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1. Introduction

Price stability, economic growth, and the resolution of financial vulnerabilities are high on
the priority list of the European Central Bank (ECB), which performs a crucial function in the
monetary policy framework. The ECB was established in 1998 to address these challenges:
multiple nations within this monetary union have their unique monetary systems, and a lack
of synchronisation can impede policy alignment and result in economic instability.

Various methodological approaches have been used in academic research to assess
the influence of Central Bank policies on national economies. Clarida et al. (1999) laid the
groundwork for monetary policy analysis, emphasising forward-looking behaviour, refined
by Woodford and Walsh (2005). The Taylor rule (Taylor, 1993) guides interest rate setting,
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historically the primary tool for central banks. However, the Great Recession prompted the
introduction of Unconventional Monetary Policy Tools (UMPTs) (Mulligan, 2021; Eberly et al.,
2019), broadening policy options when interest rates are constrained (Lomachynska et al.,
2020; European Central Bank, 2021).

Nevertheless, critical literature questions the efficacy of UMPT (Febrero et al., 2015; Fin-
negan & Kapoor, 2023), leaving ambiguity in its impact on inflation and GDP growth rates.

This study fills gaps by analysing UMPTs' connection to inflation and GDP growth rates
across the euro area from 2008 to 2023. Employing elastic net regression with ARIMA re-
siduals quantifies relationships. The aim is to clarify the influence of UMPTs on economic
indicators, hypothesising that UMPTs significantly affect inflation and GDP growth rates.

The results indicate varied impacts of UMPT on economic indicators, contributing to the
refinement of dynamic stochastic general equilibrium (DSGE) models and facilitating future
policy analysis (de Haan et al,, 2020; Mouabbi & Sahuc, 2019). By encompassing the entire
euro area and employing a comprehensive set of UMPTs directly employed by the ECB, this
research provides valuable insight into the dynamics between UMPTs and key economic
indicators. Despite the complexities and challenges in quantifying these relationships, the
findings contribute to a deeper understanding of the effectiveness of UMPTs in influencing
inflation and GDP growth rates, offering crucial insights for policymakers to navigate future
economic challenges.

2. Literature review

For a prolonged duration, interest rates have served as the fundamental pillar of monetary
policy for central banks, acting as the primary mechanism to modulate economic operations.
Scholars have scrutinised experiences from various nations and discerned various pathways
of impact. This long-standing reliance underscores the pivotal role of interest rates in shaping
the economic landscape (Belongia & Ireland, 2014; Fedorova & Meshkova, 2021). Saiti et al.
(2021) found that in the Republic of North Macedonia, despite the absence of a short-term
influence of central bank bills’ interest rates on total lending and real GDP, there is a nota-
ble long-term negative effect, underscoring the critical role of suitable monetary policy ap-
proaches in addressing liquidity imbalances, especially in times of crisis. Contrary to prevailing
assumptions, Mahmud and Akuoko-Konadu (2023) demonstrate in their study that restrictive
monetary policy does not yield stability in inflation within sub-Saharan Africa. They propose
that central banks reassess their strategies and consider lowering policy rates as a tool to
target inflation. Their research further emphasises the need to explore alternative inflation
management strategies.

In the aftermath of the Great Recession, central banks realised that conventional tools,
such as adjustments to interest rates, proved inadequate in stimulating economic recovery.
This realisation prompted the introduction of UMPTs (Mulligan, 2021; Eberly et al., 2019).
UMPTs are used by central banks when traditional policy rates are constrained by the effective
lower bound (Lomachynska et al., 2020; Houcine et al., 2020). They can be integrated into
the monetary policy framework, adapted to the specific context, and managed to mitigate
side effects (Johnson et al.,, 2020). The literature reveals a critical examination of the ECB's
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UMPTs. Febrero et al. (2015) initially suggested these tools might not fully address eurozone
challenges. Hartwell (2019) later questioned their impact on credit provision and inflation.
Trifonova (2022) raised concerns about the ECB's ability to implement structural reforms,
while Finnegan and Kapoor (2023) argued these tools may not adequately address structural
issues. Collectively, these studies form a critical strand of research, suggesting the need for
a re-evaluation of the unconventional monetary policy tools.

In the realm of literature dedicated to quantifying the relationship between UMPTs em-
ployed by the ECB, inflation, and GDP growth rates, two sub-strands emerge. One distinct
sub-strand within the literature is typified by its efforts to forecast primary economic indi-
cators using UMPTs. This approach prioritises predictive accuracy over clarification of the
underlying relationships between these indicators. Notable contributions to this substrate
include the works of de Haan et al. (2020), Mitchell and Pearce (2020), Ambler and Rumler
(2019), Bottone and Rosolia (2019). The second sub-strand focuses on constructing DSGE
models, wherein the genuine effects of UMPTs may not be fully understood. Some studies
within this sub-strand either fail to encompass the entire euro area, utilise derivative tools
instead of a comprehensive list of ECB-employed UMPTs, or overlook the actual effects of
these tools, as exemplified by Ouerk et al. (2020), Mouabbi and Sahuc (2019), Geissdoerfer
et al. (2017), Horvath and Voslarova, (2017), Zabala and Prats (2020).

The existing body of research on the application of UMPTs by the ECB, while extensive,
leaves the ultimate impact ambiguous. This ambiguity underscores a notable research gap
that requires clarification of the relationship between UMPTs, inflation, and GDP growth rates.
This clarity is imperative to gain valuable insight into the extent to which DSGE models should
integrate the effects of UMPTs.

This research aims to address the existing gaps in the literature by focussing on the rela-
tionship between UMPTs and two key economic indicators: inflation and GDP growth rates.
This focus contributes to the improvement of DSGE models. A unique aspect of our approach
is the inclusion of the entire euro area in our dataset, which covers all UMPTs directly used
by the ECB. This comprehensive approach highlights the scope of our research.

3. Methodology

This chapter delineates the methodological paradigm implemented in the present investi-
gation and provides an overview of the characteristics inherent to the data utilised in the
research.

3.1. Sample characteristics

Our research is primarily focused on the analysis of UMPTs employed by the ECB. This study
will also include conventional monitoring tools, such as the interest rates set by the ECB. The
rationale behind selecting the ECB for our research is its status as one of the leading and
most influential central banks.

The sample period for our study spans from 2008 to 2023. The choice of this timeframe
is motivated by the ECB’s adoption of unconventional monetary policy measures in response
to the global financial crisis that began in 2008. Central banks globally, including the ECB,
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responded to the crisis by implementing a mix of conventional and unconventional policy
measures. Moreover, this period encapsulates noteworthy economic events such as the Great
Recession, the Sovereign Debt Crisis, the COVID-19 pandemic, and the Russo-Ukrainian War.
Our objective was to accumulate as much data as possible, hence the decision to commence
our sample in 2008 and extend it until 2023. This approach allowed us to construct the long-
est possible time series, thereby enhancing the precision of our results. We used monthly
data for both inflation and GDP growth rates. The availability of monthly statistical data
for inflation facilitated this process. However, the use of GDP growth rate data presented a
challenge due to its quarterly nature. To overcome this, we interpolated the GDP growth rate
data to convert them into a monthly format. Consequently, our research was conducted using
monthly data, representing the highest frequency data available for variables such as inflation
rate and GDP growth. This approach ensures the robustness and reliability of our findings.

The data set was partitioned into two subsets: a training set and a test set. The training
set comprised 80% of the total data, while the remaining 20% was assigned to the test set.
This division facilitates the evaluation of the performance of the model and its ability to
generalise to unseen data.

In this study, we adopt a monetary policy framework that is rooted in the model pro-
posed by Clarida et al. (1999) and subsequently refined by Woodford and Walsh (2005). This
framework has been the foundation for numerous esteemed researchers, including but not
limited to Campbell et al. (2020), Malmendier et al. (2021), Kryvtsov and Petersen (2021),
Campbell et al. (2020), Ravn and Sterk (2021), and Gali (2020). A defining characteristic of this
framework is the Taylor rule defined by Taylor (1993). The Taylor rule (Formula (1)) posits that
the nominal federal funds rate (r) is influenced by the rate of inflation (p) and the percentage
deviation of the real GDP from its long-term linear trend (y). This deviation indicates whether
the GDP growth rate is above or below its potential. Thus, the Taylor rule establishes a link
between central banks’ interest rates, inflation, and GDP growth rates. However, with the
introduction of UMPTs, the Taylor rule may not be sufficient to shape the models used by
central banks. This provides a rationale for why UMPTs, interest rates, inflation, and the GDP
growth rate are the variables of interest in our research. This underscores the significance of
these variables in our investigation.

r=p-05y+05p-2) + 2 (1

The inflation and GDP growth rate data for this study were retrieved from the ECB Statis-
tical Data Portal (ECB Data Portal, n.d.). The data about the unconventional monetary policy
tools was extracted from the official website of the ECB. This extraction process involved a
careful manual reading of press releases, specifically focussing on the announcements related
to the introduction and termination of each unconventional monetary policy tool. The sum-
mary of ECB tools is presented in Table 1.

Upon successful retrieval of this information, we constructed dummy variables corre-
sponding to each unconventional monetary policy tool. Each dummy variable was assigned
a value of 0 when the respective unconventional monetary policy tool was not in use, and a
value of 1 when it was in use.
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The base category was defined as the scenario where all unconventional monetary tools were
assigned a value of zero, indicating that no unconventional monetary tool was in use and only
conventional monetary policy tools were employed. Thus, the base category for this dummy var-
iable regression represents a state where only conventional monetary policy tools were utilised.

Table 1. Introduction and description of the ECB’s conventional and unconventional monetary
policy tools (source: prepared by the authors)

Tool

Description

Introduction

Conventional Tools

1. Policy interest rate

The main tool used to influence
borrowing costs and stimulate or
control economic activity.

The Inception of the ECB
in June 1998

2. Open-market operations

The purchase or sale of government
bonds and other securities to manage
liquidity and interest rates.

The Inception of the ECB
in June 1998

3. Minimum reserve
requirements

The requirement for banks to have
a certain amount of funds in reserve
affects the lending capacity.

The Inception of the ECB
in June 1998

4. Main Refinancing Operations
(MRO)

Provides the bulk of liquidity to banks
through auctions, typically conducted
weekly.

The Inception of the ECB
in June 1998

Unconventional Tools

1. Long-Term Refinancing
Operations (LTROs) (European
Central Bank, 2011)

Provision of short-term (3-year) loans
to banks to improve liquidity and
support lending activity.

December 2011

2. Asset Purchase Programmes
(APP) (European Central Bank,
2015)

Buys various types of assets to inject
liquidity into the financial system and
influence interest rates.

January 2015 (Securities
Markets Programme),
expanded during the
COVID-19 pandemic

3. Targeted Longer-Term
Refinancing Operations (TLTROs)
(European Central Bank, 2014a)

Offers long-term loans to banks at
favourable interest rates to stimulate
lending to specific sectors.

September 2014,
expanded in response to
the COVID-19 pandemic.

4. Pandemic Emergency
Purchase Programme (PEPP)
(European Central Bank, 2020)

Purchase of various assets to support
favourable borrowing conditions
during the Covid-19 pandemic.

March 2020

5. Outright Monetary
Transactions (OMTs) (European
Central Bank, 2012)

Potential purchase of troubled
eurozone countries’ government
bonds in the secondary market.

September 2012

(SMP) (European Central Bank,
2010)

6. Negative Interest Rates We are setting policy rates below zero, | June 2014
(European Central Bank, 2014b) |and charging banks for holding excess

reserves to stimulate lending.
7. Securities Markets Programme | Purchase of government bonds May 2010

from troubled eurozone countries to
stabilise bond markets and reduce
costs.

As outlined in Table 1, the ECB has employed both conventional tools and UMPTs, such
as LTROs, APP, PEPP, OMTs, TLTROs, SMP, and negative interest rates, to address financial
challenges and crises since its inception in 1998.
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3.2. Model architecture and reasoning for the research methodology

In our research, we employ regression analysis to discern the relationship between the de-
pendent variables (Inflation and GDP growth rate) and the independent variables (Interest
rates determined by the ECB and UMPTs), incorporating ARIMA residuals to uphold the
assumptions of the regression. The Ordinary Least Squares (OLS) method, renowned for its
simplicity, is frequently used for estimating linear models. However, OLS provides optimal
estimates of the regression coefficients and their corresponding robust standard errors only
when the model adheres to the Gauss-Markov assumptions. In our research, we used the
OLS as our foundational model. The insights gleaned from the application of the OLS model
form the reference point for our analysis.

OLS loss = z;(yi -BX,)’. )

In many instances, including this study, adherence to these assumptions is infrequent.
Specifically, in this research, the assumption of multicollinearity might be compromised when
multiple interrelated dependent variables are employed. This is evident in the aforementioned
loss function (Formula (2)), where Y; denotes the actual value at time i, B is the parameter
derived from OLS, and X; represents the value of the dependent variable at time i. It can be
observed that as the count of dependent variables nears n, the loss function tends towards
infinity. When the multicollinearity assumption is breached, the variance of the OLS estimate
increases significantly. However, estimators with substantial variances yield suboptimal esti-
mates, a phenomenon known as overfitting.

This study, recognising the potential for multicollinearity when employing multiple inter-
related dependent variables, opts for regularisation over the conventional OLS approach to
mitigate the risk of overfitting. Regularisation, which includes lasso, ridge, and elastic-net,
adjusts or shrinks the estimated coefficient towards zero, discouraging the acquisition of
overly complex models. The Elastic-net method (Zou & Hastie, 2005), a generalization of lasso
and ridge, is chosen for its ability to balance penalties associated with ridge regression and
lasso, thereby reducing reliance on data for variable selection and enhancing model stabil-
ity. This method, coupled with the inclusion of 3 interest (Deposit facility, main refinancing
operations, marginal lending facility) rates as dependent variables and 7 UMPTs (see Table 1)
as dummy variables, ensures the complexity of the model is optimal, reducing the likelihood
of underfitting and overfitting.

ENET loss = Z;(s/,. -BX,) + x[azl;1[3j +(1_Q)Zi1ﬁfzj' 3)

In Formula (3), o serves as the mixing parameter for the ridge (o = 0) and the lasso (o = 1),
while X is the parameter associated with Lasso. It can be observed that the initial segment of
the Elastic-net loss function corresponds to the standard OLS estimation, to which a penalty
has been appended.

The Elastic Net regression model's hyperparameters (alpha and lambda) were ascertained
through an exhaustive hyperparameter tuning process. The step size for hyperparameter tun-
ing was set at 0.1. The regression parameters were derived through a machine learning pro-
cess executed in JupyterLab, utilising the Python programming language and the sci-kit-learn
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library. A comprehensive presentation of the coefficients obtained will be provided in the next
Section, titled ‘Empirical results and discussion’.

The adjusted R-squared was evaluated through constructed distributions via simulations,
employing the Moving Block Bootstrap (MBB) method for time series data. Four distributions
were built for the inflation and GDP growth rate samples, with the percentile method used
to calculate the confidence intervals. The block size, chosen based on suggestions from
Gimenez-Nadal et al. (2019), Calhoun (2018), and Kuffner et al. (2021), was set to exceed
the autocorrelation of the time series, as determined by the Autocorrelation Function graph.

Following the application of elastic-net regression, a robustness analysis revealed autocor-
relation, heteroskedasticity, and nonnormality within the residuals, prompting the adoption of
the ARIMA methodology. This was applied after confirming the stationarity of the residuals
via an augmented Dickey-Fuller test and adjusting the integration parameter to zero if nec-
essary. For the AR(p) part of the ARIMA process, Formula (4) was used:

p
X, = ”Zd"‘x“ te. @
i=1
In the given equation, ‘p’ signifies the count of lagged observations incorporated in the
model, symbolising the quantity of autoregressive terms. The parameters denoted by ¢; are
the coefficients corresponding to the lagged values, which require estimation from the data.
The error term, represented by ¢, is the discrepancy between the observed and forecasted
values at each temporal point. The constant ¢’ can be interpreted as the average value of the
time series when the values of X,_; are nullified.
For the MA(q) part of the ARIMA process, Formula (5) was used:

q
X, =p+w, +ZGIWH. (5)
i

In the given equation, ‘g’ represents the number of lagged observations incorporated in
the model, symbolising the number of moving average terms. The parameters denoted by 6;
are the coefficients corresponding to the lagged error terms, which require estimation from
the data. The term p is the mean of the series, and w;_; signifies the error term at time 't'
and time t — { respectively.

The hyperparameters (p,q) were derived through a cross-validation hyperparameter tun-
ing process executed in JupyterLab, utilising the Python programming language, the sci-kit-
learn library, and the GridSearchCV method. The upper bounds for cross-validation were
determined by employing the autocorrelation function (ACF) and the partial autocorrelation
function (PACF) or by setting the upper limit at 5, as recommended by Petropoulos et al.
(2021).

Upon the execution of the ARIMA procedure on the residuals derived from the elastic
net regression, a subsequent robustness analysis was performed. This involved subjecting the
residuals of the ARIMA model to tests for autocorrelation, heteroskedasticity, and normality.
Through this process, it was discovered that there was an absence of autocorrelation in all
instances, and to a significant degree, there was a lack of heteroskedasticity. However, the
residuals continued to exhibit non-normality, a crucial factor to consider, particularly when
employing the model for forecasting purposes and constructing confidence intervals.
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4. Empirical results and discussion

In this chapter, detailed research results are presented, as well as a comparison of the results
with previous studies. Moreover, all limitations of the research are highlighted.

Table 2 delineates the hyperparameters of the Elastic Net regression model. The table
indicates that the coefficients corresponding to the inflation rate should be subjected to
less shrinkage, given the decreasing values of the alpha and lambda parameters. Conversely,
the parameters associated with the GDP growth rate require a more substantial degree of
shrinkage, as the alpha and lambda parameters are considerably high, thus augmenting the
penalty terms.

Table 2. Alpha and Lambda (Regularization Parameters) of E-net regression for GDP and
inflation analysis with UMPTs and Interest Rates (source: prepared by the authors)

Sample Alpha Lambda
GDP (UMPTs + interest rates) 0.3 0.6
GDP (Interest rates) 04 0.6
GDP (UMPTs) 0.9 0.2
Inflation (UMPTs + interest rates) 0.1 0.1
Inflation (Interest rates) 0.2 0.2
Inflation (UMPTs) 04 0.1

In Table 3 we present the adjusted R-square values for all regressions performed in our
study. One notable observation is the absence of P-values, t-stats, and F-stats. This is attrib-
utable to the complexity of calculating these values for Elastic Net regression. While these
values could be computed for the Ordinary Least Squares (OLS) regression, we opted not
to include them to maintain the robustness of our research. The Elastic Net regression does
not provide a straightforward method for computing these values, unlike the OLS method.
Although there have been attempts to calculate these values, they are not trivial (Lockhart
et al., 2014; Tabassum & Ollila, 2017; Horel & Giesecke, 2020), and no existing programming
languages, including Python and R, offer functions for this purpose. This complexity is beyond
the scope of our research.

Secondly, we perform an OLS regression as a basic model and then apply Elastic Net
regression as our primary working model. From the OLS regression, we observed that the
adjusted R-squared values for UMPTs and interest rates, a combination of unconventional and
conventional monetary policy tools, were significantly high for both GDP (GDP means growth
rate here) (0.62) and inflation rate (0.79). However, when applying Elastic Net regression, we
found that only the adjusted R-squared value for the inflation rate remained high (0.64),
while for GDP, it dropped significantly to 0.13. This is a positive indication, suggesting that
unnecessary coefficients, likely suffering from multicollinearity, were reduced to zero. These
findings align with economic theory, which posits that the primary objective of contemporary
monetary policy is inflation targeting, not GDP targeting. It is therefore logical that inflation
would be more responsive to monetary policy, while GDP would be influenced more indirect-
ly. This is precisely what we observed from the Elastic Net regression.
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Table 3. OLS and E-net regression statistics for GDP and inflation (source: prepared by the authors)

Sample OoLS E-net
GDP (UMPTs +) 0.6208 0.1344
GDP (Interests) 0.3763 0.1122
GDP (UMPTSs) 0.2971 0.137
Inflation (UMPTs +) 0.7897 0.6356
Inflation (Interests) 0.4705 0.4146
Inflation (UMPTSs) 0.4942 03372
Average for GDP 0.4267 0.1323
Average for Inflation 0.6133 0.4627

In our statistical hypothesis testing, we used simulations and MBB methods. The results
of these simulations are presented in Table 4. To explicate the contents of the table, the
‘sample’ column represents the samples on which MBB was performed. We constructed four
distributions. One such distribution measures the difference in R-squared between different
samples. For instance, the distribution titled ‘Inflation (UMPTs+Interest rates)-Interest rates)’
measures the differences in the adjusted R square of inflation, UMPTs, and interest rates, and
the adjusted R square of inflation and interest rate alone.

Table 4. 5% confidence intervals for GDP growth rate and inflation after applying MBB with
UMPTs and interest rates (source: prepared by the authors)

Sample 5% confidgnce intervals
(Percentile method)
Inflation ((UMPTs+ Interest rates) — interest rates) (0.03, 0.34)
Inflation (UMPTs alone) (0.052, 0.36)
GDP growth rate (UMPTs + interest rates) — interest rates) (-0.01, 0.04)
GDP growth rate (UMPTs alone) (-0.12, 0.19)

From Table 4, it is evident that for both samples in both distributions related to the
inflation rate, the confidence intervals do not include zero. This implies that the adjusted
R-squared is indeed non-zero. Conversely, both distributions for the GDP growth rate include
zero. Therefore, from the MBB simulations, we cannot conclude that the adjusted R-squared
for these is non-zero.

These findings align well with economic theory and the mandate of the ECB, which pri-
marily targets inflation and not GDP growth. GDP growth is considered a secondary, indirect
economic indicator influenced by the monetary policy of the ECB. We are gratified that our
results align with both economic theory and the mandate of the ECB.

In Table 5, we present the coefficients derived from the elastic net regression. It is ob-
served that for the GDP growth rate, most coefficients are converging towards zero, except
the coefficients for the Marginal Lending Facility and the Asset Purchase Programme. This
suggests, within the framework of our research, that the GDP growth rate is primarily in-
fluenced by these two factors. Contrastingly, for inflation, a majority of the coefficients do
not converge to zero, indicating their statistical importance. It is crucial to note that, in the
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context of elastic net regression, we are referring to their importance rather than statistical
significance, as p values are not provided in this analysis. Interestingly, the coefficient for the
Pandemic Emergency Purchase Programme (PEPP) has been reduced to zero, implying that
this particular unconventional monetary policy tool does not statistically influence the infla-
tion rate, according to our analysis. This investigation underscores the nuanced impacts of
various unconventional monetary policy tools on key economic indicators, providing valuable
information to policymakers and academic scholars. More research is warranted to continue
exploring these complex relationships.

Table 5. Elastic-Net regression coefficients for inflation and GDP growth rate across various
monetary policy tools (source: prepared by the authors)

Tool name Inflation GDP growth rate
Deposit facility 0.124843626 0
Main refinancing operations 0.264186179 0
Marginal lending facility 0.161842813 -0.33459365
LTROs -0.128952196 0
Asset Purchase Programme 0.171577897 0.174875824
TLTROs -0.559421718 0
PEPP 0 0
TLTRO I -0.008699635 0
TLTRO il 0.014712866 0
SMP 0.632258195 0

In the subsequent phase of our research, we employed the ARIMA process to the residuals
that remained after applying the Elastic Net regression. This step was only for the UMPTs and
interest rate models, both for the inflation rate and the GDP growth rate. The residuals from
these models were utilised in the ARIMA process.

For the inflation rate model, we used an ARIMA(4,1,3) For the GDP growth rate, we
ARIMA(5,0,5) model. Following this, we conducted a robustness check of our model. A resid-
ual check was performed after the ARIMA process.

The results of the statistical tests conducted on the residuals are presented in Table 6. We
examine the mean, autocorrelation, normality, and homoscedasticity of the residuals. For the
autocorrelation test, we used the Ljung-Box test and tested autocorrelation up to the 10th
lag. The results, including the p-values, are provided in the Table 6. For the normality test, we
used the Shapiro-Wilk test, and the p-values are included in the Table 6. Lastly, for the ho-
moscedasticity test, we used the ARCH test, and the p-values are also provided in the Table 6.

From the Table 6, we observe that the mean of the inflation rate is approximately zero. The
LjungBox test indicates that there is no autocorrelation up to the 10th lag. The Shapiro-Wilk
test reveals that the residuals are normally distributed as the p-value is 0.62. The ARCH test
value is 0.72, suggesting that the residuals are homoscedastic. In terms of the GDP growth
rate, the mean is nearly zero, which we consider to be zero. The Box-Pierce test result is 0.79,
indicating that there is no autocorrelation up to the 10th lag. However, the Shapiro-Wilk test
and the ARCH test have very small p-values, suggesting that the residuals are not normally
distributed and are not homoscedastic.
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Table 6. Diagnostic test results of residuals for Inflation and GDP growth rate (source: prepared
by the authors)

Test name Inflation GDP growth rate
Mean 0.002 -0.009
Ljungbox test 0.98 0.79
Shapiro-Wilk test 0.62 4.87E-12
ARCH test 0.72 8.29E-14

Following the robustness check and inspection of residuals, we can infer that the model is
well-suited for inflation data. However, there are certain issues when it comes to GDP growth
rate data. This does not necessarily cast doubt on the results obtained from the elastic net
regression. It merely suggests that if we intend to use this model and these variables to
forecast the GDP growth rate, we should be prepared for less precise confidence intervals.

Figures 1 and 2 provide visual representations of the fitted values from the Elastic Net
model with the ARIMA residuals. These fitted values pertain to both inflation data and the

Figure 1. Elastic Net model's fitted vs actual values for inflation
for the training set (2008-2020) (source: prepared by the authors)

Figure 2. Elastic Net model fitted vs. actual values for GDP growth rate
for the training set (2008-2020) (source: prepared by the authors)



m T. Peciulis, A. Vasiliauskaité. The influence of unconventional monetary policy tools: an euro area perspective

GDP growth rate and are based on the training set. A close examination of these Figures 1
and 2 reveals a strong alignment between the fitted and actual values, suggesting that the
model performs well on the training set. Notably, the model successfully captures the signif-
icant downturns following the Great Recession in both inflation and GDP growth rate data. It
also accurately reflects the subsequent recovery, demonstrating its effectiveness in stable and
unstable economic environments, such as the Great Recession and the debt crisis.

Figures 3 and 4 offer a visual examination of the predicted data of the test set. The
model appears to perform well for both inflation rate and GDP growth rate data. While the
GDP growth rate data exhibit more noise and unnecessary fluctuations in the forecasted
data compared to the actual data, the overall fit is satisfactory. From a visual standpoint, the
model performs admirably with the test set of unknown data, indicating a good generalisa-
tion. However, visual inspection is not a robust statistical technique for evaluating forecast
accuracy. Therefore, we employed the Mean Absolute Scaled Error (MASE) to measure our
model’s forecasting performance.

For the GDP growth rate data, the MASE was 4.31. This metric was chosen because of its
simplicity of calculation, scale-independence, and ability to compare our model with basic
naive models. A MASE of 4.31 suggests that the forecasting accuracy of our model is signifi-
cantly worse than that of naive methods, despite its complexity. This indicates that this model
may not be suitable for forecasting GDP growth rate data.

In contrast, the MASE for the inflation rate data was 1.56, indicating better performance
than the GDP growth rate data, but still worse than a naive model. Given the simplicity of
the naive model, it may not be necessary to use our complex model to forecast inflation or
GDP growth rate data.

Our primary discovery indicates a substantial influence of the UMPTs used by the ECB
on inflation within the euro area. However, the relationship between the GDP growth rate
and UMPTs is not as linear. We observe that the adjusted R-squared value for the correlation
between UMPTs and the GDP growth rate is relatively small. When conducting hypothesis
testing using the MBB method on this sample, we determined that the adjusted R-squared
value is not significantly different from zero.

Figure 3. Elastic Net model's forecasted vs. actual inflation rate (2020
Q1 - 2023 Q1) (source: prepared by the authors)
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This outcome substantiates our initial hypothesis that UMPTs serve as an effective instru-
ment for achieving inflation targets in the euro area. Furthermore, our research suggests that
the combined application of UMPTs and interest rates exerts a more potent impact on infla-
tion than the isolated use of either interest rates or UMPTs. This finding implies that UMPTs
and interest rates operate through distinct transmission mechanisms and mutually enhance
their influence on macroeconomic variables.

Our research significantly extends the theoretical framework initially proposed by Clarida
et al. (1999) and later refined by Woodford and Walsh (2005). This framework, characterised
by the Taylor rule, uses interest rates as the primary instrument. Our robust findings and
methodology provide a solid foundation for the inclusion of monetary policy-building mod-
els in future research. Previous attempts to construct DSGE models for monetary policy have
included UMPTs without fully understanding the relationship and impact of these models on
key macroeconomic indicators. Our research provides comprehensive and robust foundations
for the development of future DSGE models for monetary policy. Our work builds upon the
research of Ouerk et al. (2020), Mouabbi and Sahuc (2019), Conti et al. (2017), Horvath and
Voslarova (2017), Zabala and Prats (2020), de Haan et al. (2020), Mitchell and Pearce (2020),
Ambler and Rumler (2019), Bottone and Rosolia (2019). These studies analyse unconvention-
al monetary policy tools as a forecast for inflation and other vehicles. Our research sheds
light on the strength of the relationship between unconventional monetary policy tools and
macroeconomic indicators. This understanding will significantly influence the construction of
upcoming DSGE models for monetary policy.

This investigation is part of a wider series of research projects that are aimed at building
an all-encompassing DSGE model that accurately portrays contemporary monetary policy.
Although the integration of additional variables could result in a more complex model, it
would exceed the scope of this individual investigation. Consequently, we have opted to
concentrate on these particular aspects to ensure a concentrated and manageable scope for
our present research. Subsequent research within this series will encompass other contem-
porary monetary policy institutions and will take into account additional variables, such as
cryptocurrency prices.

Figure 4. Elastic Net model's forecasted vs. actual GDP growth rate
(2020 Q1 - 2023 Q1) (source: prepared by the authors)
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5. Conclusions

This research aimed to examine the influence of UMPTs employed by the ECB on the inflation
rate and GDP growth rate within the euro area. Motivated by the principles of the Taylor rule,
we employed an analytical framework, utilising elastic net regression to dive into the relation-
ship between UMPTs and economic indicators, gauged through adjusted R-squared metrics.

Through the construction of six diverse samples, we examined various scenarios, including
combined monetary policy tools, individual policy components, and UMPTs in isolation. Our
findings revealed nuanced insights into the efficacy of these policies, with substantial declines
in adjusted R-squared values, observed after the application of regularisation techniques,
particularly evident in GDP growth rate samples.

The analysis reveals a significant shift in the relationship between GDP and inflation in the
context of UMPTs. The adjusted average R-square for GDP showed a substantial decrease,
indicating a weaker correlation over time. On the other hand, the impact on inflation, al-
though still noteworthy, experienced a less pronounced reduction. This suggests that inflation
remains more closely tied to these variables.

The confidence intervals further substantiate these findings, pointing to a significant in-
fluence of UMPTs on inflation, especially when considered in conjunction with interest rates.
This underscores the importance of considering multiple economic factors when analysing
the effects of UMPTs.

Our findings have implications for monetary policymakers and academic scholars, empha-
sising the need for continued research on contemporary monetary policy frameworks. While
our study focused on the euro area, future research efforts should expand to encompass
other major economies, such as the USA, and explore emerging digital currencies’ impact.

This investigation forms part of a broader research series aimed at building a compre-
hensive DSGE model. While integrating additional variables, including cryptocurrency prices,
holds promise, it exceeds the scope of this study. Subsequent research within this series will
incorporate additional variables and consider diverse monetary policy institutions, offering a
more nuanced understanding of contemporary monetary policy dynamics.

References

Ambler, S., & Rumler, F. (2019). The effectiveness of unconventional monetary policy announcements in
the euro area: An event and econometric study. Journal of International Money and Finance, 94, 48-61.
https://doi.org/10.1016/j.jimonfin.2019.02.007

Belongia, M. T., & Ireland, P. N. (2014). The Barnett critique after three decades: A new Keynesian analy-
sis. Journal of Econometrics, 183(1), 5-21. https://doi.org/10.1016/j.jeconom.2014.06.006

Bottone, M., & Rosolia, A. (2019). Monetary policy, firms' inflation expectations and prices: Causal evidence
from firm-level data (Working Paper No. 1218). Bank of Italy. https://doi.org/10.2139/ssrn.3432447

Calhoun, G. (2018). Block bootstrap consistency under weak assumptions. Econometric Theory, 34(6),
1383-1406. https://doi.org/10.1017/S0266466617000500

Campbell, J. Y., Pflueger, C., & Viceira, L. M. (2020). Macroeconomic drivers of bond and equity risks.
Journal of Political Economy, 128(8), 3148-3185. https://doi.org/10.1086/707766

Clarida, R, Gali, J., & Gertler, M. (1999). The science of monetary policy: A new Keynesian perspective.
Journal of Economic Literature, 37(4), 1661-1707. https://doi.org/10.1257/jel.37.4.1661

Conti, A. M., Neri, S., & Nobili, A. (2017). Low inflation and monetary policy in the Euro area (Working
Paper No. 2005). European Central Bank. https://doi.org/10.2139/ssrn.2910938


https://doi.org/10.1016/j.jimonfin.2019.02.007
https://doi.org/10.1016/j.jeconom.2014.06.006
https://doi.org/10.2139/ssrn.3432447
https://doi.org/10.1017/S0266466617000500
https://doi.org/10.1086/707766
https://doi.org/10.1257/jel.37.4.1661
https://doi.org/10.2139/ssrn.2910938

Business, Management and Economics Engineering, 2024, 22(2): 317-332 m

de Haan, J., Mavromatis, K., & Tan, G. (2020). Individual inflation forecasts and monetary policy announce-
ments. Economics Letters, 197, Article 109602. https://doi.org/10.1016/j.econlet.2020.109602

Eberly, J. C., Stock, J. H., & Wright, J. H. (2019). The federal reserve’s current framework for monetary policy:
A review and assessment (Working Paper No. 26002). National Bureau of Economic Research.
https://doi.org/10.3386/w26002

ECB Data Portal. (n.d.). Retrieved February 5, 2024, from https://data.ecb.europa.eu/

European Central Bank. (2010). Euro area money growth and the “Securities Markets Programme”. ECB
Monthly Bulletin, 24-26. https://www.ecb.europa.eu/pub/pdf/other/mb201006_focus01.en.pdf

European Central Bank. (2011). ECB announces measures to support bank lending and money market
activity. https://www.ecb.europa.eu/press/pr/date/2011/html/pr111208_1.en.html

European Central Bank. (2012). Technical features of outright monetary transactions.
https://www.ecb.europa.eu/press/pr/date/2012/html/pr120906_1.en.html

European Central Bank. (2014a). ECB announces monetary policy measures to enhance the functioning of
the monetary policy transmission mechanism.
https://www.ecb.europa.eu/press/pr/date/2014/html/pr140605_2.en.html

European Central Bank. (2014b). Monetary policy decisions.
https://www.ecb.europa.eu/press/pr/date/2014/html/pr140605.en.html

European Central Bank. (2015). ECB announces expanded asset purchase programme.
https://www.ecb.europa.eu/press/pr/date/2015/html/pr150122_1.en.html

European Central Bank. (2020). ECB announces €750 billion pandemic emergency purchase programme
(PEPP). https://www.ecb.europa.eu/press/pr/date/2020/html/ecb.pr200318_1~3949d6f266.en.html

European Central Bank. (2021). Unconventional fiscal and monetary policy at the zero lower bound
[Speech]. https://www.ecb.europa.eu/press/key/date/2021/html/ecb.sp210226 ~fféad267d4.en.html

Febrero, E., Ux6, J., & Dejuan, O. (2015). The ECB during the financial crisis. Not so unconventional! Me-
troeconomica, 66(4), 715-739. https://doi.org/10.1111/meca.12088

Fedorova, E., & Meshkova, E. (2021). Monetary policy and market interest rates: Literature review using
text analysis. International Journal of Development Issues, 20(3), 358-373.
https://doi.org/10.1108/1JDI-02-2021-0049

Finnegan, M., & Kapoor, S. (2023). ECB unconventional monetary policy and SME access to finance. Small
Business Economics, 61, 1253-1288. https://doi.org/10.1007/s11187-023-00730-0

Gali, J. (2020, November 11-12). The decline in r* and the ECB strategy. In Proceedings of Conference ECB
Forum on Central Banking (pp. 151-155). European Central Bank. https://www.ecb.europa.eu/pub/pdf/
sintra/ecb.ecbforumoncentralbanking202011~5078c37a89.mt.pdf#page=152

Geissdoerfer, M., Savaget, P., Bocken, N. M. P., & Hultink, E. J. (2017). The circular economy — A new
sustainability paradigm? Journal of Cleaner Production, 143, 757-768.
https://doi.org/10.1016/j.jclepro.2016.12.048

Gimenez-Nadal, J. I, Lafuente, M., Molina, J. A, & Velilla, J. (2019). Resampling and bootstrap algorithms
to assess the relevance of variables: Applications to cross-section entrepreneurship data. Empirical
Economics, 56(1), 233-267. https://doi.org/10.1007/s00181-017-1355-x

Hartwell, C. A. (2019). Complexity, uncertainty, and monetary policy: Can the ECB avoid the unconven-
tional becoming the ‘new normal? The Economists’ Voice, 16(1). https://doi.org/10.1515/ev-2019-0021

Horel, E., & Giesecke, K. (2020). Significance tests for neural networks. Journal of Machine Learning Re-
search, 21.

Horvath, R, & Voslarova, K. (2017). International spillovers of ECB's unconventional monetary policy: The effect
on Central Europe. Applied Economics, 49(24), 2352-2364. https://doi.org/10.1080/00036846.2016.1237764

Houcine, B., Abdelkader, A., & Lachi, O. (2020). The impact of unconventional monetary policy tools on
inflation rates in the USA. Asian Economic and Financial Review, 10(6), 628-643.
https://doi.org/10.18488/journal.aefr.2020.106.628.643

Johnson, G., Kozicki, S., Priftis, R., Suchanek, L., Witmer, J., & Yang, J. (2020). Implementation and effective-
ness of extended monetary policy tools: Lessons from the literature (Staff Discussion Paper No. 2020-16).
Bank of Canada, Ottawa.


https://doi.org/10.1016/j.econlet.2020.109602
https://doi.org/10.3386/w26002
https://data.ecb.europa.eu/
https://www.ecb.europa.eu/pub/pdf/other/mb201006_focus01.en.pdf
https://www.ecb.europa.eu/press/pr/date/2012/html/pr120906_1.en.html
https://www.ecb.europa.eu/press/pr/date/2014/html/pr140605_2.en.html
https://www.ecb.europa.eu/press/pr/date/2014/html/pr140605.en.html
https://www.ecb.europa.eu/press/pr/date/2015/html/pr150122_1.en.html
https://www.ecb.europa.eu/press/pr/date/2020/html/ecb.pr200318_1~3949d6f266.en.html
https://www.ecb.europa.eu/press/key/date/2021/html/ecb.sp210226~ff6ad267d4.en.html
https://doi.org/10.1111/meca.12088
https://doi.org/10.1108/IJDI-02-2021-0049
https://doi.org/10.1007/s11187-023-00730-0
https://www.ecb.europa.eu/pub/pdf/sintra/ecb.ecbforumoncentralbanking202011~5078c37a89.mt.pdf#page=152
https://www.ecb.europa.eu/pub/pdf/sintra/ecb.ecbforumoncentralbanking202011~5078c37a89.mt.pdf#page=152
https://doi.org/10.1016/j.jclepro.2016.12.048
https://doi.org/10.1007/s00181-017-1355-x
https://doi.org/10.1515/ev-2019-0021
https://doi.org/10.1080/00036846.2016.1237764
https://doi.org/10.18488/journal.aefr.2020.106.628.643

m T. Peciulis, A. Vasiliauskaité. The influence of unconventional monetary policy tools: an euro area perspective

Kryvtsov, O., & Petersen, L. (2021). Central bank communication that works: Lessons from lab experi-
ments. Journal of Monetary Economics, 117, 760-780. https://doi.org/10.1016/j.jmoneco.2020.05.001

Kuffner, T. A, Lee, S. M. S, & Young, G. A. (2021). Block bootstrap optimality and empirical block selection
for sample quantiles with dependent data. Biometrika, 108(3), 675-692.
https://doi.org/10.1093/biomet/asaa075

Lockhart, R., Taylor, J,, Tibshirani, R. J., & Tibshirani, R. (2014). A significance test for the lasso. Annals of
Statistics, 42(2), 413-468. https://doi.org/10.1214/13-A0S1175

Lomachynska, I, Maslennikov, Y., & Yakubovska, M. (2020, October 6-9). Infocommunication tools of
unconventional monetary policy. In Proceedings of the 2020 IEEE International Conference on Problems
of Infocommunications. Science and Technology (PIC S & T) (pp. 737-740). Kharkiv, Ukraine. |IEEE.
https://doi.org/10.1109/PICST51311.2020.9467922

Mahmud, A., & Akuoko-Konadu, E. (2023). Has policy rate been an effective tool in taming inflation?
A Sub-Saharan African perspective. Forum Scientiae Oeconomia, 11(1), 166-176.
https://ojs.wsb.edu.pl/index.php/fso/article/view/652/671

Malmendier, U., Nagel, S., & Yan, Z. (2021). The making of hawks and doves. Journal of Monetary Econom-
ics, 117, 19-42. https://doi.org/10.1016/jjmoneco.2020.04.002

Mitchell, K., & Pearce, D. K. (2020). How did unconventional monetary policy affect economic forecasts?
Contemporary Economic Policy, 38(1), 206-220. https://doi.org/10.1111/coep.12440

Mouabbi, S., & Sahuc, J.-G. (2019). Evaluating the macroeconomic effects of the ECB’s unconventional
monetary policies (Working Paper No. 708). Banque de France. https://doi.org/10.2139/ssrn.3338541

Mulligan, R. F. (2021). Monetary policy since the great recession. American Institute for Economic Research.
https://www.aier.org/article/monetary-policy-since-the-great-recession/

Ouerk, S., Boucher, C., & Lubochinsky, C. (2020). Unconventional monetary policy in the Euro Area:
Shadow rate and light effects. Journal of Macroeconomics, 65, Article 103219.
https://doi.org/10.1016/j.jmacro.2020.103219

Petropoulos, F., Grushka-Cockayne, Y., Siemsen, E., & Spiliotis, E. (2022). Wielding Occam’s razor: Fast and
frugal retail forecasting. SSRN. https://doi.org/10.2139/ssrn.3792565

Ravn, M. O., & Sterk, V. (2021). Macroeconomic fluctuations with HANK & SAM: An analytical approach.
Journal of the European Economic Association, 19(2), 1162-1202. https://doi.org/10.1093/jeea/jvaa028

Saiti, D., Gockov, G., & Trenovski, B. (2021). How monetary policy affects the lending and economic activ-
ity in a banking system with excess liquidity. Economics and Culture, 18(2), 51-60.
https://doi.org/10.2478/jec-2021-0014

Tabassum, M. N., & Ollila, E. (2017, August 28-2 September). Pathwise least angle regression and a sig-
nificance test for the elastic net. In Proceedings of the 2017 25th European Signal Processing Confrence
(EUSIPCO) (pp. 1309-1313). Kos, Greece. IEEE. https://doi.org/10.23919/EUSIPCO.2017.8081420

Taylor, J. B. (1993). Discretion versus policy rules in practice. Carnegie-Rochester Conference Series on
Public Policy, 39, 195-214. https://doi.org/10.1016/0167-2231(93)90009-L

Trifonova, S. (2022). The ECB’s unconventional monetary policy measures during the coronavirus crisis.
Global Business & Economics Anthology, 1, 1-17. https://doi.org/10.47341/GBEA.22031

Woodford, M., & Walsh, C. E. (2005). Interest and prices: Foundations of a theory of monetary policy.
Macroeconomic Dynamics, 9(3), 462-468. https://doi.org/10.1017/S1365100505040253

Zabala, J. A, & Prats, M. A. (2020). The unconventional monetary policy of the European Central Bank:
Effectiveness and transmission analysis. The World Economy, 43(3), 794-809.
https://doi.org/10.1111/twec.12880

Zou, H., & Hastie, T. (2005). Regularization and variable selection via the elastic net. Journal of the Royal
Statistical Society: Series B (Statistical Methodology), 67(2), 301-320.
https://doi.org/10.1111/j.1467-9868.2005.00503.x


https://doi.org/10.1016/j.jmoneco.2020.05.001
https://doi.org/10.1093/biomet/asaa075
https://doi.org/10.1109/PICST51311.2020.9467922
https://ojs.wsb.edu.pl/index.php/fso/article/view/652/671
https://doi.org/10.1016/j.jmoneco.2020.04.002
https://doi.org/10.1111/coep.12440
https://doi.org/10.2139/ssrn.3338541
https://www.aier.org/article/monetary-policy-since-the-great-recession/
https://doi.org/10.1016/j.jmacro.2020.103219
https://doi.org/10.2139/ssrn.3792565
https://doi.org/10.1093/jeea/jvaa028
https://doi.org/10.2478/jec-2021-0014
https://doi.org/10.23919/EUSIPCO.2017.8081420
https://doi.org/10.1016/0167-2231(93)90009-L
https://doi.org/10.47341/GBEA.22031
https://doi.org/10.1017/S1365100505040253
https://doi.org/10.1111/twec.12880
https://doi.org/10.1111/j.1467-9868.2005.00503.x

