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This paper presents  a  framework for
Wmcll finance management in Ukraine through

. m,nd machine learning-based predictive analytics,
S‘”Wﬁus onec component of this framework — short-
uslc forecasting — on real fiscal data. We identify
"‘“nuic data gaps constraining communities' financial
gree SYSIEM rsonal income tax (PIT) allocation by employer
: :.Lpfinmmplcu property registries, and informal
’*‘-“mmm_ As a methodological backbone we adopt the four-
'meripihve.diagnostic—-predictivc—prcscriptive analytics
!-(d dtf‘ [1], adapted to the public finance domain. The
wﬂ:;,,m component evaluates four machine learning
sedels (Ridge, Random Forest, Gradient Boosting, XGBoost),
asacal SARIMA, and a seasonal naive baseline for monthly
mvenue forecasting of Lviv region local budgets using BOOST
dau (openbudget.gov.ua), 2018-2026. On the main holdout (test
4, train 2019-2023, 5-fold TimeSeriesSplit), Ridge achieves
MAPE = 7.365%, R* = 0.464, MAE = 311.4 million UAH —
miperforming SARIMA (MAPE 18.643%) by more than ten
pereentage points and all tree-based methods. A 26-oblast Cross-
regun transfer experiment further reduces Ridge MAPE on
Lin 2024 105.186% (R = 0.764). On a 2025 out-of-distribution
wresiest (+19% YoY growth) tree models suffer a dramatic R?
aallapse, empirically confirming the well-known extrapolation
Witation of tree-based regressors [2]. The results show that
gorithm chojce js critical for fiscal time series with structural
el shifts and (hag simple regularized linear models, combined

'.h.‘fm-region training, provide deployable forecasts for
IBian territorig| communities.
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I. IN']'R()DUC’]'ION

Capacity of territorial communities
foundation  of sustainable regional
'Mproved quality of life. Ukraine's
orm, completed in 2021, established
fOl'ming financially  self-sufficient
le of independently providing public
dents, However, despite nominal revenue
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Systems of

growth, significant systemic challen

onomy and e
Communities [3], [4].

~In 2025, the general fund of local
mterbudgetary transfers)
representing a 14.0% incre
growth appears robust. d
structural imbalances,
consolidated bud
from 22.8% in

ges persist that constrai
quitable resource distribution acros

budgets (excludin

received 514.0 billion UAF
ase over 2024 [5], [6]. While thi
€cper analysis reveals concernin
The share of local budgets i
get revenues (excluding transfers) decrease
2021 to 14.6% in 2025, indicating growin
fiscal centralization despite the decentralization mandat
Furthermore, when adjusted for inflation, real financii
capacity of many communities has actually declined.

This paper argues that the root cause of these fisc:
challenges lies not in policy design alone, but in fundament:
data gaps that prevent effective administration. We identif
three critical data deficiencies: (1) the PIT allocation mod
based on employer registration rather
residence, caused by absence of a unified address registry; (.
property tax underperformance, with 30% of land parcels ar
50% of real estate objects missing from state registries [7]: ar
(3) shadow employment affecting 28-60% of the work for
[8]. directly eroding the tax base [9], [10].

than employs

Rather than proposing traditional administrative solution
we advocate for a Data Science-driven approach that can wo!
with incomplete data through predictive modeling, anoma
detection, and intelligent gap-filling [11]). The paper mak
three contributions: (1) a t'our-le\"el analytical hierarct
adapted to public t"mance _trom the eimblnsh‘
Gartner/Davenport analytics maturity modc! [} (2) a ieaJ
free demonstration of ML?bascd' rc\‘cnui lorecaslullg L_m_f
real BOOST data from Lviv region and 26 other U l’\‘:‘almf
oblasts, with classical and naive baselines; a.p.d‘ (3) ev l‘,jf'.“-'
based recommendations for integrating predictive an‘a’ )l!'lf
; ricipal budget planning, including the exp -
:!“:)il d:‘;:)u,:s of tree-based methods on non-stationary fisc
imit

series.



1. RELATED WORK

The intersection of Data Science and public finance has
gained significant research attention globally. Baer, Buss, and
Kamensky  [12] demonstmted  that  analytics-driven
approaches in public finance management can improve
forecasting accuracy by 15-10% compared to traditional
econometric methods, Mayer-Schonberger and Cukier [13]
articulated the paradigm shift  from causation-based to
correlation-based analysis in governance. The analytics
maturity hicrarchy — descriptive, diagnostic, predictive,
prescriptive — used as a methodological backbone in this
paper was popularized in Davenport's seminal work on
competing through analytics [1] and operationalised by

Gartner's maturity model [14].
In the context of digital governance transformation,

Dunleavy and Margetts [15] proposed the concept of Digital
Era Governance (DEG), emphasizing how IT integration
reshapes state-citizen interactions and financial management.
Ukraine has shown remarkable progress in this direction,
ranking Sth globally in the UN Online Services Index [16],
with the 'Diia’ platform becoming a benchmark for digital

public services even during wartime [17], [18].
International experience in ML-based fiscal revenue
than the Ukrainian context.

forecasting is more developed
Mukherjee and Bhattacharya [19] forecasted Indian corporate
income tax revenue using VAR conditional on macro

variables together with a univariate SARIMA component,
demonstrating that VAR outperforms SARIMA on quarterly
tax series. Aliyu et al. [20] compared SARIMA and Holt—
Winters approaches on Nigerian tax revenue, providing

benchmark accuracy levels for tax-revenuc forecasting in
For the well-known inability of

developing economies.
decision trees to extrapolate beyond the training range, We
follow the canonical treatment by Hastie, Tibshirani, and
Friedman [2] on regression-tree partitioning.

Within Ukrainian fiscal analytics, Kotukh et al. [21]

explored the economic potential of Al technologies for
optimizing local community finance, identifying XGBoost
and ensemble methods as promising, but without out-of-

Riabokini et al. [22]

sample testing on real BOOST data.
frameworks for electronic

developed methodological

document management at the local budget level, providing

infrastructure prerequisites for data-driven analytics [23],

[24]. However, existing literature combines either theoretical
s a notable gap in

frameworks or post-hoc analysis; there i
studies that combine real fiscal data with leak-free machine

learning experimentation and classical baselines for Ukrainian
local budgets under wartime conditions. This paper addresses

this gap.
111. PROBLEM STATEMENT AND ANALYTICAL FRAMEWORK

A Identification of Data Gaps
Analysis of Ukrainian local finance data reveals that
systemic fiscal challenges stem from three fundamental data
gaps. First, the PIT allocation model directs tax revenues to
communities where employers are registered, not where
employees reside. The EU-recommended transition to
rcsy?cnoc-bascd allocation is blocked by the absence of a
unified electronic address database linking individuals to
Pe!-ntonal‘ C(_)mnmnilies. Second, property taxes remain a
hidden significant reserve' — the state registry lacks 30% of
land parcels and 50% of real estate objects [7], wi 54% o
, with 54% of
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registered properties k
S havin

lr!furmnl employment (28 %“;:/’ﬂtmmme
directly narrows the tax bage fﬂf d 'h"
gaps motivates the broadey i The di;,m.f,
experimental section below mr‘_"’mm:f,n
that framework — uh(;ﬁ.,er;‘p IO g
leaves the registry-completion revenue .
experiments to future work, and PIT e,

B. Four-Level Analytical Hierarchy

To structure the
O ran: .
administrative approaches [;fnr;::atmp
(DDPM), we adopt the four-leve) “:‘dm?ﬂ
PC'P“'flﬂi_!efl by Davenport [ 1] and ’ na'!{"lc;
The original formulation — : d:"‘?“ﬂ!
predictive, prescriptive — was dev-%‘npfi-
decision-making. Our contribution is it :hpg.{,
the Pu_bllc finance domain, with c‘c.!mplu
Ukrainian institutional realities at each ’:‘fflﬂe
el:

Level | — Descriptive Analyti
- ics
Collection, aggregation, :mJ::rit hag{itvh
fiscal data. This forms the foundar; :
facts and statistics presented in sec,;f,’,':

Level 2 — Diagnostic Analytics (Why 4
Interactive exploration using Bus)i’n :
tools. Ukraine’s Ministry of p;mq
implemented Power BI daShboardsa
monitoring of local budget execution
and regional comparisons. The BOx
platform, developed using World Bank
enables drill-down analysis of budget ey

Level 3 — Predictive Analytics (What v
Application of econometrics and machir
forecasting future revenues, identi
communities, and modelling scenarios
focus of our experimental section (Sectic

Level 4 — Prescriptive Analytics (What she
Al-powered optimisation and Data
discovering hidden patterns and autom
support. Integration with GIS for spati:
property-tax potential using anomaly det:

IV. EXPERIMENTAL STUDY: ML-BASED RE
FORECASTING

A. Daraset
Source. We use the BOOST analytics m¢
Ukrainian State Web Budget Poral fe
(openbudget.gov.ua) [26], a World-Bank-t
platform that publishes monthly executed reven!
oblast-level local budgets. The extract used It
covers January 2018 through April 2026 (100 n
regions = 2,604 region-month observations; data
28 May 2026). The target variable is the tol
executed revenue (general fund of local budgets
UAH), not a subset of tax cate sories. For Lviv et
revenues are: 2018 = 46,216 min UAH, 2019 =
UAH 5020 = 31,630 min UAH, 2021 = 35849
2022 = 41,155 mln UAH, 2023 = 47,505 min U;’
48,595 min UAH, 2025 = 57,911 min UAH: 2
January—April only (21,050 min UAH).
ment focuses

Scope. The main experiment [0¢t
case selected to retain continuity with P

on Lviv!
rior
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. ent (Section 1vV-D) tmi‘ns a smglf: model
experimel | lasts and tests it on Lviv as g
i«"'gion ning 20 (d ressing the limited-sample concern
e ek, ad
LT
ol glisd EWe y i ine
:ﬂ“’mﬁ"‘_ (he TaW monthly ‘sqncs we ctlglnt.f:r I'8
s, From 7 all computed strictly from past values
Ff“"“."tr{\uf grou :l'li“S operation) to prevent _!ook-ahcad
e ;’L fore ANY '\I _ month, quarter, sinusoidal month
R};mos 0 'c““xm:eric year index; (2) revenue lags — 1, 2,
: umn : i1stics — 3-. G-
L,;as_:ss_a da ’:mhs; (3) rolling statistics — 3-, 6-, and 12-
f““dla Izl':"paﬂ revenues ( .smﬁ(l).mlllixg(N).mcan )
4 087 of pas ‘(rev[t-1] = rev[t-13]) / rev[1-13]"
e e ast growth (r [ -]I ~ rev[t-2]'; ld I
oy rm‘mmeumm revt-1] — rev| » and (4)
@ gep. "~ont¢“ — annual CPL inflation and a binary
o v Nie COTEE
ﬁ"‘"‘w::a:u from 2022 onward).
10

! and Methodology _
. The wide BOOST CSV (reggons x months) is
W\fgsmg. format and grouped by region; revenues are
o long UAH to million UAH. Rows with missing
ﬁ:ced by lag/rolling fegtures are dropped (each
! ¢ Joses its first 13 observations). Infinite values from
@mthua_ car growth feature on the first valid month are
rﬁfg& NaN and dmppec{. No imputation is performed:
20ST series for the period 2018-01..2026-04 has no
:;:] missing months for the 27 oblasts

Models. We evaluate four macbin?-leaming regressors —
_ sion with L2 regularisation and StandardScaler
Fadge kation; Random Forest (300 estimators, max depth 8,
W?x;mplﬁ per leaf); Gradient Boosting (300 estimators,
&; learning rate 0.04); and XGBoost (400 estimators,
&Pﬁ!é-'lming rate 0.025, L1+L2 regularisation, subsample
085). Two classical baselines are added for context: a Naive
sesonal lag-12 forecast (predict = same month one year ago)
ai 2 SARIMA(LLIX1,1,1,12) model fitt ed with
szsmodels on the raw Lviv series.

s in

Hyperparameter tuning and validation. Ridge a is tuned on
e vaining set using GridSearchCV  with a S-fold
TmeSeriesSplit and the negative-MAPE scorer (a € {0.1, 1,
23.10,20, 50, 100}). Tree-model hyperparameters are kept
Ethe values listed above; this matches the original setup and

preserves .
"cc-hMcdanf::;, C‘i‘mpanson between regularised linear and
main holde s, Two evaluation regimes are used: (i)
recent compere ri7 1" O 2019-2023, test o 2024 (the raess
uul-ol“-diq"l'hc ¢ fiscal year with full BOOST closing data); (ii)
a yc;r"":.':;‘ Ftes test — train on 2019-2024, test on
o " F19% year-on-year revenue rowth far
exceeding any training-set movement [27). ¢

lmplemcntalion. All
3,

Python I experiments are implemented in
R);"d()mForc R using scikit-learn [.5 (Ridge,

. SiRegressor, y : . ]
GridSearchC'y., % GradientBoostingRegressor

" meSeriesSplit, StandardScaler, Pipeline),
r)fxonms' 2.0, statsmodels 0.14 (SARIMAX ), pandas 2.2 and
umPy 2.0; figures are produced with matplotlib 3.9. The

complete code and the BOOST CSV are available from the
authors on request.

C. Results: Main Holdourt (Lviv 2024)

TABLE 1. FORECAST ACCURACY ON LVIV 2024
(TRAIN 2019-2023, 12-MONTH HOLDOUT)
Model VAE [ RMSE | o, | MAPE
(min) (min) ()

Ridge (alpha=100) 311411 | 382697 | 0464 7365
XGBoost 316692 | 440690 | 0290 7834
Naive (scasonal lag-12) 398190 | 564185 | 0164 | 9314
Gradient Boosting 399630 | 523359 | 0002 | 93834
Random Forest 430924 | 482238 | 0.149 10.641
SARIMA(LLIX1,1,1,12) | 751.64) 786030 | -1260 | 18643

Table 1 summarises the main holdout result. Ridge
regression ((alpha=100)) achieves the best out-of-sampie
accuracy among single-region models (MAPE = 7.365%, R*
=0.464, MAE =311.4 million UAH) on the 12 unseen months
of 2024. Classical SARIMA(1,1,1)X1,1,1,12) reaches MAPE
= 18.643%, R?* = -1.260 — more than two times worse than
Ridge, confirming that plain seasonal ARIMA is not
competitive on this short, war-affected series. All three tree-
based ensembles (Random Forest, Gradient Boosting,
XGBoost) trail Ridge by 0.5-3.5 percentage points of MAPE.

Lviv Region Revenue Forecast (Main Holdout 2024)

Trained on BOOST data 2019-2023
5000
3
i 4000
; %00
p e : - Random Feres (WAL 10.44%)
00 e P Gt Bianieng (WL <RI
75 N o’ - Moboeu At a ) ATN
e et * Naing Masral RNT 8 IR
wo{ 7 v - BARMA A LB AN
T T y 202411
2024.01 202403 202405 02407 WA
¥ Acy wal SARIMA and odels
d ual v, i . : slosely tracks the actual trajectony; S¢ and tree my
vy from 3::‘1 ted monthly revenyes for Lviy region in 2024 (main holdout). Ridge closely

Upward figcy) level shifi.
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D. Multi-region Transfer (Generalisation Check)

E. Out-of-distribution Stress Test (Lyjy 202
d S+

TABLE IL ROSS-REGION TRANSFFR — TRAIN ON 26 OpLASTS TABLE Il FORECAST Accupar 19 ¥
(EXCL. LvIV), TEST ON Lviv % ;,,2&:(;%!,\”\' 025 Thancgg,
Test year ‘ Model R! MAPE (%) Model MAE RMSE

2024 RLd&(alph:FlOO) 0.764 5186 ﬂ'_"L (m|.,‘ o -..I
2024 Random Forest 0.654 5.535 SARIMA(L1LIX11,1,12) | 404 070 439916 "
2024 XGBoost -2.823 23.175 Ridge (alpha=100) 456302 | 59 - B3671"
2025 Ridge (alpha=100) 0.622 6.781 Random Forest W 925 905 0079 -
2025 Random Forest 0.184 9.729 Naive (seasonal lag-12) 776.291 | 84353, }ELN
2025 XGBoost 0.134 9.857 Gradient Boosting 1311.073 | 1440 744 ;:m__
XGBoost 1420.733 | 1506 587 | 4 ;f -
Table 11 reports the multi-region transfer experiment, 48

which directly addresses the limited-sample concern: each Table III evaluates all models on 2025, 4,
model is trained on the 2,000+ region-month observations exceed the 2024 peak by approximately 1902,‘ :: .
from the 26 oblasts other than Lviv and evaluated on Lviv any training-set movement. Under this stress tegte;lA'

months it has never seen. On the 2024 test set, Ridge reaches
MAPE = 5.186% (R? = 0.764) — an improvement of 2.18
percentage points over the best Lviv-only model. The same
Ridge configuration generalises to the 2025 holdout (MAPE
= 6.781%, R?* = 0.622). Tree models benefit even more from
cross-region training (R? turns positive), but remain noticeably
weaker than the linear models because the 2024-2025 Lviv
level still exceeds the upper quantile of the training
distribution [28], [29].

marginally takes the lead (MAPE = 79139, R -
because it learns trend and seasonality from the entir;
rather than partitioning feature space, while Ridge |
closely (MAPE = 8.798%). Tree-based models in o
suffer a dramatic collapse: Random Forest yields g -
Gradient Boosting R*=-4.478, and XGBoost R = 400
MAPE = 28.625%. ‘

Lviv Region Revenue Forecast (00D Stress Test 2025, +19% YoY)
Trained on BOOST data 2019-2024

§

Revenue (million UAH)
o
g

: 3

Randoem Fores? (MAPT « 13 TIN)
& Gragert Bosshing (MAME=18.11%
-8 RGOOMT | MAIT= IR AIN)
Siw Nane sesonal (UATER13.90%)
TZEa T e S DTN

2025-01

2025.07 2025-09 202511

Maonth

Fig 2. Out-of-distribution test (2025). Ridge and SARIMA extrapolate reasonably; tree models cluster predictions near the training maximum and ¢

underestimate.

Tree Extrapolation Fallure (2025 OOD Test
XGBoost predictions cluster near training maximum; Ridge o;tnpohm linearly
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Fig. 3. Tree extrapo

l 4 .
along the diagonal. ation failure on the 2025 OO test. XGBoost

Actual revenue (min UAM, 2025)

predictions are bounded near the training maximum (red dashed line); Ridge extrap



Ravenue of Lviv Region Lacal g

source: BOOSY — apanby
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2018

fé V. DISCUSSION

_ental results on real BOOST data validate
™ th::ﬁbmasﬁng and reveal four methodological
.;-tﬁgf g}gczilionefs-
g main 2024 holdout Ridge achieves MAPE =
pss o0 Y 0.464) — within the 'h.lghly accurate forecast’
e ® ﬂM-‘\PE) defined by Lewis [30] and corroborated
ﬁ;uo% and ‘Athanasopoulos [31]. Importantly, this
3 fynd ained with strict leakage control: rolling means
50 features use only past observations
year0 fore any rolling/diff operation). Earlier informal
- i) b:hal unshifted  rolling means or
: eous 1 -component features  overstated
M.-m by an order of magnitude; we report only the leak-

comparison with prior Ukrainian and
srmaiona] work supports our quali!ali_vc ranking. Kotukh et
) flagged XGBoost as @ pr(_)mismg mel‘hod for local-
wizet revenue prediction, but did not provide an out-of-
ample MAPE on real BOOST data; our experiments show
4 XGBoost in fact fails dramatically on non-stationary level
gifis (R = 4.990 on 2025), while regularised linear models
uin obust. The substantial advantage of Ridge over
GRIMA on the main 2024 holdout (MAPE 7.365% vs.
11643%) is consistent with international tax-revenue
buchmarks, where ML or VAR approaches typically

Fﬁriu“fwm plain seasonal ARIMA on quarterly tax series
19, [20].

Third, the tree extrapolation failure is the most
squential finding, As Hastie, Tibshirani, and Friedman
L}:';’“ regression-tree predictions are bounded by the leaf-
\Hiabllt?ns observed during training: when the response

ml;ceeds the training maximum, predictions inevitably
lustra ae. Our 2025 stress test is a clean empirical

3)on of this textbook limitation in a real fiscal setting
- Practitioners de

loying ML for budget forecastin
uld ploying 0l g g
herefore prefer regularised linear models, hybrid

architectures, or explici i i
o » plicit first-differencing of the
i growth regimes can shift. ’

. Founp, :
Wiy e Te210N training (Section 1V-D) materially
isation: Ridge MAPE on Lviv 2024 drops by

udgery
499190 (2670; o r®)

TREJAn-Apt aeiy)

02

W05 we

L o veaion local budgets, 2018-2026 ial:
- of Lyiv Tegion I ge (2026 parual: Jan-Apr only). Source: BOOST — openbudget gov ua
1 lﬂ"‘d

more than a percentage point when the model sees all 26 other
oblasts, with no degradation on 2025, This suggests that cven
with the limited 7-year time window per region, pooling
across 27 oblasts effectively expands the effective sample size
and the support of the response variable, mitigating the

extrapolation problem that huris trees in single-region
training.

Limitations include the use of regional BOOST aggregates

rather than community-level data (available for all 1.469

Ukrainian communities on the portal), and exclusion of
mpnlhly macroeconomic variables (only annual CP1 and a
binary war flag were used) — both directions for further work
[32], [33].

V1. CONCLUSION

This paper proposed a four-level analytics framework for
transforming local finance management in Ukraine and
demonstrated one component of that framework — short-term
monthly revenue forecasting — on real BOOST data. We
identified three fundamental data gaps (PIT allocation,
property registries, shadow employment) as root causes of
fiscal challenges and adapted the Gartner/Davenport analytics
maturity hierarchy [1] to the public-finance domain.

Experimental evaluation on the BOOST dataset (Lviv
region and 26 other oblasts, 2018-2026) revealed that
regularised linear models — Ridge (MAPE = 7.363%, R* =
0.464 on the 2024 main holdout) — outperform classical
SARIMA and tree-based ensembles for out-of-sample fiscal
forecasting. Tree models exhibit the textbook extrapolation
problem on the 2025 stress 1est, a finding with broad
methodological implications for fiscal analytics practitioners

Cross-region training on 26 oblasts further reduces R'\dg;:
MAPE on Lviv 2024 to 5.186%.

The other three framework components — registry-
anomaly detection, PIT-reallocation  wodelling, and
prescriptive optimisation — are the natural directions {or
future research. Ukrainian territorial communities can already
enhance their financial planning by adop\'\ngllhe \eak-free M.L
pipeline demonstrated here, which requires only public
BOOST data and a standard Python ML stack,

Future research directions include: (1) extension 10
community-level disaggregated data; (2) integration with GIS
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for spatial tax-potential analysis: i

{ ; al vsis; (3) application of anomal
deu;ct:pn for identitving under-reporting  in pmpcn;
registries; and (4) Ass.ociminn Rule Mining for discovering
;w;;liicn interdependencies between different tax streams | 34],
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