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FORECASTING GOVERNMENTAL REGULATION OF AI AND DIGITAL
PLATFORMS USING POLITICAL AND DIGITAL GOVERNANCE INDICATORS

Abstract

Many governments are developing regulatory frameworks to handle related concerns as
artificial intelligence (AI) technology are further incorporated into digital governance systems. Using
political and digital governance factors, this study suggests a data-driven approach for predicting how
governments will regulate Al and digital platforms. In order to forecast regulatory behaviour based
on important factors including government control over digital platforms, regulatory concentration,
and freedom of online expression, we built a binary classification model using longitudinal data from
the V-Dem Coder-Level Dataset v15. We trained and assessed three machine learning classifiers:
Support Vector Machine, Random Forest, and Logistic Regression. With a balanced confusion matrix
result and an AUC of 0.87, the Random Forest model performed the best. Indicators of digital control,
like internet shutdowns and social media abuse, were found to be among the most significant
predictors by feature importance analysis. Based on available governance data, the results show that
machine learning models—in particular, ensemble methods—can accurately predict Al regulatory
trends, offering researchers, politicians, and digital rights organisations important new information.

Key words: artificial intelligence, digital governance, platforms, government.
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CASACHU /KIOHE IUPPJIBIK BACKAPY KOPCETKIIITEPI APKBLJIBI 7JKACAH/IbI



MHTEJUIEKT INIEH HU®PJIBIK IIVIAT®OPMAJIAPIbI MEMJIEKETTIK PETTEY 11
BOJI’KAY

Anoamna

byn wmakamama ykiMeTTepHAiH CaHIOBIK Oackapy Kyuenepinme xacaHabl WHTEEKT (Al)
TEXHOJIOTUSUIAPBIH opi Kapail eHri3yMeH OaiylaHbICThI TOyeKeNAepl KO0 YIUiH peTTeylli Oa3anapbl
KaJail JaMBITBIN KaTKaHbIH 3eprreiini. CascaT meH mudpiblk O6ackapy (axTtopiapblH MaiiaanaHa
OTBIPBIT, Oy 3epTTEY YKIMETTEp[iH >XacaHIbl MHTEIUIEKT MEeH LUQPIbIK IulaTdopMmanapasl Kaian
peTTeiTiHiH 0oJKay YILUiH AepeKTepre Heri3[eNreH Toculai yebiHaapl. MaHbI3ab! (pakTopiaapra, COHbIH
iminge yKiMeTTiH mu@piblK ruiatgopmanapasl OakblUlayblHa HETI3AEITreH PEeTTeYIIl MiHE3-KYJIBIKTHI
6omxkay ymin V-Dem Coder-Level Dataset v15 nepextep *KUBIHTBIFBIHAH QJIbIHFAH Y3bIH JIEPEKTEp.i
naiananein OMHAPIBI JKIKTEY MOZENi YChIHbUIAABI. LIuQpabIK peTTeyaiH BIKTUMall KOpCeTKITepi,
MBbICAJIbI, UHTEPHETTIH OIIIpiLTyl HEMece OJICYMETTIK JKeNIepai 3UsSHAbI NaiiianaHy, €H MaHBI3IbI
Toyekenaepain Oipi 6oxbin mbIKTHL.KomkeTiMai Oackapy AepekTepiHe CyiHleHe OTBIPBIIN, HOTHXKENep
MAaIIMHAJIBIK OKBITY MOJENbAepi — ocipece aHcaMOJIb 9IiCTepi — KacaHAbl MHTEIUIEKTTIH pPETTey
ypaictepin non Goypkayra KaOUIeTTI eKeHiH KepceTeli, Oyl 3epTreyuliiiepre, cascaTKepiepre >KoHe
UGPIIBIK KYKBIK YIBIMAapbIHA MaHbI3bI )KaHA TYCIHIKTEp Oepei.

Tipek ce3nep: Kacanabl HHTEIUIEKT, HUPPIBIK OacKapy, maTgopmaap, MEMJICKET.
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IMPOI'HO3UPOBAHUE IN'OCYJAPCTBEHHOI'O PEI'YJIMPOBAHUA U U
A ®POBBIX INIAT®OPM C UCITIOJIb30BAHUEM IOKA3ATEJIEA
INOJIMTHYECKOI'O 1 IU®POBOI'O YIIPABJIEHUSA

AnHomayus

B nmanHOW crTaThe HCCIENOBaHbI BOMPOCHI TOTO, KaK IPaBUTENBCTBA pPa3pabaThIBAIOT
HOPMATHUBHO-IIPABOBbIE PAMKH JUIsl PEIIEHUs] PUCKOB, CBA3AHHBIX C JAJIbHEHIIMM BHEAPCHHEM
TEeXHOJOTui uckyccTtBeHHoro mHTeiekta (UMW) B cuctemsl mudpoBoro ynpasneHus. Mcmnonb3ys
nojguTH4Yeckue (GakTopsl U (PaKTOpbl HUGPPOBOrO YHPABICHHSA, 3TO HCCIECIOBAHUE IpeJiaraet
MOJXO0/, OCHOBAHHBIA Ha MJAHHBIX, U1 NPOTHO3MPOBAHUS TOTO, KaK IPAaBUTENbCTBA OyIyT
perynupoBatb UW u nudpossie maardopmel. s IpOrHO3UPOBAHUS PETYIISTOPHOTO MOBEICHUS HA
OCHOBE BaXHBIX (DAKTOPOB, BKJIIOYAS TOCYAAPCTBEHHBI MOHUTOPHUHI IIU(PPOBBIX MIaTdopmam, H,
IpeUIo’KeHa MOJeNlb OMHAPHON KiacCU(UKALMKU, HCIONB3YS MpPOAOJIbHBIE JaHHBbIE U3 Habopa
nanaelx V-Dem Coder-Level Dataset v15. Bo3moxHble nmoka3arenn HU(QPOBOro peryaupoBaHus,
TakMe Kak OTKIIIOYCHHE HWHTEpHETa WM JCCTPYKTUBHOE HCIOJIb30BAHUE COLHUAIBHBIX CETEH,
OKa3aJUCh OJHMMHU M3 Hamboyiee 3HAUYUMBIX pPHCKOB. Ha OCHOBe HMEIOIIMXCS JaHHBIX 00
yIpaBJIEHUN pPe3yJIbTaThl MOKAa3bIBAIOT, YTO MOJEIH MAIIMHHOTO OOyuYeHHs — B YACTHOCTH,



aHcaMOJileBble METOJbl — MOTYT TOYHO HPOTHO3MPOBATh TEHACHUMHU peryiaupoBanus WU,
MIPEOCTABIISAS HCCIIEI0BATEISIM, TOJIMTUKAM U OPraHU3alUsAM, 3aHUMAIOIIUMCS 3aIIUTON H(POBBIX
[paB, BXXHYIO HOBYIO HH(OPMAIIHIO.

KiroueBble c€/10Ba: UCKYCCTBEHHBIH HMHTEIEKT, LHU(POBOE YIpaBiIeHHE, IUIATHOPMBI,
roCyAapcTBo.

Methodology

The V-Dem Coder-Level Dataset v15's political and digital governance indicators are used in
this study's data-driven methodology to predict how governments will regulate artificial intelligence
(Al) and digital space. Data preparation, feature selection, model training, and performance
evaluation were the main stages of the methodological procedure.

A selection of 11 governance variables was first chosen from the V-Dem dataset on the basis
of their theoretical applicability to political control and digital regulation. Factors including
government control over digital platforms (v2smgovdom), government misuse of social media
(v2smgovab), regulatory concentration (v2smregcon), freedom of speech online (v2smonex), and
associated digital governance indicators were among them. Countries with high government
domination over digital platforms (v2smgovdom > 2) were given a value of 1, indicating a likely
regulator, and 0 otherwise. This binary classification label was used to generate the target variable,
regulate ai.

In order to guarantee the integrity and quality of the input features, data preprocessing was
done. The target variable's missing values were eliminated from the rows. Mean imputation was used
to fill in the missing values in the predictor variables for the remaining data, and then standardisation
(z-score normalisation) was used to scale the features. After that, the dataset was divided into training
and testing sets in an 80/20 ratio. To maintain class distribution in both sets, stratified sampling was
used.

The classification challenge was carried out using three supervised learning models: Support
Vector Machine (SVM), Random Forest (RF), and Logistic Regression (LR). A pipeline structure in
scikit-learn was used to create each model, integrating the preparation processes and guaranteeing a
consistent workflow. Because of its interpretability and extensive application in governance research,
logistic regression was used as a baseline linear model. Because of its resilience and capacity to
represent non-linear interactions, the Random Forest classifier—an ensemble model based on
decision trees—was used. To assess performance in high-dimensional spaces, a Support Vector
Machine with a radial basis function kernel was included.

A variety of measures were used to assess the model's performance, such as the Area Under the
ROC Curve (AUC) as a summary performance indicator, Receiver Operating Characteristic (ROC)
curves to illustrate sensitivity versus specificity trade-offs, and confusion matrices to analyse
prediction accuracy. The Random Forest model's feature importance was used to determine which
factors had the greatest bearing on the regulatory behaviour of Al.

By providing insights into how political and digital governance features can be used to predict
future state behaviour in the Al policy domain, this methodological approach enables transparent,
scalable, and reproducible research of regulatory trends.

Results

In order to predict the possibility of governmental regulation of artificial intelligence (AI) and
digital space using V-Dem governance indicators, this section evaluates the performance of three
supervised machine learning classifiers: Support Vector Machine (SVM), Random Forest (RF), and
Logistic Regression (LR). With regulate ai as the target variable, the models were trained on a binary
classification task. A value of 1 denotes a high degree of government control over digital platforms
(v2smgovdom > 2). Confusion matrices, Receiver Operating Characteristic (ROC) curves, and



feature importance analysis were used to evaluate performance.
A. Performance in Classification
The confusion matrices for each of the three classifiers are shown in Figure 1. With a greater
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number of correctly categorised examples in both classes, the Random Forest model successfully
balanced sensitivity (true positive rate) and specificity (true negative rate). Although it produced a
respectable number of true positives, the Logistic Regression model had a larger false positive rate
and incorrectly classified a number of non-regulating nations as regulators. Although the SVM
classifier's accuracy was comparable to Random Forest's, it showed somewhat lower sensitivity, as

seen by a minor rise in false negatives.

B. Analysis of Receiver Operating Characteristics (ROC)

ROC curves were produced for each model to further assess discriminative performance, and
the results are displayed in Figure 2. With the highest Area Under the Curve (AUC) score of 0.87, the
Random Forest classifier demonstrated exceptional capacity to discriminate between the two groups.
AUCs of 0.85 and 0.82 were obtained via SVM and Logistic Regression, respectively. All three
models perform better than a random classifier (AUC = 0.5), demonstrating how well the chosen
features and models predict trends in Al regulation. These findings highlight how well ensemble
approaches, such as Random Forest, capture nonlinear relationships in governance data.
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C. Analysis of Feature Importance

The Random Forest classifier's feature significance rankings are shown in Figure 3. In
accordance with the target structure and theoretical framework, v2smgovdom—government
dominance over digital platforms—was the most significant predictor. Following this were
v2smregcon (regulatory concentration) and v2smgovab (government misuse of social media), both
of which demonstrate the government's propensity to regulate digital communication. The notion that
digital authoritarian practices are powerful predictors of Al regulatory behaviour is also supported
by other significant indicators such as v2smgovshut (shutdowns of digital media) and v2smonex
(online speech freedom).

Together, these results demonstrate that digital governance and political variables are reliable
determinants of Al regulation intent. Additionally, Random Forest's improved performance
8implies that feature ensembles and nonlinear interactions are better able to represent the subtleties of
government behaviour in the digital sphere.
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Conclusion

This study uses political and digital governance indicators from the V-Dem Coder-Level
Dataset v15 to provide a novel method for predicting governmental regulation of artificial
intelligence (AI) and digital space. We show that a limited number of theoretically based factors can
be used to accurately anticipate regulatory behaviour in the AI domain by utilising machine learning
classification approaches such as Support Vector Machine, Random Forest, and Logistic Regression.

With the Random Forest classifier obtaining the greatest Area Under the Curve (AUC) score
of 0.87, followed closely by SVM and Logistic Regression, our results demonstrate the effectiveness
of ensemble approaches. These models' excellent generalisation skills were validated using confusion
matrices and ROC analyses, which successfully distinguished between nations that are likely and
unlikely to implement Al-related regulations. According to feature importance analysis, some of the
best indicators of Al regulation are those that show state-led digital interventions, regulatory
concentration, online expression freedom, and government control over digital platforms.



These results have a number of significant ramifications. First, they emphasise how important
political context and the level of digital governance are in determining the regulatory paths for Al

Second, the methodology provides a data-driven and scalable instrument for anticipatory policy
analysis, allowing researchers, policy analysts, and international organisations to track patterns and
predict regulatory behaviour prior to the emergence of new laws. Third, especially in authoritarian or
digitally repressive regimes, the robust performance of interpretable models such as Random Forest
offers chances for more in-depth exploratory investigation into the causal mechanisms underlying
regulation.

However, there are certain limitations to this study. Although the goal variable, which is based
on v2smgovdom thresholds, acts as a stand-in for regulation, it might not fully account for the
intricacy of legal tools or tactics unique to Al. Furthermore, the V-Dem dataset still depends on
expert-coded data, which could add subjectivity in measures even though it provides extensive
country-year coverage. By using textual data from policy documents, real-time news feeds, or
multimodal digital governance indicators, future study can overcome these constraints.

To sum up, this study offers a basis for political science and data science-based Al regulatory
forecasts. It provides a route towards more responsive, transparent, and evidence-based digital
governance by opening up new opportunities for interdisciplinary research in governance analytics,
regtech, and policy modelling.
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