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HOUSING CONSTRUCTION IN BULGARIA: AN ECONOMETRIC ANALYSIS
USING STEPWISE REGRESSION (2015-2025)

The article analyses the determinants of housing construction in Bulgaria through
econometric estimation of a model with the Stepwise OLS method on 40 quarterly observations
for the period 2015Q4-2025Q3. The dependent variable is the number of newly completed
housing units by number of rooms. For the studied period, housing construction activity in
Bulgaria increased 3.25 times with a variation of 39.5%. The initial set of potential predictors
includes GDP per capita, working-age population, capital market index, housing loans, central
bank interest rate, commercial banks’ interest rate on mortgage loans in national currency and
household interest expenses on mortgage loans, employment rate. The algorithm identifies three
significant predictors: GDP per capita, the Sofix stock exchange index and the labour force.
The final model achieves a coefficient of determination of 0.891 and F(3,36) = 98.155 (p <
0.001), with Durbin-Watson = 2.032 confirming the lack of autocorrelation in the residuals.
The results show that GDP per capita growth over the studied ten-year period is a leading factor
in the increase in construction activity (with a change of 2.73 times over the 40-quarter period),
while the stock market index (being an alternative for household investment with a growth of
2.33 times) and the decreasing size of the labour force due to demographic reasons and
migration (reduction to 0.92 compared to 2015Q4) have a negative effect.
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KUTJIOBE BYJAIBHUIITBO B BOJITAPIi: EKOHOMETPUYHWUUN AHAJII3 3
BUKOPUCTAHHSIM ITIOKPOKOBOI PET'PECII (2015-2025)

VY craTTi aHami3ylOThCsl BHM3Ha4yanbHI (pakTopu >kuTiIoBoro OyaiBHMUTBAa B bomrapii
[IIIXOM €KOHOMETPHYHOI OI[IHKM MOJIeJli 32 JOIIOMOT0I0 MeTOy MmokpokoBoi OLS Ha ocHOBI
40 xBapTalbHUX CrocTepekeHb 3a mepiox 2015Q4-2025Q3. 3anexHa 3MiHHA — KUTBKICTh
HOBOOYZIOB 3a KUIBKICTIO KIMHAT. 3a JIOCIIIXKYBaHUHN MEpioa aKTUBHICTH y cdepi KUTIOBOTO
OyxmiBauuTBa B bonrapii 3pocna B 3,25 pasza 3 Bapiauiero 39,5 %. IlouatkoBuii HaGip
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NOTEHIIMHUX TpeauKTopiB BkiItoyae BBII Ha nymry HaceneHHs, HacCENCHHS Mpare3gaTHOro
BiKY, IHIEKC PHUHKY KalliTaly, iMOT€YHI KPEIUTH, MPOLEHTHY CTaBKy LEHTPAJIbHOrO OaHKY,
MPOIIEHTHY CTaBKY KOMEpLIHHUX OaHKIB 32 IMOTEYHUMHU KPEAUTAMH y HalllOHAJIbHIHM BaJIIOTI Ta
MPOIIEHTHI BUTPATH JOMOTOCIIOIAPCTB 32 IMOTEUHUMH KPEAUTAaMH, PIBEHb 3aiHATOCTI.

AJNropuT™M BU3HAYae TpH 3Hauymli npeaukropu: BBII Ha mymy nacenenHs, ¢hoHnoBuit
iHaekc Sofix Ta yucenbHicTh poOoUoi cumu. OcTaTouHa MOIEbh Ma€ KOe(illieHT AeTepMiHaIlil
0,891 Ta F(3,36) = 98,155 (p < 0,001), mpu pomy moxazuuk JlypOina-Barcona = 2,032
MiATBEPXKYE BIACYTHICTH aBTOKOPEJIALIT B 3aMIIKax. Pe3yapTaTi MoKaszyoTh, 0 3pOCTaHHS
BBII Ha ayury HaceleHHsS MPOTATOM JOCIIIKYBAHOTO JECATHPIYHOTO MEPIOAY € MPOBITHUM
¢akTopoM 301nbIIeHHS Oy 1iBEIbHOT aKTUBHOCTI (31 3MiHOIO Y 2,73 pa3u 3a 40 kBapTaiB), TO1
K 1HIEeKC (POHIOBOTO PUHKY (SK aJIbTEpHATHBA IHBECTHIIISIM JJOMOT'OCIIOAPCTB 13 3pOCTaHHAM
y 2,33 pa3u) Ta 3MEHIICHHS YHCEIBHOCTI po00Y0i CHIM uepe3 aemMorpadiuHi IPUYHHU Ta
Mmirpanito (3meHmeHHs 10 0,92 mopiBaAHO 3 4 kBapTamoM 2015 poky) MarOThb HETaTUBHHMA
BIUIMB.

Karouosi cioBa: sxutinose OyniBaunTBo, BBII Ha nynry HacenenHns, mokpokosuii OLS,
Hyp6Gin-Barcon, VIF, poboua cuna

Puc.3., 1a61.9, mit. 22

Problem statement. The housing sector is one of the key segments of any national
economy — it generates significant added value, absorbs investments, provides employment and
directly reflects the living standards of households. In Bulgaria, new housing construction has
undergone dramatic fluctuations since the financial crisis of 2008—2009: the long stagnation in
the period 2010-2015 was followed by a gradual and subsequently accelerated recovery, fuelled
by low interest rates, rising incomes and liberalized access to mortgage lending. However, the
period 2015-2025 is not homogeneous. It encompasses at least three structurally distinct sub-
periods: (i) a phase of moderate but stable construction revival (2015-2019); (ii) the shock of
the COVID-19 pandemic and subsequent "catch-up" (2020-2021); and (iii) an inflationary
shock (Cohen & Karpaviciute, 2017), (Kuang & Liu, 2015) high energy prices (Zhelyazkova,
2018), welcoming hundreds of thousands of Ukrainian refugees, Bulgaria’s accession to the
Schengen area and the Eurozone (2022-2025). These heterogeneous dynamics raise an
important research question — which macroeconomic factors have a sustainable and statistically
significant explanatory power for the number of newly completed housing units in Bulgaria in
the face of structural changes in the interest rate environment (McQuinn & O'Reilly, 2008), (Lin,
Lee, & Newell, 2022), labour market and capital markets? The answer to this question is of
crucial importance not only from an academic perspective, but also for decision-makers in the
fields of housing, tax and macroprudential policy. Understanding the real determinants of
housing construction allows for more accurate forecasting of construction activity, better
regulation of the mortgage market and more effective countercyclicality of public interventions
under the standards of green economy (Roleders, et al., 2024) and energy efficiency (Zahariev
& Georgiev, 2023).

Analysis of recent research and publications. Research on the determinants of housing
construction is widely available in the international economic literature, but to a much lesser
extent in the context of Central and Eastern European countries. Classical models (DiPasquale
& Wheaton, 1994), (Meen, 2000) place the dynamics of property prices, construction costs and
land availability at the heart of housing supply. More modern approaches broaden the spectrum
of explanatory factors to include credit conditions, demographic changes and behavioural
elements (Marinkovi¢, Dzuni¢, & Marjanovi¢, 2024). In a European context, (Egert & Mihaljek,
2007) find that real GDP per capita and real interest rates are among the most robust predictors
of housing investment in CEE countries. Caldera and Johansson, analysing data for OECD
countries, confirm the leading role of income and credit availability, while also reporting a
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significant lag in the response of construction supply to demand (Caldera Sanchez & Johansson,
2011). Studies on the Bulgarian market (Idirizov, 2025) have found that housing loans and
incomes have been the main drivers of construction activity in Sofia and other major cities since
2015. As for the role of capital markets (Viskovi¢ & Cip¢ié, 2025)., the relationship between
stock market indices and housing construction has been less studied, especially in the context
of small open economies like Bulgaria (Nenovsky, Chobanov, Mihaylova, & Koleva, 2008).
The case of Sofix index is interesting insofar as the stock market reflects general business
confidence, but it can also compete with housing investments for free capital (Zaharieva,
Tarakchiyan, & Zahariev, 2022). The role of the labour force as a predictor of construction
supply — as opposed to demand — also remains understudied in the national literature, which
contributes to the relevance of the present analysis (Zahariev, et al., 2023). Methodologically,
the prevailing approaches include OLS regression, vector autoregressions (VAR/VECM), and
panel models. Stepwise OLS, applied in the present study, is particularly suitable in the
presence of high multicollinearity between potential predictors — a characteristic feature of
macroeconomic data - as it automatically identifies the set of predictors with maximum joint
explanatory contribution.

Formulation of the article's objectives. Based on the identified research problem and the
analysis of the existing literature, this article pursues the following specific objectives: (1) To
identify the statistically significant macroeconomic determinants of the number of newly
completed dwellings by number of rooms (NBDCRT) in Bulgaria for the period 2015Q4—
2025Q3 using the stepwise OLS method; (2) To assess the relative contribution of each included
predictor — GDP per capita (GDPpC), the Sofix index and the labour force (LF) — using
standardized regression coefficients and partial correlation indicators; (3) To verify the
econometric adequacy of the constructed model using multicollinearity tests (VIF, Tolerance,
Condition Index), autocorrelation (Durbin-Watson) and influential observations (Cook's
Distance); (4) To formulate an interpretation of the established dependencies in the context of
the structural features of the Bulgarian housing market and to derive implications for monetary
and housing policy. The study is limited to quarterly aggregated data for the country as a whole
and does not claim regional or market segmentation. The results should be interpreted in light
of the identified moderate multicollinearity between the predictors, resulting from the general
trend of macroeconomic indicators in conditions of a prolonged economic cycle.

1.Descriptive statistics, correlation analysis and model summary
Table 1 presents the main descriptive characteristics of the variables included in the analysis
for the period 2015Q4 — 2025Q3 (N = 40 quarterly observations). The dependent variable
NBDCRT — number of newly completed dwellings by number of rooms — registers a mean
value of 3,832.63 units and relatively high variability (standard deviation 1,513.38), which
reflects the pronounced cyclicality of construction activity in Bulgaria. The independent
variables cover economic output (GDPpC), the labour market (LF, EMPLOY), housing lending
(DwCr), interest rates (IRATE, IRATEMp, HICML) and the capital market (Sofix). Of
particular note is the significant standard deviation for DwCr (5,049.10 with a mean value of
14,572.85), which is an indicator of dynamic growth in housing loans in the period under
review. GDPpC shows a mean value of 2,793.50 (in EUR) with a standard deviation of 934.67,
reflecting the country's sustainable economic growth. The interest rate indicators IRATE and
IRATEMp have almost identical means (~3.73%) and standard deviations (~1.10%), and their
almost perfect correlation (r = 1.000) necessitates the exclusion of one of the two indicators in
the regression analysis in order to prevent multicollinearity.
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Table 1. Descriptive statistics of the analyzed variables (N = 40)

Variable Mean Std. Deviation N
NBDCRT 3 832,63 1513,38 40
DwCr 14 572,85 5 049,10 40
IRATE 3,7295 1,0994 40
HICML 68,3027 16,6142 40
BRHL 49,4510 27,6879 40
Sofix 640,90 157,68 40
IRATEMp 3,7300 1,0990 40
GDPpC 2 793,50 934,67 40
EMPLOY 108,20 4,52 40
LF 3 195,37 142,97 40

Source: Own calculations based on NSI and BNB data with IBM SPSS

1.1. Correlation analysis (Pearson)

The correlation matrix (Table 2) reveals strong and statistically significant linear relationships
between NBDCRT and most of the explanatory variables at a significance level of p < 0.01.
The highest positive correlation with NBDCRT is shown by GDPpC (r = 0.892), followed by
DwCr (r=0.840) and EMPLOY (r = 0.753). These results support the hypothesis that economic
output and employment are key determinants of construction activity. Cofix demonstrates a
moderate positive correlation (r = 0.510), while LF shows a negative relationship (r = -0.789)
— a phenomenon explained by the gradual decline of the active population despite the growing
employment. There is serious mutual multicollinearity among the explanatory variables: the
correlation between IRATE and IRATEMp is r = 1.000, and between IRATE and BRHL —r =
0.968. These values are alarming from an econometric point of view (Gujarati, 2004) and
confirm the need to apply a stepwise procedure that automatically adjusts the inclusion of
predictors based on their unique contribution while controlling for the others. Kendall's tau b
and Spearman's rho confirm the robustness of the linear correlations: Spearman's rho for
GDPpC is 0.885, for DwCr — 0.886, and for LF — -0.699. Nonparametric coefficients confirm
the directions and relative strengths of the dependencies established with Pearson. The rank
correlations between IRATE and IRATEMp, and between DwCr and BRHL, are practically
identical (p = 0.999), which finally confirms the need for predictor reduction (Madala, 1988).

Table 2. Pearson correlations with NBDCRT (* p <0.05; ** p <0.01)

Predictor r c NBDCRT | Sig. (2-tailed) 95% CI1 95% CI1
Lower Upper
GDPpC 0,892%* 0,000 0,803 0,942
DwCr 0,840%* 0,000 0,715 0,912
EMPLOY 0,753** 0,000 0,576 0,862
Sofix 0,510%* 0,001 0,236 0,709
HICML 0,492 0,001 0,213 0,696
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LF -0,789%* 0,000 -0,883 -0,632
IRATE -0,811%* 0,000 -0,896 -0,668
IRATEMp -0,811%* 0,000 -0,896 -0,668
BRHL -0,889%* 0,000 -0,940 -0,798

Source: Own calculations based on NSI and BNB data with IBM SPSS
1.2 Variables included and excluded following a Stepwise procedure
Stepwise regression (criteria: p-for-entry < 0.050; p-for-exit > 0.100) was implemented in three

consecutive steps (Table 3).

Table 3. Included and excluded variables by steps (Stepwise method)

Model Included variable Excluded Method
1 GDPpC - Stepwise (p-enter < 0,050;
p-remove > 0,100)
2 Sofix - Stepwise (p-enter < 0,050;
p-remove > 0,100)
3 LF - Stepwise (p-enter < 0,050;
p-remove > 0,100)
- DwCr, IRATE, Excluded Do not meet the entry
HICML, BRHL, criteria

IRATEMp, EMPLOY
Source: Own calculations based on NSI and BNB data with IBM SPSS

In Step 1, the algorithm selected GDPpC as the only predictor with the highest
correlation with NBDCRT (r = 0.892). In Step 2, Sofix — the Bulgarian Stock Exchange index
— was added (Zaharieva, Tarakchiyan, & Zahariev, 2022), since after including GDPpC it
retained a statistically significant additional effect. In Step 3, the labor force (LF) was included,
which added a unique explanation of the residual variance. The remaining six candidate
predictors (DwCr, IRATE, HICML, BRHL, IRATEMp, EMPLQOY) did not reach the threshold
p < 0.050 when controlling for the included predictors and were excluded. The exclusion of
DwCr and EMPLOY - despite their significant zero correlations — reflects the effect of
multicollinearity: after including GDPpC, DwCr and EMPLOY lose their unique incremental
effect. The exclusion of IRATE, IRATEMp and BRHL is due to their practically perfect
correlation with each other (r = 0.968—1.000), as a result of which none of them adds significant
information after including the others (Toda & Yamamoto, 1995).

1.3. Model Summary

Table 4 shows the progressive improvement in model quality with the addition of each
new predictor. The single-predictor model (GDPpC) explained 79.5% of the variance in
NBDCRT (R? = 0.795), the adjusted R? was 0.790, and the standard error of the estimate was
693.67. The addition of Sofix (Model 2) increased the R? to 0.855 (increase AR? = 0.060; F-
change = 15.227; p = 0.000), and the standard error decreased to 591.70. The final three-factor
model with LF (Model 3) achieved R? = 0.891, adjusted R? = 0.882, and a standard error of
519.90, with an increase of AR? = 0.036 (F-change = 11.925; p = 0.001). The Durbin-Watson
value (DW = 2.032) for the final model (reported only for Model 3) is very close to the ideal
value of 2.000, indicating the absence of systematic first-order autocorrelation in the residuals.
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This finding is essential for quarterly economic data, where serial correlation in the residuals is
common and would invalidate standard errors and t-tests of coefficients.

Table 4. Model Summary — progressive change in the coefficients of determination

Model | Predictor R R? Adj. | Std. AR? F- Sig. F | Durbin-
R? Err. Change | Change | Watson
1 GDPpC | 0,892 | 0,795 | 0,790 | 693,67 | 0,795 | 147,632 | 0,000 -
2 GDPpC, | 0,925 | 0,855 | 0,847 | 591,70 | 0,060 | 15,227 0,000 -
Sofix
3 GDPpC, | 0,944 | 0,891 | 0,882 | 519,90 | 0,036 | 11,925 0,001 2,032
Sofix, LF

Source: Own calculations based on NSI and BNB data with IBM SPSS

The progressive increase in explanatory power confirms that each added predictor contributes
statistically significant additional information. The final R? = 0.891 means that the combination
GDPpC + Sofix + LF explains about 89.1% of the quarterly variations in the number of newly
completed housing units in Bulgaria for the period under review.

2. ANOVA, Statistical significance, regressors and multicollinearity diagnostics

The ANOVA table (Table 5) verifies the statistical significance of each regression
model as a whole by means of an F-test. All three models are significant at p < 0.001. The
single-predictor model (Model 1) yields F(1, 38)=147.632, p <0.001. The two-predictor model
yields F(2, 37) = 109.065, p < 0.001. The final model (Model 3) yields F(3, 36) = 98.155, p <
0.001, with a regression sum of squares SS_reg = 79,591,719.59 and a residual sum SS_res =
9,730,547.79. The successive decrease in F values from Model 1 to Model 3 is not an indication
of deterioration in quality, but rather reflects the increasing degrees of freedom of the
denominator as predictors are added. The mean square of the regression decreases from
71,037,448 (Model 1) to 26,530,573 (Model 3) due to the distribution of SS reg over three
predictors, but F remains extremely high, confirming the strong collective predictive power of
the model.

Table S. ANOVA - analysis of variance for the three models

Model | Component SS df MS F Sig.
1 Regression 71 037 448,02 1 71 037 448,02 | 147,632 | 0,000
1 Residual 18 284 819,35 38 481 179,46
1 Total 89 322 267,38 39
2 Regression 76 368 370,22 2 38 184 185,11 | 109,065 | 0,000
2 Residual 12 953 897,16 37 350 105,33
2 Total 89 322 267,38 39
3 Regression 79 591 719,59 3 26 530 573,20 98,155 | 0,000
3 Residual 9730 547,79 36 270 292,99
3 Total 89 322 267,38 39

Source: Own calculations based on NSI and BNB data with IBM SPSS
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2.1. Regression coefficients

The coefficient table (Table 6) provides complete information on the unstandardized (B)
and standardized (Beta) coefficients, t-statistics, significance levels, 95% confidence intervals,
and multicollinearity indicators (Tolerance, VIF) for each of the three models.

Model 1. Univariate model with GDPpC predictor. In the univariate GDPpC model,
there is an unstandardized coefficient B = 1.444 (SE = 0.119; t = 12.150; p < 0.001). The beta
coefficient is 0.892, which means that with an increase in GDPpC by 1 standard deviation,
NBDCRT increases by 0.892 standard deviations. The constant (-201.07) is not significant (p
= 0.569), which is typical for a strong predictor. The confidence interval [1.203; 1.685] is
strictly positive and narrow, indicating high accuracy of the estimate.

Model 2: Two predictors model with GDPpC and Sofix. When adding Sofix, the
coefficient of GDPpC increases to B = 1.896 (t = 12.315; p < 0.001), and Sofix obtains a
coefficient of B =-3.561 (t =-3.902; p <0.001). The negative sign of Sofix is counterintuitive
at first glance, but is explained by the partial correlation structure: when controlling for GDPpC,
a higher Sofix (reflecting speculative stock market booms) is associated with a temporary
slowdown in real housing construction. The VIF values (2.307 for both predictors) are
moderately acceptable. The constant is significant (B = §18.16; p = 0.046).

Model 3: GDPpC + Sofix + LF (final model). The final model includes three
predictors. GDPpC retains a positive effect (B = 1.536; t = 8.993; p < 0.001), Sofix - negative
(B=-3.189;t=-3.941; p <0.001), and LF - negative (B =-2.880; t =-3.453; p=0.001). The
negative coefficient of LF in conditions of a declining labour force reflects the economic logic
of the factor in periods of growth. Increasing labour market participation is accompanied by an
outflow from the informal construction sector and a concentration of income in savings, and
not necessarily in new housing construction. An alternative interpretation is that LF acts as a
compensatory predictor for demographic trends of decline, with the minus sign in a minus
correction giving a positive contribution. The regression equation for Model 3 is:

(1) NBDCRT =10 789,203 + 1,536-GDPpC — 3,189-Sofix — 2,880-LF
Table 6. Regression coefficients — final model (Model 3)
=
» = = '2 N
E E | s SZ|S%& | |=
._‘a’ ) = s - R @ = © = s —
. 2] n o = NS K5 >
& = Kz | &2 |3
=N n 1) S“ -
-
Constant 10789,203 | 2908318 - 3,710 | 0,001 | 4890,86| 1668755 - -
GDPpC 1,536 0,171 0949 | 8993 | 0,000 1,190 1,883 0,272 3,677
Sofix 3,189 0,809 0332 3941 0000 | 4830 | -1,548 0426 2,349
LF 2,880 0,334 0272 -3453| 0001 | 4572 -1,189 0487 2,052

Source: Own calculations based on NSI and BNB data with IBM SPSS

2.2. Excluded variables

The table of excluded predictors (Table 7) shows why the six candidate predictors were
not included in the final model.

In Step 1 (GDPpC only), BRHL demonstrated the highest potential for inclusion (Beta
In =-0.460; t = -3.322; p = 0.002; partial correlation = -0.479), followed by Sofix (Beta In = -
0.371; p < 0.001). In Step 2 (GDPpC + Sofix), LF and BRHL remain significant (p < 0.015),
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while HICML and EMPLOY fall below the threshold significance. In the final Step 3, all
remaining predictors have p > 0.100 and therefore do not contribute significantly to the model.

Table 7. Excluded variables in the final model (Step 3)

Beta Partial

Predictors In t Sig. Correlation Tolerance VIF
DwCr 0,202 0,952 0,347 0,159 0,067 14,900
IRATE -0,138 -1,500 | 0,143 -0,246 0,345 2,899
HICML -0,139 -1,628 | 0,112 -0,265 0,395 2,529
BRHL -0,210 -1,645 | 0,109 -0,268 0,177 5,659
IRATEMp -0,139 -1,505 | 0,141 -0,247 0,345 2,900
EMPLOY 0,106 0,968 0,340 0,162 0,253 3,945

Source: Own calculations based on NSI and BNB data with IBM SPSS

It is particularly telling that DwCr — housing loans — fails to enter any model despite its
strong zero correlation with NBDCRT (r = 0.840). The reason is strong multicollinearity: when
controlling for GDPpC, DwCr adds negligible new information (partial correlation at Step 1 =
-0.010; p = 0.953). Minimum Tolerance values below 0.200 for IRATE and BRHL (0.111-
0.222) signal extremely high multicollinearity with the included predictors.

2.3. Multicollinearity diagnostics

The table of coefficient correlations shows a moderate negative correlation between
GDPpC and Sofix (-0.753) and a moderate positive correlation between GDPpC and LF (0.610)
within Model 3. The covariance matrix of the coefficients is diagonally dominated, which is
good. The collinearity diagnostics (Table 8) presents the eigenvalues and condition indices for
the final model. For Model 3, four dimensions are available. The fourth dimension shows an
eigenvalue = 0.000 and a condition index = 94.961 - a value exceeding the critical threshold of
30, which signals potential multicollinearity, mainly affecting LF (variance proportion = 1.00)
and the constant (1.00). This finding is of important importance: it means that the coefficient
estimate of LF and the constant is affected by a linear relationship between them. This limitation
should be taken into account when interpreting the results. The VIF values in Table 6 — 3.677
for GDPpC, 2.349 for Sofix and 2.052 for LF — are below the widely used conservative
threshold of 5, supporting an acceptable level of multicollinearity when considering the
coefficients in isolation. The Tolerance values (0.272; 0.426; 0.487) are above 0.10, confirming
that no predictor is a linear combination of the others to a degree that makes its inclusion
meaningless.

Table 8. Collinearity Diagnostics — Model 3

Variance Proportion
Condition
Dimension | Eigenvalue Index Constant GDPpc Sofix LF
1 3,902 1,000 0,00 0,00 0,00 0,00
2 0,081 6,926 0,00 0,15 0,02 0,00
3 0,016 15,409 0,00 0,47 0,97 0,00
4 0,000 94,961 1,00 0,38 0,01 1,00

Source: Own calculations based on NSI and BNB data with IBM SPSS
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2.4. Residuals analysis

The residual statistics (Table 9) allow an assessment of the quality of the predictions and the
compliance with the regression assumptions. The predicted values range from 1,666.61 to
6,218.75 (with a true mean of 3,832.63), and the standard normalized predicted values are in
the range [-1.516; 1.670], corresponding to a normal distribution. The standardized residuals
are in the interval [-1.785; 1.803], without exceeding the critical +2.5 for the presence of
significant outliers. The Studentized Deleted Residuals are in the range [-1.915; 1.960], also
without exceeding the +2.5 threshold. The Cook's Distance (maximum 0.145; mean 0.029) is
significantly below the threshold of 1.0, confirming the absence of strongly influential
observations. Centered Leverage Values are in the range [0.015; 0.215], without exceeding the
critical level of 2(k+1)/n = 0.20 for most observations. These results, combined with Durbin-
Watson = 2.032, indicate a well-balanced model in terms of the assumptions of normality and
homoscedasticity of the residuals.

Table 9. Residuals Statistics - Model 3 (N = 40)

Minimum Maximum Mean De\Sfit:t.ion
Predicted Value 1666.606 6218.752 3832.625 1428.570
Std. Predicted Value -1.516 1.670 0.000 1.000
Standard Error of 103.619 254.810 160.980 33.815
Predicted Value
Adj. Predicted Value 1520.670 6228.624 3825.300 1431.544
Residual -928.031 937.330 0.00000 499.501
Std. Residual -1.785 1.803 0.000 0.961
Stud. Residual -1.847 1.887 0.007 1.013
Deleted Residual -994.022 1054.330 7.325 556.006
Stud. Deleted -1.915 1.960 0.007 1.032
Residual
Mahal. Distance 0.574 8.393 2.925 1.676
Cook's Distance 0.000 0.145 0.029 0.038
Centered Leverage 0.015 0.215 0.075 0.043
Value

Source: Own calculations based on NSI and BNB data with IBM SPSS

3. Discussion, econometric validation and conclusion
The applied stepwise regression procedure identifies three statistically significant predictors of
the number of newly completed housing units in Bulgaria (NBDCRT) for the period 2015Q4—
2025Q3: GDP per capita (GDPpC), the Sofix index and the labor force (LF). The final
regression equation explains 89.1% of the variation in the dependent variable (R*=0.891; Adj.
R? = 0.882), demonstrates statistical significance (F(3,36) = 98.155; p < 0.001) and
satisfactorily fits the regression assumptions: Durbin-Watson = 2.032 (lack of autocorrelation),
Cook's Distance < 0.15 (lack of influential isolated observations), standardized residuals in the
range +1.85 (no significant outliers), See Appendix 1. The main limitations of the model are:
(1) a moderately high VIF for GDPpC (3.677), resulting from its correlation with Sofix and LF;
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(2) a conditional index of 94.961, signaling a linear relationship involving the coefficient of LF
and the constant; (3) the negative signs of Sofix (for a net change over the period of 2.33 times)
and LF (for a net change over the period of 0.92 times or an 8% reduction in the labour force)
require careful economic interpretation in the context of the dynamics of the Bulgarian housing
market. Future analyses could include lag structures, examine nonlinear dependencies, or apply
autocorrelation adjustments (e.g., Prais-Winsten), in order to further strengthen the econometric
specification.

The results of the econometric analysis confirm that housing construction in Bulgaria is
primarily a function of macroeconomic production: GDP per capita (GDPpC) emerges as the
leading determinant with the highest standardized coefficient (B = 0.949), explaining alone
nearly 80% of the quarterly variations in NBDCRT. The addition of the stock exchange index
Sofix and the labour force (LF) increases the explanatory power to 89.1%, with the final model
demonstrating statistical significance (F = 98.155; p < 0.001) and the absence of serious
autocorrelation (DW = 2.032). The negative partial effects of Sofix and LF suggest that
speculative activity on the capital market and the reduction in the labour force do not directly
translate into more new construction — on the contrary, they may divert resources from the real
housing sector. These findings have direct implications for monetary and housing policy:
stimulating construction requires sustained real economic growth, not just easing financial
conditions. Future research could extend the model to regional data and include lag effects for
more precise causal identification.

Appendix 1. Visualization of Stepwise Regression model characteristics
Histogram
Dependent Variable: NBDCRT

Mean = -5.38E-15
Std. Dev. = 0.961
N =40

Frequency

-2 -1 0 1 2

Regression Standardized Residual
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Normal P-P Plot of Regression Standardized Residual Scatterplot
Dependent Variable: NBDCRT Dependent Variable: NBDCRT
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