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CHAPTER 1: INTRODUCTION

The global education-technology (EdTech) industry is undergoing one of the fastest
innovation cycles in the digital economy. Rapid digitalization, changing patterns of
workforce upskilling, and the consumerization of learning technologies are expanding
the market from roughly USD 200 billion in 2024 to more than USD 1 trillion within
the next decade (Business Research Insights, 2025). This expansion has been
accompanied by waves of venture-capital investment that peaked in 2021 and
subsequently matured into a more selective but outcome-oriented funding environment
emphasizing unit-economic viability and demonstrable product—market fit (HolonlQ),

2025).

In that context, microlearning has become one of the most rapidly expanding and
evidence-based sectors in EdTech. Microlearning provides bite-sized learning modules -
normally three to five minutes - straight to a learner’s mobile device, sometimes
complemented by gamification, Al-powered personalization and spaced-repetition
algorithms. Fact-based evidence suggests that such design elements dramatically drive
up retention and engagement when compared to traditional long-form courses
(Semantic Scholar, 2024; NCBI PMC, 2022). So, microlearning has succeeded in various
environments - from self-improvement apps for the personal consumer to training
module providers for the enterprise, and has become a competitive category of its own
within the EdTech sector. We have pedagogical content knowledge, commercial
momentum, but we still lacka broad understanding of the strategic landscape of
microlearning platforms. Firms find it difficult to discern what mixes of features yield
sustainable competitive advantage, how feature differentiation relates to monetization
efficiency, and what structural patterns characterize the demand side. Although several

industry reports evidence funding/sponsorship trends and user adoption, relatively



little academic research directly relates product-level design decisions to financial

petformance/valuation.

To address this, the thesis attempts to offer an analytical understanding of how the
product feature matrix (PFM) of micro-learning platforms aligns with various business
models, performance metrics, and market positions. It presents a common empirical

framework that integrates the following:

a binary feature matrix of presence or absence for eleven functional and

pedagogical features on 20 platforms;

® 2 Feature Score that is equal-weighted and measures functional depth for an
intuitive product richness comparison;

® a Multiple Correspondence Analysis (MCA) of the latent strategic dimensions
that organise competition;

® Regression models examining the impact of product characteristics and strategic

archetypes on platform traction, monetization, and yield.

The following central research questions are covered by the study:

1. What are the product-feature options of top microlearning platforms? How
does the feature richness relate to user traction or pricing power?

2. What archetypal strategies, consumer-gamified or enterprise-credential, appear
in the data, and which is associated with performance outcomes?

3. What are the implications of business models and features for investor

valuations for microlearning companies?

Methodologically speaking, the study is a cross-sectional comparative analysis of 20
companies — from high-growth startups like Headway and Gnowbe to listed leaders
such as Duolingo, Coursera, and Udemy. All data is publicly available from company

websites, AppMagic, SensorTower, Crunchbas,e and Yahoo Finance. The sample



represents North America, Europe, Asia and Latin America, making for a

well-balanced geographic competition. The rest of this thesis is organized as follows:

Chapter 2 discusses the EdTech industry and theories of platform competition, as well
as summarizes existing literature on microlearning and gamification. Chapter 3 presents
the research design, dataset generation, Feature Score method and implementation of
MCA and regression model to test the hypotheses. Chapter 4 provides an in-depth
description of the dataset along with company descriptors, feature distribution and
financial benchmarks. Chapter 5 contains empirical results based on the descriptive,
MCA, and regression analyses, as well as relates them to strategic differentiation.
Theoretical and managerial implications, limitations, and future research directions are

offered in Chapter 6.

By empirically analysing how product-level design decisions are connected with
promotional, financial outcomes, the thesis provides an all-in-one investigation of
competition in the microlearning market. It offers actionable implications for EdTech
entrepreneurs who are in search of an optimal feature portfolio, investors who are
evaluating value drivers of the digital education space and scholars interested in

technology design and its strategic performance.



CHAPTER 2: INDUSTRY OVERVIEW AND RELATED STUDIES

The global EdTech market is growing fast- though it depends on how you crunch the
numbers and what’s included. The market is valued at USD193.7b in 2024 and growing
to USD1,284b by 2034 with a CAGR of 20.83% over the period 2025-2034 according
to Business Research Insights (Business Research Insights, 2025). This compares to
GlobalData figures, which predict 2024 will see USD 310.8 billion, with 2019-24CAGR
reaching 19.4% .Collectively, these numbers represent a very large and still fast-growing
industry, although just how large depends on what you count as getting rolled up under
those adjacent categories and enterprise offerings (Business Research Insights, 2025;

GlobalData, 2025).

To understand how competition naturally arises in a dynamic market, let's start with
some standard strategic analysis tools. Porter’s Five Forces (Porter, 1980) was used as a
perspective to analyze the structure of the industry. Porter’s framework consists of five
structural forces that determine the intensity of competition and the overall
attractiveness of an industry: (1) the threat of new entrants, (2) the bargaining power of
suppliers, (3) the bargaining power of buyers, (4) the threat of substitute products or
services, and (5) the rivalry among existing competitors. The threat of new entrants is
strong since software development barriers are low but weakened by high customer
acquisition costs. There is a high bargaining power of the buyers (learners) considering
the fact that the cost of switching is low and there are a lot of ‘freemium’ options
available. The risk of substitute products is also high, from conventional learning to
informal learning on YouTube. Additionally, a lot of EdTech businesses, such as
Coursera and Udemy, act as two-sided platforms or marketplaces (Parker, Van Alstyne,
and Choudary, 2016). They essentially operate a two-sided marketplace connecting two
different user segments (content creators/instructors and learners) and adding value to

both sides by enabling interactions. Network effects have to be managed for these



platforms to work; when one side gets more valuable as the other side gets larger. This
creates new strategic challenges because of quality control and trust among paying users

for third-party content.

Growth drivers are both structural and cyclical. Structurally, workforce upskilling and
reskilling remain priority mandates for employers; mobile penetration and
low-bandwidth modes broaden access, particularly in APAC; and Al-enabled
personalization lowers content production costs while improving engagement. The
Digital Learning Institute highlights Al-driven personalized learning, gamification, and
immersive experiences as core adoption drivers and projects the EdTech market to
reach USD 598 billion by 2032 at >17% CAGR, reflecting demand across K-12, higher

education, and professional learning (Digital Learning Institute, 2025).

Figure 1. Global EdTech Venture Capital Funding (2010-2024)
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EdTech VC totaled USD 2.4 billion in 2024, the lowest level in a decade and down 89%

from the 2021 peak, with early-stage deal counts down by more than 35%



year-over-year even as average checks rose to ~USD 7.8 million in Q1 (HolonlQ, 2025;
Figure 1). QS likewise records USD 2.4 billion in 2024 and observes that workforce
training captured roughly one-third of investment, with K-12 attracting another third,
signaling continued investor focus on skills-linked and systems-level opportunities
despite the cyclical trough (QS EdTech Newsletter, 2025). Farly 2025 data suggest a
continuation of “fewer, larger bets” ~USD 410 million in H1 2025 with three
companies accounting for neatly half of Q1 funding (TS2 Space, 2025). In short, the
market remains large and growing, but capital is more selective and outcome-oriented,
elevating the bar for unit economics and product differentiation (HolonlQ, 2025; QS

EdTech Newsletter, 2025; TS2 Space, 2025).

One of the most important and fastest-growing parts of the EdTech market is
microlearning, Short, focused learning units are delivered in just a few minutes, often
on the go via mobile devices. Frequently, the content is optimized for repetition of
learning and improbability of forgetting through its repetition in a sequence of short,
bite-sized pieces. Its efficacy is based on known pedagogical principles. This practice of
presenting short, “bite-sized” chunks of content fits well within the framework of
Cognitive Load Theory (Sweller, 1988), which suggests that learning is facilitated when

the information presented to working memory is kept to a minimum.

Furthermore, microlearning platforms frequently facilitate spaced repetition, an
evidence-based learning approach in which learners see material increasingly less
frequently. This technique has been demonstrated to have a large effect on the
consolidation of long-term memory, with studies that compared recall (e.g, up to
16-25% compared to non-repetitive learning). Meta-analytic evidence also indicates that
recall efficiency is increased with the use of expanded inter-study intervals rather than
fixed or massed practice, and in science learning, the efficiency of spaced sessions
averaging 20 min was reported to be twice that of massed occasions (NCBI PMC,
2022).



Microlearning is a big field, but it's also fairly fragmented. A GLOBIS Corporation
Strategy Study in 2024 shows that in 2023, there were more than 50 digital
microlearning businesses operating around the world. It describes moderate
fragmentation with a mixture of local and regional rivals and identifies microlearning
platforms (including such household names as LinkedIn Learning) as principal
competitors for certain adult-education market segments in competition with traditional

business schools.

Ukrainian EdTech continues to garner international attention: the national industry
navigator notes that more than 5% of global EdTech investment in 2023 went to
Ukraine, and its metaverse education market claims a 0.2% global share, combining

resilience with niche specialization (IT Ukraine, 2024).

The existential challenge for EdTech companies is not only pedagogical but also
business. The business model upon which a company builds will determine its cost
structure, revenue predictability, and route to profitability. Table 1 summarizes the

typology of models that are commonly found in the officially supported space.

Table 1: A Taxonomy of EdTech Business Models

Model Name Core mechanism Pros Cons

Offers a basic tier of service

for free to attract a large user High operational

base, with revenue generated costs from

from users who upgrade to a  Quick user acquisition, non-paying users, low

premium tier for advanced wide engagement, conversion rates from
Freemium  features. strong brand building, free to paid.

Requires constant
value creation to
Predictable, recurring  prevent churn;
Charges users a recurring fee  revenue; fosters a loyal challenging to
for unlimited access to a library user base; trial periods demonstrate value

Subscription of content or a specific service. can drive conversion.  quickly.



Acts as a platform connecting
independent content creators
(instructors) with learners,

taking a commission on each

No direct content
creation costs; vast
and divetrse content

Inconsistent quality
control; winning user
trust to pay for
third-party content is

Marketplace | transaction. library. challenging.
Sells products or services
directly to organizations High contract values, Long and complex
(corporations, governments, opportunities for sales cycles, top-down
educational institutions) ona  upselling, stable adoption may lead to
Enterprise  contract basis, often priced per revenue from lower end-user
(B2B) seat. multi-year contracts.  engagement.

Can lead to a poor
Provides content for free to user experience,
the user and generates revenue Quick to market with  susceptible to
Ad-Supporte by selling advertising space to

d third parties.

low barriers to entry  ad-blockers, revenue

for users. per user is low.

Operates as a tax-exempt Mission-driven focus, Reliant on

organization funded primarily  high level of public fundraising, may lack

by philanthropic donations and | trust, can serve the capital for rapid

grants to provide free non-commetcial technological

Non-Profit

Source: author’s elaboration based on Holonl(QQ’s Global Learning Landscape taxonomy

and World Bank EdTech papers/diagnostics.

educational resources. needs. innovation.

The freemium structure has been especially prevalent in direct-to-consumer. It is
serving as a user acquisition machine by allowing users to get on for free, creating a
huge top-of-the-funnel user base (Kumar 2014). But the core of the freemium model is
getting a small percentage of your free users to pay for your product, which puts
product design under an enormous amount of pressure to show value and get

engagement, a topic I will cover extensively in Chapter 5.



Empirical research has begun to examine what drives the success of digital learning
platforms, extending far beyond purely technical efficiency toward user experience,
engagement, and contextual factors. Faustmann, Kirchner, Lemke, and Monett (2019)
analyze 225 European e-learning and microlearning initiatives and identify 3 drivers of
success: perceived pedagogical quality, personalization, and gamified interaction. Their
findings show that user motivation and continuous engagement predict both retention
and willingness-to-pay, which are two outcomes central to freemium microlearning
models. The study provides quantitative support for this thesis’s assumption that
engagement mechanisms (habit loops, personalization, and gamification) are not only
pedagogically valuable but also economically consequential. Complementing this,
Mehta, Chauhan, Gupta and and Jaiswal (2021) conducted a meta-analytic investigation
of 89 independent studies on digital learning platforms published between 2000 and
2019. They demonstrate that platform success is contingent on both user-level factors
(perceived usefulness, ease of use, trust) and cultural contingencies (power distance,
uncertainty avoidance) that mediate satisfaction and continuance intention. The authors
argue that platform design must therefore be locally adaptive, balancing universal

usability with contextual relevance.

Together, these studies bridge the pedagogical and business-strategy literatures, showing
that digital learning platform performance emerges from the interaction of design
quality, user engagement, and contextual adaptation. They substantiate the
methodological choice in this thesis to combine feature-level data with performance
metrics and to interpret strategic  archetypes  (consumer-gamified  vs.

enterprise-credential) through the dual lenses of user engagement and market context.



CHAPTER 3: METHODOLOGY

This study uses a cross-platform, comparative single-point-in-time design. The goal is
to measure strategic dispersion across microlearning providers and examine which
specific product attributes and underlying strategies drive market adoption and revenue.
Twenty companies were chosen to reflect the global microlearning scene with a mix of
consumer-based freemium apps and enterprise-focused business-to-business platforms.
All analysis is at the platform level, and products, market-performance metrics, and

business-model metrics were blended into a single analytical dataset.

All of the variables represented in this analysis were derived from publicly available
data. Product and business model information were manually extracted from official
company websites, App Store and Google Play apps pages and the companies’ press
room; performance metrics came from AppMagic premium, SensorTower premium,
Crunchbase and Yahoo Finance. The data set contains company characteristics
(country, business-model category: Freemium, Subscription, B2B SaaS, Marketplace or
Non-profit), eleven binary product-feature flags as well as quantitative performance
proxies including Downloads (lifetime), Downloads / Visits (30 days), Revenue (30
days), Revenue (lifetime) and Reputation scores in terms of App Store rating and
Trustpilot score as of the end of the sample period (september 2025). With the
public-market module, prices and market statistics are downloaded algorithmically from
Yahoo Finance. Monetary and count variables were log-transformed to reduce

skewness.

The sample includes platforms that either (i) self-identify as microlearning or (ii)
include core microlearning mechanics for short, structured units; habit loops; retrieval
practice; and personalized learning, Public comps with material education revenue (i.e.,

Coursera, Udemy, Duolingo, Chegg) are unsmoothed into the investment module as

10



market benchmarks. The final dataset used in this thesis contains 20 firms spanning
North America, Europe, LATAM, and Asia; Chapter 4 lists the companies and

variables in detail.

The variables are defined in two blocks. First, the characteristics of the company help
interpretation of its cost structure and defensibility. Second, what product features are
going to encapsulate the evidence-based mechanisms of microlearning and
engagement: Video, Audio, Text, Interactive elements, Microlearning structure,
Gamification, Al-based Personalization, Offline Mode, Certification,

Community/Social features, and B2B Offerings.

The complete feature matrix is presented in APPENDIX A (Table 2).
In order to compare differentiation in a transparent way, the characteristics of each
platform are secondly coded as indicators that take the values of O or 1, with the

resulting vectors averaged into an equal-weight Feature Score in [0,1] (Table 2).

K

1 .
Feature Score, = Tkgl 1{feature k present for platformi}, K = 11 (1)

For example, with a 0.8 score, it is clear that a platform supports about nine of the
eleven measures supported (intuitively), and a score of 1.00 means that coverage of all

of the mechanisms under review was achieved.

Table 2 (APPENDIX) indicates what platform has the richest functions and acts as an
explanatory form of behavior modalities before any multivariate analysis begins.

Because both the feature matrix and the system of placeholders are composed of
categorical/binary elements, Multiple Correspondence Analysis (MCA) was conducted
in order to detect the latent strategic dimensions. MCA decomposes the chi-square
distances among platforms into orthogonal components that summarize dominant

co-occurrence patterns of features.
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Analysis was carried out in R with FactoMineR and single-imp. MCA for imputation.

The number of dimensions to keep was chosen according to the adjusted inertia

(Benzécri) criterion and by checking the scree plot. The first two dimensions explained

approximately 55% in total inertia and were thus retained for interpretation (Table 3).

Table 3. MCA Eigenvalues and Inertia

Dimension | Eigenvalue Variance (%) | Cumulative (%)
1 0.2 29.3 29.3

2 0.2 25.7 55.0

3 0.1 14.5 69.5

4 0.1 10.7 80.2

5 0.1 7.0 87.2

6 0.0 5.3 92.5

7 0.0 4.4 96.9

8 0.0 2.1 98.9

9 0.0 1.1 100.0

Source: authot’s calculations

Axes are easy to follow. MCA 1 (Consumer

between Gamification, Microlearning and

Habit-formation  strategy

enterprise/credential-driven strategy. MCA

distinguishes between platforms using rich

to Enterprise Orientation) distinguished
Al Personalization — as a consumer
Certification/B2B offers - an
2 (Delivery and Engagement model)

media content(video, audio, interactive

media assets) from those optimized for lightweight or offline delivery.

The stability of the result was checked by undertaking a jackknife test, in which the

MCA was recalculated, leaving each company out, one at a time. Procrustes correlations

between all reduced solutions and the full model were mean r = 0.998 for MCA1, mean

r = 0.997 for MCA2, which showed a very good stability of the component structure.

The two-dimensional coordinates of the company position them strategically in the

feature space. Using Ward’s hierarchical clustering on these coordinates gave us clear

groups of archetypes that tend to shape along the continuum representing a strategic

space between consumer-gamified and enterprise-credential models.

12



The applied analysis moves on to the formal statistical testing of hypotheses.
Regression models relate both individual characteristics and MCA-based archetype
scores to observed market states. All model estimates were conducted in R using the

fixest and glm packages with heteroskedasticity-robust covariance estimators.

Three classes of hypotheses were considered:

e HI1 — Traction. Gamification and personalization elements lead to increased
traction (log (Downloads lifetime, Downloads / Visits 30d) on the platform
level.

e H2 — Monetization. B2B offerings and certification mechanisms for enterprises
boost revenue and yield once you get to overall scale.

e H3 — Archetypes. The MCA axes also predict performance; high MCA1
(consumer orientation) increases traction but decreases the efficiency of
monetization, and low MCA1 (enterprise orientation) enhances yield

conditional on traction.

To formally test the three hypothesis families described above, the study estimates a
series of cross-sectional regression models linking product features and strategic
archetype variables to quantitative performance indicators. The analytical approach
follows standard linear-model conventions, with logarithmic transformations applied to
reduce skewness and heteroskedasticity. Let i i denote each platform in the sample. The

general functional form of the models is expressed as

K
Y = BO + ]El BkXik tvZ +e (2
Where Yl_ represents the dependent variable (traction, monetization, or yield), Xik

denotes either individual feature dummies or MCA-dimension scores, Zi captures

control variables such as log (Downoadsi), and € is the stochastic error term.

13



For H1 — Traction, two specifications were estimated:

log (Downloadsi) = ,80 + ﬁl Gamificationi+ ,82 Microlearningi + ,83 A1i+,B4BZBi+
+ B, Certification, + £ ; (3)
ConversionBOdi = ﬁo + ,BlGamificationi+ ,BZMicrolearningl + ,83 A1i+ ,84 BZBi+

+ B (Certification + &; (4)

The first equation applies ordinary least squares (OLS) to log-transformed downloads;
the second uses either a fractional logit model (quasi-binomial link) or log-OLS,

depending on whether the conversion ratio lies strictly within the (0, 1) interval.

For H2 — Monetization, revenue performance is modeled conditional on scale:

log (Revenuei) = BO + oo log (Downloadsi) + ,82 BZBi+ [33 Certificationi +

+ ﬂ4Gamificationi + ,85 AIi + €5 5)

In addition, monetization efficiency is tested via the ARPU proxy:

log (RevPerDownloadi) = ﬁo + ﬁz BZBi + ,83 Certificationi + + ,84Gamificationi +

+ B AL+ ;6

For H3 — Archetype effects, the MCA-derived scores replace individual feature
variables:
Y. = ,[)’0 + ﬁl MCAT, + ﬂz MCA2, + y log (Downloadsi) +e; ()

Where MCA1 MCA1 measures the consumer-enterprise orientation and MCA2 MCA2

captures the delivery and engagement mode.

Quantitative outcomes were modeled using ordinary least squares with HC1 or HC3
robust errors for continuous dependent variables and fractional logit models for

limited-range ratios. Predictors with no variance in a subsample were removed

14



automatically to conserve degrees of freedom. Significance levels are presented

according to common conventions (+ p < 0.10, * p < 0.05, ** p < 0.01).

Diagnostic checks supported the robustness of results: that is, variance-inflation factors
were below 5 (values indicating low multicollinearity); Cook’s D and leverage statistics
showed no influential outliers; and alternative model specifications replacing
continuous MCA scores with cluster-dummy variables yielded estimates of comparable

direction.

Following the identification of dimensions through MCA analysis, the study applies
Ward’s hierarchical clustering to the MCA coordinates in order to classify the observed
platforms into empirically distinct strategic groups. Hierarchical clustering was selected
because it does not require a priori specification of the number of clusters and is
suitable for small-to-medium sample sizes with multidimensional input. Ward’s method
minimizes the total within-cluster variance at each step of agglomeration by merging
the pair of clusters that produces the smallest increase in the error sum of squares. The
resulting dendrogram provides a visual representation of similarity among firms in the
two-dimensional MCA space. This procedure enables the identification of natural
boundaries between strategic archetypes: consumer-gamified, hybrid freemium, and

enterprise-credential-based, purely on their feature configurations.

To determine the optimal number of clusters, a silhouette analysis was performed. The
silhouette coefficient measures the cohesion and separation of each observation and
ranges from -1 to 1, where higher values indicate that an observation is well matched to
its own cluster and poorly matched to neighboring clusters. The average silhouette
width was calculated for candidate solutions from k = 2 to k = 5, and the configuration
with the highest average silhouette value was retained. In this study, the peak silhouette

width occurred at k = 3, supporting a three-cluster typology of microlearning

b

15



platforms. This data-driven validation strengthens the interpretive reliability of the

typology used in subsequent quantitative analyses (Figures 4 and 5).

Despite the small n in the monetization regressions (n = 11-12) due to available
revenue estimates, the fact that results are robust across multiple specifications and
stable among MCA agreement factors lends support to the legitimacy of strategic
patterns inferred. The integrated approach of binary feature encoding, Feature Score
based on equal weights for descriptive distinction-generation systems, MCA and robust
regression model for hypothesis testing proposes a comprehensive and highly replicable

framework to explore competitive positions in the global microlearning sector.

16



CHAPTER 4: DATA

The dataset used in this thesis is a hand-collected set of data obtained from multiple
public sources. No confidential or private data was involved. Data collection primarily
comprised a systematic gathering of information from company websites, investor
relations  websites,  press  releases, and  reputable  third-party  data

aggregators.(APPENDIX A)

Quantitative indicators of downloads/visits and revenue were collected from AppMagic
and SensorTower Premium. Company-specific details such as business models, pricing
and funding were obtained from sources like companies' websites, Crunchbase, App
Store/Play Market. These sources cover a mixture of reported and estimated statistics
regarding application performance and company funding, Financial information
(revenue, EBITDA, and Market Cap) for listed public firms was obtained from Yahoo

Finance.

The first list featured established leaders in the market, high-potential startups, and
public companies with a substantial educational technology business, as well. This final
sample was further reduced to those companies that specifically ‘identify themselves as

microlearning platforms’ or ‘provide features that are at the core' of a microlearning

pedagogy.

20 firms from the edtech sector were chosen for our final dataset. There are both
general education platforms that include microlearning elements and specialized
microlearning-platform companies in this sample. Selected to provide a cross-sectional
view of competition in the industry, this group includes businesses at various stages of
growth and with different funding models. It also has firms from different regions

around the world.

17



There are the categories of variables in the dataset (APPENDIX A):

e Company descriptors:  country of headquarters, business model
(Freemium/Subscription/B2B  SaaS/Marketplace/Non-profit), subsctiption
price and funding allocated.

® Product features: eleven binary variables representing whether a platform has
Video, Audio, Text, Interactive elements, Microlearning structure, Gamification,
Al Personalization, Offline Mode, Certification, Community features, and B2B
Offerings

® DPerformance metrics: total lifeime downloads, 30-day downloads/visits
(August 2025), total and 30-day revenue (August 2025), calculated Revenue per
Download (proxy of ARPU), as well as reputation signals like App Store Rating
or Trustpilot Score.

e [Financial comparables: common KPIs for publicly traded digital comparables
such as EV/Revenue, EV/EBITDA, quartetly revenue growth, EBITDA

margin and the “Rule of 40” were captured

The companies that have been sampled are spread out all over the world, as the EdTech
market is an international market (Figure 2). The sample comprises companies from
North America (USA, Canada), Europe (Ukraine, Romania, Greece), Latin America
(Colombia), and Asia (Singapore). Such diversity supports the study of regional market

opportunities and strategies.
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Figure 2. Geographical Distribution of Sample Companies

Geografical Distribution of Sample Companies

Singapore Ukraine
2,0% 5.0%
Greece Romania
2.0% 5.0%
UK Colombia
2.0% 5.0%
Australia
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Germany USA
5,0% 45 0%

Source: authot’s calculations

The business models represented in the sample are varied. The most common are
Freemium, where users can access basic features for free and pay for premium content
or functionality, and B2B SaaS, which targets corporate clients with subscription-based
training and development solutions. Other models include pure subscription services

and marketplace platforms (Figure 3).
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Figure 3. Business Models Distribution of Sample Companies

Distribution of Business Models in Sample

10

Freemium Subscription B2B Saas Free

Source: authot’s calculations

Product Features (Table 4)

For the product offerings of each company, a feature matrix was designed (Table 2).

This binary matrix marked present or absent the features found in modern e-learning

platform software. The features included in the matrix:

Content formats: Video, Audio, Text
User engagement: Interactive elements, Gamification, Community features
Pedagogical approach: Microlearning, Al Personalization, Certification

Technical features: Offline mode, B2B offerings
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Table 4. Product Feature Matrix

Al Com
vide | Audi - Micrt? (jian'.lif EA Offlin (ferti. muni| B2B
Company Text . learni | icatio . e |ficati| ty |Offe
o o ctive naliza .
ng n tion Mode | on |Featu|rings
res
Headway X v v v v v v v X v v
Deepstash X X v v v v v v X v X
Platzi v v v v X X X v v v v
Skillshare v X v v v v X v v v v
Sololearn v X v v v 4 X v v v v
Blinkist X v v v v v X v X X v
ShortForm X v v v v v X v X X X
StoryShots | v v v v v v X v X X X
Axonify v X v v v v v v v v v
EdApp v v v v v v X v v v v
7taps v X v v v X X X X X v
Qstream v X v v v X v X v X v
eduMe v v v v v X X v X v v
TalentCards | v/ X v v v X X X X X v
Gnowbe v v v v v X v v X v v
OttolLearn v X v v v X X v X X v
Coursera v v v v X X v v v v v
Udemy v v v v X X X v v v v
Duolingo v v v v v v v v v v v
Khan
Academy v v v v X v X v v v v

Source: author’s calculations

The following table shows which of the eleven functions are supported for each
platform. The diversity is clear even when it comes to the business-model categories -
so much so that variation does not seem to be limited to pricing structure, but also

extends into pedagogical and technological design.
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Financial benchmarks (Public comparables):

For the public companies included in the sample (Coursera, Udemy, Duolingo, Chegg,

Stride, New Oriental Education and Technology), data was gathered on a set of

standard financial valuation metrics. These are used as reference indicators for the

financial performance and market valuation of the wider EdTech industry. Key metrics

are:

EV/Revenue: Enterprise Value to Revenue multiple.

EV/EBITDA: Enterprise Value to Earnings Before Interest, Taxes,

Depreciation, and Amortization multiple.

Quarterly Revenue Growth (YoY): Year-over-year growth in quarterly

revenue.

EBITDA Margin %: EBITDA as a percentage of total revenue.

Rule of 40: A rule-of-thumb that applies to SaaS companies, this number is

calculated as (Revenue Growth % + EBITDA Margin %). A number in

excess of 40% is generally considered healthy.

Table 5. Financial Benchmarks of Publicly Traded Companies

>

Ticket| Company Market EV/Re| EV/E | Quarterly | EBIT | Rule of
Capitalization| venue [BITDA| Revenue DA 40
, billion USD Growth (yoy) [ Margin
%
COUR Coursera 1,41 0,95  -7,50 9,90% -8,85%  1,05%
UDM
Y Udemy 1,05 0,88 88,00 2,80% -2,38%  0,42%
DUOL Duolingo 18,64 21,81 2155 41,50% 11,26% 52,76%
CHG
G Chegg 0,13 0,22 2,97 -35,00%  5,78% -29,22%
LRN  Stride 0,32 2,09 11,83 47,80% 19,39% 67,19%
New Oriental
Education and
EDU Technology 7,74 0,81 8,12 9,40% 12,15% 21,55%

Source: Yahoo Finance, authot’s calculations
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This study is subject to several limitations, the biggest of which is the reliance on

publicly available data. This presents several challenges:

® Data gaps: Web platforms(B2B companies in the sample) are not available on
AppMagic so Revenue data is missing for them. As a consequence, there are
some holes in the data, which prevent us from making quantitative
comparisons.

® Data consistency: Metrics such as “users” can be defined quite differently
across companies (e.g., registered users vs. active users vs. total downloads) and
may be difficult to directly compare.

® FHstimates: Third-party aggregators like SensorTower or AppMagic provide
estimates that may not equate to the actual performance of those companies.

® Reporting delay: Published material, in particular around funding rounds, is not

updated in real-time and does not always reflect the most current status.
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CHAPTER 5: RESULTS

This section reports the results of the comparative analysis with the 20 microlearning
and EdTech platforms. The 20-case empirical contribution provides a fine-grained
understanding of the interplay among product-design choices, strategic orientations,
and business models in the determination of market performance. The chapter
progresses from descriptive discrimination through latent-structure discovery to
hypothesis testing involving regression. Findings support the argument that the world
microlearning stage is not homogeneous, consisting of firms gravitating towards two
distinct strategic logics of our era (consumer-gamified and enterprise-credsist), with

each trajectory involving unique trade-offs between reach and monetization.

The Feature Score shows substantial variation in functional coverage throughout the
sample. Noticeably, in platforms like Duolingo and Headway, the coverage is mostly
complete for almost all eleven features, which can be indicative of a product strategy
heavily focused on user engagement and gamification. Others like Blinkist and
Deepstash focus on content curation and micro-summary delivery, with lower feature
volume. The ranked results are then listed in Table 2, and an average feature coverage
of the sample top platforms is reported to be 0.73. A spread of scoring is also
illustrating where competitive advantage in this field may come less from how many

features are introduced than from how coherent and supportive the feature set.

Even by a simple visual inspection of the feature matrix and Feature Scores, systematic
patterns seem evident. For platforms targeting consumers, we see Gamification,
Microlearning as well as Al Personalization, whereas for enterprise-facing products, it is
Certification, Community Features and B2B Offerings that are some of the most used
features or tools. They are estimated for these dimensions by factor analysis and
Multiple Correspondence Analysis (MCA), which yields the dimensionality of strategic
differentiation common to the binary feature matrix. The inertia split obtained is

displayed in Figure 5 - 55% of the overall structural variance was retained in the first
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two dimensions. The associated contribution Tables 6 and 7 indicate positive loadings
of Gamification and Microlearning effects on Dimension 1, while Certification and
B2B Offerings have negative loadings, delineating a clear axis between consumer-habit

formation and enterprise credentialing

Table 6. Top Contributors to MCA Dimension 1

Variable Dim 1 Contribution (%)
microlearning 0 15.79
community_features_0 13.21
certification_0 12.27
certification_1 12.27
b2b_offerings_0 11.45
video_0 10.15
community_features_1 711
microlearning 1 3.95
offline_mode_0 3.33
video_1 2.54
audio_0 2.16
b2b_offerings 1 2.02

Source: author’s calculations

Table 7. Top Contributors to MCA Dimension 2

Variable Dim 2 Contribution (%)
offline_mode_0 25.04
gamification_0 12.40
video_0 12.36
gamification_1 10.14
b2b_offerings_0 8.39
audio_0 7.88
community_features_0 5.28
audio_1 5.25
offline_mode_1 4.42
video_1 3.09
community_features_1 2.84
b2b_offerings_1 1.48

Source: authot’s calculations

For checking robustness, a jackknife stability test in Table 8 demonstrates that the

overall reliability is excellent with Procrustes correlations of 0.998 (MCAT) and 0.997
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(MCAZ2), which would be indicating that the basic latent structure remains virtually

unchanged when any individual observation is left out.

Table 8. MCA Stability (Jackknife, Procrustes-aligned)

Successful | MCA1 | MCA | MCA1 | MCA1 | MCA2 | MCA2 | MCA2 | MCA2

iterations meant | 18D | 5th pct | 95th mean r | SD 5th pct | 95th
pct pct

20 0.998 0.002 {0994 |1 0.997 0.004 0.989 1

Source: authot’s calculations

The application of Ward’s hierarchical clustering to the MCA coordinates helps further
understanding of the strategic groupings. From Figure 4, the silhouette plot indicates
the best of the three clusters is at a k = 3. The resulting clusters shown in Figure 5 map
into (1) Gamified Consumer Apps - high MCA1, gamification dominated with
microlearning; (2) Enterprise and Credential Platforms - low MCA1, high
certification/B2B focus; hybrid freemium models - middle ground positions of a
mobile gamification combination with nascent B2B functionality. This typology is the

foundation of the subsequent quantitative validation.

Figure 4. Average silhouette width for different numbers of clusters.
Average silhouette vs k (Ward on MCA1-MCA2)

0.65
0.60

0.55

Average silhouette width

0.50

2 3 4 5
Number of clusters (k)

26



Figure 5. Three-cluster solution derived from Ward’s hierarchical clustering of

MCA1-MCAZ2 coordinates.

MCA Archetypes (k = 3)
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The regression analysis addresses three hypotheses linking these structural differences

to performance outcomes.

H1 — The traction effects of the product features.

Table 9. H1 Traction (Parsimonious Models, HC3 SEs)

H1A_feat_min H1B_feat_min
gamification 2113 2.223%*

(1.496) (0.741)
microlearning —0.760 —1.512

(0.776) (1.003)
ai_personalization 2.493* 1.839*
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(0.873) (0.827)

b2b_offerings 3.576% 2.421%*
(1.058) (0.907)

certification 0.629 —0.434
(1.291) (0.987)

Num.Obs. 12 20

R2 0.792 0.552

RMSE 1.04 1.22

Table 9 shows parsimonious regressions that employ these five theoretically most
central characteristics - Gamification, Microlearning, Al Personalization, B2B Offerings
and Certification - in the mediation of lifetime download and 30 -day conversion. The
models account for a large part of the variance (R* = 0.79 downloads, 0.55 conversion),
although the sample size is lo,w respectively. Gamification and Al Personalization have
high, strongly significant positive coefficients against both dependent variables,
indicating that interactive design and personalized feedback loops are key adaptive
factors. Microlearning has a negative but non-significant sign, suggesting that traction is
unlikely to be achieved with short-form content in the absence of related engagement
mechanics. Oddly, B2B Offerings seem to be positively related to traction rather than
negatively related as was originally expected due to enterprise focus acting to subdue
consumer reach; this is probably due to a blend of strategies in which successful
consumer applications (e.g., Duolingo for Schools) use those consumers as incentives

for client enterprises. Certification impacts continue to be small and variable.

These findings support the initial hypothesis: Traction in the microlearning market
originates from engagement-based features rather than formal credentialing
Gamification and individualised content curation drive away and stick users better than

the usual instructional elements.
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H2 — Monetization patterns.

Table 10. H2 Monetization results

H2A_ revenue30d_feat H2A_ revenuelifetime feat
log_downloads_lifetime 1.223%%% 1.159%*
(0.159) (0.214)
gamification —0.429 —0.312
(0.660) (0.942)
ai_personalization —0.461 —0.812
(0.536) (0.538)
b2b_offerings —0.637 0.052
(0.957) (1.047)
certification —1.222 -1.171
(0.782) (0.787)
Num.Obs. 11 11
R2 0.926 0.913
RMSE 0.67 0.72

Table 10 tests whether business features lead to superior financial performance when
we control for scale. Revenue elasticity with respect to downloads is almost one
(coefficients = 1.16-1.22), implying that revenue growth depends largely on the
increase of the user base. When we control for traction, the coefficient of features is no
longer significant: Gamified and Al Personalization do not affect revenue levels, which
is consistent with them driving volume rather than monetization. In comparison, B2B
Offering turns weakly positive in the ARPU (yield) model, indicating that enterprise
contracts incrementally increase per-user monetization while Certification remains
negative across specifications. The broad conclusion is that consumer-gamified
approaches maximise reach, whereas enterprise-credential playbooks are monetised
more ecffectively albeit at a smaller magnitude archetypical trade-off in platform

€conomics.
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H3 — Archetype effects represented by the MCA dimensions.

Table 11. H3 MCA Dimensions as predictors

H3 trac_do H3_trac_con H3_30d_mc H3_lifetime_ H3_yield_m

wnloads_mc v_mca a mca ca

a
MCA1 —3.903* —1.452+ 0.256 0.514 0.340
(Consumer-E
nterprise)

(1.661) (0.762) (1.071) (1.039) (0.656)
MCA2 —5.532 —1.454* -1.577 -0.177 —0.432
(Delivery and
Engagement)

(3.033) (0.607) (2.317) (2.457) (1.738)
Num.Obs. 12 20 11 11 11
R2 0.373 0.286 0.927 0.896 0.124
RMSE 1.81 1.54 0.67 0.79 0.79

The models in the final rows of Table 11 take the continuous MCA scores themselves
to be predictive. The findings support the eatlier results: MCA1/CE (representing the
Consumer to Enterprise continuum) is strongly negatively related to both downloads
(—=3.90 *, p < 0.05) and 30-day conversion (—1.45 +, p = 0.10). The negative sign
indicates that moving towards the enterprise side reduces traction since higher MCA1
indicates a more consumer-gamified orientation. MCA2, which is associated with
engagement intensity, exerts a negative and significant effect on conversion (—1.45, p<
0.05), suggesting that richer engagement features increase adoption. Within the
monetization and yield models, MCA weights are small and statistically
indistinguishable from zero once we control for downloads (which explains why
revenue is about scale not feature configuration per se). However, the small positive
MCA1 coefficient in the yield regression suggests that the enterprise-oriented pole of

the spectrum achieves slightly higher revenue efficiency per user.

In sum, this analysis substantiates the central theoretical prediction that microlearning

platforms differentiate along a continuum between consumer engagement and
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monetization efficiency. On the consumer side, interactive design, gamification, and
Al-driven personalization encourage habitual use and maximize user acquisition,
resulting in the highest levels of adoption and engagement but relatively lower
monetization per user. Conversely, enterprise-credential platforms represent the
opposite end of this spectrum: they sacrifice reach to focus on yield, leveraging
structured curricula, certification, and B2B partnerships to extract greater value from a
smaller but more qualified audience. The Multiple Correspondence Analysis (MCA)
quantitatively captures this trade-off by summarizing complex feature combinations
into a single latent axis (MCA1) that reflects the industry’s fundamental strategic

tension between scale and revenue efficiency.

From the management perspective, our findings suggest that microlearning companies
face trade-offs between scale and return. Doing both well at once is hard, and the data
indicate that there are diminishing rewards for trying to mix strong gamification with
heavy credentialing. The Hybrid Freemium cluster, represented by Headway and
Duolingo, also seems to best manage these tensions: they maintain consumer attraction

while selectively adding enterprise monetization features.

The robustness of these results was supported by several additional analyses.
Variance-inflation factors were less than 5 for all models, suggesting low
multicollinearity. Cook’s D diagnostics showed that there were no high leverage outliers.
When models were re-estimated substituting continuous MCA scores by cluster-dummy
variables, we observed that results were similar in direction. Although the limited
sample size for monetization models (n ~ 11-12) inevitably constrains statistical power,
the concordance of effects across specifications and the exceptionally high stability of
MCA axes (jackknife r ~ 0.99) provide strong evidence that the identified associations

are robust and substantively meaningful.

In summary, the evidence suggests that structural isomorphic processes drive strategic

differentiation among microlearning platforms. It is a gamified-consumer strategy led
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by user acquisition and classical-enterprise-credential strategy development. This
pattern is empirically reflected in subsequent MCA dimensions-Consumer to
Enterprise and Delivery and Engagement-that parsimoniously captures competitive
dynamics in the industry. The following chapter builds on these empirical insights to
develop managerial implications for platform strategy as well as suggestions for future

research.
Public Market Perspective and Investment Signals

In order to root our analysis of private companies in the observable, real-world
outcomes of financial matters, we will now look at publicly traded firms in our data set.
The valuation and benchmark indicators of performance, financial characteristics of
these companies act as a market signal of what types of companies the market is
currently rewarding investors for. The financial data is summarized in Table 5. The
public market data reveals a vast valuation gap between the companies. Figure 6 visually
plots the relationship between revenue growth and the EV/Revenue multiple investors

are willing to pay.

32



Figure 6. Public Company Valuation Multiple vs. Revenue Growth

Public Company Valuation vs. Revenue Growth
Duolingo commands a significant valuation premium for its high growth
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The outlier in the scatter plot is Duolingo. It trades at a massive EV/Revenue multiple
of 21.8x, compared to peer companies like Coursera and Udemy of 0.95x and 0.88x,
respectively. Without context, this premium seems irrational. However, it is an appraisal
of the unique combination of high growth and high profitability that Duolingo enjoys.
his valuation aligns perfectly with the strategic archetypes identified in Section 5.2.
Duolingo, the quintessential "Gamified, Habit-Forming Consumer App," is
handsomely rewarded by the market for its product-led growth model. In contrast,
Coursera and Udemy, which align more with the "Credential-Oriented" archetype, are

valued far more conservatively, similar to traditional education providers.
The “Rule of 40,” a critical heuristic for SaaS investors, also sheds light on this

dichotomy. The thumb rule for a healthy company is that (growth rate + profit margin)

should be greater than 40. These two metrics are plotted against each other in Figure 7.
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Figure 7. Rule of 40 - Growth vs. Profitability

The Rule of 40: Growth vs. Profitability
Only Duolingo and Stride comfortably exceed the 40% benchmark
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The chart shows that Duolingo (52.8%) and Stride (67.2%) are the only two companies
that comfortably operate in the "healthy" quadrant, signaling a desirable combination of
high growth and profitability. The rest of the firms fare much worse, indicating to
investors that they are either struggling to expand or doing so unprofitably. The -2

quadrant Chegg occupies is a testament to a broken model.

From an investment standpoint, the public market is signaling something clearly: the
greatest valuations are given to companies that are showing strong, profitable,
product-led growth. Duolingo has shown that this model can work and serves as a
tangible and compelling “recipe” for the private companies analyzed in this report,
confirming the emphasis on user engagement and retention as the key value driver of

long-term value in the consumer EdTech category.
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS

It is empirically shown in this paper that the competitive landscape of the microlearning
market can be described by a small number of dimensions related to product features
and latent archetypes. Through combining binary-feature database, equal-weight
Feature Scores, Multiple Correspondence Analysis (MCA), and regression-based
hypothesis testing, the paper offers a systematic benchmarking of how microlearning
platforms balance user engagement with monetization in the shape of public goods in a

dynamically coordinated world market.

We show that product-design decisions are not evenly distributed, but rather align
around two prevailing strategic poles. The first pole is that of consumer-gamified
solutions, with short learning loops, behavioural nudges, and adaptive personalisation.
The second pole corresponds to enterprise-credential models, covering formal
certifications, B2B partnerships and institutional contracts. It is the conflict of these
two mindsets that constitutes the fundamental balance act of the microlearning

business model: fast scaling versus efficient monetization.

6.1 Theoretical conclusions

Three hypotheses guided this research. Fach was also empirically supported or

conditioned in regression analyses and MCA interpretation.

H1: Traction effects of product features.

The findings show that Gamification and Al Personalization have a positive impact on
both lifetime downloads as well as short-term conversion. These are features that create
involvement loops and force habits on the consumer side. Microlearning alone isn’t a
traction driver yet and Certification doesn’t move the needle for user growth.

Surprisingly, B2B Offerings are also positively correlated with traction, indicating that
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successful B2B platforms frequently possess a visible consumer element. This
observation underscores the blurriness between B2C and B2B segments, as well as
demonstrates that customer acquisition strategies can complement institutional

monetization mechanics.

H2 — Monetization dynamics.

User scale is by far the most significant factor in revenue levels. Revenue is
approximately elastic to downloads, indicating that monetization in microlearning can
be understood as scaling freemium. We also observe that when the effect of scale is
controlled, our feature variables are no longer significant. Gamification and Al
Personalization (do not predict revenue), they generate traffic but not necessarily
income. B2B Offerings have a weakly positive impact on Revenue per Download, as
would be expected from enterprise contracts that add yield even at low reach.
Certification is still negatively signed for all the monetization specifications, which
implies that ifa certificate-based strategy works, it could be at lower price points or
institutionally subsidized prices. H2 is therefore only partially supported: scale remains
the main revenue driver, but enterprise features do act as a demand booster, albeit

weakly.

H3 — Archetype effects (dimensions of MCA).

The MCA-based regressions support the fact that the Consumer - Enterprise axis
(MCA1) is indeed the main strategic dimension. Consumer-gamified end platforms
have much more traction (negative coefficient for MCA1 in downloads and
conversion), but enterprise-credential end platforms are monetizing more efficiently,
albeit with a smaller audience. The Delivery and Engagement dimension (MCAZ2) is
also positively related to adoptions in that apps that offer a more immersive experience
(i.e., use richer multimedia formats, are interactive) contain more active users. However,

after controlling for traction, neither MCA dimension meaningfully predicts revenue,
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highlighting the importance of scale to monetization. Combined, these results support
the notion that microlearning companies exist on a spectrum from
engagement-focused to monetarily-focused entities as proposed in our conceptual

model.
6.2 Managerial implications

From a managerial viewpoint, the results of our study have insightful implications for

strategic positioning in the global EdTech industry.

e Optimising feature portfolios.

The strong pull factor of Gamification and Al Personalization shows that
microlearning strategies targeted towards consumers should be built on the foundation
of behavior and adaptive design. This could translate into observable returns in
adoption metrics, so companies aiming for quick user acquisition should invest in these

features.

® Balancing reach and yield.

8Then, the tension between scale and efficiency suggests that hybrid models can be
viable only if they consist of well-integrated components. Hybrid platforms like
Headway or Duolingo are the exception that confirms the rule: they work because,
rather than watering it down and hoping to make up for lost engagement, they combine
gamified engagement with selective monetization tools (subscription upgrades,
institutional licensing). Managers should hence seek an incremental instead of

simultaneous expansion into enterprise domains.

® Enterprise partnerships as a revenue lever.
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The modest but positive B2B Offerings coefficients and the somewhat higher Revenue
per Download for enterprise-oriented companies reaffirm that institutional contracts
are still the main source of solvency in the industry. Consumer growth can move the

needle on valuation, but enterprise customers generate predictable cash flow.

® Strategic focus and resource allocation.

Since mismatches do not necessarily increase the overall performance by default,
companies are recommended to refrain from over-diversification. The fact that both
equal-weight Feature Score, which is topology agnostic algorithm scores, have tried to
same number of whole network features implies that the strength of strategies are more
important than their quantity. A concentration into one of the two proven
archetypes-engagement-based or enterprise-credential-provides stronger brand identity

and operating leverage.

6.3 Limitations

Several limitations must be acknowledged. First, the number of observations for the
revenue variables (around 11-12) is small, limiting statistical power in monetization and
yield models. Second, the wuse of third-party estimates from AppMagic and
SensorTower may cause measurement errors, particularly for private firms. Third, the
cross-sectional nature of the study does not allow an interpretation of cause and effect
or temporal trends. The limitations of the present study might be addressed by
longitudinal data, an extended sample (comprising new regional entrants) and

triangulation with proprietary financial information whenever possible.

6.4 Directions for future research

This framework might be extended in a number of ways in future work. Longitudinal
monitoring of platform features and performance would offer insights into how

strategic shifts like the introduction of gamification or certification might impact user
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and monetisation trajectories over time. Comparative analysis within proximate EdTech
sub-sectors (language learning, professional upskilling, K-12 content) could help to
assess the generality of the consumer-enterprise trade-off. Furthermore, the integration
of sentiment analysis from such user reviews or social-media engagement metrics would
give a more complete picture of how learners perceive various strategic archetypes.
Finally, by applying MCA and clustering to larger data sets, a richer taxonomy of
digital-learning business models might possibly emerge for use by investors and policy

makers in the evaluation of innovation patterns in education technology.

6.5 Overall conclusion

Finally, this thesis reveals the possibility of analysing the microlearning market in a
systematic manner using product-feature data. The use of MCA and regression
provides us with a coherent picture of the strategies landscape that is underpinned by
engagement movement and monetization. The empirical evidence validates the
proposed theory in chapter 2: Microlearning platforms either try to scale as a consumer
business through gamification or an enterprise business through certification and
institutional sale. The identification of a limited number of strong drivers of traction, as
well as the acknowledgment among archetypal strategic postures, contribute to both
scholarly understanding and managerial positioning in relation to the still emerging

EdTech sector.
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APPENDIX A

Table 2. Feature Score ranking of microlearning platforms

Rank

10

Company

Duolingo

Axonify

EdApp
Coursera
Gnowbe
Headway

Khan Academy
Skillshare
Sololearn

Platzi

Feature_Count

11

10

10

Feature_ K

42

11

11

11

11

11

11

11

11

11

11

Feature_Score

1.000

0.909

0.909

0.818

0.818

0.818

0.818

0.818

0.818

0.727

Feature_Score_Pct

100.0%

90.9%

90.9%

81.8%

81.8%

81.8%

81.8%

81.8%

81.8%

72.7%



Rank

11

12

13

14

15

16

17

18

19

20

Company
Udemy
eduMe
Blinkist
Deepstash
Qstream
StoryShots
OttoLearn
ShortForm
Ttaps

TalentCards

Feature_Count

Feature_ K

43

11

11

11

11

11

11

11

11

11

11

Feature_Score

0.727

0.727

0.636

0.636

0.636

0.636

0.545

0.545

0.455

0.455

Feature_Score_ Pct

72.7%

72.7%

63.6%

63.6%

63.6%

63.6%

54.5%

54.5%

45.5%

45.5%



Table 12. Full Company Datase

Company Country Business Model

Freemium app,
subscription, book
summarties,
personalized

Headway Ukraine microlearning

Freemium app,
user-generated
microlearning,
bite-sized

Deepstash Romania  summaries

Platzi

Paid subscription,

pro courses, live

sessions

(Spanish/Portugue
Colombia se)

APPENDIX B

Pricing  Funding (USD) Download Downloads Revenue

(Annual s/visits(la
USD) st 30 days)
AppMagic
/Sensorto
wer
Recent
undisclosed
Series A; largest
Ukraine IT
89,99 round 2025 637 844

89,99 $3M seed round 299 311

$62M Series B
249,99 (2021) 19 804

44

/visits
(lifetime)
AppMagic

wer

(last 30
days)

Revenue
(lifetime)

USD Rating

USD | AppMagic
/Sensorto AppMag

1C

57 800 790 1631572 162 564 134

6816763

1264 896

203 241

15 372

5114 463

858 798 -

App  Trust
Store = Pilot
score
4,60 4,10
4,90 2,00
2,40



Skillshare

Sololearn

Blinkist

ShortFor
m

StoryShot
s

Axonify

USA

USA

Germany

USA

Sweden

Canada

Paid subscription,
freemium trials,
peer teaching,
creative skills
Freemium app, pro
upgrade, coding
microlearning,
gamification
Freemium app,
subscription, book
summaries
(audio/text)

Paid subscription,
in-depth
book/article
summaries
Freemium app,
multimedia book
summaties (audio,
video, text)

B2B SaaS,
Al-powered
microlearning for
frontline

employees

Custom

$136M total
($66M 2020
167,88 Series D)

$24M Series B
69,96 (2020)
$18.8M raised
(2018); acquired
by GoStudent
139,99 2023

197 Not disclosed;

29,99 Not disclosed,;

$28.1M
(Acquired by
Luminate Capital
Partners in 2021)

45

14 755

174 454

403 086

14 735

14 911

597 431 -

7 689 405

23720 447

143 007 23 611 766

140 469 10 407 987

35239 891 3450173 173 546 867

224 512

379 095

32670 1807277

7511 617 445

4,80

4,90

4,70

5,00

5,00

5,00 -

3,70

4,10

1,60

4,20



EdApp

Ttaps

Qstream

eduMe

TalentCar
ds

Gnowbe

Australia

USA

USA

UK

Greece

Singapor
e

Freemium,
mobile-first B2B
SaaS

Freemium, B2B
Saa$ for rapid
microlearning
creation

B2B SaaS for
knowledge
reinforcement,
focus on sales &
life sciences
B2B SaaS,
mobile-based
training for the

deskless workforce

B2B SaaS,
mobile-first,
card-based
microlearning
B2B SaaS,
mobile-first
authoring and
delivery platform

Free plan

available;

$8.25M
(Acquired by

Paid plans are SafetyCulture in

custom
Free plan;
Pro plan
starts at
$1,188
($99/mo)

Custom
quote

Custom
quote
Standard plan
starts at
~$948
($79/mo) for
50 users

Custom

quote

2020)

Undisclosed
Seed

$43.3M

$26.8M

Part of
Epignosis, which
raised $55M

~$2.3M

46

241 046 -

42 669 -

66 759 -

251 847 -

250636 -

38777 -

4,90

3,20

3,70



OttoLearn Canada

Coursera

Udemy

Duolingo

Khan
Academy

USA

USA

USA

USA

B2B SaaS§, adaptive
microlearning for
knowledge
retention
Freemium, paid
certificate/courses,
B2B, partnerships

Freemium, paid
courses, B2B,
marketplace
Freemium,
subscription,
gamification,
streaks,
leaderboards
Free, nonprofit,

donation-supporte

d

Part of

Starts at Neovation,
~$3,000 for which took PE
25 learners investment 11 738 - - -

Public, last major

round ~$130M;
338 IPO 2021 364502 41033081 1020320 59678 363

Public, IPO

2021;

undisclosed

- rounds 460 435 58 041775 1522299 200 400 787

IPO 2021; eatlier 46886 1812729
83,99 $183M total 17 875 658 956 502 333 172 262

$16.21M raised,
- mostly grants 658 406 52054 087 - -

47

4,90

4,50

4,80

4,80

1,50

1,80

1,60

3,50
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