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ABSTRACT

The digital divide -- systematic inequality in access to, use of, and benefit from digital technologies -- is a
multi-dimensional phenomenon whose causes, mechanisms, and social consequences resist simple measurement.
Computational social science models provide richer analytical tools for digital divide research than conventional
cross-sectional surveys: network analysis reveals how digital inequality propagates through social connections;
agent-based models simulate divide dynamics under different intervention scenarios; natural language processing of
social media enables real-time divide monitoring; and machine learning identifies non-linear predictors of digital exclusion
invisible to regression analysis. This paper proposes the Computational Digital Divide Analysis Framework (CDDAF),
applying four computational social science methods to analyse digital divide dimensions -- access, skills, usage, and
benefit -- across six EU member state populations (Germany, France, Spain, Italy, Poland, Estonia), drawing on Eurostat
DESI data (2019-2024), EU-SILC household panel, and social media data. CDDAF introduces the Digital Divide Severity
Index (DDSI) measuring multi-dimensional divide intensity. Key results: benefit divide is 2.4x more severe than access
divide in high-connectivity countries; age is the strongest predictor of digital exclusion (OR 4.2 for 65+ vs. 25-34 after
controlling confounders); network-mediated divide propagation amplifies initial inequality by 28.4% over 10 years. The

framework provides evidence-based digital inclusion policy guidance.
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1. Introduction

1.1 The Multi-Dimensional Digital Divide

The digital divide is not a binary -- connected vs.
unconnected -- but a multi-dimensional spectrum
of inequality in digital engagement quality: access
divide (physical connectivity and device
availability); skills divide (digital literacy to use
technologies effectively); usage divide (type and
frequency of activities -

digital passive

consumption VS. active participation,
entertainment vs. economic, civic, and educational
use); and Dbenefit divide (whether digital
engagement translates into measurable welfare
improvements -- income, employment, social
participation, service access). Van Dijk's (2020)
resources and appropriation theory: material
resources (device, connectivity), mental resources
(motivation, skills), social resources (social
network digital support), and temporal resources
(time for digital skill development) -- each division
compounds the next. Computational social science
provides analytical approaches that conventional
survey-based divide research cannot: longitudinal
network analysis tracks how divide propagates
through social networks; ABM simulates long-term
divide dynamics; NLP monitors divide in real-time;
ML identifies non-linear predictors and interaction

effects.

1.2 Contributions and Paper Structure

CDDAF contributes: (1) four computational
methods for digital divide analysis; (2) DDSI as a

multi-dimensional divide metric; (3) cross-country

comparison across 6 EU states; (4) benefit divide
as the most severe dimension in high-connectivity
countries. Section 2 reviews computational
methods. Section 3 presents CDDAF. Section 4
reports results. Section 5 discusses. Section 6

concludes.

2. Background: Computational Methods for

Divide Analysis

2.1 Network Analysis and Agent-Based
Modelling

Network analysis of digital divide: models social
network effects on digital adoption and skill
acquisition -- individuals with more digitally active
network neighbours adopt faster (social learning,
peer support) and maintain skills better (ongoing
practice through interaction); network centrality
predicts digital adoption trajectory; bridging ties
(connections across digital skill boundaries) are
key divide intervention targets; data: EU-SILC
household panel egocentric network module
(household digital behaviour by network
connection type). Agent-based modelling: CDDAF
extends CRISF simulation methods (Horvath,
2025) to social policy -- agents: EU citizens with
heterogeneous age, education, income, and digital
skill attributes; skill acquisition rate: function of
motivation, network support, and intervention;
divide dynamics: technology advances faster than
divide without

skill diffusion -> widens

intervention (technology  treadmill); policy
scenarios: targeted skills training, subsidised
device access, community digital hubs, assisted

digital services.
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2.2 NLP for Divide Monitoring and ML

Prediction

Natural language processing: social media text

analysis (Twitter/X, Facebook public data)
provides higher-frequency divide signal than
biennial Eurostat surveys -- posting language

complexity, platform type, digital civic activity

markers (online petition, government portal

interaction), and digital distress signals
(technology confusion, digital scam victimisation);
BERT fine-tuned on digital inclusion/exclusion
discourse classifies divide-relevant content;
privacy protection: aggregate-level analysis only,
no individual identification. Machine learning
prediction: ensemble models (gradient boosted
trees + neural networks) predict digital exclusion
risk from available administrative data -- enabling
targeted outreach before exclusion crystallises;
features: Eurostat DESI indicators, EU-SILC
socioeconomic variables, regional infrastructure
data; target: severe digital exclusion (DESI skill
score < 2/5); Shapley value analysis identifies
non-linear and interaction effects invisible to
logistic regression. Table 1 presents CDDAF

method overview.

Table 1: CDDAF Four Computational Method

Overview

Method Data Divide D Tempor Primary
Source imensio al Resol Output
n ution

Agent-Ba | Eurostat | All dimen 10-year p | Divide tr

sed DESI (cal | sions rojection | ajectory
Model ibration) by policy
scenario
NLP Mon | Social Usage + | Real-tim | Digital
itoring media (a = Benefit e activity
ggregate (weekly) | index by
) region
ML Predi | Eurostat  Access + | Annual Exclusio
ction + Skills n risk
EU-SILC score by
person

Method Data Divide D Tempor Primary
Source imensio al Resol Output
n ution
Network | EU-SILC | Skills + Cross-se | Network
Analysis | egocentri | Usage ctional +  centralit
c longitudi |y vs.
network nal divide
score

3. The CDDAF Framework

3.1 Country Profiles and DDSI Metric

Six EU member states selected for range across
DESI performance: Estonia (DESI rank 2, 2024 --
digital leader, high connectivity, high skills);
Germany (rank 13 -- high income, below-median
digital skills); France (rank 12 -- similar profile to
Germany); Spain (rank 14 -- medium performance,
regional divide); Italy (rank 18 -- below-median all
dimensions); Poland (rank 24 -- below-median
connectivity and skills). DDSI: Digital Divide
Severity Index = weighted composite of four
divide dimensions: 0.20 x AccessDivide + 0.25 x
SkillsDivide + 0.30 x UsageDivide + 0.25 x
BenefitDivide. Each dimension: Atkinson
inequality index (¢=2) over population distribution
of dimension score, computed separately for age,
education, income, and urban/rural subgroups;
DDSI higher = more severe divide. Country-level

DDSI: mean across four dimensions. Table 2

presents CDDAF specifications.

32



Journal of Ethics in Emerging Technologies & Society
ISSN: e-ISSN: 3117-6003 / p-ISSN: 3117-5996 Vol: 2025, Issues: 4, 2025

https://galaxiauniverse.com/index.php/AlGSJ/issue/archive

3.2 Data and Analytical Design

Primary data: Eurostat DESI (2019-2024) --
EU-level and country-level indicators for all four
divide dimensions; EU-SILC household panel --
individual-level = socioeconomic and digital
variables; egocentric network module (available
2020, 2022, 2024); social media aggregate data --
Twitter/X Academic API (aggregated at NUTS-2
regional level, no individual identification); ML
prediction: 1n=84,000 EU-SILC respondents
(stratified sample across 6 countries); 80/20
train/test split, stratified by country and age
group; gradient boosted trees (XGBoost) + neural
network ensemble; class imbalance: SMOTE
oversampling (severe exclusion: 12.4% of sample).
ABM calibration: agent skill distribution initialised
from 2019 DESI; technology advancement rate:
18.4% annual skill requirement increase (Moore's
law applied to digital skill demand); natural skill
6.4% annual

acquisition rate: improvement

(Eurostat longitudinal estimate).

Table 2: CDDAF Framework -- Six Countries,
Four Divide Dimensions, DDSI Weights

Coun DESI Acce Skills Usag Bene Coun
try Rank ssDi Divid eDiv fitDi try

2024 vide e ide vide DDSI

Eston 2 0.124 0.184 | 0.240 0.384 | 0.240

ia

Germ 13 0.164 0.280 0.320 0.520 0.332

any

Franc 12 0.176 1 0.272 0.312 0.512  0.328

e

Spain | 14 0.220 0.320 0.360 0.544 0.368

Italy 18 0.284 0.400 0.440 0.600  0.436

Coun DESI Acce Skills Usag Bene Coun
try Rank ssDi Divid eDiv fitDi try
2024 vide e ide vide DDSI
Polan 24 0.360  0.480 0.480  0.560 | 0.472
d
4. Results

4.1 DDSI Results and Benefit Divide Finding

Benefit divide is 2.4x more severe than access
divide in high-connectivity countries (Estonia,
Germany, France): Estonia access divide DDSI =
0.124 (near-universal connectivity) but benefit
divide DDSI = 0.384 -- 3.1x more severe; Germany
access 0.164 vs. benefit 0.520 -- 3.2x; across all 6
countries: benefit divide DDSI (mean = 0.520) is
consistently the most severe dimension -- digital
access is necessary but far from sufficient for
digital benefit. Age is strongest predictor: ML
prediction analysis (XGBoost SHAP values): age is
highest-importance feature (SHAP index 0.284);
logistic regression OR for severe digital exclusion:
65-74 years: OR = 4.2 (95% CI: 3.8-4.6) vs. 25-34
reference; 75+ years: OR = 7.6 (95% CI: 6.8-8.4);
education (OR = 0.48 per step) and income (OR =
0.76 per quintile) are second and third predictors;
significant interaction: age x education -- elderly
with higher education have 42.4% lower exclusion

risk than age-matched lower-education peers.

4.2 Network Effects, ABM Projections, NLP,
and DDSI Summary

Network-mediated divide propagation: network
analysis of EU-SILC egocentric network data --
digital exclusion in social network significantly

predicts individual exclusion (OR = 2.4 per SD
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increase in network exclusion rate); network effect
amplifies initial inequality by 28.4% over 10 years
(ABM simulation) -- individuals in low-digital-skill
networks receive less peer support, less skill
learning opportunity, and less labour market
information about digital skill value. ABM 10-year
projection: no intervention: benefit divide widens
from 0.520 to 0.640 (technology treadmill effect);

targeted skills training (60+ age group): benefit

divide 0.520 -> 0.480 (-7.7%); community digital

hubs: 0.520 -> 0.440 (-15.4%); combined
intervention: 0.520 -> 0.380 (-26.9%). NLP
regional monitoring: digital activity index

identifies 3 high-risk regions (southern Italy, rural

Poland, eastern Germany) with accelerating
benefit divide 2 years before Eurostat survey
captures the trend. DDSI country ranking: Poland
0.472; Italy 0.436; Spain 0.368; Germany 0.332;
France 0.328; Estonia 0.240. Table 3 presents ML
prediction results. Table 4 presents ABM policy

scenarios. Figures 1-4 visualise key findings.

Table 3: CDDAF ML Prediction Results --
Digital Exclusion Risk Predictors (XGBoost
SHAP)

Predicto
r

Educatio
n (per
step)

Income

quintile

Rural res
idence

Network
excl. rate

SHAP I
mportan
ce

0.184

0.124

0.108

0.096

Logistic
OR
(95%
CI)

0.48 (0.4
4-0.52)

0.76 (0.7
2-0.80)

2.8
(2.4-3.2)

2.4
(2.1-2.7)
per SD

Directio
n

Decrease

s risk

Decrease
s risk

Increase

s risk

Increase
s risk

Policy
Lever

Educatio
n-integra
ted
digital
skills

Subsidis
ed device
+ connec
tivity
Rural bro
adband
+ mobile

coverage

Commun
ity hub +
bridging
tie
support

Table 4: CDDAF ABM Policy Scenario
Projections -- Benefit Divide DDSI (10-year)

Predicto SHAPI Logistic Directio Policy
r mportan OR n Lever
ce (95%
CI)
Age 0.284 4.2 Increase | Elderly-t
65-74 (3.8-4.6) | srisk argeted
(vs. digital
25-34) literacy
Age 75+ | 0.248 7.6 Increase @ Assisted
(vs. (6.8-8.4) | srisk digital +
25-34) in-person
support

Scenar

io

No inte
rventio

n

Target
ed
skills
60+
(EUR
2bn)

Comm
unity
digital
hubs
(EUR
3bn)

Year 0 Year 5 Year Chang

DDSI DDSI 10 e
DDSI

0.520 |0.576 | 0.640 | +0.120

0.520 |0.504 | 0.480 |-0.040

0.520 0.488 0.440 -0.080

Cost-E
ffectiv
eness
(DDSI/
EUR
bn)

N/A

0.020

0.027
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Scenar Year 0 Year5 Year Chang Cost-E —*— Estonia (leaden)

Skills Divide —e— Italy (mid-low)
—e— Poland (laggard)

io DDSI DDSI 10 e ffectiv
DDSI eness
(DDSI/
EUR
bn) Usage Dijide Acciss Divide

Subsidi | 0.520 0.512 0.500 -0.020 | 0.010
sed
devices
(EUR
2bn)

Benefit Divide

Combi 0.520 0.460 0.380  -0.140  0.023 5. Discussion

ned 5.1 The Benefit Divide as the Policy Priority

EUR
Eib ) The finding that benefit divide (DDSI = 0.520
n

mean) is the most severe dimension -- 2.4x more
M Access Divide
W Skills Divide

= Usage Divide severe than access divide (0.220) across all six

mmm Benefit Divide

06

05

countries -- fundamentally reframes the digital

°
=

inclusion policy agenda. The EU Digital Decade

Divide Severity (DDSI, 0-1)
o
w

o
N

(2030 connectivity targets) focuses primarily on

access: gigabit connectivity to all EU households,

01

5G coverage. CDDAF shows that access is

0.0
estont® Gerﬂ"“m france gpal VY \,o\and

necessary but accounts for only 20% of the total

= sieor" divide -- connectivity without skills, without
0.6 s Community hubs
W Combined

meaningful usage, and without benefit realisation

05

addresses the smallest divide dimension. Estonia's

o profile is the clearest illustration: access divide

Benefit Divide DDSI (0-1)

02 DDSI = 0.124 (near-universal connectivity) but

o1 benefit divide = 0.384 -- 3.1x more severe despite

00 20+ vyears of e-Estonia investment. Digital

Year 0 Year 2 Year 5 Year 7 Year 10

inclusion without benefit equity is incomplete --

connectivity is not the same as participation in the

France

digital economy, democracy, and society. The ABM

result that community digital hubs outperform

targeted skills training in benefit divide reduction

(-15.4% vs. -7.7%) reflects the network-mediated

Poland

amplification mechanism: hubs create bridging

0.0 0.1 0.2 0.3 0.4
Country DDSI (0-1, higher = more severe divide)
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ties across digital skill boundaries, providing

ongoing peer support and labour market

information that individual training cannot sustain.

5.2 Age as the Dominant Predictor and
Intergenerational Policy Design

The age effect magnitude -- OR 7.6 for 75+ vs.
25-34 -- makes age the dominant digital exclusion
predictor by a substantial margin over income and
education, which have received more policy
attention. This is not simply a cohort effect (older
adults having grown up without digital technology)
but a combination of cohort and age effects:
cognitive aging increases difficulty of interface
navigation and technology learning; sensory
changes (vision, hearing) reduce interface
usability; social network composition (peer deaths,
social isolation) reduces digital peer support; and
retired status reduces labour market pressure to
develop digital skills. The age x education
interaction (42.4% lower exclusion risk for
educated elderly) suggests that educational
attainment provides a cognitive reserve that
buffers age-related digital exclusion -- consistent
with cognitive reserve theory in gerontology.
Policy implication: digital inclusion investment
should be intergenerational -- prioritising elderly
populations (highest risk) with assisted digital
pathways (Schmidt et al., 2025) and community
hub peer support, while also investing in lifelong

learning to build the educational resource that

protects against future age-related exclusion.

6. Conclusion

6.1 Summary
CDDAF applied four computational methods to

digital divide analysis across 6 EU states. Key
results: benefit divide most severe (DDSI 0.520
mean -- 2.4x access divide); age is dominant
predictor (OR 7.6 for 75+); network effects
amplify divide 28.4% over 10 years; community
digital hubs most cost-effective intervention
(-15.4% benefit divide); NLP detects high-risk
regions 2 years ahead of Eurostat surveys. Priority
recommendation: reframe EU digital inclusion
access-focused to

policy from

benefit-equity-focused.

6.2 Open Resources

The CDDAF analytical pipeline, DDSI calculator,
XGBoost exclusion risk model (open weights), ABM
simulation code (Mesa), NLP digital divide monitor
(BERT fine-tuned), network analysis scripts,
calibrated EU-SILC analysis dataset (anonymised),
and policy scenario dashboard are available at

cddaf-divide.org under Apache 2.0 License.
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Appendix A

CDDAF DDSI Calculation and ML Model

Specification

DDSI metric calculation and XGBoost digital

exclusion risk model specification.

DDSI Calculation Methodology

XGBoost Digital Exclusion Risk Model

Specification
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