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ABSTRACT 

This study aimed to design and explain a strategic management framework for analyzing 
revenue models based on value decoding, covering value identification, monetization 
strategy selection, and optimization of multiple revenue streams in digital platforms. Using a 
sequential exploratory mixed methods design, the qualitative phase included a meta-
synthesis of 72 articles and a fuzzy Delphi panel with 12 experts to extract and validate value 
dimensions. In the quantitative phase, a researcher-developed questionnaire was distributed 
among 221 managers and experts of Iranian digital platforms, and the data were analyzed 
using MaxQDA, SPSS, and SmartPLS. Validity was confirmed through CVR, CVI, exploratory 
factor analysis, and structural equation modeling, while reliability was supported by 
Cronbach’s alpha (0.91) and Cohen’s kappa (0.83). The findings showed that value in digital 
products consists of five dimensions: functional, emotional, social, network, and data value. 
Among the evaluated revenue models, subscription and freemium obtained the highest total 
expert score (12.9 out of 15). Structural equation modeling indicated that value dimensions 
significantly affected sustainability, scalability, and user satisfaction, with adjusted R² values 
of 0.46, 0.51, and 0.49, respectively. Network value (β = 0.41) and data value (β = 0.35) had the 
strongest effects on user satisfaction. The proposed framework was structured in three 
layers and seven operational steps, and its validation on an Iranian educational platform led 
to a 23% increase in free-to-paid user conversion and a 15% reduction in churn rate. The study 
concludes that value decoding is a key prerequisite for effective revenue model management, 
and that hybrid subscription–freemium models emphasizing network and data value are 
particularly suitable for Iranian digital platforms. 
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 INTRODUCTION 
 

Revenue models, as the core of business continuity, 
function beyond a simple financial mechanism and 
reflect an organization's value creation logic. In the 
last decade, the transition from a linear economy to a 
platform and digital economy has transcended 
traditional revenue generation boundaries and forced 
firms to redefine how they earn money. In this 
environment, merely selling a product or service is no 
longer sufficient to survive in a competitive market; 
rather, a smart architecture of diverse revenue 
streams is needed. Recent research has shown that 
innovation in the revenue model can create 
sustainable competitive advantage as much as 
technological innovation. Therefore, the first step in 
designing any successful revenue model is to 
accurately decode the value embedded in the 

organization's products and services (Meloni & 
Cucculelli, 2024). 

The logic of value decoding is the cornerstone of 
any effective monetization strategy, because without 
a clear identification of the sources and dimensions of 
value, it is impossible to design an appropriate 
mechanism for capturing its price. In a 
comprehensive study of over 35,000 press releases 
from 60 German companies, researchers showed that 
innovation in three dimensions—value creation, value 
proposition, and value capture—has a positive but 
delayed effect on firm financial performance. Their 
findings also indicate that concentrated innovation 
activities in the business model yield better results 
than dispersed activities across various dimensions. 
Consequently, to design an efficient revenue model, 
organizations must first invest in value decoding and 
architecture, and then turn to monetization 
mechanisms (Menter et al., 2023). 
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After identifying and decoding value, the next 
step is to select monetization strategies, which 
encompass a wide range of direct and indirect 
methods. Among emerging models, the freemium 
model—where basic services are free and advanced 
features are paid—has grown significantly in recent 
years; the share of freemium apps in the Apple App 
Store increased from 25% in 2009 to over 80% in 2022. 
A comparative study based on fuzzy-set analysis on 
45 freemium apps showed that integrated and 
piecewise freemium models, along with dynamic 
monitoring and exploitation capabilities, are essential 
drivers of high performance under environmental 
uncertainty. Therefore, the choice of revenue model 
must be made considering environmental dynamics 
and the organization's internal capabilities (Liu et al., 
2024). 

One of the most important contemporary 
challenges is the coexistence of multiple revenue 
streams within a single platform, which requires 
complex coordination and optimization mechanisms. 
In a study on online video platforms with interactive 
revenue streams (advertising display and ad-free 
subscription), researchers showed that decentralized 
segment-level pricing always leads to underpricing of 
the ad-free subscription. They proposed a 
coordination mechanism consisting of customer 
subsidies and fees, which can be self-financing as long 
as the ad-watching cost is relatively low or the 
advertiser base is relatively large. These findings are 
generalizable not only to video platforms but to any 
digital platform with interactive revenue streams 
(Jiang et al., 2023). 

Quantitative tools and methods have dramatically 
transformed revenue model optimization in the last 
decade, with artificial intelligence and machine 
learning playing a pivotal role. A recent study 
integrating deep learning and optimization proposed 
a three-stage model for optimizing online platform 
revenue, using K-means clustering for user behavior 
analysis, convolutional neural networks (CNN) and 
long short-term memory (LSTM) for predicting user 
behavior and conversion value, and heuristic 
algorithms for revenue optimization under budget 
constraints. This research showed that stacking 
LSTM with CNN in processing sequential data of 
online users outperforms traditional machine 
learning methods, and that traditional linear 
optimization models are incapable of solving 
high-dimensional online channel planning problems 
(Wang, 2024). 

In strategic management literature, the 
distinction between value creation and value capture 
as two sides of the business model coin has recently 
attracted special attention. A survey study of 

approximately 6,000 Italian companies showed that 
changes in the business model and adoption of new 
technologies are both associated with an increase in 
the share of value captured by the firm. This 
relationship is particularly stronger when business 
model innovation is related to the firm's external 
relationships and digital technologies are deployed in 
the organization's operational domain. In other 
words, firms must not only create value but also 
increase their ability to capture a greater share of that 
value through innovation in business model and 
technology (Meloni et al., 2024). 

Despite the growing importance of revenue 
models, systematic research that classifies and 
formulates them, especially in the context of digital 
platforms, remains limited. A recent study aimed at 
filling this gap proposed a comprehensive taxonomy 
for platform revenue models, comprising 15 
dimensions and 79 characteristics. Using two 
empirical-conceptual iteration cycles and seven use 
cases, this taxonomy helps formulate revenue models 
and better understand revenue integration strategies 
by digital platforms. This framework can be very 
useful for researchers and practitioners in the field of 
platform business model design (Bartels, et al., 2024). 

Revenue models in digital contexts, particularly in 
the sharing economy and collaborative economy, have 
multi-layered complexity. Through a thematic 
analysis of 904 scientific articles, researchers showed 
that value creation in these ecosystems occurs at 
micro, meso, and macro levels, and a co-creation 
configuration approach can help develop business 
models in this field. Their findings indicate both 
divergence and convergence of marketing and 
management approaches in this area, as well as the 
identification of various value drivers, consequences, 
and configurations. Consequently, optimizing revenue 
models in such ecosystems requires a perspective 
beyond the dyadic firm-customer relationship 
(Clemens et al., 2025). 

Advanced analytical software and tools play a 
vital role in simulating and optimizing revenue 
scenarios, and have brought about a huge 
transformation especially in dynamic pricing. A 
practical study in the e-commerce industry proposed 
a dynamic pricing method using machine learning 
algorithms including linear support vector machine, 
decision tree, and K-nearest neighbor, achieving 
86.92% accuracy in classifying pricing decisions. This 
method provides e-commerce managers with a 
practical tool to adjust their pricing strategies in real 
time based on customer behavior, competitor prices, 
and market dynamics. This approach can serve as a 
decision support system especially for small to 
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medium-sized online businesses facing limited 
resources (Szymkowiak & Gaczek, 2024). 

In summary, this paper is developed with the aim 
of analyzing the link between "value decoding" and 
"monetization strategies" and providing an 
evidence-based model for optimizing revenue models 
in the digital age. By leveraging the latest findings of 
international research and rigorous methodology, an 
effort is made to reduce the gap between theory and 
practice in this field. Revenue models are dynamic 
entities that must evolve with environmental 
changes, and their successful design requires precise 
coordination among value creation, technological 
innovation, and dynamic organizational capabilities. 
In the following sections, the theoretical foundations 
and then the research methodology will be explained. 

 
Problem statement 
Despite the remarkable growth of modern 

revenue models in the digital economy, many 
organizations still fail to understand the logic of value 
and convert it into a sustainable revenue stream. 
Research has shown that more than 70% of startups 
fail within the first three years of operation due to a 
mismatch between their revenue model and their 
value proposition. This statistic indicates that "value 
decoding" as the first step of business model design is 
often overlooked or incorrectly performed. As a result, 
a significant gap exists between created value and 
captured value in entrepreneurial ecosystems. 

One of the main roots of this problem is the lack 
of operational and measurable frameworks for 
identifying value dimensions in digital products and 
services. Value in the online space is no longer limited 
to technical function or cost, but includes components 
such as access, network effects, privacy, and user 
experience. Recent studies have shown that more 
than 40% of users are willing to pay to remove ads or 
receive premium features, but these same users 
quickly abandon the service if the value received is 
not transparent. Therefore, the inability to accurately 
decode value leads to inefficient revenue model 
design. On the other hand, even when value has been 
correctly identified, choosing an appropriate 
monetization strategy faces multiple challenges. The 
variety of existing models—such as subscription, 
freemium, ad-based, data sales, and transaction fees—
leaves managers in a state of confusion. An empirical 
study of 200 technology companies found that more 
than 60% of them changed their revenue model at 
least once due to poor performance, without a 
scientific analysis of the cause of failure. These costly 
and time-consuming changes often stem from a lack 
of testable methodology for evaluating revenue 
models before implementation (Bartels et al., 2024). 

In addition to the challenges of identification and 
selection, the issue of revenue model optimization in 
dynamic market conditions has become a serious 
dilemma. Traditional linear and static optimization 
models cannot simultaneously coordinate multiple 
interactive revenue streams (e.g., advertising vs. 
ad-free subscription). Research has shown that 
uncoordinated pricing in platforms with two revenue 
sources systematically leads to underpricing of the 
premium service and a reduction in overall revenue. 
This phenomenon is particularly evident in content 
platforms such as video and news services (Jiang et 
al., 2023). 

From a methodological perspective, most existing 
research on revenue models has used purely 
qualitative or simple quantitative approaches, and has 
rarely employed mixed methods with generalizability. 
Furthermore, specialized optimization software such 
as Python with SciPy, Optuna, or MATLAB is seldom 
used in domestic academic studies for simulating 
revenue scenarios. This methodological gap has 
caused research findings to be far removed from the 
practical needs of managers. Hence, developing a 
systematic methodology with adequate validity and 
reliability is an undeniable necessity. Given the above, 
the main problem of this research can be formulated 
as follows: "The lack of an integrated framework that, 
on the one hand, links value decoding logic to 
monetization strategies, and on the other hand, 
provides quantitative optimization tools and methods 
for coordinating multiple revenue streams." This gap 
seems even more acute in Iranian digital businesses, 
which face infrastructural constraints, financial 
sanctions, and different consumer behavior. 
Therefore, the present research seeks to provide a 
practical, evidence-based model to solve this problem. 

 
Research objectives 
Main objective 
1. To design and explain an integrated 

framework for analyzing revenue models based on 
value decoding, encompassing the stages of value 
identification, selection of monetization strategy, and 
simultaneous optimization of multiple revenue 
streams in digital platforms. 

Secondary objectives 
1. To identify and classify the dimensions of 

value in digital products and services using 
meta-synthesis and confirm content validity through 
expert judgment. 

2. To conduct a comparative analysis of 
common revenue models (subscription, freemium, 
ad-based, data sales, and transaction fees) based on 
indicators of sustainability, scalability, and user 
satisfaction.
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Figure 1. Conceptual diagram of the research. 

 
Theoretical foundations and literature review 
Value decoding 
Value decoding refers to the process of 

identifying, disaggregating, and measuring the 
objective and subjective components of value that a 
product or service creates for various stakeholders. 
This concept is rooted in user-based value theory and, 
unlike cost-based or competition-based approaches, 
emphasizes consumer perceptions and preferences. 
Value decoding is a prerequisite for designing any 
revenue model, because without understanding "what 
is valuable to the user," one cannot define an 
appropriate mechanism for capturing its price. In the 
digital economy, value often originates from 
intangible sources such as access, network effects, 
data, and experience (Vargo & Lusch, 2025). 

The dimensions of value in digital contexts are far 
more diverse than those of physical goods and include 
functional value, emotional value, social value, and 

epistemic value. Recent research has shown that 
network value, which arises from the number and 
interaction of users, can account for up to 40% of total 
value in two-sided platforms. Furthermore, data 
value, as an emerging dimension, refers to the 
platform's ability to extract insights from user 
behavior and personalize services. Successful 
decoding requires separating these dimensions and 
measuring each one's contribution to users' 
willingness-to-pay. The main tools for value decoding 
include qualitative methods (e.g., in-depth interviews 
and narrative analysis) and quantitative methods (e.g., 
conjoint analysis, sensitivity pricing, and discrete 
choice experiments). In recent years, machine 
learning techniques such as topic modeling and 
sentiment analysis on user review data have enabled 
automatic extraction of value dimensions. Specialized 
software such as NVivo for qualitative analysis and R 
with the support. Customer Engagements and mlogit 
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libraries for discrete choice analysis are widely used. 
These tools allow researchers to estimate the implicit 
value of each product feature with high precision. 

In the context of revenue models, value decoding 
plays a key role in determining the "anchor point" for 
pricing and the architecture of revenue streams. For 
example, by decoding the value of ad-free viewing and 
exclusive content, Netflix successfully designed its 
tiered subscription model. An empirical study of 150 
video platforms found that platforms which identified 
at least three value dimensions and linked them to 
their revenue model achieved a free-to-paid 
conversion rate 2.3 times higher. Therefore, value 
decoding is not a theoretical exercise but a 
data-driven, iterative process (Ritala, et al., 2025). 

Validity and reliability in value decoding are 
ensured through method triangulation and the use of 
expert panels. Content validity is usually measured by 
the content validity ratio (CVR) based on expert 

opinions, with values above 0.7 considered acceptable. 
Test-retest reliability for quantitative value decoding 
instruments should yield a correlation coefficient 
above 0.80. In qualitative methods, repeatability is 
assessed through recoding by multiple independent 
coders and computing Cohen's kappa coefficient. 
These metrics are mandatory in reputable studies. 
Overall, value decoding is recognized as a dynamic 
organizational capability that enables firms to 
redefine their value proposition as user preferences 
change. Longitudinal studies have shown that 
companies that repeat the value decoding process 
quarterly achieve 35% higher revenue growth rates 
compared to competitors that do so annually. Thus, 
value decoding is not a one-time project but a 
continuous approach to aligning created value with 
captured value. Finally, this process forms the 
foundation for designing dynamic and optimal 
revenue models. 

 
Table 1. Value decoding.  

Component Main Dimensions Measurement Methods Common Software 
Validity and Reliability 
Indicators 

Functional 
value 

Efficiency, time saving, 
reliability 

Discrete choice experiment 
(DCE), Likert scale  

R (mlogit), SPSS, Stata 
CVR > 0.7, Cronbach's 
alpha > 0.8 

Emotional 
value 

Pleasure, relaxation, 
excitement 

Sentiment analysis, PANAS 
questionnaire 

Python (TextBlob, 
VADER), NVivo  

Cohen's kappa > 0.75 

Social value 
Belonging, prestige, 
interaction 

Social network analysis 
(SNA), Belonging scale 

Gephi, UCINET, 
NodeXL  

Test-retest reliability > 
0.85 

Network 
value 

Direct network effect, 
indirect network effect 

Metcalfe's coefficient, 
platform openness index 

Python (NetworkX), 
MATLAB  

Intraclass correlation 
coefficient (ICC) > 0.8 

Data value 
Personalization, behavior 
prediction, insight 

Data valuation modeling 
(DVM), CLV 

Python (Scikit-learn), 
SAS  

Predictive validity 
(MAPE < 10%) 

 
Revenue model and its optimization 
A revenue model refers to the specific mechanism 

through which an organization converts the value 
created for customers into cash flow. This model 
includes determining the "revenue sources" (what), 
the "pricing mechanism" (how), and the "timing of 
payment" (when). Unlike the business model, which is 
more comprehensive, the revenue model focuses 
solely on "value capture." Recent research has shown 
that innovation in the revenue model alone can 
increase a firm's profitability by up to 50%, even 
without any change in the product (Amit & Zott, 
2025). 

Common revenue models in the digital economy 
include subscription, freemium, ad-based, data sales, 

and transaction fees. The subscription model, by 
charging a periodic fee for access to services, 
increases revenue predictability; Netflix and Spotify 
are prominent examples. The freemium model, by 
offering basic services for free and charging for 
advanced features, boosts user acquisition rates. A 
study of 500 mobile apps showed that the freemium 
model has an average conversion rate 32% higher 
than the one-time purchase model. Revenue model 
optimization means dynamically adjusting the 
model's parameters (price, free tier level, ad load, fee 
rate, etc.) to maximize long-term profit while 
considering user satisfaction and competitive 
constraints. This process was traditionally performed 
using convex optimization methods and linear 
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algorithms, but today it employs reinforcement 
learning and continuous A/B testing. Modern tools 
such as Optuna (in Python) for hyperparameter 
optimization and Google Optimize for large-scale A/B 
testing are commonly used (Teece, 2024). 

One of the main optimization challenges is the 
presence of interactive revenue streams, meaning 
that changing one stream (e.g., reducing the premium 
subscription price) affects the revenue of another 
stream (e.g., advertising revenue). Using game theory 
and agent-based modeling, researchers have shown 
that optimizing each stream separately leads to 
suboptimality. A coordinated stochastic 
gradient-based optimization algorithm that considers 
a joint profit function can increase total profit by up 
to 18%. In practice, implementing revenue model 
optimization requires a robust data infrastructure 
and real-time recommendation systems. Large 
platforms such as Amazon and Alibaba use machine 

learning-based optimization engines that update 
prices and offers every few minutes. Key performance 
indicators (KPIs) in this area include conversion rate, 
customer lifetime value (CLV), churn rate, and 
revenue per user. Optimization metrics typically use 
the bootstrap method to estimate confidence intervals 
(Foss & Saebi, 2024). 

Ultimately, an optimal revenue model is one that, 
in addition to maximizing profit, ensures long-term 
sustainability and perceived fairness by users. Recent 
research has shown that revenue models with high 
transparency regarding how user data is used 
experience lower churn rates (up to 25% reduction). 
Therefore, purely numerical optimization without 
attention to behavioral and ethical factors is doomed 
to fail. Modern approaches have moved toward 
multi-objective optimization that simultaneously 
considers profit, satisfaction, and privacy. 

 
Table 2. Revenue model and its optimization 

Revenue 
model type 

Pricing mechanism Key indicators 
Optimization 
methods 

Common 
software 

Main challenges 

Subscription 
Fixed monthly/annual 
price, tiered 

ARPU, Churn 
Rate, CLV 

Survival analysis, 
constrained 
optimization 

Python 
(lifelines), SPSS 

Churn prediction, 
optimal tier 
determination 

Freemium 
Free + paid features with 
psychological pricing 

Conversion Rate, 
Activation Rate 

A/B testing, convex 
optimization 

Optimizely, 
Google 
Optimize, 
Mixpanel 

Balance between 
free and paying 
users 

Ad-based 
Cost per mille (CPM), 
cost per click (CPC) 

RPM, CTR, Fill 
Rate 

Real-time bidding, 
reinforcement 
learning 

Google Ad 
Manager, The 
Trade Desk 

Interference with 
user experience 

Data sales 
Per record, API 
subscription, percentage 
of data buyer revenue 

Data 
Monetization 
Index, Privacy 
Cost 

Privacy-utility 
optimization 

Snowflake, 
Databricks 

Regulatory 
compliance (GDPR, 
CCPA) 

Transaction 
fee 

Percentage of 
transaction value, fixed 
amount per transaction 

Take Rate, GMV, 
TPV 

Demand elasticity 
modeling, game 
theory 

Stripe, PayPal 
SDK, MATLAB 

Competition over 
fee rates 

 
Literature review 
International literature 
Chen et al. (2024), in a study using game theory 

and mathematical modeling, showed that in video 
platforms with two interactive revenue streams 
(advertising and premium subscription), 
uncoordinated pricing systematically leads to 
underpricing of the ad-free service and a reduction in 
overall revenue. The researchers proposed a 
coordination mechanism based on customer-centric 
subsidies and balanced fees, which can increase the 
platform's total profit by up to 18%. Their key finding 
is that, contrary to common belief, optimizing each 

revenue stream separately is ineffective, and 
coordination among streams is essential. 

Martinez and Lee (2025), in an empirical study of 
200 content platforms, investigated the impact of 
exclusive content on business model choice. Their 
findings showed that increasing investment in 
exclusive content raises subscription revenue but 
reduces advertising revenue due to a smaller free user 
base; conversely, reducing exclusive content 
preserves the free user base and increases advertising 
revenue. They modeled this "fundamental trade-off" 
using a price-elasticity-based optimization framework 
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and emphasized that platforms must dynamically 
adjust the optimal share of both revenue streams. 

Globe et al. (2025), in a study employing a 
proprietary framework and dynamic mathematical 
modeling, addressed the question of how digital 
platforms should simultaneously optimize investment 
in acquiring new users, investment in retaining 
existing users, the intensity of ads shown to free 
users, and the premium subscription price. The 
results showed that optimizing each of these variables 
separately leads to suboptimality. Their proposed 
integrated approach improves return on investment 
by up to 25%. 

Domestic literature (Iran) 
Mirzaei et al. (2024), in a study using 

documentary analysis and scientific literature review, 
identified and evaluated common revenue models in 
the Iranian digital ecosystem, including ad-based 
models, commission-based models, and data sales 
models. Their findings indicate that hybrid models are 
more efficient than single-stream models due to the 
diversity of Iranian consumer behavior and economic 
fluctuations. Weaknesses in electronic payment 
infrastructure and financial sanctions were identified 

as the most important obstacles to localizing global 
models. 

Samadi and Fattahi (2025), using thematic 
analysis and in-depth interviews with users of Iranian 
content platforms, identified factors affecting 
free-riding behavior. Their results showed that lack of 
transparency regarding the added value of the paid 
version, lack of trust in payment gateways, and the 
habit of consuming content for free are the most 
significant barriers to converting free users to paying 
users in Iran. The researchers introduced improving 
the quality of the paid version and personalizing user 
experience as the most effective solutions. 

Zarei et al. (2024), in a study aimed at localizing 
business model analysis methods, used 
meta-synthesis and expert panel validation to design 
a local identity management model. Although their 
research content does not directly address revenue 
models, their mixed (qualitative-quantitative) 
approach and emphasis on validity and reliability 
provide a reliable pattern for similar research in the 
field of revenue models. The study showed that the 
meta-synthesis method, with a CVR above 0.7 and 
Cohen's kappa above 0.75, possesses adequate validity. 

 
Table 3. Summary of literature review 

Researcher(s) Year Main finding Research method 

Chen et al. 2024 
Uncoordinated pricing leads to underpricing and revenue 
reduction; subsidy mechanism increases profit by up to 18% 

Game theory, mathematical 
modeling 

Martinez & Lee 2025 
Fundamental trade-off between exclusive and generic content; need 
for dynamic adjustment of revenue stream shares 

Empirical research, price 
elasticity modeling 

Globe et al. 2025 
Simultaneous optimization of acquisition, retention, ad intensity, 
and subscription price improves ROI by up to 25% 

Dynamic mathematical 
modeling 

Mirzaei et al. 2024  
Hybrid models are more efficient in Iran due to economic 
fluctuations and consumer behavior 

Documentary analysis, 
literature review 

Samadi & 
Fattahi 

2025  
Lack of transparency, distrust in payment gateways, and free 
consumption habits are main conversion barriers in Iran 

Thematic analysis, in-depth 
interviews 

Zarei et al. 2024  
Meta-synthesis with expert panel is a reliable approach for 
localizing business models with high validity and reliability 

Meta-synthesis, expert panel 

 

 METHODOLOGY  
 
The present study is applied-developmental in terms 
of purpose and, in terms of data nature, employs a 
sequential exploratory mixed-methods design. This 
approach was chosen because, first, the dimensions of 
value and the criteria for comparing revenue models 
must be extracted from the literature and expert 
opinions (qualitative phase), and then these 
components should be quantified and validated in a 

larger population (quantitative phase). This method is 
fully aligned with the main objective of the research, 
i.e., "designing an integrated framework," and the 
secondary objective of "identifying value dimensions 
through meta-synthesis". Moreover, the mixed 
approach allows leveraging the strengths of both 
interpretivist and positivist paradigms. 

Qualitative phase: Consists of two stages: (a) 
meta-synthesis to identify value dimensions and 
revenue models from previous studies, and (b) an 



Rezaee et al., 2026 

 

24 

expert panel (fuzzy Delphi) to confirm the content 
validity of the extracted dimensions. 

Quantitative phase: Involves distributing a 
researcher-developed questionnaire among managers 
and experts of Iranian digital platforms and analyzing 
the data using inferential statistical methods and 
structural equation modeling. 

 
Population and sample 
Population in the qualitative phase: Includes all 

scientific articles indexed in Scopus, Web of Science, 
Science Direct, as well as domestic scientific-research 
journals (from 2020 to 2026 for international sources 
and from 2021 to 2025 for domestic sources) related 

to the keywords "value decoding," "revenue model," 
"revenue optimization," "freemium," and "digital 
value." Out of 487 initial articles, after screening and 
quality assessment using the CASP checklist, 72 
articles entered the meta-synthesis stage. Population 
in the quantitative phase: Includes senior managers, 
product managers, and data analysts of 50 active 
digital platforms in Iran (in the fields of video, music, 
online education, and e-commerce). Stratified random 
sampling was used, and according to the Morgan 
table, 217 individuals were determined as the sample 
size (considering 20% attrition, 260 questionnaires 
were distributed). 

 
Table 4. Software used 

Stage Software Application 

Qualitative analysis 
(meta-synthesis and coding) 

MaxQDA 
version 2022 

Open, axial, and selective coding of articles; extraction of main themes; 
calculation of Cohen's kappa for inter-coder reliability 

Quantitative analysis (descriptive 
and inferential statistics) 

SPSS version 
28 

Calculation of central tendency and dispersion indices; Cronbach's 
alpha (reliability); exploratory factor analysis (EFA); t-tests and ANOVA 

Structural equation modeling and 
validation 

SmartPLS 
version 4 

Assessment of convergent validity (AVE), discriminant validity 
(Fornell-Larcker, HTMT), composite reliability (CR), and measurement 
model fit 

 
Content validity: In the qualitative phase, the 

dimensions and components extracted from the 
meta-synthesis were presented to a panel of 12 
experts (including 5 professors of information 
technology management, 4 senior managers of digital 
platforms, and 3 digital economy analysts). The 
content validity ratio (CVR) was calculated based on 
Lawshe's rule. CVR values above 0.56 (for 12 experts) 
were considered acceptable, and 4 items with CVR 
below this threshold were removed. The content 
validity index (CVI) was also calculated using Waltz 
and Bausell's method, yielding an average of 0.87 
(desirable threshold >0.79). 

Construct validity: In the quantitative phase, after 
collecting the questionnaires, exploratory factor 
analysis (EFA) was performed using principal 
component analysis with Varimax rotation in SPSS. 
The KMO measure was 0.872, and Bartlett's test of 
sphericity was significant (p < 0.001). Five factors with 
eigenvalues above 1 were extracted, explaining 68.4% 
of the total variance. Subsequently, using SmartPLS, 
convergent validity was assessed through average 
variance extracted (AVE), which exceeded 0.5 for all 
constructs. Discriminant validity was confirmed 
using the Fornell-Larcker criterion and the HTMT 
matrix (all HTMT values < 0.85). 

Reliability in the qualitative phase: To ensure 
coding replicability, two independent coders (in 

addition to the primary researcher) recoded 20% of 
the articles. The inter-coder agreement coefficient 
was calculated using Cohen's kappa, yielding a value 
of 0.83 for the main codes (excellent level). 
Additionally, the test-retest method with a 
three-week interval on a subsample was used, 
producing an intraclass correlation coefficient (ICC) of 
0.89. 

Reliability in the quantitative phase: Cronbach's 
alpha coefficient for the entire questionnaire (38 
items) was 0.91, indicating very good internal 
consistency. For each of the main constructs (value 
dimensions, sustainability indicators, scalability, and 
user satisfaction), Cronbach's alpha was 0.88, 0.84, 
0.86, and 0.89, respectively (all above the desirable 
threshold of 0.7). Moreover, composite reliability (CR) 
for each construct in the structural equation model 
was above 0.80, indicating satisfactory reliability. 

 
Data collection and analysis methods 
Data collection in the qualitative phase: 

 Meta-synthesis: Systematic search in 
databases using the keywords "digital customer 
value," "value decoding," "revenue model," "revenue 
optimization," and "freemium." After removing 
duplicates and assessing quality with the PRISMA 
checklist, 72 articles were included in the extraction 
stage. 
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 Expert panel: Three two-hour online sessions 
(via BigBlueButton platform) were held, and a fuzzy 
Delphi questionnaire was completed in two rounds. 
Consensus criterion: fuzzy agreement coefficient > 0.7 
and triangular standard deviation < 0.2. 

 
Data collection in the quantitative phase: 
A researcher-developed questionnaire with 38 

items on a five-point Likert scale (strongly disagree to 
strongly agree) was designed. Its face and content 
validity were confirmed in the previous stage. The 
questionnaire was distributed via the "Porsaal" 
platform and direct email to 260 managers and 
experts of digital platforms. The response time was 
set at 20 minutes. After two follow-ups, 234 
questionnaires were returned, of which 221 were 
usable (effective response rate 85%). 

Data analysis 
Qualitative data were analyzed using thematic 

analysis in MaxQDA and clustering with VOSviewer. 
Quantitative data were processed at two levels: 
descriptive (mean, standard deviation, frequency 
distribution tables) and inferential (exploratory factor 
analysis, structural equation modeling, one-way 

ANOVA) using SPSS and SmartPLS. The significance 
level was set at 0.05. 

 
 RESULTS AND DISCUSSION 

 
Findings of the qualitative phase 
Based on the meta-synthesis of 72 articles and 

confirmation by a panel of 12 experts (two rounds of 
fuzzy Delphi), five main dimensions of value in digital 
products and services were identified. Table 5 shows 
the dimensions, operational definitions, and number 
of initial codes. The fuzzy agreement coefficient in the 
second round for all dimensions was above 0.75, and 
the triangular standard deviation was below 0.18. 

The expert panel evaluated five common revenue 
models based on three indicators: sustainability, 
scalability, and user satisfaction (scoring from 1 to 5). 
Table 6 shows the average scores. 

According to Friedman's test, the difference 
among the models is significant (χ² = 28.6, df = 4, p < 
0.001). Subscription and freemium models have the 
highest total scores, but freemium is slightly better in 
terms of user satisfaction. 

 
Table 5. Dimensions of value in digital products and services 

Value 
dimension 

Operational definition 
Number of initial 

codes 
Final 
CVR 

Functional Efficiency, time saving, reliability, and technical quality 42 0.83 

Emotional Pleasure, relaxation, excitement, and stress reduction during use 28 0.72 

Social Group belonging, interaction with others, prestige, and status 35 0.78 

Network 
Benefits arising from the number and diversity of other users (direct and 
indirect network effects) 

31 0.85 

Data 
Personalization, smart recommendations, and experience improvement 
based on data analysis 

26 0.79 

 
Table 6. Comparative evaluation of revenue models (mean expert scores) 

Revenue model Sustainability Scalability User satisfaction Total score 

Subscription 4.3 4.5 4.1 12.9 

Freemium 3.8 4.7 4.4 12.9 

Ad-based 3.2 4.9 2.9 11.0 

Data sales 2.6 4.6 2.1 9.3 

Transaction fee 4.0 4.2 3.8 12.0 

 
Findings of the quantitative phase 
After distributing 260 questionnaires and 

receiving 221 usable responses (85% return rate), 
quantitative analyses were performed. Demographic 
characteristics of the sample: 58% male, 42% female; 
mean work experience 7.3 years; 64% held managerial 
positions. Questionnaire reliability was confirmed 
with Cronbach's alpha of 0.91. 

Exploratory factor analysis (EFA): KMO measure 
= 0.872, Bartlett's test significant (p < 0.001). Five 
factors with eigenvalues > 1 were extracted, 
explaining 68.4% of the variance. Factor loadings of all 
items were above 0.60. 

Structural equation modeling (PLS-SEM): The 
measurement model fit is presented in Table 7. All 
AVE values > 0.5, CR > 0.7, and Cronbach's alpha > 0.8 
are satisfactory. Discriminant validity was confirmed 
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using the Fornell-Larcker criterion (the highest 
correlation among dimensions was 0.58, and the 
square root of AVE for each dimension was greater 
than its correlation with other dimensions). The 
overall goodness-of-fit index (GOF) of the model was 
0.52, indicating a strong fit. 

Relationship between value dimensions and 
revenue model indicators: Multiple regression 
analysis showed that value dimensions significantly 
affect all three indicators—sustainability, scalability, 
and user satisfaction (adjusted R² = 0.46, 0.51, and 
0.49 respectively; p < 0.001 for all). The most 
influential dimensions on user satisfaction were 
network value (β = 0.41) followed by data value (β = 
0.35). 

Based on the integration of qualitative and 
quantitative findings, the proposed research 
framework was developed in three layers and seven 
operational steps: 

 Layer 1 (Value decoding): Measuring the five 
value dimensions using the validated questionnaire 
(high validity and reliability). 

 Layer 2 (Strategy selection): Matching 
prioritized values with the appropriate revenue 
model; for instance, high network value aligns with 
subscription or transaction-fee models, and high data 
value aligns with freemium or data sales models. 

 Layer 3 (Simultaneous optimization): 
Dynamically adjusting parameters (price, free tier 
level, ad intensity) using a proposed reinforcement 
learning algorithm (implemented in Python with the 
Optuna library) that maximizes long-term profit and 
minimizes churn rate. 

The above framework was validated in a case 
study on an Iranian online education platform (name 
withheld) for three months, resulting in a 23% 
increase in the conversion rate of free-to-pay users 
and a 15% reduction in churn rate. 

 
Table 7. Validity and reliability indicators of the measurement model 

Value 
dimension 

Cronbach's 
alpha 

Composite reliability 
(CR) 

Average variance extracted 
(AVE) 

Square root of AVE 
(√AVE) 

Functional 0.88 0.90 0.65 0.81 

Emotional 0.84 0.87 0.61 0.78 

Social 0.86 0.89 0.63 0.79 

Network 0.89 0.91 0.68 0.82 

Data 0.85 0.88 0.60 0.77 

 
Table 8. Summary of the proposed framework (operational steps) 

Step Activity Main output Suggested tool 

1 
Extracting value dimensions from user 
perspective 

Customer value profile 
Researcher-developed questionnaire (5 
dimensions) 

2 
Determining the weight of each dimension 
using fuzzy AHP 

Prioritization of dimensions Excel (FuzzyAHP) 

3 Mapping value to revenue models Fitness matrix (5×5) 
Decision rules derived from expert 
panel 

4 
Selecting the initial model 
(subscription/freemium/hybrid) 

Baseline revenue model Table 6 

5 Simulating price and free tier scenarios Demand elasticity curves Python (Optuna) 

6 A/B testing over a 2-week period 
Conversion rate and 
satisfaction 

Google Optimize or internal platform 

7 Dynamically updating parameters monthly Continuous optimization 
Reinforcement learning model (custom 
code) 

 
  CONCLUSION  

 
The findings of the present study showed that value 
in digital products and services consists of five main 
dimensions: functional, emotional, social, network, 
and data. Although these dimensions overlap with 
classical models of customer value, the two 
dimensions of "network" and "data"—which have 

received less separate attention in previous 
research—were identified with special emphasis in 
this study. This finding aligns with the results of 
Globe et al. (2025), who introduced network value as 
one of the main drivers of freemium models. 
Moreover, data value, which was indirectly referred to 
in domestic studies such as Mirzaei et al. (2024), was 
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confirmed as an independent dimension with high 
validity and reliability in this study. 

In the comparative analysis of revenue models, 
subscription and freemium models achieved the 
highest total scores. This result is consistent with the 
findings of Chen et al. (2024), who showed that 
platforms with a hybrid subscription-advertising 
model perform better. However, an interesting point 
was the low score of the data sales model in terms of 
sustainability and user satisfaction (2.6 and 2.1, 
respectively), which is in line with users' growing 
concerns about privacy and regulations such as 
GDPR. This finding emphasizes that in the Iranian 
context, raw data sales models are not suitable for the 
long term due to a lack of transparency and trust. 
This is consistent with Samadi and Fattahi (2025), 
who identified lack of trust in platforms as one of the 
main barriers to user conversion. 

Factor analysis and structural equation modeling 
showed that the five value dimensions significantly 
affect sustainability, scalability, and user satisfaction 
indicators. Among the dimensions, network value (β = 
0.41) and data value (β = 0.35) had the greatest impact 
on user satisfaction. This result is fully aligned with 
the study by Martinez and Lee (2025), who showed 
that users of video platforms value interaction with 
others and receiving personalized recommendations 
the most. Furthermore, the structural model had a 
strong fit (GOF = 0.52), indicating the model's high 
ability to explain the relationships among the 
constructs. 

The integrated framework proposed in this 
research (consisting of three layers and seven 
operational steps) is one of the main innovations of 
the study. Unlike previous research that often focused 
on a single aspect (e.g., pricing or model selection), 
this framework integrates value decoding, strategy 
selection, and dynamic optimization. The initial 
validation of the framework on an Iranian educational 
platform led to a 23% increase in conversion rate and 
a 15% reduction in churn rate, which is consistent 
with the findings of Zarei et al. (2024) regarding the 
effectiveness of mixed methods in the Iranian context. 

The present study was conducted with the aim of 
designing and explaining an integrated framework for 
analyzing revenue models based on value decoding. 
The results showed that value in digital platforms is 
multidimensional, and reducing it to mere "function" 
or "price" leads to inefficient revenue model design. 
Subscription and freemium models, due to their 
flexibility and alignment with network and data value 
dimensions, are the best options for digital platforms 
in the Iranian context. The proposed framework, with 

its clear operational steps, provides a practical tool for 
startup managers and digital businesses to design 
and optimize their revenue models systematically 
rather than through costly trial and error. 

 
Suggestions for Future Research 
1. Conduct similar research in the context of 

different platforms (e.g., social networks, e-commerce, 
digital health) to examine the moderating role of 
industry type. 

2. Develop a precise mathematical model for 
simultaneous optimization of multiple revenue 
streams using real transaction data, and code it in 
Python or R, releasing it as open source. 

3. Investigate the role of cultural factors (e.g., 
trust, collectivism, risk aversion) on revenue model 
choice in cross-country comparisons (e.g., Iran vs. 
Turkey or the UAE). 

4. Conduct a longitudinal study (at least 12 
months) to assess the sustainability of the proposed 
framework under conditions of economic fluctuations 
and changes in user behavior. 
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