitive versus frustrating elements. Advanced 
interaction tracking uncovers accessibility and 
usability obstacles, informing UX  optimization 
and, consequently, loyalty (Buschek et  al., 
2015). Used continuously, these insights raise 
conversion, lower churn, and stimulate positive 
word-of-mouth (Garcia-Madariaga et al., 2018; 
Hansopaheluwakan, 2021; Wijaya et al., 2021). 
Because different tools capture different facets 
of  behavior, organizations typically combine 
complementary instruments to support effective 
targeting and personalization.

Given functional differences across tools, 
we  group them into six categories to  sys-
tematize data collection and analysis. This 
classification clarifies each tool’s contribution 
to marketing processes and improves research 
clarity and efficiency.

First category – Tools for data analysis
In  e-commerce, social media, and re-
lated contexts, behavioral analysis extracts 
decision-useful insight by  collecting, analyz-
ing, and visualizing hard data to  understand 
and segment behaviors, optimize experiences, 
and support business outcomes (Buschek 
et al., 2015; Hanamanthrao & Thejaswini, 2017; 
Menges et  al., 2020). Representative systems 
enable automation, data-driven decision mak-
ing, and advanced analytics in digital marketing 
(Alghamdi & Al-Baity, 2022; Baardman et  al., 
2022; Kacprzak & Hensel, 2023; Ohme et al., 
2023) (see Tab. A1 in appendix).

Second category – Tools for testing 
and optimization
Testing and optimization tools improve the per-
formance of  websites, business profiles, and 
mobile apps (see Tab. A1 in appendix). A/B test-
ing remains a  cornerstone of  data-driven 
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decisions, and reinforcement-learning ap-
proaches extend immediate and long-term 
insight (Haizler &  Steinberg, 2021; Shi et  al., 
2022; Siroker & Koomen, 2013). Optimization is 
tracked with indicators such as conversion rate, 
while conversion funnels locate drop-offs and 
help predict purchase probability (Goldstein 
et  al., 2022; Zimmermann &  Auinger, 2022). 
Personalization platforms support multivari-
ate tests and dynamic offer delivery, and form 
or visit analytics help identify friction and refine 
session engagement (Jansen et al., 2022; Sa-
deghi et al., 2020).

Third category – Tools for monitoring user 
activity
Monitoring tools collect, analyze, and interpret 
data from multiple digital touchpoints to reveal 
behaviors, preferences, and needs that inform 
tailored marketing and product decisions (An-
shari et  al., 2019) (see  Tab. A1 in  appendix). 
Session recordings and replay scripts surface 
usability patterns, although they raise ethi-
cal concerns about unintended personal-data 
capture (Grodzinsky et  al., 2022). Such  data 
often feed CRM strategy and qualify as  big  
data because of  scope and processing com-
plexity (Verhoef et  al., 2016; Zerbino et  al., 
2018). Tag management and tracking codes 
enable agile experimentation, and event or click 
tracking supports predictive models of engage-
ment and content effectiveness (Al-Qrize, 2023; 
Wang et  al., 2022). Real-time live-stream for-
mats enhance dynamic engagement and pur-
chase intention, while audience networks and 
pixels sharpen targeting and reach (Addo et al., 
2021; Al-Qrize, 2023; Orenga-Roglá &  Chal-
meta, 2016; Xu et al., 2023).

Fourth category – Tools for visual  
interaction analysis
Visual interaction tools represent user behavior 
across social media, websites, mobile apps, 
and e-commerce, supporting interactive analy-
sis and multidimensional visualizations that 
clarify complex relationships between users 
and digital properties (Artemenko & Gavrilova, 
2023; Drusch et al., 2020; Lipizzi et al., 2016) 
(see  Tab. A1 in  appendix). Heatmaps, includ-
ing zone-based variants, capture clicks, mouse 
movement, and scroll depth to guide layout and 
user-flow optimization, while scroll-depth ana-
lytics supports scrollytelling approaches and 
mouse-path analytics adds spatial detail and 

satisfaction indicators (Chen et al., 2020; Mörth 
et al., 2022).

Fifth category – Tools for collecting  
feedback and segmentation
Feedback and segmentation tools gather cus-
tomer opinions, preferences, and shopping 
behaviors that underpin need identification 
and strategy design (see Tab. A1 in appendix). 
Online surveys remain widely used in academic 
and business settings, although challenges 
around data integrity and respondent authentic-
ity are growing (Murray et al., 2022; Nur et al., 
2023; Tomlin, 2018). Contemporary practice 
increasingly relies on  clustering algorithms, 
such as K-means, and RFMT models to  iden-
tify high-value segments and target them with 
personalized content and offers, often within 
integrated analytics and customer-selection 
platforms (Salminen et al., 2023; Tomlin, 2018; 
Ullah et al., 2023).

Sixth category – Tools for advanced data 
analysis
Advanced tools and methods filter unwanted 
traffic and transform data so that reports align 
with business needs (see Tab. A1 in appendix). 
Combined session replay, heatmaps, and fun-
nel views uncover friction  points and improve 
customer experience (Gahler et  al., 2022; 
Palazón et  al., 2022). Cross-channel content 
management with real-time journey mapping 
supports dynamic optimization, and filters 
can permanently exclude internal traffic using 
ISP  domains, IP  addresses, subdirectories, 
or  hostnames, alongside search-and-replace 
and inclusion or exclusion operations (Ha et al., 
2022; Koch et  al., 2023; Lundin &  Kindström, 
2023). As  dependence on  behavioral and 
transactional data grows, transparent and 
privacy-conscious analytics are essential 
to sustain trust (Plangger, 2023).

2	 Research methodology
We  adopt an  information-management ap-
proach that systematizes the acquisition, stor-
age, processing, and analysis of  multi-source 
digital data to  support marketing decisions 
(Figueiredo et al., 2021; Piñeiro-Otero & Mar-
tínez-Rolán, 2016; Post &  Anderson, 2003). 
The  study assesses the  effectiveness of  be-
havioral-analytics tools in achieving short-term 
organizational goals on websites and business 
profiles in  a  dynamic consumer environment. 
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Guided by the  systems paradigm, we  evalu-
ate both individual effects and interactions, 
focusing on  goal attainment, problem solv-
ing, and impacts on  loyalty and satisfaction, 
which reflects a holistic, integrated perspective 
on decision making.

All analyses were run in  Python within 
Jupyter Notebook using standard libraries for 
descriptive statistics, Pearson correlations, and 
OLS/multiple regressions.

2.1	 Hypothesis development
Behavioral-analytics tools provide deeper 
analytical capabilities than traditional marketing 
methods, enabling detailed tracking of  online 
activity and a better understanding of consumer 
behavior and reactions to  campaign changes 
(Tomlin, 2018). Prior research often empha-
sized broad strategies rather than tool-level 
effects and synergies (Yasmin et  al., 2015), 
while tools are frequently used in complemen-
tary ways due to their limiting properties (Chen 
et  al., 2012). This motivates testing whether 
configurations that include top-rated instru-
ments yield more short-term results.

H1: Synergies with top-rated tools have 
a  strong impact on achieving short-term busi-
ness goals.

The  effectiveness of  tools in  solving spe-
cific marketing problems remains underexplored 
(Chaffey &  Smith, 2022; Charlesworth, 2020). 
Firms face issues such as  content creation 
bottlenecks, limited analytics, and low conversion, 
which require advanced analytics to diagnose and 
address (Chaffey & Patron, 2012; Leeflang et al., 
2014). Measuring effectiveness by the  number 
of  problems solved is therefore appropriate for 
short-term assessment (Yasmine & Atmojo, 2022).

H2: There is  a  strong positive correlation 
between the  rating of  tools and the  number 
of problems solved.

Improving  UX and interface clarity in-
creases task efficiency, perceived ease, and 
trust (Babatunde et al., 2024). Reducing friction 
in navigation and feedback loops raises satis-
faction, especially when visual layout and mi-
crointeractions match user expectations (Gao 
& Liu, 2023; Jongmans et al., 2022). Satisfaction 

Fig. 1: The process of validating research hypotheses

Source: own
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is a proximal driver of loyalty in online services, 
reflected in repeat use, positive word of mouth, 
and lower switching intentions (Goutam et al., 
2021; Wijaya et  al., 2021). When behavioral 
segmentation and personalization heighten 
perceived relevance and value, UX  gains 
translate into both attitudinal and behavioral 
loyalty, which justifies testing whether tools that 
resolve UX and optimization issues also  raise 
satisfaction and loyalty (Alwan &  Alshurideh, 
2022; Mohammad, 2022).

H3: The effectiveness of tools in solving UX 
and optimization problems is highly positively 
correlated with their effectiveness in increasing 
customer satisfaction and loyalty.

A hypothesis validation process was devel-
oped to systematize the stages of the calcula-
tions and conclusions, as shown in Fig. 1.

Hypothesis validation proceeded in  three 
stages (Fig. 2). Stage 1 covered data prepara-
tion by  compiling the  evaluation of  behavioral 
analysis tools, results from the  case studies, 

and issues and challenges, then selecting 
the data for each hypothesis. Stage 2 applied 
linear regression, a  tool co-occurrence matrix, 
multiple linear regression, and Pearson correla-
tion in  line with the  framework: co-occurrence 
plus linear regression for  H1, Pearson and 
multiple linear regression for H2, and Pearson 
and multiple linear regression for H3. After each 
model we compared the  results. Stage 3 syn-
thesized the evidence to validate H1–H3.

2.2	 Data collection
We compiled a research base of case studies 
and analyzed their content to  identify tools, 
uses, outcomes, and problems (all cases col-
lected on  October  3, 2023). From the  official 
websites of 12 recognized brands in behavioral 
analytics, we randomly selected up to 10 texts 
per  site, or  included all available descriptions 
when fewer than  10 were present. Selection 
followed criteria designed to  capture how be-
havioral tools support UX-oriented optimization, 
with the screening stages shown in Fig. 2.

Fig. 2: Stages of case study selection using content analysis

Note: The selection process excluded all case studies from the Pinterest Business platform.

Source: own
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Content analysis, understood as a system-
atic procedure for describing linguistic features 
of  texts, enabled consistent extraction of  vari-
ables relevant to  digital UX  optimization and 
performance evaluation (Mavi &  Uzunboylu, 
2014). On  this basis, we coded the  tools em-
ployed, the results obtained, and the problems 
addressed across organizations.

We  treat the  identified results as  short-term 
business goals because they reflect rapid re-
sponses to current issues, can be measured over 

short cycles, and are intended to  support quick 
adaptation to changing digital conditions. Behav-
ioral analytics facilitates fast detection and resolu-
tion of user problems, which affects engagement, 
conversion, and near-term performance.

In total, 73 case studies met the criteria and 
were subjected to  statistical analysis. The se-
lection emphasized analyses of user behavior 
on websites and business profiles, and Tab. 1 
lists the platforms and number of case studies 
included in the sample.

On  platforms such as  Hotjar, Crazy Egg, 
Smartlook, Mouseflow, and Microsoft Clarity, 
all case studies were positively evaluated dur-
ing the  selection process. The  justification for 
this evaluation directly results from the  func-
tionality of the tools offered by these platforms, 
which are tailored for comprehensive behav-
ioral analysis, from session recordings and 
heatmaps to  business funnels (Langer et  al., 
2022; Stoiber et al., 2022; Wang et al., 2024).

2.3	 Data analysis
Based on the research of Hopkins (2001) and 
Lee (2009), to validate the study results, con-
sultations were conducted with experts who 
were asked to  subjectively assign weights 
to different categories of  results. This allowed 

the  identification of  result groups that experts 
consider key to  the  development of  organiza-
tions in the digital environment.

To select experts, the Scopus bibliographic 
database was used to verify authors who con-
ducted the  most popular studies in  the  field 
of  digital marketing within management 
(the  author search engine was not used due 
to its limited ability to specify specialists’ areas 
of  interest). To  obtain opinions from scientists 
focused on  digital marketing, several restric-
tions were applied in  the  search protocol. 
The selection restrictions were as follows:  
Article title, abstract, keywords: “digital 
marketing” OR “online marketing” OR “internet 
marketing” OR “e-marketing”; 
Year: since 2018 to 2024;

No. Platform Number of case studies
1 Hotjar 10

2 Google Marketing Platform 6

3 Adobe Experience Platform 5

4 X Business 2

5 Crazy Egg 7

6 Meta Business 1

7 Smartlook 10

8 Fullstory 8

9 Contentsquare 5

10 Mouseflow 5

11 VWO 4

12 Microsoft Clarity 10

Source: own

Tab. 1: List of platforms included in the study
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Subject area: limited to: business, manage-
ment and accounting; social sciences; eco-
nomics, econometrics and finance; decision 
sciences;
Document type: limited to article;
Source type: limited to journal;
Sort by: cited by (highest).

Five highly cited researchers were con-
tacted via email and three agreed to participate. 
They are internationally recognized scholars 
with H-index values of 62, 33, and 12 verified 
in Scopus on 22/08/2025. Each expert indepen-
dently assigned weights on a 0–1 scale to six 
marketing performance categories, and final 
weights were computed as  arithmetic means, 
which is appropriate in exploratory designs with 
small panels.

Agreement among experts, assessed with 
Kendall’s W on rank-transformed weights, was 
W = 0.47 (df = 5, p > 0.05), indicating moder-
ate but not statistically significant concordance 
and constituting a  study limitation. Formal 
consensus methods such as Delphi or the ana-
lytic hierarchy process were not implemented 
because they require larger panels, iterative 
rounds, and consistency and sensitivity checks 
that were impractical with asynchronous con-
sultations (Bugingo et  al., 2024; Lipovetsky, 
2009). Averaged weights were then applied 

to the structured results extracted from the case 
studies, and Tab. 2 reports the category weights 
and the resulting weighted evaluations.

The  obtained opinions show a  varied ap-
proach by experts to  the significance of differ-
ent result categories. Based on the  number 
of results in each category, the type of obtained 
effects, and the averaged weight of  expert as-
sessments, a weighted average was calculated, 
which was then used to  evaluate behavioral 
analysis tools. As  can be seen from the  data 
in  Tab.  2, the  most valuable results are those 
from the second category. This implies that each 
subsequent result from this category achieved 
by a given tool will increase its rating by 6.29.

The  foundation of  research on the  impor-
tance of  analyzed tools in  digital marketing 
is their evaluation, which consists of  several 
elements. Primarily, the  key determinant is 
the number of occurrences of tools in the con-
text of  achieving individual results. These 
results, divided into specific result categories 
for each tool, are then evaluated using the av-
erage weight values provided by the  experts. 
The process of synthetic evaluation of  tools is 
presented in Equation (1).

	
(1)

No. Result categories

Structure 
of results 

(%)
Expert 1 Expert 2 Expert 3 Averaged 

weighting

Weighted 
evalua-

tion

[1] [2] [3] [4] [5] [6]

1 Increase efficiency 
and streamline processes 18.78 0.05 0.10 0.15 0.10 1.88

2 Increase conversion rates 
and improve site optimization 31.46 0.35 0.10 0.15 0.20 6.29

3 Increase in interaction 
and user engagement 8.92 0.25 0.20 0.20 0.22 1.93

4 Increase in satisfaction 
and customer loyalty 15.49 0.05 0.40 0.20 0.22 3.36

5 Improved content and design 
management 9.86 0.25 0.10 0.20 0.18 1.81

6 Reduced costs and increased 
savings 15.49 0.05 0.10 0.10 0.08 1.29

Note: The average was calculated using the following formula: ([2] + [3] + [4])/3; the weighted average was calculated 
using the following formula: [1] × [5].

Source: own

Tab. 2: Valuation of individual categories of results
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where: EBAT  –  evaluation of  behavioral analy-
sis tool; K  –  number of  result categories; 
Rk  –  the  tool’s contribution to  the  outcome 
structure in category k; N – number of experts; 
Wik  –  weight of  the  result category assigned 
by expert  i for category k; Tmk – number of oc-
currences of tool m in result category k.

The  methodological foundations of  tool 
evaluation enable a  deeper understanding 

of  the  conducted research and allow for 
a  broader spectrum of  conclusions, which 
can then influence the  acceptance or  rejec-
tion of  the  research hypotheses. Aggregating 
tool evaluations across different categories 
allows for comparison between various classi-
fications, ultimately facilitating the identification 
of the most effective tools in achieving specific 
business goals.

Fig. 3: Aggregate evaluation of analytical tools for behavioral analysis

Source: own
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The  pairing of  Session Recordings with 
Heatmaps dominates with 21  co-occurrences. 
A/B Testing shows limited synergy in this sam-
ple, with 4  co-occurrences with Zone-based 
Heatmaps and 2 with Segment Creator. Syner-
gies between two top-rated tools are common, 
with six such  pairings, four of  which involve 
Session Recordings.

We  regressed the  sum of  results on 
the  number of  co-occurrences to  quantify 
the  association for each category and in  total 
(Tab. 4).

Each  additional co-occurrence is associ-
ated with a 2.8295 increase in the total results. 
The  largest category effect is for category  2 
(coef = 1.0606), and the smallest for category 6 

3	 Results 
3.1	 Evaluation of analytical tools for 

behavioral analysis
Tools for data analysis and visualization to-
taled 183.13, mean 30.52 per tool, with Adobe 
Analytics  59.44 and Google Analytics  52.71 
leading, and Facebook Insights  13.00 and 
Snapshot Reports 4.98 lowest. Testing and op-
timization tools reached  392.93, mean  49.12, 
led by A/B Testing 127.26 and Conversion Fun-
nels 86.17, while Site Visits Optimization 13.87 
and Website Conversions Optimization  10.16 
ranked lowest. In monitoring user activity, Ses-
sion Recordings dominated with 420.70, ahead 
of  Event Tracking  59.27, whereas Tracking 
Codes  8.17, Click Tracking  6.29, and Twitter 
Pixel 13.87 scored low, consistent with limited 

contributions to heavily weighted outcome cat-
egories (see  Tab.  2A–4A, appendix). Fig.  3 
presents a hierarchical summary of tools based 
on the obtained results.

Fig. 3 summarizes aggregate scores in quin-
tiles. Top performers include Session Recordings 
(420.70), Heatmaps (267.39), and A/B  Testing 
(127.26).

3.2	 Co-occurrence of tools in achieving 
short-term business goals

To  examine synergies among top-rated tools, 
we built a co-occurrence matrix from case-level 
pairings and compared counts with outcomes 
by category and in total (Tab. 3). We then esti-
mated linear regressions for each category and 
for the total results.

Tools Sum of 
co-occurrences

Results categories
Total

1 2 3 4 5 6

Session Recordings Heatmaps 21 9 23 7 15 5 3 62

Session Recordings Fullstory Analytics 7 4 3 4 4 2 3 20

Conversion Funnels Session Recordings 6 7 4 2 5 6 3 27

Surveys Session Recordings 5 2 7 1 4 1 0 15

Adobe Experience 
Cloud Adobe Analytics 5 4 7 1 3 3 4 22

Heatmaps Conversion Funnels 4 4 3 2 5 3 2 19

A/B Testing Zone-based Heatmaps 4 2 5 2 1 0 2 12

Surveys Heatmaps 4 0 7 1 3 1 0 12

Fullstory Analytics Digital Experience 
Intelligence 4 3 2 2 3 1 4 15

Adobe Experience 
Cloud Adobe Target 4 2 6 1 2 3 3 17

A/B Testing Segment Creator 2 0 2 0 1 0 1 4

Note: The result category numbers are the same as in Tab. A2 (appendix).

Source: own

Tab. 3: Matrix of most frequent co-occurrences with top-rated tools
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(coef = 0.0682). Results for categories 5 and 6 
are not statistically significant (p  =  0.068 and 
p = 0.465, respectively).

Fig.  4 visualizes the  relationship between 
tool co-occurrences and results.

The  total-results model is statistically 
significant (p < 0.001), indicating a strong link 
between the  frequency of  co-occurrences 
and outcomes.

3.3	 Ability of analytical tools to solve 
problems

We  confirmed homoscedasticity with 
the  Breusch-Pagan test (p  =  0.547  >  0.05), 
so  we  used Pearson correlations and com-
plemented them with multiple regression. 
For  Pearson, we  compiled per-tool sums 
of  ratings and sums of  problems across 
categories.

Specification
Results categories Sum  

of results1  2  3  4  5  6 
Coefficient (coef) 0.4205 1.0606 0.3447 0.7197 0.2159 0.0682 2.8295

p-value 0.0040 0.0000 0.0000 0.0000 0.0680 0.4650 0.0000

         R2 value 0.9360

Note: The result category numbers are the same as in Tab. A2 (appendix).

Source: own

Tab. 4: Linear regression analysis for tool co-occurrence and results 

Fig. 4: Linear regression graph for tool co-occurrence and result

Source: own
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Specification Correlation coefficient p-value

Problem categories

1 0.9378 4.717e-19

2 0.9726 1.1045e-25

3 0.8503 3.8385e-12

4 0.8770 1.1584e-13

5 0.9224 2.7444e-17

6 0.9176 8.2278e-17

7 0.8980 4.0292e-15

Sum of problems 0.9888 5.3214e-33

Note: Problem categories in the table have been numbered to better show the correlation coefficients. The list is as fol-
lows: 1 – problems and challenges related to data acquisition and analysis, 2 – problems and challenges related to user 
experience and optimization, 3 – problems and challenges related to user segmentation and personalization, 4 – prob-
lems and challenges related to information management and internal processes, 5 – problems and challenges related 
to conversion and efficiency, 6 – problems and challenges related to the use of technology and tools, 7 – problems and 
challenges related to communication and flow of information from users and customers.

Source: own

Specification Regression  
coefficient (coef) p-value R2 value

Problem categories

1 0.9378 4.7170e-19

0.991

2 0.9726 1.1045e-25

3 0.8503 3.8385e-12

4 0.8770 1.1584e-13

5 0.9224 2.7444e-17

6 0.9176 8.2278e-17

7 0.8980 4.0292e-15

Note: The problem category numbers are the same as in Tab. A2 (appendix).

Source: own

Tab. 5: Pearson correlation coefficient for tool ratings and problems

Tab. 6: Multiple linear regression analysis results for tool ratings and individual 
problem categories

Tool ratings show strong positive asso-
ciations with problems solved, with the highest 
correlation for UX and optimization (category 2) 
and still high values for the remaining catego-
ries. We  next estimated a  multiple regression 
to profile category contributions.

We  regressed tool ratings on  counts 
of solved problems by category to quantify their 
relative effects (Tab. 6).

Model fit  is high (R²  =  0.991). Category  2 
exhibits the  largest effect on  ratings, while 

the  detailed coefficients and p-values for all 
categories are reported in Tab. 6.

3.4	 Impact of tool effectiveness 
in solving UX and optimization 
problems on increasing customer 
satisfaction and loyalty

Homoscedasticity was satisfied (Breusch-
Pagan p = 0.424 > 0.05), so we applied Pear-
son and multiple regression. We  prepared 
two datasets: per-tool sums of solved UX and 



194 2026, volume 29, issue 1, pp. 183–206, DOI: 10.15240/tul/001/2026-1-012194

Marketing and Trade

optimization problems, and per-tool sums 
of  satisfaction and loyalty outcomes. The cor-
relation is very high (r  =  0.9646, p  <  0.001), 
and the  regression model shows strong fit 
(R² = 0.976).

Effects are strongest for category  2, with 
additional significant contributions from catego-
ries 5 and 7; other categories are not statistically 
significant. These results indicate that solv-
ing UX and optimization issues is most closely 
linked to gains in satisfaction and loyalty.

4	 Discussion
4.1	 Evaluation of analytical tools  

for behavioral analysis
The results show that tools enabling real-time, 
in-depth tracking of user interactions are rated 
highest, especially those for monitoring user 
activity and visual interaction analysis, because 
they reveal usability issues, guide interface im-
provements, and optimize engagement paths 
(Filip &  Čegan, 2019). This pattern reflects 
a  shift from static measurement to  dynamic, 
user-centered insight, where session record-
ings and heatmaps support rapid problem 
detection and sustained gains in  UX, conver-
sion, and retention (Saeidi & Baradari, 2023). 
Their value also stems from broad applicability 
and integration with other instruments across 
the customer journey. 

By comparison, feedback and segmentation 
tools remain important for personalization and 
profiling yet play a  more complementary role 
in  short-term optimization, which underscores 
the need to align tool choice with specific goals 
and process stages (Khomenko et  al., 2021; 

Wang, 2022). Overall, the  evidence supports 
frameworks such as  AARRR and the  grow-
ing use of  AI-powered analytics, highlighting 
multi-channel visibility, predictive modeling, and 
immediate behavioral insight as  capabilities 
that help firms adapt to changing expectations 
and maintain advantage (Theodorakopoulos 
& Theodoropoulou, 2024).

4.2	 Co-occurrence of tools in achieving 
short-term business goals

Effective digital marketing depends on combin-
ing complementary tools into cohesive systems 
that support tactical and strategic goals (Järvin-
en &  Karjaluoto, 2015). Our  co-occurrence 
analysis shows that high-performing tools 
operate synergistically, especially Elite Per-
formers (see Fig. 3), with Session Recordings 
and Heatmaps the  dominant pairing in  user 
journeys. This synergy aligns with evidence 
that granular behavioral data, visualized and 
interpreted dynamically, improves customer 
insight and enables timely design changes 
(Čegan & Filip, 2017; Ziemba et al., 2018), and 
with the  logic of online behavioral advertising, 
where real-time signals drive more personal-
ized and persuasive experiences (Aiolfi et al., 
2021; Varnali, 2019).

We  also  observe brand-exclusive syner-
gies in  the  Adobe ecosystem, where internal 
compatibility is high and external integration 
more limited, yet the  suite still performs well 
in UX optimization. This mirrors broader trends 
in  AI-driven marketing, in  which proprietary 
stacks maximize automation, personaliza-
tion, and campaign efficiency within defined 

Specification Regression  
coefficient (coef) p-value R2 value

Problem categories

1 0.1209 0.140

0.976

2 0.4285 0.000

3 −0.1169 0.200

4 0.2096 0.070

5 0.3972 0.004

6 −0.0132 0.863

7 0.3213 0.005

Note: The problem category numbers are the same as in Tab. A2 (appendix).
Source: own

Tab. 7: Multiple linear regression analysis for results related to increased customer 
loyalty and satisfaction and individual problem categories
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environments (Han et  al., 2021; Van  Esch 
& Black, 2021). Statistically, each additional tool 
co-occurrence increases total results by 2.8295, 
with the strongest gains in conversion and site 
optimization and weaker effects for content gov-
ernance or cost reduction, and model fit is high, 
R² = 0.936. Given the strength and consistency 
of these results, we accept H1 that synergies with 
top-rated tools have a strong impact on achiev-
ing short-term business goals (Giakomidou 
et al., 2022; Masrianto et al., 2022).

4.3	 Ability of analytical tools to solve 
problems

Our  evaluation shows a  strong link between 
tool effectiveness and problem solving, with 
user experience and optimization issues ex-
erting the  greatest influence on  expert ratings. 
This aligns with evidence that interface friction, 
poor navigation, and slow interactions drive dis-
satisfaction and abandonment, so tools that ex-
pose and resolve these issues are rated higher. 
We also find significant contributions from tools 
that address information management and 
internal processes, as  well  as  communication 
and information flow from users, which reflects 
the value of integrated feedback loops, real-time 
content delivery, and streamlined workflows sup-
ported by  AI and machine learning, including 
causal and reinforcement approaches (Gubela 
et al., 2022; Koch et al., 2023; Ngai & Wu, 2022).

By contrast, segmentation and personaliza-
tion, conversion and efficiency, and technology 
or  tool implementation show non-significant 
relationships with scores in our model, suggest-
ing a lower direct contribution to the short-term 
tactical outcomes prioritized in  this evaluation. 
These patterns are consistent with research 
on visual analytics and content modeling, which 
emphasizes understanding sequences, motiva-
tions, and pain points through direct interaction 
data rather than audience identity alone (Ki-
etzmann & Pitt, 2020; Wu & Yu, 2020). Given 
these results, H2 is accepted.

4.4	 Impact of tool effectiveness 
in solving UX and optimization 
problems on increasing customer 
satisfaction and loyalty

Addressing UX and optimization issues shows 
a  very strong association with satisfaction 
and loyalty outcomes, r = 0.9646, and the  re-
gression model indicates that each additional 
UX  or  optimization problem solved increases 

these outcomes by about 0.43, the largest effect 
among all categories. This pattern is consistent 
with evidence that website quality and usability 
mechanisms drive satisfaction and loyalty, and 
that predictive UX analytics and behavioral visu-
alizations help detect friction and enable timely 
interface improvements (Chen et al., 2023; Fer-
reira et al., 2022; Garcia-Madariaga et al., 2018; 
Nan et al., 2022). Taken together, the statistical 
results and prior research indicate that solv-
ing UX and optimization problems is the most 
direct pathway to short-term gains in satisfac-
tion and loyalty, therefore, H3 is accepted.

4.5	 Practical implications of behavioral 
analytics tool evaluation

Select tools based on demonstrated ability to de-
liver priority outcomes. Highest-scoring instru-
ments, particularly session tracking, A/B testing, 
heatmap visualization, and conversion funnels, 
are consistently associated with higher conver-
sion, better UX, greater satisfaction, and pro-
cess efficiency. A/B testing enables data-driven, 
cost-effective optimization (Guha et  al., 2021; 
Mandić et al., 2023; Siroker & Koomen, 2013), 
while session recordings and deep-learning 
behavior models support highly personalized, 
adaptive strategies (Batool, 2023; Li, 2022).

The most effective stacks combine diagnostic 
insight with predictive personalization. Heatmaps 
reveal engagement and friction and guide con-
tent and interface redesign (Koehn et al., 2020), 
session recordings provide granular behavioral 
evidence (Nesterenko et al., 2023), and conver-
sion funnels locate drop-offs and improve flow 
(Proença & Moraes, 2023). Used together these 
tools generate measurable synergies, reflected 
in the significant link between co-occurrence and 
outcomes (R²  =  0.936). By  contrast, Snapshot 
Reports and basic Click Tracking show limited 
strategic value, indicating surface-level metrics. 
In practice, deploy complementary, goal-orient-
ed stacks, apply A/B testing iteratively to validate 
UX  or  content decisions (Guha et  al., 2021; 
Mandić et al., 2023; Siroker & Koomen, 2013), 
let session- and funnel-based evidence inform 
personalization, segmentation, and conversion 
strategies, and integrate behavioral data with 
CRM and performance analytics for a  holistic 
view of user behavior.

Conclusions
This study shows that the strategic value of be-
havioral analytics tools depends on alignment 
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with clearly defined business objectives, not 
only on  technical capabilities. Session record-
ings and heatmaps are particularly effective for 
diagnosing UX issues and achieving short-term 
goals such as higher satisfaction and conver-
sion, and their combined use provides a com-
prehensive view of  behavior that enables 
targeted improvements to  experience and 
engagement. The findings also highlight the im-
portance of integration and synergy, especially 
among top-rated solutions, while stressing that 
impact depends on  coherent implementation 
and continuous evaluation against business-
specific metrics as user behavior evolves. 

Practically, organizations should adopt 
an iterative, data-driven workflow that incorpo-
rates user feedback, behavioral segmentation, 
and real-time analytics, and invest in solutions 
that support seamless integration, predictive 
insight, and adaptive  UX. Future research 
should validate expert-based assessments with 
larger empirical datasets linking tools to  user 
performance indicators and campaign out-
comes. Overall, behavioral analytics is founda-
tional to modern digital marketing and supports 
the  achievement of  key business objectives 
in a complex and fast-changing environment.

Limitations and future recommenda-
tions. The study relies on selected case stud-
ies, which limits generalizability, and the tool set 
does not cover the  full market. Expert weight-
ing is another constraint: three experts with 
H-index values of 62, 33, and 12 produced Ken-
dall’s W = 0.47, a moderate but non-significant 
agreement likely due to  the  small panel. 
Averaging weights is  a  defensible choice 
in exploratory work given the experts’ standing, 
but results should be interpreted with caution. 
Future research should expand the expert pool, 
apply formal consensus methods with consis-
tency checks and sensitivity analyses within 
integrated decision frameworks, and triangu-
late expert judgments with empirical evidence 
from campaigns, including conversion metrics, 
A/B test outcomes, and engagement statistics.
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Appendix

Classification Tool

Tools for data analysis

Adobe Analytics

Facebook Insights

Google Analytics

Digital Experience Intelligence

Dashboard Analysis

Snapshot Reports

Tools for testing and optimization

A/B Testing

Adobe Experience Cloud

Adobe Target

Conversions Funnels

Website Conversions Optimization

Site Visits Optimization

Form Analytics

Visual Behavior Analytics

Tools for monitoring user activity

Session Recordings

Google Tag Manager

Event Tracking

Live Stream Session

Audience Network

Tracking Codes

Twitter Pixel

Click Tracking

Click Recurrence Analysis

Tools for visual interaction analysis

Heatmaps

Zone-based Heatmaps

Scroll Depth Analysis

Mouseflow Analytics

Tools for collecting feedback and segmentation

Surveys

Feedback Information

Segment Creator

Adobe Customer Selection

Tools for advanced data analysis

Fullstory Analytics

Contentsquare Analytics

Adobe Experience Manager

Customer Journey Analytics

Dead Clicks Analysis

Friction Score Analysis

Rage Clicking Analysis

Fraud Detection

Clarity

Source: own

Tab. A1: Detailed classification of tools
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Specification
Result categories

Total
1 2 3 4 5 6

Data analysis tools 16.90 100.66 7.73 30.21 10.85 16.78 183.13

1 Adobe Analytics 3.76 37.75 1.93 6.71 5.42 3.87 59.44

2 Google Analytics 5.63 31.46 1.93 6.71 1.81 5.16 52.71

3 Digital Experience Intelligence 5.63 12.58 3.87 10.07 1.81 5.16 39.12

4 Dashboard Analysis – 12.58 – – – 1.29 13.87

5 Facebook Insights – 6.29 – 6.71 – – 13.00

Note: Result categories in the table were numbered to better present the results of the evaluation of  individual tools. 
The  list is as  follows: 1 –  increase in efficiency and process improvement, 2 –  increase in conversion rates and im-
provement in site optimization, 3 – increase in user interaction and engagement, 4 – increase in customer satisfaction 
and loyalty, 5 – better content and design management, 6 – reduction of costs and increase in savings; inconsistency 
in the result with ratings from individual table cells may result from rounding the sum to two decimal places.

Source: own

Specification
Result categories

Total
1 2 3 4 5 6

Testing and optimization tools 30.05 232.77 15.46 60.42 27.11 27.11 392.93

1 A/B Testing 5.63 88.08 7.73 20.14 1.81 3.87 127.26

2 Conversion Funnels 13.15 31.46 3.87 16.78 14.46 6.46 86.17

3 Adobe Experience Cloud 7.51 44.04 1.93 10.07 5.42 5.16 74.14

4 Adobe Target 3.76 37.75 1.93 6.71 5.42 3.87 59.44

5 Site Visits Optimization – 12.58 – – – 1.29 13.87

6 Form Analytics – 6.29 – 3.36 – 1.29 10.94

7 Visual Behavior Analytics – 6.29 – 3.36 – 1.29 10.94

8 Website Conversions Optimization – 6.29 – – – 3.87 10.16

Note: The result category numbers are the same as in Tab. A2 (appendix).; inconsistency in the result with ratings from 
individual table cells may result from rounding the sum to two decimal places.

Source: own

Tab. A2: Evaluation of data analysis tools

Tab. A3: Evaluation of testing and optimization tools
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Specification
Result categories

Total
1 2 3 4 5 6

User activity monitoring tools 73.24 327.14 32.86 97.35 32.54 33.57 596.68

1 Session Recordings 41.31 232.77 27.06 77.21 21.69 20.66 420.70

2 Event Tracking 16.90 18.87 – 6.71 9.04 7.75 59.27

3 Google Tag Manager 7.51 31.46 1.93 6.71 – 3.87 51.49

4 Click Recurrence Analysis – 12.58 1.93 – – – 14.51

5 Twitter Pixel – 12.58 – – – 1.29 13.87

6 Audience Network – 6.29 – 6.71 – – 13.00

7 Live Stream Session 5.63 – 1.93 – 1.81 – 9.37

8 Tracking Codes 1.88 6.29 – – – – 8.17

9 Click Tracking – 6.29 – – – – 6.29

Note: The result category numbers are the same as in Tab. A2 (appendix); inconsistency in the result with ratings from 
individual table cells may result from rounding the sum to two decimal places.

Source: own

Specification
Result categories

Total
1 2 3 4 5 6

Visual interaction analysis tools 39.44 239.06 27.06 67.14 16.27 6.46 395.41

1 Heatmaps 24.41 157.28 15.46 53.71 12.65 3.87 267.39

2 Zone-based Heatmaps 3.76 37.75 5.80 3.36 – 2.58 53.24

3 Scroll Depth Analysis 9.39 18.87 3.87 6.71 3.62 – 42.46

4 Mouseflow Analytics 1.88 25.16 1.93 3.36 – – 32.33

Note: The result category numbers are the same as in Tab. A2 (appendix); inconsistency in the result with ratings from 
individual table cells may result from rounding the sum to two decimal places.

Source: own

Tab. A4: Evaluation of user activity monitoring tools

Tab. A5: Evaluation of visual interaction analysis tools
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Specification
Result categories

Total
1 2 3 4 5 6

Tools for feedback collection  
and segmentation 11.27 106.95 1.93 30.21 7.23 2.58 160.17

1 Surveys 7.51 69.20 1.93 20.14 5.42 – 104.21

2 Feedback Information – 18.87 – 3.36 1.81 – 24.04

3 Segment Creator – 12.58 – 3.36 – 1.29 17.23

4 Adobe Customer Solution 3.76 6.29 – 3.36 – 1.29 14.69

Note: The result category numbers are the same as in Tab. A2 (appendix); inconsistency in the result with ratings from 
individual table cells may result from rounding the sum to two decimal places.

Source: own

Specification
Result categories

Total
1 2 3 4 5 6

Advanced analysis tools 24.41 157.28 17.39 33.57 7.23 18.08 257.96

1 Fullstory Analytics 11.27 31.46 7.73 13.43 3.62 7.75 75.24

2 Adobe Experience Manager 3.76 37.75 – – 3.62 3.87 48.99

3 Friction Score Analysis 1.88 25.16 1.93 3.36 – – 32.33

4 Fraud Detection 3.76 12.58 – – – 3.87 20.21

5 Rage Clicking Analysis 1.88 6.29 1.93 10.07 – – 20.17

6 Contentsquare Analytics 1.88 12.58 1.93 3.36 – – 19.75

7 Dead Clicks Analysis – 12.58 1.93 – – 2.58 17.10

8 Customer Journey Analysis – 12.58 – 3.36 – – 15.94

9 Clarity – 6.29 1.93 – – – 8.22

Note: The result category numbers are the same as in Tab. A2 (appendix); inconsistency in the result with ratings from 
individual table cells may result from rounding the sum to two decimal places.

Source: own

Tab. A6: Evaluation of feedback collection and segmentation tools

Tab. A7: Evaluation of advanced analysis tools


