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DYNAMIC LOGISTIC REGRESSION MODELING FOR BANKRUPTCY RISK PREDICTION
IN UKRAINIAN BUILDING SECTOR

Background. Financial distress and bankruptcy forecasting has gained significant importance in the
context of post-war economic recovery and restructuring of Ukrainian industries. Firms in the building-
and-construction materials sector operate under high uncertainty, where early detection of insolvency risk
is crucial for maintaining financial stability. Logistic regression models, widely used in environmental and
risk analytics, can be adapted to represent the nonlinear transition from solvency to bankruptcy as a proba-
bilistic process.

Objective. The paper aims to develop and evaluate both static and dynamic logistic regression mo-
dels for predicting the potential bankruptcy of a representative Ukrainian building-materials manufacturer.
The dynamic extension seeks to capture the temporal persistence in financial performance through lagged
predictors.

Methods. A synthetic monthly dataset (5 years, 60 observations) is generated to simulate realistic
financial ratios, including liquidity, leverage, profitability, efficiency, and interest coverage (solvency). The
models are estimated in MATLAB using maximum-likelihood logistic regression with L2 regularisation
(ridge penalty) to retain correlated predictors. The dynamic model incorporated one-period lags of all
financial ratios and the one-period-lagged response. Predictive performance is assessed by accuracy, preci-
sion, recall, Fl-score, and the confusion matrix.

Results. The static logistic model achieved an average accuracy of around 89 %, yet it failed to predict
two bankruptcy-risky months out of six ones. The dynamic model improved performance to 94 % accuracy,
without missing a bankruptcy-risky month, but falsely labelling a non-risky month as bankruptcy-risky one.
The signs of estimated coefficients are consistent with economic logic: higher leverage increases bankruptcy
probability, whereas greater liquidity, profitability, efficiency, and solvency reduce it.

Conclusions. Dynamic L2-regularised logistic regression provides an interpretable and computatio-
nally efficient framework for early bankruptcy prediction in Ukrainian industrial firms. The inclusion of
lagged financial indicators enhances predictive stability and timeliness, enabling practical early-warning
applications.

Keywords: bankruptcy prediction; logistic regression; dynamic modelling; financial ratios; L2 regula-
risation; early-warning system; Ukrainian building sector.

Introduction formations and unstable market conditions [1, 2]. In
Ukraine, the construction and building-materials sec-

The probability of firm bankruptcy remains one tors have faced recurrent disruptions caused by mac-

of the central concerns in modern financial analytics, roeconomic turbulence, exchange rate volatility, and
especially in economies exposed to structural trans- evolving regulatory frameworks. These circumstances
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increase the risk of financial distress among manufac-
turing enterprises and, consequently, create the need
for quantitative models capable of providing early
warning signals about potential bankruptcy. Reliable
bankruptcy prediction models not only help firms as-
sess their own financial sustainability but also support
creditors, investors, and policymakers in managing
credit and investment risks more effectively [3, 4].

A considerable body of research on bankruptcy
prediction has emerged since the mid-20th centu-
ry, ranging from discriminant analysis [5] and logit
models [6] to more recent approaches employing
machine learning and hybrid ensemble techniques
[7, 8]. Among these, logistic regression continues
to occupy a prominent position because of its in-
terpretability, robustness, and statistical groun-
ding [9, 10]. Logistic models explicitly connect the
probability of bankruptcy to a vector of financial
indicators (such as liquidity, leverage, profitability,
and efficiency), allowing the analyst to quantify the
marginal impact of each ratio on the likelihood of
financial failure. Moreover, unlike linear discrimi-
nant methods, logistic regression does not impose
the assumption of normally distributed predictors,
which makes it particularly suitable for financial
data often characterised by skewness, outliers, and
bounded ratios [11].

While static logistic models have proven use-
ful, they fail to account for the temporal dynamics
inherent in financial distress processes. A firm’s
transition toward insolvency rarely occurs as a sud-
den event. Instead, it develops gradually as liquidity
deteriorates, leverage increases, or profitability de-
clines over successive periods. Therefore, incorpo-
rating lagged predictors into the logistic framework
enables one to capture persistence and delayed ef-
fects of financial indicators on bankruptcy risk. This
leads to a dynamic logistic regression model, where
the current probability of bankruptcy depends not
only on present-period ratios but also on their his-
torical trajectories.

However, the inclusion of multiple correlated
and lagged predictors increases the risk of multi-
collinearity and model instability. To mitigate this,
L2 regularisation (ridge penalty) can be introduced
into the likelihood function [12]. Regularisation
shrinks coefficient magnitudes toward zero without
eliminating predictors entirely, thereby preserving
all available financial information while controlling
overfitting [13, 14]. This makes the model more sta-
ble and generalizable, particularly when the num-
ber of predictors approaches or exceeds the number
of observed periods, which is a typical limitation in
firm-level bankruptcy datasets.

Problem statement

The objective of this study is to construct and
analyse a regularised dynamic logistic regression
model for bankruptcy prediction in the context of a
Ukrainian building-materials manufacturer. A syn-
thetic dataset will be generated to emulate realistic
financial ratios and their temporal dependencies,
reflecting the operational specifics of a mid-sized
construction-related enterprise. The model will be
estimated by maximum penalised likelihood, with
predictive performance evaluated through classifi-
cation metrics such as accuracy, precision, recall,
Fl-score, and the confusion matrix. The results
will illustrate how the proposed approach can pro-
vide interpretable and quantitatively consistent in-
sights into bankruptcy risk even in data-constrained
environments.

Notation and dynamic logistic model

Let b(7) be the indicator of bankruptcy at time
period ¢ for the firm: A(f) = 1 means the bankruptcy
in the next period, b(f) = 0 means no bankruptcy in
the next period. Let

X(1) =[x, (1)],x €R" (1)

be a vector of contemporaneous financial ratios ob-
served at period . We also include lagged values up
to L lags of predictors and N lags of the response.
Define the stacked predictor vector:

Y (=[5 (] e R 2)
by _
v (t)=x,(¢) for k=1,K and y, (t-1)=x,(t-1)
for k:L_K and /=1, L. ©)
The vector of lagged responses is
B_ (1)=[b(t= /)],y €Us, cRY, )

where IU(’)V_ , Is the unit hypercubic lattice in RY

whose vertices are of only 0’s and 1’s.
The dynamic logistic model assumes that

h{ P[b(1)=11Y,, (1):B_y (1)] J
1—P|:b(t):1|Y(L+1)K (t);BfN(t)]

(L+1)K N

=Q, + z aiy[(t)+zujb(f—j):

= +A(L+1)K '[Y(L+1)1< (t):|T +MN '[B—N (t)]T , (5)
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where
P[b(t):”Y(LH)K (1);B_y (t):|:pt (6)

is the conditional probability of bankruptcy at time
period 7 + 1, denoted by p,,

A(L+1)K = [at]1x(L+1)K eRUE 7
is a vector of (L + 1)K model predictor parameters,

MN :[H.f]lxN eR” (8)

is a vector of N model lagged-response parameters,
and o, is the intercept parameter [9].

So, overall there are K contemporaneous and
LK + N lagged predictors in model (5), gathered in
vectors (7) and (8), respectively. We estimate them
by penalised maximum likelihood with an L2 (ridge)
penalty:

o }[Z[b(t)ln p,+(1=b(t)In(1- p,)]-

1=1
(L+1)K

N
= ) af-g;ui.],

where conditional probability (6) is deduced from
(5) as

b= [1 +exp(—oty = Ak [Yiax 01" -

M, [B,0N]".

and where A is the regularisation hyperparameter,
A>0. The ridge (L2 regularisation) is chosen because
it shrinks coefficients (mitigating variance and mul-
ticollinearity) without performing variable selection;
this preserves all financial ratios and their lags for
interpretation.

)

(10)

Table 1. Main financial ratio categories used as predictors

Synthetic data design for a building-materials
manufacturer in Ukraine

We must generate a realistic synthetic time se-
ries of financial ratios for a mid-sized building-ma-
terials manufacturer and a corresponding binary
outcome indicating whether the firm will declare
bankruptcy in the next period. Our time span is five
years with monthly observations (quarterly observa-
tions might have fitted better, but this would elon-
gate the span to 15 years, which is quite unreliable
due to the current situation in Ukraine). Denote
the time span length by 7= 60. This gives enough
temporal depth for lagged effects while remaining
plausible for a single firm.

In our synthetic dataset, the total number of
predictors (independent variables) corresponds to the
main financial ratio categories presented in Table 1.
The liquidity below 1 is considered weak, whereas
the liquidity above 3 may mean over-capitalised. For
many manufacturing firms the leverage is about 0.4
to 1.0. Capital intensive sectors may accept higher
leverage, but beyond 1 it is often seen as riskier. The
profitability is very dependent on industry margin
norms; the building-materials sector may have lower
profitability due to cost-and-price pressures. For
many manufacturing firms the profitability is about
0.05 to 0.15, and value 0.2 is considered top strong.
The efficiency for manufacturing might be 0.5 to 2.0
times per year, but the efficiency ratios vary huge-
ly: inventory turnover, receivables turnover, asset
turnover — all have different benchmark ranges. The
solvency above 3 is often considered safe, whereas
values below 2 indicate risk.

To approximately cover the typical ranges of
the predictors, we generate their values with using

Name of the . Financial Example formula Typical Role in bankruptcy
. Denotation . . . L
predictor meaning (simplified) benchmark range prediction
. . Current assets / Low — risk
Current ratio x,() Liquidity Current liabilities 0.4-3.5 of insolvency
Debt-to-equity Total debt / High — risk
. L . .1-0.
ratio x(1) cverage Equity 0.1-0.95 of default
- Net income / Low or negative —
Return on assets x.(7) Profitability —0.15-0.20
3 Total assets poor performance
. L ineffici
Asset turnover x,(1) Efficiency Sales / Total assets 0.2-2.0 ow = inelficient
resource use
EBIT i i .
Interest coverage . (earnings before Low — high debt
. x,(1) Solvency interest and taxes) / 0.5-6.5 ..
ratio servicing stress
Interest expense
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values p of uniformly distributed random variable on
interval (0; 1):

x(1)=0.8+1.2p, (11
x,(1)=02+1.8p, (12)
x;(£)=-0.05+0.15p, (13)
x,(1)=03+1.2p, (14)
x(1)=0.5+6.5p. (15)

The descriptive statistics of the dataset is presented
in Table 2, where we can see that the data generated
by (11)—(15) are successfully covered by plausible
real-world ratio intervals in Table 1.

Table 2. Descriptive statistics of the synthetic time series for a

building-materials manufacturer in Ukraine

and decides whether b(7) = 0 or b(7) = 1 based on

them. The stakeholder (owner) does not know any-

thing about those parameters (7) and (8) or model

(10). So, a realistic way of assigning the value of

b(?) (binary risk of bankruptcy) must be based on

only values of liquidity, leverage, profitability, effi-

ciency, solvency at a time ¢ and, plausibly, at a few
previous time periods # — 1, ..., f — L. For instance,

b(r) = 1if x,(#) > 1.025, but b(r) = 0if b(r— 1) = 1.

Above that, b(f) = 0 if the values of liquidity, profi-

tability, efficiency, solvency are simultaneously

above their 90 % means.

The suggested way of generating a synthetic
dataset for a building-materials manufactu-
rer is very interpretable. Although it is brittle,
not smooth, and can lead to either many or
very few events unless tuned, it reflects the

Deno- | 5 dictor Mini- |\ oo | Maxi- | Standard | o\ prent economic instability and riskiness
tation mum mum | deviation | ¢ Ukrainian building-materials manufactu-
x,(1) | Liquidity 0.8218 | 1.4009 | 1.9944 | 0.3326 rers. The bankruptcy binary risk presented
x(1) | Leverage 0.2085 | 1.2088 | 1.9927 | 0.5201 in Fig. 1 openly exposes the situation for
x(1) | Profitability | —0.0496 | 0.0318 | 0.0972 | 00405 | the past five years, where the longest span

i without bankruptcy risk is just three months
x(n | Efficiency | 03036 | 0.9002 [ 14901 | 03777 | (there are three such quarters). This pia-
x,(f) | Solvency 0.5068 | 3.3272 | 6.9835 | 1.9405 no-like picture is quite realistic for a mid-

The total number of events b(f) = 1 is 22, which
is 36.67 % (Fig. 1, where higher and lower bars
correspond to 1 and 0, respectively). This number
is obtained by following interpretable if-then rules
built from the ratios in Table 1. This is due to a
stakeholder (owner of the firm), for example, sees
only the values of those five financial indicators

sized building-materials manufacturer in
Ukraine.

Estimation and software
In the case of five predictors and one lag, in-

cluding one-lagged-response predictor, model (10)
is simplified to:

|

1234567 8 91011121314151617 18 1920 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60

Fig. 1. Binary risk of bankruptcy (higher bars) throughout 60 periods
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P[b(t)=1]Y,,(¢);B_ (¢)]=p, =
=[1+ exp(—ag = Ay [V ()] =M, [B, (1)])]

= [1 + eXP(_O% Ay [V (t)]T R _1)):|_1- (16)

-1

Dynamic logistic regression model (16) is built by
solving problem (9) as

Z(OLO A '[Ylo (tl )]T +H 'b(tl _1)) +

HeTy

+ZT:1n(ao +A, [ (t)]T T 'b(t_1)>_

max
{o. Ay iy}

7\1 10 ) 7\‘ )
ANV L 17
2 — az 2 ul ( )
by L
b(t) =1 V1 eT, c{l,T} and
(18)

bty =0 vee{{L.TI\T,}

If all the lags are ignored, dynamic logistic regres-
sion model (16) is further simplified to a static logis-
tic regression model:

Pb(1)=1|X,(1)]=p, =
[1+exp(—a, - As - [X(1)]')]

Static logistic regression model (19) is built by sol-
ving problem (9) as

-1

19)

max, Z(ao + A [X(0)] )+

{on - Ay
: 4LeT

T

)\‘ 5
+) In(o, +As-[X, ()] )-2 ) o 20
2 n(oa A X (0] ZZJ (20)
by (18). To estimate performance of both models
(16) and (19), we use the initial 70 % of chrono-
logical data for training and last 30 % for testing
(temporal split) to emulate forecasting performance.
So, the size of the training set is 42. For the case of
static model (19) the size of the test set is 18, and for
the case of dynamic model (16) the size of the test
set is 17 due to the lag. It is worth noting that the
number of nonzero risk indicators in the test set is 6
(it is well seen in Fig. 1), which is about one third
of the test set size.

We use MATLAB-function “lassoglm” with
“binomial” family and the parameter of the pure
ridge [15, 16] to perform penalised logistic regres-
sion by sweeping A between 0 and 0.1:

nefo w10 fw102) L fwer0?) B @D

Then a 1~ is selected such that optimises the perfor-
mance metrics, including:

1) accuracy (fraction of correctly predicted
days), which is to be maximised;

2) precision, recall, Fl-score for the bankrup-
tey class, which all are to be maximised;

3) confusion matrix whose integer entries of
True Positive (TP) and True Negative (TN) are to
be maximised, while False Positive (FP) and False
Negative (FN) are to be minimized.

Before running the optimisation problem within
MATLAB-function “lassoglm”, all the predictors
are standardised by subtracting the mean value over
the training set and dividing by the standard devia-
tion over the training set [12, 17, 18]. That is, both
the training and test sets are standardised. This al-
lows applying the penalty evenly [15].

We establish the simplest way to predict the
bankruptcy risk. If p, > 0.5 then the bankruptcy
in the next period is predicted; if p, < 0.5 then no
bankruptcy in the next period is predicted. The case
p, = 0.5 is not excluded, though; if it occurs then
the next period (which is 7 + 1 here) is declared the
0.5-uncertainty-bankruptcy period. In fact, this case
is almost as bad as the case p, > 0.5.

Results and interpretation

First we try static model (19) over set (21). The
best value of A is A* = 0.07, where static model (19) is

P[b(t)=1|Xs(1)]=p, =
=[1+exp(0.6111+0.3614x, (1)—0.8290x, (¢)+

+0.4264x, (1) +0.1576x, (1) - 0.2507x,(2))] (22)

at which the FN number is 2, while there are no FP
predictions, Owing to that, the precision is 100 %.
The accuracy is 88.89 %, which is usually said that
it could be better. Due to the two bankruptcy-risky
periods unseen by the static model (Fig. 2), the re-
call is 66.67 % being unsatisfactory. The F1-score
is 80 %, which is not considered acceptable as well.

However, as we look closely at Fig. 2, the weak
inaccuracy of static model (22) appears even worse.
The matter is that the predicted probability polyline
is squeezed and thus many non-risky periods have
not really low probabilities, whereas bankruptcy-risky
periods have not really high probabilities. In fact,
the predicted probability varies between 0.0719 (at
t=352) and 0.7993 (at ¢ = 55). Moreover, Fig. 2 reveals
that there are two periods (1= 51 and = 54), where the
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predicted probability is very close to 0.5 (p;, = 0.4995
and p,, = 0.4905), that is the 0.5-uncertainty-bank-
ruptcy periods factually ensue.

Fig. 2. The test set of 18 periods for static model (22) and the
square-marked predicted probability, where the black
horizontal line is at 0.5 level (the two bankruptcy-risky
periods at = 45 and ¢ = 58 are left unseen by the model)

Besides, there is another pretty strange mo-
ment in static model (22): this is the positivity of the
solvency coefficient o, = 0.2507, which means that
the increasing solvency must raise the probability
of bankruptcy. By its absolute value this coefficient
is far less than the leverage coefficient a, = 0.8290
(whose positivity is quite natural and understand-
able), but still it is more influential than the effi-
ciency coefficient o, = —0.1576. This and the other
inconsistencies mentioned above prompt to try in-
cluding lagged predictors into consideration, as their
influence may rectify predictability and improve
performance of regression models.

Hence, subsequently, we try dynamic model
(16) over set (21). The best value of & is A* = 0.007,
where dynamic model (16) is

P[b(t)=1]Y,, (1);B_, ()] = p, =
=[1+exp(1.8066 +0.0868x, (1) —2.6287x, () +
+1.0353x, (£)+0.2122x, (£) + 0.1474x, (1) +
+0.0762x, (1 =1)+0.7351x, (1 —1)— 0.6606x, (1 — 1) —
~0.7530x, (£ —1)+0.1537x, (t = 1) +

+2.5959 (¢ —1))] . (23)

Dynamic model (23) performs over the test set
of 17 periods far better than static model (22). In-
deed, including the lags helped not only increase the
accuracy up to 94.44 % and Fl-score to 92.31 %,
but also to stretch predicted probability polyline
(Fig. 3), whereas there are no FN predictions and
only one FP prediction (at # = 47). Now the pre-
dicted probability varies between 0 and 0.9971, and
there are no 0.5-uncertainty-bankruptcy periods
(despite py, = 0.5183, it is farther from the real-prac-

tice uncertainty, and this risky period has been cor-
rectly predicted). The performance metrics of static
model (22) and dynamic model (23) are presented
in Table 3 for comparability.

Fig. 3. The test set of 17 periods for dynamic model (23) and the
square-marked predicted probability, where the black
horizontal line is at 0.5 level

Table 3. Performance metrics of the static and dynamic
models for the synthetic 60-period time series in Fig. 1

Performance Static model Dynamic model
metric (22) (23)
Accuracy 0.888 889 0.944 444
Precision 1 0.857 143
Recall 0.666 667 1
Fl1-score 0.8 0.923077
TP 4 6
TN 12 11
FP
FN 2 0

Although dynamic model (23) drops the pre-
cision down to 85.71 %, it is caused by the sin-
gle FP prediction (which, obviously, is a way bet-
ter than having an FN prediction). The remaining
performance metrics indicate the clear advantage
of the lagged regression. Another optimistic pecu-
liarity of the one-lagged regression model is that
its coefficients at the five non-lagged predictors all
have interpretable signs — negative ones at liquidi-
ty, profitability, efficiency, and solvency, while the
leverage coefficient sign is positive. The lagged pre-
dictors do not completely follow this pattern as the
lagged leverage coefficient is negative, while the
lagged profitability and efficiency coefficients are
positive. The lagged response has a negative coeffi-
cient (u, = —2.5959) as well. However, this is com-
monly normal due to the following reasons:

1. Lagged predictors may flip signs because the
current ratios already explain most of the variation
in bankruptcy, so the lagged ones only capture left-
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over corrections, often producing opposite-direction
effects due to multicollinearity.

2. A lagged variable enters the model after its
current version, so its coefficient reflects changes
rather than levels; this naturally yields inverted signs.

3. Lagged response gets a negative sign be-
cause, in our synthetic setup, distress is reversible: if
the last period was distressed but today’s ratios look
healthy, the model learns a mean-reversion effect.

4. When distress does not persist automatical-
ly but depends on today’s fundamentals, the lagged
response serves as a “temporary shock indicator”,
leading to a negative coefficient.

Hence, the regularised dynamic logistic regres-
sion model (16) by (17) proves to be interpretable and

quantitatively consistent for bankruptcy risk prediction
of a building-materials manufacturer in Ukraine. De-
spite not very large training set (42 periods are used to
estimate 12 coefficients of the model), the lagged re-
gression successfully captures bankruptcy-risky periods
during 17 test set points for synthetic datasets genera-
ted by (11)—(15) with descriptive statistics similar to
that in Table 2. Nevertheless, the question is whether
the lagged regression model is enough robust and sus-
tainable. To answer this question, the synthetic dataset
should be extended and the respective model should be
tested on a much longer test span.

So, using the similar if-then rules built from the
ratios in Table 1, by which the bankruptcy binary
risk is generated for 60 periods (Fig. 1), we generate

9

5 7

9

1M1 13 15 17 1 21 23 25

27 29 31

33 35 37 39 41 43 45 47 49 51 53 55 57 59

61 63 65 67 71T

7% 77 79 81 83 85 87 89 91

S —

95

1 108 105 107 109 111 113 115 117 119

121 123 125 127 129 131 133 135 137 139 141 143 145

147 149 151

153 155 157 159 161 163 165 167 169 171 173 175 177

79

181 183 185 187 189 191 193 195 197 199 201 203 205 207 2

9 211

213 215 217 219 221 223 225 227 229 231 233 235 237

241 243 245 247 249 251 253 255 257 259 261 263 265 267 2

9 271

273 275 277 279 281 283 285 287 289 291 293 295 297 299

301 303 305 307 309 311 313 315 317 319 321 323 325 327 329

333 335 337 339 341 343 345 347 349 351 353 355 357 359

RN g LLLLRLERRLERRRR]]
361 363 365 367 369 371 373 375 377 379 381 383 385 387 389 391 393 395 397 399 401 403 405 407 409 411 413 415 417 419
L
421 423 425 427 429 431 433 435 437 439 441 443 445 447 449 451 453 455 457 459 461 463 465 467 469 471 473 475 477 479
DAL
481 483 485 487 489 491 493 495 497 499 501 503 505 507 509 511 513 515 517 519 521 523 525 527 529 531 533 535 537 539
] 11 LA
541 543 545 547 549 551 553 555 557 559 561 563 565 567 569 5 5 575 577 579 581 583 585 587 589 591 593 595 597 599

Fig. 4. Binary risk of bankruptcy throughout 600 periods, divided into 10 equal spans
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a synthetic 600-period time series of the bankrup-
tcy binary risk (Fig. 4). Herein, the total number of
events b(7) = 1 is 188, which is 31.33 %, and so we
keep roughly a one third of risky periods. The size of
the training set is 420. For the case of static model
(19) the size of the test set is 180, and for the case
of dynamic model (16) the size of the test set is 179
due to the lag. It is worth noting that the number of
nonzero risk indicators in the test set is 59 (it is well
seen and can be calculated in the three bottom spans
in Fig. 4), which is about one third of the test set
size. The 59 risky periods are almost equally scattered
throughout the test span (20, 19, and 20 risky periods
in the three bottom spans in Fig. 4).

When we apply static model (19) for the
600-period time series, the regularisation hyperpa-
rameter is set to L* = 0.07 for keeping congruence
with static model (22). In this way, our static model
(19) becomes one with interpretably signed coeffi-
cients (negative coefficients at liquidity, profitabili-
ty, efficiency, and solvency, while the leverage coef-
ficient sign is positive):

Plb(r) = 1IX(D] = p, =

= [1+exp(1.0236 +0.0308x, (1) —1.0503x, (1) +
+0.2479x, (1) +0.1247x, (1) +0.2086x, (1))] . (24)

However, static model (24) performs poorly on
the 180-period test span: its accuracy is 72.22 %,

the precision is 60.47 %, while the recall and
Fl-score drop down to 44.07 % and 50.98 %, res-
pectively. The number of FN predictions is 33,
which is huge (55.93 %) with respect to the 59
bankruptcy-risky periods in the test span. The
number of FP is 17, so altogether the 50 false pre-
dictions constitute 27.78 % of the test set, which
iS quite unacceptable. In addition, just like static
model (19) for the 60-period time series, the pre-
dicted probability polyline is squeezed and again
many non-risky periods have not really low proba-
bilities, whereas bankruptcy-risky periods have
not really high probabilities (Fig. 5). In fact, the
predicted probability varies between 0.0433 (at
t = 437) and 0.7696 (at t = 502). Fig. 5 also re-
veals that there are four periods (7 = 442, t = 522,
t = 527, t = 578), where the predicted probability
is no farther from 0.5 than by 0.004, that is the
0.5-uncertainty-bankruptcy periods factually ensue.

For keeping congruence with dynamic mo-
del (23), the regularisation hyperparameter is set to
A*= 0.007 in applying dynamic model (16) for the
600-period time series. Then the respective dynamic
model (16) also has interpretably signed coefficients
at the non-lagged predictors (negative coefficients
at liquidity, profitability, efficiency, and solvency,
while the leverage coefficient sign is positive), al-
though the lagged predictors and response have
coefficients that all are sign-inverted:
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Fig. 5. The three spans of the test set of 180 periods for static model (24) and the square-marked predicted probability
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P[b(t)=1|Y,,(2);B_, ()] = p, =[1+exp(2.2584 +
+0.1765x, () — 2.4866x, (1) +0.3840x; (1) +
+0.3259x, (1) +0.4966x; (1) - 0.0521x, (£ —1) +
+0.2099x, (£ —1) - 0.2184x, (¢ —1)—0.1234x, (1 — 1) —

~0.1195x, (1 —1)+2.3423b(1-1))]".  (25)

Just like in the case of the static models, whose
respective six coefficients differ significantly by
their absolute values, the 12 coefficients of lagged
regression (25) significantly differ from those of
lagged regression (23). Dynamic model (25) none-
theless performs far better than static model (24):
its accuracy is 91.11 %, the precision is 92.16 %,
although the recall and Fl-score are not that
good (Table 4). The number of FN predictions
is 12, which is still pretty poor (20.34 %) with
respect to the 59 bankruptcy-risky periods in the
test span. The number of FP is 4, so altogether
the 16 false predictions constitute 8.89 % of the
test set, which could be acceptable, though. All
the more, the predicted probability polyline is not
squeezed (Fig. 6), where the predicted probability
varies between 0.0000235 (at ¢ = 499) and 0.9896
(at 1 = 502, where the static model performed its
best prediction as well). The predicted probability
is no closer to 0.5 than by 0.0017, but there is

one period (¢ = 548), where it is no farther from
0.5 than by 0.004, ensuing factually a 0.5-uncer-
tainty-bankruptcy period. If to widen the 0.5-un-
certainty interval to 0.01, another risky-uncertain
period (¢t = 567) emerges. By the way, the model
labels both the periods non-risky, making its con-
tribution to the FN number.

Although the lagged regression performs not
poorly over the tenfold data, especially compared
to the static regression (Table 4), the FN number is
still badly high. This implies that the logistic model
cannot perform satisfactorily on too large datasets
like that one in Fig. 4. Therefore, the model should
be re-estimated through shorter or not very long
time spans like that one in Fig. 1.

According to dynamic model (23), where L2
regularisation helps manage multicollinearity be-
tween X(7) and X(¢# — 1), the lagged financial in-
dicators help anticipate bankruptcy earlier, parti-
cularly for firms showing deteriorating performance
over several periods. The dynamic logistic regression
model, which incorporates both contemporaneous
and one-period-lagged financial indicators, reveals
several important insights into bankruptcy risk. As
expected, the current-period predictors display in-
tuitive signs: higher liquidity, profitability, efficien-
¢y, and solvency reduce the probability of distress,
while higher leverage increases it. These results are
fully consistent with standard financial theory and

e
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Fig. 6. The three spans of the test set of 179 periods for dynamic model (25) and the square-marked predicted probability
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Table 4. Performance metrics of the static and dynamic

models for the synthetic 600-period time series in Fig. 4

Performance Static model Dynamic model
metric (24) (25)
Accuracy 0.722 222 0911111
Precision 0.604 651 0.921 569
Recall 0.440 678 0.79 661
F1-score 0.509 804 0.854 545
TP 26 47
TN 104 117
FP 17 4
FN 33 12

empirical evidence. The more interesting behaviour
emerges in the lagged predictors, where we unex-
pectedly obtain negative leverage along with posi-
tive profitability and efficiency. Nevertheless, these
inverted or non-intuitive signs do not indicate es-
timation errors; instead, they reflect the structure
of the synthetic data and the dynamic relationships
embedded in the system.

First, the lagged leverage coefficient becomes
negative because the current leverage already absorbs
nearly all the explanatory power related to financial
pressure. The lagged value therefore captures chan-
ges rather than levels: a firm whose leverage was very
high in the previous period but has decreased today
is less likely to be distressed. In this sense, the lagged
coefficient reflects a deleveraging recovery effect.

Similarly, the positive coefficients on lagged
profitability and efficiency arise because the model
interprets them relative to the current values. When
profitability or efficiency drop sharply from one
period to the next, bankruptcy risk increases — so
a high previous-period value combined with a low
current value signals deterioration. The lagged coef-
ficients thus take positive signs to encode this down-
ward momentum effect.

Finally, the negative coefficient on the lagged
response confirms that distress in this synthetic setup
is not a persistent absorbing state. Firms marked as
distressed in one period can recover in the next if
their financial ratios improve. Therefore, when the
model sees b(t — 1) = 1 but today’s fundamentals
look healthy, it interprets past distress as a tempo-
rary shock that is likely to reverse, producing a nega-
tive effect.

Altogether, these patterns confirm that the dy-
namic model does not merely reproduce static fi-
nancial relationships but captures binary transitions
between sustainable and critical states, momentum

effects, and reversions, all driven by the interplay
between current and lagged financial indicators |2,
6, 19]. Despite some signs appearing counterintuitive
when viewed in isolation, the combined structure
reflects precisely the data-generation mechanism
and yields strong predictive accuracy, especially for
out-of-sample periods.

Conclusions and implications

This study demonstrates that logistic regression
modelling can be successfully applied to the pre-
diction of potential bankruptcy of industrial firms.
Using a synthetic dataset representing monthly fi-
nancial indicators of a building-materials manufac-
turer in Ukraine, both static and dynamic versions
of the logistic regression model were estimated with
L2 regularisation to ensure parameter stability and
full inclusion of correlated predictors.

The static logistic model, based on current-pe-
riod financial ratios, provided a baseline prediction
accuracy of approximately 89 %, correctly identi-
fying most solvent and insolvent states of the firm,
but losing two bankruptcy-risky months. The dyna-
mic model, incorporating one-period lagged finan-
cial ratios, achieved around 94 % accuracy, showing
a consistent improvement across recall and F1-score
metrics, while no one out of six bankruptcy-risky
months was lost. This gain reflects the dynamic
model’s ability to capture temporal dependencies in
firm financial health and to anticipate deterioration
before formal bankruptcy occurs.

From a methodological standpoint, the results
confirm that:

1. L2-regularised logistic regression remains a
reliable and interpretable tool for financial distress
modeling even with small or correlated datasets.

2. Introducinglagged predictorseffectivelytrans-
forms the static framework into a dynamic, auto-
regressive-like model that captures financial iner-
tia — the persistence of past conditions affecting
present solvency. In the dynamic model, current ra-
tios dominate and lagged variables correct, whereas
these corrections often appear with opposite signs.

3. Logistic regression’s probabilistic interpreta-
tion makes it particularly well-suited for risk-based
early-warning systems, where firms can be moni-
tored by thresholding predicted bankruptcy proba-
bilities.

In the Ukrainian building and construction
materials industry, where firms often operate under
volatile demand, credit constraints, and high capi-
tal intensity, predicting financial distress is vital. The
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model developed here provides a quantitative frame-
work for:

1. Early detection of bankruptcy risk several
quarters in advance, enabling proactive interven-
tions.

2. Scenario testing, such as evaluating the im-
pact of rising debt or declining profitability.

3. Integrating predictive analytics into credit sco-
ring systems used by banks, suppliers, and regulators.

The synthetic firm analysed in this paper mimics
the structure and financial behaviour of a typical
mid-sized Ukrainian manufacturer, but the model
can easily be recalibrated using real company data,
once available. Although the presented model pro-
vides valuable insight, it also has three important
limitations. First, the model relies on a synthetic
dataset rather than empirical data. Second, it as-
sumes constant coefficients over time, while re-
al-world relationships may evolve. Third, only one
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B.B. PomaHtok

MOZENI AMHAMIYHOT NMOMICTUYHOI PEFPECIT NS MPOIrHO3YBAHHS PU3UKY BAHKPYTCTBA Y BYLIBENbHIV FANY3I
YKPAIHN

Mpo6nemartuka. MporHo3yBaHHs hiHAHCOBOI HECMPOMOXHOCTI Ta GaHkpyTCcTBa HabyBae Aefani GinMbLUOi akTyanbHOCTI B yMOBax
NiCNSBOEHHOrO €KOHOMIYHOTO BIAHOBMNEHHS Ta PeCTPYKTypu3aLii ykpaiHCbKMX MpoMMCroBMX rany3sei. Mignpuemctea cektopy BUpOBHMLUTBA
OyniBenbHMX MaTepianiB MpaLiolTb B YMOBaX BUCOKOI HEBU3HAYEHOCTI, e PaHHE BUSIBIIEHHSI PU3UKY HENNATOCNPOMOXKHOCTI € KPUTUYHO
BaKNMMBUM A1 NiATPUMaHHS dpiHaHCOBOI CTabinNbHOCTI. JToricTUYHI perpeciviHi Mofeni, LUIMPOKO 3aCTOCOBYBaHi B €KOMOTIYHIl Ta pu3uK-aHanituj,
MOXyTb OyTW aganToBaHi Ans BifobpaxeHHs HEMIHIMHOro NepexoAy Bif NNaToCnpPOMOXHOCTI A0 BaHKpyTCTBa SK MMOBIPHICHOTO NpOLIECy .

MeTta pocnigxeHHsi. MeTolo € po3pobuTh Ta OUIHUTK CTaTWUYHI N AMHAMIYHI NMOFICTUYHI perpeciviii Mmofeni Ans NporHo3yBaHHs!
NoTeHUiHoro GaHKpyTCTBa penpe3eHTaTUBHOrO yKpaiHCbKOoro BUpobHUKa OyaiBenbHUMX matepianiB. [uHamiyHe po3wMpeHHst moaeni
CrpsiMOBaHe Ha BpaxyBaHHS YacoBOi iHEPLNHOCTI (hiHAHCOBMX MOKA3HWKIB LUMSXOM BKITIOYEHHS aroBMX NpPeAnKTOpIB.

MeToauka peanisauii. 3reHepoBaHO CUHTETUYHUIA NOMICAYHMI Habip AaHux (5 pokiB, 60 cnocTepexeHb), WO iMiTye peanicTUYHi
iHaHCOBI KoediLlieHTH, 30kpeMa MiKBIAHICTb, NeBepemX, peHTabenbHiCTb, ePeKTUBHICTb Ta KoedilieHT MOKPMTTS BiACOTKIB (mnarto-
CrNpOMOXHicTb). OuiHoBaHHA Mopenen BukoHaHo B MATLAB meTogoM NOFiCTUYHOI perpecii MakcuMarnbHOi npaBaonofiGHOCTI
3 L2-perynspu3sauieto (puax-wutpadom) Ansa 36epexeHHs KopenboBaHUX NpeaukTopis. [Jo AuHamiuyHOT MoAeni BKM0YEHO OAHOMNEPIoAHi
naru BCix hiHaHCOBMX KoedilieHTiB i ogHoMepiogHWiA nar peakuii. MporHo3Hy siKiCTb OLIHEHO 3a TOYHICTIO, NPeLUM3iNHICTIO, NMOBHOTOH,
F1-mipoto Ta matpuueto cnnyTyBaHb.

Pe3ynbTatn gocnigxeHHs. CtatuyHa noricTuyHa Mogenb AOCsrna cepeaHboi TOYHOCTI npubnuaHo 89 %, ane nponyctuna Asa
pu3nKoBI LLoao baHKpyTCTBa Micsili 3 wectu. [IuHamiyHa Moaenb MigBuLLMNa TOYHICTb A0 94 %, He NPOMNyCTUBLLN XXOAHOTO PU3NKOBOIO
MicsiLs, Xo4a # MOMWIKOBO KnacudikyBana oauvH HEepU3VKOBUI MiCALb SIK PUSUKOBUIA. 3HaKN OLHEHWX KOeIiLEHTIB y3roKylTbecs
3 eKOHOMIYHOI TOrikot: BiNblUNiA NeBepempx MiABULLYE MMOBIPHICTb GaHKpyTCTBa, TOAi SK 3pPOCTaHHsA NiKBiAHOCTI, peHTabenbHOCTI,
edeKTUBHOCTI Ta NNaTOCNPOMOXHOCTI ii 3HUXKYE.

BucHoBku. [JuHamivyHa norictTudHa perpecisi 3 L2-perynsipusadieto 3abeaneyye iHTepnpeToBaHy 1 ob4ucnioBanbHO edekTuBHY
OCHOBY AJ151 paHHbOr0 NPOrHO3yBaHHS GaHKPYTCTBA YKPAIHCbKUX MPOMUCIOBUX NiANPUEMCTB. BKrtoueHHst naroBmx iHaHCOBMX iHAMKaTOPIB
nigBuLLye cTabinbHICTb | CBOEYACHICTb NPOrHO3iB, LU0 pobUTb MOAENb NPUAATHOK AN NPAKTUYHUX CUCTEM PaHHBOTO MOMNEPEmXEHHS.

KnioyoBi cnoBa: nporHosyBaHHS GaHKpyTCTBa; NOriCTUYHA perpecis; AMHaMiyHe MoAentoBaHHS; iHaHCOBI koedilieHTw;
L2-perynsipusauisi; cuctemMa paHHbOro nonepemxeHHsi; 6yaiBensHuii cektop Ykpaiu.
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