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Introduction

The financial crisis in the 2008 showed the importance of stable funding and sufficient
liquidity in the financial sector. Regulators have since put liquidity and stable funding in the
financial sector to their top priorities. One of the focuses has been on non-maturity deposits
(NMDs) as they are an important part of commercial bank’s funding and are characterized by
two options. First, customers can withdraw their money any time without penalty as there is
no contractual maturity and second, banks are allowed to change the deposit rate at any point
in time as deposit rate is administratively set and reprice overnight.

In April 2016, the Basel Committee on Banking Supervision (BCBS) announced the standard
on capital framework for interest rate risk in the banking book (IRRBB). IRRBB refers to the
current or prospective risk to the bank’s capital and earnings arising from adverse movements
in interest rates that affect the bank’s banking book positions. Changes in interest rates have an
effect in the present value of future cash flows and the bank’s earnings by altering interest
rate-sensitive income and expenses, i.e. net interest income (NII). Excessive interest rate risk
can pose a significant threat to a bank’s current capital base and future earnings if not
managed appropriately. One of the findings by BCBS was that banks should document,
monitor, and regularly update primal assumptions regarding NMDs behaviour and balances.
Although, depositors are free to withdraw their money at any time, NMD balances have
historically proved to be relatively stable. Therefore, banks should analyse its depositor base
to be able to identify the proportion of core deposits, i.e. NMDs which are unlikely to be
redrawn or reprice even under significant changes in interest rate environment. (Basel

Committee on Banking Supervision, 2016)

The aim of the study is to find the best model to forecast the volume of private customers’
savings deposits of one undisclosed financial institution. The financial institution has
previously implemented a deposit model where it assesses both core volumes and their
duration. Next steps include building a more sophisticated model to forecast volumes for the
NII forecast and the funding plan. This is especially needed in the condition where NII
sensitivity has increased significantly due to excess liquidity. With rates being negative, until

recently, and the financial institution’s limited will and capacity to discourage depositors,



deposits have been seen as an expensive source of funding the banks operations. By being able
to forecast their volumes in a comprehensive manner given different scenarios the financial

institution will be better equipped to manage its funding and costs.

In Section 1 an overview of previous research on the topic of deposit volume forecasting is
presented. The focus is on determinants such as deposit rate, consumer confidence indicator,
purchasing managers’ index, gross domestic product, house price index and quantitative
easing. Section 2 provides the reader the theory of time series analysis, including Holt, Holt-
Winters, ARIMA and ARIMAX models, and its application in R software. Finally, in Section
3 the data under analysis is described and different time series models are fitted. Furthermore,
the models are compared, validated and the best model is chosen. The evaluation of the
models is based on three principles — goodness of fit, accuracy and simplicity.



1 Literature review

There are numerous analyses done to investigate determinants of deposit volumes. The next
subchapters give an overview of the different factors that can possibly affect NMD balances.
The choice of variables is based on previous studies in the area of deposit volumes and time

series forecasting.

1.1 Deposit rate

The deposit rate has for some time been considered to have high explanatory power on deposit
volumes as it should be one of the key factors considered by customers when allocating assets.
For example, Masson et al. (1998) found a positive effect of interest rates on private savings in
industrial countries. However, as the deposit rates have recently been decreasing and close to
zero, but deposit volumes on the other hand have grown, there have been alternative research
outcomes. Bank of Japan (2014) showed that NMD balances decrease in a high interest rate

environment and vice versa.

1.2 Consumer confidence indicator

Consumer confidence indicator (CCl) is produced by the Directorate General for Economic
and Financial Affairs (DG ECFIN) of the European Commission to indicate economic
perceptions and expectations. It is calculated as the arithmetic average of the balances (in
percentage points) of the answers to the questions on the financial situation of households, the
general economic situation, unemployment expectations and savings (Directorate General for
Economic and Financial Affairs, 2016). The questionnaire covers respondent’s view on the
economic situation over the previous and upcoming 12 months. Two example questions are

shown in Figure 1.



How do you expect the number of people unemployed 1n this country to change over the next
12 months? The number will...

+  1increase sharply
increase slightly
remain the same
fall slightly
fall sharply
don't know.

I+ +

2

How do you think that consumer prices have developed over the last 12 months? They
have. ..

+  nsena lot

risen moderately
risen slightly

stayed about the same
fallen

don't know.

I+ +

2

Figure 1: Sample questions from the CCI questionnaire. Source: Directorate General for
Economic and Financial Affairs (2016, p 36).

The indicator takes values between -100 and 100. A positive value indicates that consumers
are rather optimistic about the conditions. However, a negative value refers to a more

pessimistic view.

The hypothesis that increased uncertainty about the future economic situation causes greater
savings rates has been tested numerous times. For example, an article written by Ktopocka in
2016 proved that consumer confidence indicator has predictive power for Polish future
household saving rates. The multiple linear regression analysis (OLS technique) of time-series
showed that four lags of changes in CCI explain 23% of the variation of changes in total
household saving rate. There are more examples about the influence of economic uncertainty
on savings from Carroll et al. (2012), Mody et al. (2012), Carroll and Samwick (1998).

1.3 Purchasing managers’ index

The purchasing managers’ index (PMI) is a business cycle indicator for the economy, reported

by Swedbank in cooperation with Sveriges Inkops- och Logistikforbund (Silf). It measures the



activity level of purchasing managers both in the manufacturing and the services sector. On
monthly basis, purchasing managers are surveyed and the two indexes — PMI manufacturing
and PMI services — are calculated. A level above 50 indicates expansion, while an index level
of below 50 signals a contraction. The aim is to quickly measure the current state of the
economy as purchasing managers generally have early access to their company’s performance,

which can be a leading indicator of overall economic performance. (Swedbank, 2022)

1.4 Gross domestic product

Gross domestic product (GDP) is one of the fundamental economic growth measures. One of
the main theories is that a general long-term increase in GDP creates a surplus in the economy
which is transferred to account balances and vice versa. Chaturvedi et al. confirmed in 2009
that saving rate is positively affected by the real GDP growth rate.

1.5 House price index

The house price index (HPI) measures inflation in the residential real estate market. The index
calculation includes all kinds of new and existing residential property like flats, detached

houses and terraced houses, purchased by households. (Eurostat, 2022a)

There are two hypotheses regarding HPI and savings deposits. Firstly, selling real estate at
high market price is increasing wealth and account balances. Secondly, in order to buy a
property, one needs to save money and thus savings deposits are increasing. The positive
relationship between Sweden’s HPI and household savings was proved by Kennedy and
Andersen (1994). An alternative result was provided by Klerck and Salame (2017) where
northern Europe countries were analysed. The paper concluded that one percent increase in

house prices will decrease savings 0.113 percent.

1.6 Quantitative easing

Following the financial crises in the 2008, central banks have started using a new tool for
monetary policy, such as large-scale asset purchases (LSAPS), also known as quantitative
easing (QE). Although, it was first used by Bank of Japan already in 2001, it has become
widely used over the last decade with the aim of stimulating demand to increase inflation
(Grimaldi et al. 2021).



The concept behind it is that a central bank starts purchasing government bonds on the
secondary market. As a result, yields for those safe bonds fall and it becomes more attractive
for investors to turn to alternative assets. In this way, the lower yields for government bonds
spread onwards to other parts of the financial markets. Lower interest rates help the banks to
decrease rates for loans and deposits, which in turn increases companies’ willingness to invest
and households’ incentive to consume. As a result, asset prices rise and so does the wealth of

both households and companies. (Sveriges Riksbank, 2021a)



2 Time Series Analysis

This section introduces the theory behind modelling and forecasting time series and is based
on the book by Chatfield (2004: pp. 1, 5, 10-14, 19-20, 23-24, 34-35, 37-38, 48, 62, 66, 73-89,

245-246), unless noted otherwise.

2.1 Fundamentals

Time series is defined as a collection of observations x; made sequentially through time and is
referred to as discrete when observations are taken only at specific times, usually at equal time
intervals. Observations x, are realizations of a random variable X;, t € Z, and a family of

random variables (X;);c is called a stochastic, or random, process.

One of the main goals in analysing time series is to predict the future values as accurately as
possible, given the information available about the past. The estimate of x;,;, based on the

values xy, ..., xr is denoted X7, 7.
There are four main components in time series forecasting:

1) preliminary analysis,
2) choice of suitable model,
3) model calibration and goodness of fit,

4) estimating future values and calculating confidence intervals.

2.1.1 Decomposition

The first part of preliminary analysis is plotting the data. It enables to see patterns, unusual
fluctuations, changes over time, and relationships between variables. Traditional methods of
time series analysis decompose the variation in a time series into trend T, seasonal component

S; and irregular component &;. In case of additive decomposition, the formula is given as
xt == Tt+St+gt'
and in case of multiplicative decomposition as

10



The additive decomposition is applicable when the magnitude of the seasonal component is
roughly constant through the series, while the multiplicative method is preferred when the
seasonal effect is directly proportional to the mean. A logarithmic transformation can be used

to make the seasonal effect from multiplicative to additive.

2.1.2 Stationarity

The next element of interest is stationarity. A random process (X;):cz IS said to be (strictly)
stationary if random vectors (X, ..., Xp,) and (Xy4q, ..., Xm+q) have the same distribution, m
and q are integers. In other words — its statistical properties, like mean and variation, do not
depend on the time at which the series is observed. If random vectors (Xi,...,X,) and
(X14q> - Xm+q) have all up to I[-th moments equal, then the time series is called [-th order
(weakly) stationary. Thus, for second order weakly stationary stochastic process (X;):ez by

definition
E(X;) = E(Xjsq),
E(X?%) = E(X%jsq),
E(X;X:) = E(Xj1qXitq),

where 1 <j <i <m,q € Z. This means that mean and variation are constant. In this thesis,
mainly the second order weakly stationary processes are considered. In addition, it is reckoned
that a time series is stationary if the underlying stochastic process is stationary. Stationarity is
essential because it gives more accurate and stable parameter estimates compared to a series

whose statistical properties keep changing over time.

From stationarity definition it can be concluded that a time series with changing variance or
mean is not stationary. Transformations like logarithms are useful for stabilising the variance
of a time series. Trend can be eliminated by computing the differences between consecutive

observations, i.e. differencing the series,
Vxe = x —x¢1 = (1 = B)xy,

where B is backward shift operator, Bx, = x,_. Similarly, B(Bx,) = B%x; = x;_,.

11



For non-seasonal data, first-order differencing is usually enough to attain apparent stationarity.
Occasionally the differenced data does not look stationary, and it may be necessary to

difference the data a second time to obtain a stationary series:
szt = th - th—l = xt - 2xt_1 + xt_z == (1 - ZB + Bz)xt == (1 - B)th.

Seasonal component can be removed by using seasonal difference. For this, the difference

between observation and the previous observation from the same season is calculated
Vexy = x¢ — xes = (1 = B%)x,

where s is the number of seasons. Seasonal difference followed by first-order difference is

calculated as
VVsxe = (1= B)(1 — B®)x; = x¢ — Xt — Xpos + Xposo1-

There are number of so-called unit root tests available for determining whether differencing is
required to attain stationarity, for example, Phillips-Perron test (Phillips and Perron, 1988) and
augmented Dickey-Fuller (ADF) test. Both test the null hypothesis that a unit root is present

(non-stationarity).

2.1.3 Autocorrelation

The third element of interest in preliminary analysis is autocorrelation. It measures the linear
relationship between observations at different distances apart. The autocorrelation function

(ACF) of a second order weakly process (X;):ez at lag k is

y(k) _v(k)

- rez
y(0) o?

px (k) = cor(Xy, Xeqp) =
covariance function of the process (X;).

The theoretical autocorrelation function is estimated by the sample autocorrelation function
which is calculated as

Z{;f(xt — %) (X — X)

{=1(xt — x)?

T = Px(k) = cor(xe, Xerk) =

)

12



where k is the lag and T is the length of the time series. Thus, r; measures the relation

between x; and x,,;, r, measures the relation between x; and x,.,,, and so forth.

Another useful tool for analysing relation between observations at different distances apart is
partial autocorrelation function (PACF). It measures the relationship between X, and X,
after removing the effect of lags 1, ...,k — 1, and is noted as my (k). For instance, the sample
partial autocorrelation of order two 7, (2) measures the excess correlation between x, and

X4+ NOt accounted by r;.

A discrete process that consists of mutually independent and identically distributed (iid)
random variables is called white noise. Further on, it is assumed that the random variables are
normally distributed with zero mean and variance &2, indicated by the notation

(X,)~WN(0,5%). Hence, with large T, approximately 95% of the sample autocorrelations 7;,

and sample partial autocorrelations 7, are expected to fall between +1.96/+/T (Brockwell and
Davis, 2002 pp. 16-20). In addition, white noise is a second order weakly stationary process,
meaning that a time series generated from uncorrelated random variables is second order

weakly stationary.

2.2 Models

In the following subsections different time series models are described. As deposits have

historically proven to grow in time, then the focus is on methods that allow trend.

2.2.1 Holt and Holt-Winters

One of the popular methods for forecasting of time series with a trend is Holt’s linear trend
method. Exponential smoothing assigns more weight to recent observations and less weight to

observations further in the past. The forecasting equation of Holt’s method is
Xe+ne = le + beh,
where [, denotes an estimate of the level of the series at time t
ly=ax; + (1 — )% = ax; + (1 — a)(l—y + be_1),

and b, denotes an estimate of the trend of the series at time ¢

13



by =B —li—1) + (1 = B)by_1.

a is the smoothing parameter for the level, 0 < a < 1, and g is the smoothing parameter for

thetrend, 0 < B < 1.

Another similar and widely used method is Holt-Winters’ seasonal method. It is an extension
of Holt’s method to capture seasonality. Depending on the nature of the seasonal component,
either multiplicative or additive forecasting equation is used. The formula for the

multiplicative method is
k\t+h|t = (g + bh)Sins,
where h =1, ..., s, and

Xt
St—s

It =« + (1 - a){e—g + bey),

by =B —l—1) + (1 = B)b—q,
Xt
S¢ = Vl_ + (1 —7y)S;—s.
t
The formula for the additive method is
ft+h|t = (lg + beh)+St4n—s
whereh =1, ...,s, and
lp = a(xy — Sp—s) + (1 — a)(ly—1 + be_q),
by = Bl — l—1) + (1 — B)by—q,

Se =y — 1)+ (1 —y)Se—s.

The estimation of model parameters can be done minimising a forecast error measure. In R

software, the sum of square errors is used:

T
> G- 1),
t=1

14



2.2.2 ARIMA model

Another widely used class of time series models is ARIMA. While exponential smoothing
models are built based on the trend and seasonality in the data, the objective of ARIMA
models is to describe the autocorrelation. ARIMA(p, d, q) is an acronym for autoregressive
integrated moving-average and is formed by combining autoregressive process of order p,

AR(p), d degree of differencing and moving-average process of order g, MA(q).
Autoregressive process

Let E(X;) = u be constant. A second order weakly process (X;):ez is called an autoregressive

process of order p and denoted as AR(p) if
Xt = Zt + (ll)?t_l + -+ ap)?t_p,

where X, = X, — u, Z,~WN(0,c?) is white noise and «a;, i = 1, ...,p, are parameters. The
model specifies variable’s dependency on previous p values. In this thesis only such AR(p)
processes are considered for which cov(X,,Z;) = 0 for all i > t. These processes are called
causal (Kangro, 2016). Using backward shift operator B, a compact form of the AR(p)

process can be written as
o(B)X; = Z,
where ¢(x) is polynomial of order p such that ¢(x) = 1 — ¥_, a;x".

AR(p) process is second order weakly stationary if and only if the modules of the roots of the

polynomial ¢(x) lie outside the unit circle, |x;| > 1,i =1, ..., p.

Moving-average process

A process (X;):ez IS called a moving-average process of order g and denoted as MA(q) if
Xe=Zi+ B Zi s+ -+ ByZig

where X, = X, — u, Z,~WN(0,02) and 3;, i = 1, ..., q, are parameters. The model describes

regression error’s dependency on previous g forecast errors.

15



A compact form of the MA(q) process can be written as
Xt = H(B)Zt!
where 6(x) is polynomial of order g such that 6(x) = 1 + X.7_, Bix".

MA(q) process is invertible if it can be rewritten in the form of an autoregressive process,
possibly of infinite order, whose coefficients form a convergent sum. The same applies if the

modules of the roots of the polynomial 6(x) all lie outside the unit circle, |x;| > 1,i =

1, ..,p.

ARMA model

Combination of AR(p) and MA(q) processes is called ARMA(p, q) process and expressed as
Xe=aXe g+ 4Ky +Ze + PriZey 4+ ByZi—g

where X, = X, — u, (X)¢ez is second order weakly stationary and Z,~WN(0, o). A compact

form of the formula can be written as
o(B)X, = 0(B)Z,,

where ¢ and 6 are respectively polynomials of order p and q. ARMA(p, g) model can be

presented as

e moving-average process X, = %Zt = y(B)Z;, if the modules of the roots of the
polynomial @(x) all lie outside the unit circle, |x;| > 1,i = 1, ..., p,
e autoregressive process %Xt = n(B)X,; = Z,, if the modules of the roots of the

polynomial 6(x) all lie outside the unit circle, |x;| > 1,i =1, ..., p.

In addition, the sample values of PACF of an ARMA(p,q) model are not significantly

different from zero after lag p and the sample values of ACF cut off after lag q (see Table 2).

16



Table 2: Properties of ACF and PACF

Model ACF PACF

AR(p) Decay towards zero Decay to zero after lag p
MA(q) Decay to zero after lag q Decay towards zero
ARMA(p, q) Decay to zero after lag q Decay to zero after lag p
ARIMA model

Previous models assumed stationarity. In practice most time series are non-stationary.
ARIMA(p,d,q) model can be used for forecasting non-stationary time series. This is a
generalization of ARMA(p, q) processes to incorporate differenced time series. Let d be a
non-negative integer and W, = (1 — B)4X,, then (X,)cz is an ARIMA(p, d, q) process if W,
is a causal ARMA(p, q) process:

e(B)W, = ¢(B)(1 — B)'X, = 6(B)Z,,
where Z,~WN(0,52), ¢ and 8 are polynomials of order p and q.

Let d and D be non-negative integers and Y, = (1 — B)%(1 — B%)PX,. A process (X;)cz iS
called a seasonal ARIMA(p,d, q) X (P, D, Q) process with period s if Y; is a casual ARMA
(p, q) process:

9, (BYPp(BYY; = ¢, (B)Pp(B)(1 = BY'(1 ~ BY)X, = 6,(B)0Oq(B)Z,
where Z,~WN(0, ¢?) and ®, Pp, O, 0¢ are polynomials of order p, P, q, Q.

Once the values p, d and g have been identified, the estimation of model parameters can be
done. The following description of methods is based on course material by Kangro (2016). A
common technique is to use the maximum likelihood estimation (MLE), which finds the
values of the parameters so that the probability of obtaining the data observed is maximised.

Let w = (W;, ..., W;) be a multivariate normal random variable. When maximizing the log-

likelihood function by &2, the estimate of variance is §% = %wﬂ‘l(a,ﬂ)wT, where o =

17



(ay, o p), B=(B1,-.Bg) and Q is the correlation matrix. The parameters

Ay, ..., Apf, ..., Bq Can be found by maximizing the expression

—3In(wa™" (@ B)w™) — 7In (I2(« B)])

by a = (a,..,ap) and f = (B4, ..., Bq), Where |Q(a, B)| is the determinant of the correlation

matrix.

Another technique for estimating the model parameters is conditional least squares method.
Let z; denote the residuals from ARIMA model, t = 1, ..., T. Conditional least squares method

finds the parameters aj, ..., @, By, ..., B4 by minimising the sum of squares of residuals

where

i=

p q
Zt = We — Z aAiWe—i — Z Bize-;.
1 j=1

The default technique in R software is using conditional least square method to find starting

values, and then applying maximum likelihood method.
2.2.3 ARIMAX model
This paragraph is based on the course material by Kangro (2016).

The time series models introduced in the previous sections are only based on past observation
of the series and are not considering other variables. In this subchapter, an extension of

ARIMA model is introduced to include explanatory variable in the model.

In the following let’s assume that time series X, and V, are stationary with zero mean or
differenced to achieve stationarity. If X, is dependent on V;, then ARIMAX model can be

defined as linear regression with ARIMA errors:

Xe =yVe+1,

18



where 7, follows an ARIMA process. In comparison of standard linear regression, the errors
1. are not presumed to be iid. The ARIMAX model with m regressors (Vi ¢, Vo, oo, Vint) 1S

defined as

m
Xy = z YiVie + 0
i=1

where 7, follows an ARIMA process.
There are three main steps in estimation of ARIMAX model parameters:

1) estimate the model X; = yV; + 1.,
2) examine the sample residuals from the model and find suitable ARIMA model for n,,
3) estimate the parameters &2,y,ay, ..., ap, By, ..., Bq Using, for example, maximum

likelihood method.

2.3 Goodness of fit

ACEF plot, or alternatively correlogram, is the first indicator of goodness of fit of a statistical

model. If not more than two or three of the first 30-40 sample autocorrelations of the residuals

fall outside +1.96/+/T, then the fitted model is suitable (Brockwell and David, 2002: p. 36).

In addition to treating each r; separately while observing ACF plot, there are statistical tests
called portmanteau tests that consider a whole set of 7, values as a group. One such test is the

Box-Pierce test, which is based on the statistic

where T is the number of observations and K is the number of chosen lags in scope (chosen
somewhat arbitrarily, typically in the range 15 to 30). Another similar and often used test is
the Ljung-Box test, based on

T'kz

K
0.=TT+2)) =
k=1

19



Both statistics are from x? distribution with (K — p) degrees of freedom, where p is the
number of parameters in the model. If the test is applied to the autocorrelations from the
original series, not from the model, the then degrees of freedom is just K. The null hypothesis
of a portmanteau test is that the autocorrelations for the chosen lags in the population from
which the sample is taken are all zero. If the p-value of the test is very small, then there is
strong evidence that the autocorrelations are not from an iid sequence.

Another way of examining goodness-of-fit is comparing AIC, AICc or BIC of competing

models:

e AIC = 2p—2In (D),

2p%+2p
T—-p-1

e BIC = pIn(T) — 2In (D),

e AlCc =AIC +

where p is the number of parameters in the model, L is the maximum value of the likelihood
function of the model and T is the sample size. The preferred model is the one with the lowest
AIC, AlICc or BIC value. (Brockwell and David, 2002: pp. 173-174)

2.4 Forecasting

When a suitable model has been found, the estimation of future values can be done. A wide
variety of different forecasting procedures is available. It is important to acknowledge that
each of them is based on specific assumptions and no single method is universally applicable.
Subjective judgement can be combined with statistical approach when, for example, choosing
an appropriate model and adjusting the resulting forecasts, especially in case the forecasting

horizon is long-term.

In case of univariate prediction methods, the model forecasts are based on the past
observations and the fitted residuals. Assuming that the ARIMA model equation is known,

then the point forecasts can be calculated by

1) expanding the equation so that X, is on the left side and all other inputs are on the
right,

2) replacing t with T + h and random variables with the observations,
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3) replacing past values of the series with the observed values, past errors with the
corresponding residuals, future values of the series with their forecasts and future

errors with zero.

Let’s consider a time series x;,t = 1, ..., T, which corresponds to the ARIMA(1,0,0)(0,1,1),

model
¢, (B)(1 — B'*)X, = 0,(B**)Z,.
This can be presented in a form
Xe = ay(Xpmq — Xpo13) + Xeo12 + Zo + B1Zi 13-

The goal is to find the forecasts 7,y and their confidence intervals. When following the

steps 2) and 3), the forecasts are
Xrpyr = @ (Xr — Xr_12) + X7_11 + PrZr_14

Xr42r = al(xT+1|T - xT—ll) + x7-10 + P1Z7-10

XT4+nT = al(xT+h—1|T - xT+h—13) + Xr4n-12 + B1Zrin-12

The 95% prediction interval is given by
2T+h|T +1.96 O'hz,

where a2 is the variance of the forecasting error made at time T when forecasting h steps

ahead

h-1
on? = var(ersn) = var(Xpp — Xpapr) = 02| 1+ Z lllzj -

J=1

In case of ARIMAX model, the estimation of future values is done by combining the forecasts
of the regression part of the model and ARIMA part of the model. For the regression model,

the forecasts of the predictor variable need to be obtained first.
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2.5 Application in R

This subsection gives an overview of different functions in R useful for time series analysis

and is based on the online textbook by Hyndman and Athanasopoulos (2018).

The function ts() is used to produce a time series object. In order to compute and plot the
estimates of autocorrelation and partial autocorrelation, functions acf() and pacf() can be
applied to the series. Through lag.max one can specify the maximum number of lags at which
to calculate the ACF and PACF. Different tests like pp.test() and adf.test() are available in R
to check the stationarity of a time series.

Arima() function can be used to fit an ARIMA model to a time series. Through xreg argument
it allows to specify independent variables. The regressors must have the same number of rows
as dependent variable x. In case the series are non-stationary, it is possible to apply

differencing within the Arima() function. For example, the R command
Arima (X, xreg=V, order=c(1,1,0))

will fit the model VX, =yVV,+Vn,, where Vn, is an ARIMA(1,0,0) error and
Z,~WN(0,8%). This is equivalent to fitting the model X, = yV, +n,, where n, is an
ARIMA(1,1,0) error and Z,~WN (0, §2).

The auto.arima() function can be used to automatically find a suitable ARIMA model. The
function uses a combination of unit root tests and minimization of the AIC, AlCc or BIC to
find a suitable ARIMA model. Unit root tests are applied for determining the number of
differences, while goodness of fit statistics are used for choosing the values of p and g. In this
thesis, auto.arima() is used for comparison purposes. The main analysis for finding suitable

ARIMA models is based on manual analysis and usage of Arima() function.

Methods for checking residuals are conveniently integrated into one function checkresiduals(),
which will produce a time plot, ACF plot and histogram of the residuals, and do a Ljung-Box
test with the correct degrees of freedom.

Once a suitable time series model is found, forecast() function can be used for generating

forecasts and their confidence intervals.
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3 Empirical Study

In this section different time series analysis methods were applied on the financial institution’s
savings deposits volume. The models with exogenous variables included Stibor 1-month,
consumer confidence indicator (CCI), purchasing managers’ index (PMI), gross domestic

product (GDP), housing price index (HPI) and quantitative easing (QE).

In paragraph 3.1 the data under analysis is described. In the next two paragraphs, different
time series models are fitted and validated. In paragraph 3.4, the summary of the results is

presented.

3.1 Data

The financial institution offers a wide range of deposit products based on different
characteristics like maturity and interest. Overview of the characteristics is brought out in
Table 3.

Table 3: Characteristics of the deposits offered by the financial institution

Deposit type Characteristics

Transaction account 0% interest rate, no maturity, option to add and withdraw money

without a fee, physical card linked to the account

Savings deposit Administratively set interest rate, no maturity, option to add and
withdraw money without a fee, no physical card linked to the

account

Term deposit Fixed interest rate, defined maturity, no option to add or withdraw
money without a fee, no physical card linked to the account

Different deposit types and customer segments in the financial institution are assumed to
behave differently, and therefore, separate deposit volume models are needed to be

implemented. This thesis is focusing on savings deposits from private customers.

To evaluate forecasting accuracy, the datasets were divided into training and test set. The

training set covers period from 2011 until 2020 and the test set period of 2021.
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Savings deposits’ volume

As a first step, the volumes of savings deposits were analysed. The data was retrieved from the
financial institution’s data warchouse and consisted of end of month volumes from January
2011 until December 2021. For business purposes, the volumes were indexed. From Figure 4

it can be seen that there is a positive trend, no cyclicity and no apparent seasonality.

d
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— ftraining

100 7

2012 2014 2016 2018 2020 2022
Time
Figure 4: Savings deposits’ volumes from January 2011 until December 2021. January 2011 =
100.

Explanatory variables

In the financial institution, the deposit rate for savings deposits is mainly administratively set
and linked to market rate. Therefore, the first exogenous variable included in the analysis was
Stibor 1-month which was used as proxy for deposit rate. The data was retrieved from
Sveriges Riksbank (2022b) and Swedish Financial Benchmark Facility (2022) websites and
consisted of monthly average values from January 2011 until December 2021 (see Figure 5).
One can see that there is a negative trend during 2012 and 2016, but no apparent seasonality.
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Figure 5: Stibor 1-month values from January 2011 until December 2021

The second explanatory variable was Sweden’s consumer confidence indicator. The data was
taken from Eurostat database (2022b) and included monthly values from January 2011 until
December 2021. By looking at Figure 6, it can be seen that except from the period in the

beginning of 2020, the series is stationary — no overall trend, cyclicity nor seasonality.
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Figure 6: Sweden's consumer confidence indicator from January 2011 until December 2021
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The next independent variable was Sweden’s purchasing managers’ index. The observations
were retrieved from Swedbank database (2022) and contained monthly values of PMI
manufacturing and PMI services from January 2011 until December 2021 (see Figure 7).

Except from the period in the beginning of 2020, the series are stationary.
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Figure 7: Sweden’s purchasing managers’ indexes from January 2011 until December 2021

The fourth independent variable in interest was Sweden’s gross domestic product in constant
prices. The observations were retrieved from the database of Statistics Sweden (2022) and

consisted of quarterly values from Q1 2011 until Q4 2021. The data was transformed to
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monthly by multiplying the quarterly value by share of the month. For example, if the number
of days in Q1 2011 was 90, then GDPs for January, February and March was calculated as

31
GDPjan 2011 = GDPyq 2011 * 90’
28
GDPrep 2011 = GDPy1 2011 * 5
90
31
GDPyar 2011 = GDPQl 2011 * %

Figure 8 shows that there is a positive trend and an evident seasonality.
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Figure 8: Sweden’s gross domestic product from January 2011 until December 2021

The next explanatory variable included in the thesis was Sweden’s house price index. The data
was retrieved from Eurostat (2022a) database and included quarterly values from Q1 2011
until Q4 2021. The quarterly data was interpolated to monthly. From Figure 9 one can see that

there is an overall positive trend with no seasonal component.
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Figure 9: Sweden’s house price index from January 2011 until December 2021. Year 2010 =
100.

Last hypothesis was that quantitative easing has impact on savings volumes. Sveriges
Riksbank had been purchasing large-scale asset from the end of 2014. The volumes of the
holdings of government bonds were retrieved from Sveriges Riksbank’s (2022a) website and
consisted of quarterly values from Q4 2014 until Q4 2021. The quarterly data was transformed
to monthly similarly to GDP - multiplying the quarterly values by share of the month. Figure
10 shows that during the years 2015 and 2017 quantitative easing increased rapidly and after

that slowed down.
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Figure 10: The Riksbank’s total holdings of government bonds from January 2011 until
December 2021

3.2 Modelling

In this section time series models are tried out and compared, with the purpose of finding the
most appropriate model for forecasting savings deposits. The input information, e.g. ACF and
PACF plots, for selecting the models are pointed out in appendices. The best models are

chosen based on the Ljung-Box test and goodness of fit statistics (AIC, AlCc, BIC).

3.2.1 Holt and Holt-Winters

The first methods investigated in the thesis were Holt’s linear trend method and Holt-Winters’
seasonal method, which are simple time series techniques appropriate for data with a trend.
From Figure 4 it was seen that savings deposits have a positive trend, but no evident

seasonality. Therefore, Holt’s linear trend method was applied. The forecasting equation is
Xe+nie = le + beh,
where
I, = 0.9947x, + 0.0053(l,_; + bs_1),
b, = 0.1048(l, — l,_,) + 0.8952b,_,.

The AIC, AlICc and BIC values were accordingly 569.7120, 570.2383 and 583.6494.
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3.2.2 ARIMA model

Figure 4 showed that the time series of savings volumes is not stationary and differencing is
needed. After first order differencing, the series had evident seasonal component. Due to that,
an additional seasonal difference was taken after which the series is stationary. The results are

shown in Figure 11.
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Figure 11: First order and seasonally differenced savings deposits

The next step was to find appropriate ARIMA models based on the sample ACF and PACF.
The significant spikes at lag 1 and 2 in the ACF suggested ARIMA(0,1,2)(0,1,0)5.
Although, the p-value of Ljung-Box test was over 0.05, the 12 lag of ACF of the fitted model
was outside the confidence interval, indicating the usefulness of a seasonal term. Therefore,
ARIMA(0,1,2)(0,1,1),, was tried out as well.

The next group of models in interest were ARIMA models with AR component. The PACF
showed significant spikes at lag 1 and 12 and therefore both ARIMA(1,1,0)(0,1,0),, and
ARIMA(1,1,0)(1,1,0),, were fitted.

Finally, the models with combination of MA and AR components were tried out. The
comparison of the models based on Ljung-Box test and goodness of fit statistics is

summarized in Table 12.
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Table 12: Comparison of fitted models for savings deposits

Model p-value of L-B test AIC AlCc BIC
ARIMA(0,1,2)(0,1,0), 0.0511 240.38 240.61 248.4
ARIMA(0,1,2)(0,1,1), 0.4384 227.81 228.20 238.5
ARIMA(1,1,0)(0,1,0), 0.1535 235.34 235.45 240.68
ARIMA(1,1,0)(1,1,0), 0.2391 223.02 223.25 231.04
ARIMA(1,1,0)(0,1,1);, 0.5157 221.46 221.69 229.48
ARIMA(1,1,1)(0,1,1), 0.5877 221.84 222.23 232.53
ARIMA(1,1,2)(0,1,1), 0.4913 221.29 221.88 234.65
ARIMA(0,1,1)(1,1,0),, 0.1486 228.94 229.18 236.96
ARIMA(1,1,1)(1,1,0)4, 0.3308 223.29 223.69 233.99
ARIMA(1,1,1)(1,1,1),, 0.4772 223,51 224.1 236.87
ARIMA(1,1,2)(1,1,1),, 0.3868 222.97 223.81 239.01

The best model with lowest goodness of fit statistics and high p-value of Ljung-Box test was
ARIMA(1,1,0)(0,1,1)15:

Xe=A+a)(Xeo1 — Xea3) =00 (Xpmp = Xpo1a) + Xe12 + Ze + B1 Zi—12
= 15227(Xt—1 - Xt—13) - 05227(Xt—2 - Xt—14-) + Xt—lZ + Zt
- O.5023Zt_12,

where X, is savings deposits’ volume at time t and Z,~WN(0, 0.65762).

3.2.3 ARIMAX model

Stibor 1-month

In order to fit ARIMAX model to savings deposits, the first step was to estimate linear
regression. In Figure 5 it was seen that Stibor 1-month is not stationary. According to the unit
root tests and review of ACF and PACF plot, the series was stationary after first difference

(see Figure 13).
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Figure 13: First order and seasonally differenced savings deposits compared to differenced

values of Stibor 1-month
The initial estimated linear regression model with stationary variables was
VVi,X, = —1.3339VV, + 1,

where VV,, X, is first order and seasonally differenced savings deposits’ volume at time ¢, VV;
is first order differenced Stibor 1-month value at time t and 7, is model residual at time t. The
residuals from linear regression model were stationary and based on the sample ACF and

PACF, several ARIMA models were fitted. The results are summarized in Table 14.

Table 14: Comparison of fitted models for residuals from linear regression model with Stibor

1-month
Model p-value of L-B test AIC AlCc BIC
ARIMA(0,0,2)(0,0,0)4, 0.1408 242.09 242.49 252.79
ARIMA(0,0,2)(0,0,1)4, 0.4414 229.61 230.2 242.97
ARIMA(1,0,0)(0,0,0)4, 0.1722 237.25 237.48 245.27
ARIMA(1,0,0)(1,0,0)4, 0.2921 224.96 225.35 235.65
ARIMA(1,0,0)(0,0,1)4, 0.5117 223.45 223.85 234.15
ARIMA(1,0,1)(0,0,1);, 0.5297 223.77 224.36 237.13
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ARIMA(1,0,2)(0,0,1),, 0.5284 222.24 223.08 238.27
ARIMA(0,0,1)(1,0,0),, 0.1703 230.76 231.15 241.45
ARIMA(1,0,1)(1,0,0),, 0.3467 225.27 225.86 238.63

One of the suitable models was linear regression with ARIMA(1,0,2)(0,0,1),, errors
VV.,X; = 0.4574VV, + 1,,

Where T]t = 0979777t—1 + Zt - 05213Zt—1 - 02686Zt_2 - 0.64‘56Zt_12 + 0.3366Zt_13 +
0.1734Z,_,, and Z,~WN(0, 0.64252).

Consumer confidence index

The CCI graph in paragraph 3.1 showed that the indicator is stationary. From Figure 15 it can
be seen that the differenced savings volumes tend to have negative relation to CCI.
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Figure 15: First order and seasonally differenced savings deposits compared to consumer

confidence index
The initially fitted linear regression model was

VV]_th = _0'0993Vt + T’t,

33



where VV, X, is first order and seasonally differenced savings deposit volume at time t, V; is
consumer confidence index at time t and 7, is model residual at time t. The residuals n; were
stationary. Based on the ACF and PACF plot, different ARIMA models were fitted to the
residuals from linear regression model. The summary of the results is shown in Table 16.

Table 16: Comparison of fitted models for residuals from linear regression model with CCI

Model p-value of L-B test AIC AlCc BIC
ARIMA(0,0,3)(0,0,0), 0.0988 234.89 235.48 248.25
ARIMA(0,0,3)(0,0,1)1, 0.5965 224.52 225.36 240.56
ARIMA(1,0,0)(0,0,0);, 0.1191 232.65 232.89 240.67
ARIMA(1,0,0)(1,0,0), 0.2380 221.35 221.74 232.04
ARIMA(1,0,0)(0,0,1), 0.4712 221.58 221.98 232.28
ARIMA(1,0,1)(0,0,1), 0.5449 221.67 222.26 235.03
ARIMA(0,0,1)(1,0,0), 0.1190 226.34 226.73 237.03
ARIMA(1,0,1)(1,0,0), 0.3220 221.29 221.89 234.66

Linear regression with ARIMA(1,0,0)(1,0,0),, errors was showing the best results. The

formula is

VV X = —0.0688V; + n,,
where 1, = 0.4712n,_4 — 0.4265n;_1, + 0.20107,_13 + Z; and Z,~WN(0, 0.65692).
Purchasing managers’ index

Figure 7 showed that PMI manufacturing and PMI services are both stationary and have had
quite similar values during the time scope of this thesis. Further on, only PMI services is used
as the linear regression was showing slightly better results. The comparison of differenced

savings volumes and PMI services is shown in Figure 17.
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Figure 17: First order and seasonally differenced savings deposits compared to purchasing

managers index (services)

The initial linear regression model was

VV,,X, = 0.0033V, +17,,

where VV,X; is first order and seasonally differenced savings deposit volume at time t, V; is

purchasing managers index (services) at timet and n, is model residual at time t. The

residuals from the model were stationary. Based on the sample ACF and PACF, several

models were fitted to the residuals from linear regression model. The results are summarized

in Table 18.

Table 18: Comparison of fitted models for residuals from linear regression model with PMI

Model p-value of L-B test AIC AlCc BIC
ARIMA(0,0,1)(0,0,0), 0.0777 239.38 239.61 247.39
ARIMA(0,0,1)(0,0,1);, 0.3281 221.96 222.35 232.65
ARIMA(1,0,0)(0,0,0);, 0.2061 235.27 23551 243.29
ARIMA(1,0,0)(1,0,0);, 0.3856 221.71 222.10 232.40
ARIMA(1,0,0)(0,0,1);, 0.7279 217.7 218.09 228.39
ARIMA(1,0,1)(0,0,1);, 0.7270 219.40 220.00 232.77
ARIMA(0,0,1)(1,0,0);, 0.1546 225.43 225.82 236.12
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ARIMA(1,0,1)(1,0,0);, 0.3220 222.99 ‘ 223.59 ‘ 236.36

One of the best models was linear regression with ARIMA(1,0,0)(0,0,1),, errors
VVi,X, = 0.0027V, + 7;,

where n, = 0.45171,_, + Z; — 0.5935Z,_,, and Z,~WN(0, 0.63752).

Gross domestic product

In paragraph 3.1 it was seen that GDP is not stationary time series. Results of unit root tests
and review of the sample ACF and PACF suggested taking both regular and seasonal

difference. The differenced volumes of GDP can be seen in Figure 19.
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Figure 19: First order and seasonally differenced savings deposits compared to first order and

seasonally differenced volumes of GDP

As both savings deposits and GDP are stationary after first order and seasonal difference, the
linear regression can be assigned to original values and differences can be taken from the

model residuals. Thus, the estimated linear regression model was

Xt == O.3204Vt + T]t,
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where X, is savings deposit volume at time ¢, V; is GDP at time t and 5, is model residual at
time t. The residuals from linear regression were stationary after first order and seasonal

difference.

As a first step, ARIMA(0,1,1)(0,1,0);, was fitted to the model residuals. The p-value of
Ljung-Box test was below 0.05 and there were significant spikes at lags 2 and 12 in the ACF
plot of the residuals from the fitted model. Therefore, ARIMA(0,1,3)(0,1,1),, was tried out

as well.

Next, ARIMA(1,1,0)(0,1,0),, was fitted. There was a significant spike at lag 12 in the PACF
plot of the residuals and due to that ARIMA(1,1,0)(1,1,0),, was tried.

Finally, the models with combination of MA and AR components were tried out. The
comparison of the models based on Ljung-Box test and goodness of fit statistics is

summarized in Table 20.

Table 20: Comparison of fitted models for residuals from linear regression model with GDP

Model p-value of L-B test AlC AlCc BIC
ARIMA(0,1,1)(0,1,0),, 0.0240 240.19 240.42 248.21
ARIMA(0,1,3)(0,1,1),, 0.5857 225.43 226.27 241.46
ARIMA(1,1,0)(0,1,0),, 0.0541 234.49 234.72 242 50
ARIMA(1,1,0)(1,1,0);, 0.3297 221.61 222.00 232.30
ARIMA(1,1,0)(0,1,1);, 0.4914 221.01 221.40 231.70
ARIMA(1,1,1)(0,1,1), 0.4484 220.72 221.32 234.09
ARIMA(2,1,1)(0,1,1)4, 0.6337 219.89 220.73 235.93
ARIMA(1,1,1)(1,1,0), 0.3515 220.95 22154 234.31

Linear regression with ARIMA(2,1,1)(0,1,1),, errors was having the lowest goodness of fit

statistics and highest p-value of Ljung-Box test. The formula is
X, = —0.0147V, + 1,

where

37



Ne = 2.3210(1¢—1 — Ne-13) — 1.6542(N¢—2 — Ne—14) + 0.3332(N¢—3 — Me—15) + Ne—12 + Z¢
- O8926Zt_1 - 0.5812Zt_12 + 0.5188Zt_13

and Z,~WN(0, 0.64092).
House price index

Figure 9 showed that house price index is not stationary time series. Unit root tests and review
of ACF and PACF plot implied taking first order and seasonal difference. The differenced
volumes of HPI can be seen in Figure 21.
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Figure 21: First order and seasonally differenced savings deposits compared to first order and

seasonally differenced values of house price index
Similarly to GDP, the first step was to fit linear regression with non-differenced values
X, = 0.9380V, + n,,

where X; is savings deposit volume at time t, V; is house price index at time t and n; is model
residual at time t. After that, first order and seasonal difference was taken from the model
residuals n,. Several models were fitted, and the comparison of the models based on Ljung-

Box test and goodness of fit statistics is summarized in Table 22.
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Table 22: Comparison of fitted models for residuals from linear regression model with house

price index

Model p-value of L-B test AlC AlCc BIC
ARIMA(0,1,1)(0,1,0)1, 0.0226 241.29 241.52 249.31
ARIMA(0,1,2)(0,1,0)1, 0.0696 240.86 241.25 251.55
ARIMA(0,1,3)(0,1,0)1, 0.0873 239.11 239.7 252.47
ARIMA(0,1,1)(0,1,1)1, 0.2843 227.99 228.38 238.68
ARIMA(0,1,2)(0,1,1)1, 0.4314 227.16 227.75 240.52
ARIMA(0,1,3)(0,1,1),, 0.6526 225.25 226.09 241.29
ARIMA(1,1,0)(0,1,0), 0.1197 235.98 236.21 244
ARIMA(1,1,0)(1,1,0),, 0.2350 223.22 223.61 233.91
ARIMA(1,1,1)(0,1,0), 0.1262 237.47 237.86 248.16
ARIMA(1,1,0)(0,1,1),, 0.5357 221.67 222.06 232.36
ARIMA(1,1,1)(0,1,1),, 0.6118 222.68 223.28 236.05
ARIMA(0,1,1)(1,1,0), 0.1508 227.64 228.03 238.33
ARIMA(1,1,1)(1,1,0),, 0.3076 224.26 224.86 237.63

One of the best models was linear regression with ARIMA(1,1,0)(0,1,1),, errors
X, = 0.2141V; +7,,

Where r’t = 1-4995(77t—1 - nt—13) - 0'4995(nt—2 - T]t_14_) + nt—lz + Zt - 0.50482{:_12 and
Z:~WN(0, 0.65492).

Quantitative easing

In Figure 10 it was seen that quantitative easing is non-stationary time series. The series was

stationary after first order and seasonal difference (see Figure 23).
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Figure 23: First order and seasonally differenced savings deposits compared to first order and

seasonally differenced values of quantitative easing

The estimated linear regression model with non-differenced variables was

Xt = 1'4514Vt + T’t’

where X, is savings deposit volume at time t, V; is quantitative easing at time t and n; is

model residual at time t. The residuals from linear regression model were stationary after first

order and seasonal difference. Multiple models were fitted, and the comparison of the statistics

is summarized in Table 24.

Table 24: Comparison of fitted models for residuals from linear regression model with QE

Model p-value of L-B test AlC AlCc BIC
ARIMA(0,1,1)(0,1,0), 0.0490 242.9 243.13 250.92
ARIMA(0,1,3)(0,1,1),, 0.6119 227.38 228.22 243.42
ARIMA(1,1,0)(0,1,0)4, 0.1274 237.33 237.56 245.35
ARIMA(1,1,0)(1,1,0)4, 0.1958 225.02 22541 235.71
ARIMA(1,1,0)(0,1,1)4, 0.4283 223.40 223.79 234.09
ARIMA(2,1,1)(0,1,1)4, 0.5915 222.48 223.32 238.52
ARIMA(0,1,1)(1,1,0)4, 0.1180 230.94 231.34 241.64
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Linear regression with ARIMA(2,1,1)(0,1,1),, errors was showing the best results. The

formula is
X, = 0.0046V; + n;,

where

Ne = 2.3645(N—1 — Ne—13) — 1.7359(Nt—2 — Nr—14) + 0.3714(Mr_3 — Np—15) + Ne—12 + Z4
- O.9200Zt_1 - 0.6267Zt_12 + 0-5766Zt_13

and Z,~WN(0, 0.64532).
Stibor 1-month, CCI and GDP

In addition to ARIMAX models with single regressor, models with multiple independent
variables were also tried out. To find the appropriate list of variables to the linear regression, a
stepwise procedure using p-values was performed. The variables in the final model with p-
value less than 0.05 were Stibor 1-month, consumer confidence indicator and gross domestic

product. The estimated simple linear regression was
VVi,Xe = —1.6555VVsipor e — 0.0881Vcc; — 0.0244VV 1, Vippr + 1t

where VV,,X; is first order and seasonally differenced savings deposit volume at time t,
VVtivore 1s Tirst order differenced Stibor 1-month value at timet, Vg, is consumer
confidence indicator at time ¢, VV,,V;pp . is first order and seasonally differenced volume of
GDP and 7, is model residual at time t. The residuals from linear regression model were
stationary. Based on ACF and PACF plots, different models were fitted, and the comparison
of the models based on Ljung-Box test and goodness of fit statistics is summarized in Table
25.

Table 25: Comparison of fitted models for residuals from linear regression model with Stibor
1-month, CCl and GDP

Model p-value of L-B test AIC AlCc BIC
ARIMA(0,0,1)(0,0,0), 0.0437 238.08 238.67 251.44
ARIMA(0,0,1)(0,0,1), 0.2709 229.11 229.95 245.14
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ARIMA(1,0,0)(0,0,0),, 0.0512 233.88 234.47 247.24
ARIMA(1,0,0)(1,0,0),, 0.3216 221.99 222.83 238.03
ARIMA(1,0,0)(0,0,1),, 0.4026 223.08 223.92 239.11
ARIMA(1,0,1)(0,0,1),, 0.3631 222.52 223.65 241.23
ARIMA(0,0,1)(1,0,0),, 0.2297 226.83 227.67 242.87
ARIMA(1,0,1)(1,0,0),, 0.3132 221.34 222.48 240.05

Linear regression with ARIMA(1,0,0)(1,0,0),, errors was having the lowest AIC and AlCc,

and highest p-value of Ljung-Box test. The formula is

UV X, = —0.3905VVsiip0re — 0.0611Vee; ; — 0.0161VV,Vepp o + 1,
where 17, = 0.4526m,_, — 0.42951,_,, + 0.1944n,_,5 + Z, and Z,~WN(0, 0.65292).
PMI and GDP

As it was seen, the ARIMAX model with Stibor 1-month, CCI and GDP was not having better
goodness of fit statistics than some of the ARIMAX models with single regressor variable.
Therefore, additional model with multiple regressors was tried out. As ARIMAX model with
PMI services was showing good results, several models with combination of this variable were
fitted. The best one was with purchasing managers’ index (services) and gross domestic

product. The estimated simple linear regression was
VV.,X, = 0.0034Vpy; . — 0.0260VV,,Vspps + 15,

where VV4, X, is first order and seasonally differenced savings deposit volume at time t, Vp; ¢
is purchasing managers index at time t, VV,V;pp, is first order and seasonally differenced
volume of GDP and 7, is model residual at time t. The residuals from linear regression model
were stationary. Based on the sample ACF and PACF, several models were fitted to the

residuals. The results are summarized in Table 26.
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Table 26: Comparison of fitted models for residuals from linear regression model with PMI
and GDP

Model p-value of L-B test AIC AlCc BIC
ARIMA(0,0,2)(0,0,0), 0.0550 238.05 238.64 251.41
ARIMA(0,0,2)(0,0,1)1, 0.4689 221.24 222.08 237.28
ARIMA(1,0,0)(0,0,0), 0.0770 234.18 234.57 244.87
ARIMA(1,0,0)(1,0,0)1, 0.4651 219.97 220.56 233.33
ARIMA(1,0,0)(0,0,1)1, 0.6777 217.29 217.88 230.65
ARIMA(1,0,1)(0,0,1), 0.6451 218.73 219.57 234.77
ARIMA(0,0,1)(1,0,0), 0.1980 223.9 224.49 237.26
ARIMA(1,0,1)(1,0,0), 0.4558 220.72 221.56 236.76

The best model was linear regression with ARIMA(1,0,0)(0,0,1),, errors
VVlZXt = 0'0028VPMI,t - 0'0135VV12VGDP,t + nt,
Where Ne = 04‘4‘57771-_1 + Zt - O.5597Zt_12, Zt’"WN(O, 063552)

3.3 Validation

In this section the accuracy of the models from chapter 3.2 was examined. For this purpose,

the savings deposits’ volumes from the test period were compared to the model forecasts.
Holt and Holt-Winters

The first time series method investigated was the Holt’s linear trend method. As it was shown

in paragraph 3.2.1, the h-step-ahead forecast X, is calculated as the last estimated level [,

plus h times the last estimated trend b;. Therefore, the forecasts are a linear function of h (see
Figure 27).
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Figure 27: The actual savings deposits’ volumes compared to the forecasts from Holt’s linear

trend method, 80% and 95% ClI
ARIMA model
The forecasting formula for ARIMA(1,1,0)(0,1,1), is
Xev1 = 1.5227(Xy — Xi_12) — 0.5227 (Xp—q — Xp—13) + Xe—11 + Zp4q — 0.5023Z,_4;.
For example, the prediction for January 2021 was

X}an 2021 = 1-5227()(Dec 2020 — XDec 2019) - 0-5227(XN017 2020 — XNov 2019) + X]an 2020

+ Z]an 2021 — 0.5023Z)41 2020
= 1.5227(180.6125 — 162.5998) — 0.5227(179.1499 — 162.1103)

+ 163.3414 — 0.5023 - 0.6882 = 181.5171,

while the actual value was 181.3418. The 80% and 95% prediction intervals for the same

period were accordingly

Rjan 2021 T 1.2824/012 = 181.5171 + 1.282 - 0.6576 = 181.5171 + 1.2890,

Ran 2021 T 1.960y/0,% = 181.5171 £ 1.960 - 0.6576 = 181.5171 + 0.8430.
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Hence, the actual value stayed within the confidence intervals. All the values from the test
period compared to the model forecasts can be seen in Figure 28. The confidence intervals

from ARIMA models with d > 1 and/or D > 1 increase in time.
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Figure 28: The actual savings deposits’ volumes compared to the forecasts from

ARIMA(1,1,0)(0,1,1),, 80% and 95% Cl

ARIMAX models

Stibor 1-month

The prediction formula for linear regression with Stibor 1-month and ARIMA(1,0,2)(0,0,1)1,

errors is

VY, X411 = 0.4574VV,,, + 0.9797n, + Z;., — 0.5213Z, — 0.2686Z,_, — 0.6456Z,_1,
+0.3366Z_15 + 0.1734Z,_43.

In case the actual values of Stibor 1-month were used, the point forecast for January 2021 was

VleXA]an 2021 = 0-4574V‘7jan 2021 + 0.9797Npec 2020 + 0 — 0.5213Zp e 2020
— 0.2686Z 4y 2020 — 0.6456Z )4y, 2020 + 0.3366Zp¢¢ 2019 + 0.1734Z 0y 2019
= 0.4574-0.0538 + 0.9797 - 0.9916 + 0 — 0.5213 - 0.4250
— 0.2686(—0.3653) — 0.6456 - 0.4787 + 0.3366(—0.1729)
+ 0.1734(—0.2921) = 0.4547.
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The observed value was -0.0123. The 80% and 95% prediction intervals for January were

accordingly
Xjan 2021 T 1.282¢/0,2 = 0.4547 £ 1.282 - 0.6425 = 0.4547 + 0.8237,

Ran 2021 T 1.960,/0,% = 0.4547 + 1.960 - 0.6425 = 0.4547 + 1.2593.

Thus, the actual value stayed within the prediction intervals. All the actual values in

comparison of model forecasts are shown in Figure 29.
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Figure 29: The actual differenced savings deposits volumes compared to the forecasts from
linear regression with Stibor 1-month and ARIMA(1,0,2)(0,0,1),, errors, 80% and 95% CI

After converting the differenced savings volumes back to original values, the forecast for

January 2021 was

Xjan 2021 = VV12Xjan 2021 + Xpec 2020 T Xjan 2020 — Xpec 2019

= 0.4547 + 180.6125 + 163.3414 — 162.5998 = 181.8088.
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Figure 30: The actual savings deposits volumes compared to the converted forecasts from
linear regression with Stibor 1-month and ARIMA(1,0,2)(0,0,1),,, errors

Consumer confidence indicator

The formula for calculating forecasts from linear regression with CCI and
ARIMA(1,0,0)(1,0,0),, errors is

VYV, X1 = —0.0688VV,,; + 0.4712n, — 0.4265n,_11 + 0.20101;_15 + Zp41.

In case the observed values of consumer confidence indicator were used, then the forecast for

January 2021 was

VV12)?]an 2021 = —0-0688‘7]an 2021 T 0.47120pec 2020 — 0.42657 41 2020 + 0.20107pec 2019
= —0.0688-2.7 + 0.4712 - 1.0350 — 0.4265 - 0.0543 + 0.2010 - (—1.2418)
= 0.0292

The actual value was -0.0123. All forecasts compared to observed values can be seen in Figure
31.
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Figure 31: The actual differenced savings deposits volumes compared to the forecasts from

linear regression with CCI and ARIMA(1,0,0)(1,0,0),, errors, 80% and 95% CI

After transforming the differenced savings volumes back to original, the forecast for January

2021 was

Xjan 2021 = VV12Xjan 2021 + Xpec 2020 T Xjan 2020 = Xpec 2019

= 0.0292 + 180.6125 + 163.3414 — 162.5998 = 181.3833.
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Figure 32: The actual savings deposits volumes compared to the converted forecasts from

linear regression with CCI and ARIMA(1,0,0)(1,0,0),, errors
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Purchasing managers’ index
The prediction formula for linear regression with PMI and ARIMA(1,0,0)(0,0,1)4, errors is
VY1 Xe41 = 0.0027V,,; + 0.45171, + Z;41 — 0.5935Z,_,.

In case the actual values of purchasing managers’ index were used, the forecast for January

2021 was

VV12Xjan 2021 = 0-0027171an 2021 + 0.4517Npec 2020 — 0-593521an 2020
= 0.0027 - 63.0 + 0.4517 - 0.8092 — 0.5935 - 0.4385 = 0.2753.

In Figure 33 all the values from the test period compared to the model forecasts are shown.
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Figure 33: The actual differenced savings deposits volumes compared to the forecasts from

linear regression with PMI and ARIMA(1,0,0)(0,0,1),, errors, 80% and 95% ClI

By converting the differenced savings volumes back to original, the prediction for January

2021 was

Xjan 2021 = VWV12Xjan 2021 + Xpec 2020 T Xjan 2020 — Xpec 2019

= 0.2753 + 180.6125 + 163.3414 — 162.5998 = 181.6294.
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Figure 34: The actual savings deposits volumes compared to the converted forecasts from

linear regression with PMI and ARIMA(1,0,0)(0,0,1),, errors

Gross domestic product

The forecasting formula for linear regression with GDP and ARIMA(2,1,1)(0,1,1),, errors is

Xepr = —0.0147V; 1y + 2.3210(n; — —12) — 1.6542 (N1 — Ne—13)
+ 0'3332(nt—2 - T’t—14) + T’t—ll + Zt+1 - O.8926Zt - 0.581221:_11
+0.5188Z,_4,.

When using the actual values of gross domestic product, the forecast for January 2021 was

X]an 2021 = _0-0147‘7]an 2021 + 2.3210(Mpec 2020 — Mpec 2019)
— 1.6542(nov 2020 — MNov 2019) + 0.3332(Noct 2020 — Noct 2019) + Mjan 2020
— 0.8926Zpec 2020 — 0.5812Z;4n 2020 + 0.5188Zpec 2010
= —0.0147 - 435.1818 + 2.3210(187.1654 — 169.2590)
—1.6542(185.4914 — 168.5547) + 0.3332(185.1971 — 168.5934)
+ 169.6803 + 0 — 0.8926 - 0.4155 — 0.5812 - 0.5995 + 0.5188(—0.2980)
= 181.4856.

All the observed values in comparison of model forecasts are shown in Figure 35.
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Figure 35: The actual savings deposits volumes compared to the forecasts from linear

regression with GDP and ARIMA(2,1,1)(0,1,1),, errors

House price index
The formula for calculating forecasts from linear regression with HPI and

ARIMA(1,1,0)(0,1,1),, errors is

Xepr = 02141V + 149950 — 1e—12) — 0.4995(1—1 — Ne—13) + Nem11 + Zea
—0.50487,_,,.

In case the observed values of house price index were used, the forecast for January 2021 was

X]an 2021 — 0-2141[7]an 2021 T 1.4995(Mpec 2020 — Mpec 2019) — 0-4995(Mnow 2020

— NNov 2019) + Mjan 2020 Z]an 2021 — 0.5048Z)4, 2020
= 0.2141-170.4347 + 1.4995(144.4313 — 128.2321)
— 0.4995(143.1832 — 127.7756) + 128.8399 + 0 — 0.5048 - 0.5800

= 181.6323.

The actual values in parallel with model forecasts are shown in Figure 36.
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Figure 36: The actual savings deposits volumes compared to the forecasts from linear
regression with HPl and ARIMA(1,1,0)(0,1,1),, errors

Quantitative easing

The forecasting formula for linear regression with QE and ARIMA(2,1,1)(0,1,1),, errors is

Xevq1 = 0.0046V, ;1 + 2.3645(n; — 1—12) — 1364511 — Ne_13) + 0.3714(n¢_; — Me—14)
+ nt—ll + Zt+1 - 0'92002t - O.6267Zt_11 + 0.5766Zt_12.

In case the actual volumes of quantitative easing were used, the forecast for January 2021 was

X]an 2021 = 0-0046‘7]an 2021 1 2.3645(Npec 2020 — NMpec 2019)
— 1.7359(MNov 2020 — Mvov 2019) + 0.3714(Moct 2020 — Noct 2019) + Njan 2020
—0.9200Zpec 2020 — 0.6267Z ;41 2020 + 0.5766Zpec 2019
= 0.0046 - 125.1814 + 2.3645(180.0681 — 162.0678)
—1.7359(178.6231 — 161.5955) + 0.3714(178.0998 — 161.4022)
+ 162.7707 — 0.9200 - 0.4050 — 0.6267 - 0.7019 + 0.5766(—0.3562)
= 181.5337

All the model forecasts in comparison of observed values can be seen in Figure 37.
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Figure 37: The actual savings deposits volumes compared to the forecasts from linear

regression with QE and ARIMA(2,1,1)(0,1,1),, errors
Stibor 1-month, CCI and GDP

The formula for calculating forecasts from linear regression with Stibor 1-month, CCl, GDP

and ARIMA(1,0,0)(1,0,0), errors is

UV Xir1 = —0.3905VVsiipores1 — 0.0611Vc; 141 — 0.0161VV1,Vgpp 41 + 045267,
— 0.42950,_11 + 0.1944n,_15 + Z¢ 1.

When using the actual values of Stibor 1-month, CCI and GDP, the forecast for January 2021

was

VWV12Kjan 2021 = —0.3905VVstipor, jan 2021 — 0.0611Vccs jan 2021 — 0.0161VV1,Vipp an 2021
+ 0.4526Mpec 2020 — 0.42951 145 2020 + 0.19447pec 2019
= —0.3905-0.0539 — 0.0611- 2.7 — 0.0161 - 10.4454 + 0.4526 - 1.0086
—0.4295-0.0067 + 0.1944(—1.2460) = —0.1424.

All the observed values in comparison of model forecasts are shown in Figure 38.
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Figure 38: The actual differenced savings deposits volumes compared to the forecasts from
linear regression with Stibor 1-month, CCI, GDP and ARIMA(1,0,0)(1,0,0),, errors, 80%

and 95% ClI

After transforming the differenced savings volumes back to original values, the forecast for

January 2021 was

Xjan 2021 = VV12Xjan 2021 T Xpec 2020 T Xjan 2020 = Xpec 2019

= —0.1424 + 180.6125 + 163.3414 — 162.5998 = 181.2117.
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Figure 39: The actual savings deposits volumes compared to the converted forecasts from
linear regression with Stibor 1-month, CCI, GDP and ARIMA(1,0,0)(1,0,0),, errors
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PMI and GDP

The forecasting formula for linear regression with PMI, GDP and ARIMA(1,0,0)(0,0,1);,

errors is
UV, Xip1 = 0.0028Vph; 141 — 0.0135VV,Vgpp ppq + 044570, + Zpq — 0.5597Z,_4;.

In case the actual values of PMI services and GDP were used, the point forecast for January
2021 was

vvlz)?]an 2021 = 0.0028Vpp; jan 2021 — 0.0135VV1,Vipp jan 2021 + 044571 pec 2020
— 0.5597Z;4n 2020
= 0.0028 - 63.0 — 0.0135 - 10.4454 + 0.4457 - 0.8032 — 0.5597 - 0.2998
= 0.2233.

All the observed values in comparison of model forecasts are shown in Figure 40.
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Figure 40: The actual differenced savings deposits volumes compared to the forecasts from
linear regression with PMI services, GDP and ARIMA(1,0,0)(0,0,1),, errors, 80% and 95%
Cl

By converting the differenced savings volumes back to original, the prediction for January
2021 was
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X]an 2021 — VleX]an 2021 + XDeC 2020 + X]an 2020 — XDec 2019

= 0.2233 + 180.6125 + 163.3414 — 162.5998 = 181.5774.
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Figure 41: The actual savings deposits volumes compared to the converted forecasts from
linear regression with PMI, GDP and ARIMA(1,0,0)(0,0,1), errors
3.4 Results

In this paragraph the results presented in subsections 3.2-3.3 are summarized.

To evaluate forecasting accuracy, it is important to compare model performance on
completely unseen data, i.e. the test set. Overall, the validations in paragraph 3.3 imply that all
the models were performing well during the test period and that time series models are

appropriate for forecasting deposit volumes. To find the best models, error measures such as
h

1
MAE = zZ'f% — x|

t

and

h
I -
RMSE = Ez(xt —x;)?2
t

56



are used for measuring the accuracy of model forecasts over the test period. MAE measures
the absolute magnitude of errors, while RMSE captures the mean square magnitude of errors
and gives more weight to large deviations such as outliers. The results are presented in Table
42,

Table 42: Error measures for test dataset

Model MAE (X(est) | RMSE (X;est)
Holt 0.590 0.738
ARIMA 0.381 0.458
ARIMAX Stibor 0.488 0.545
CCl 0.599 0.725
PMI 0.488 0.553
GDP 0.641 0.798
HPI 1.148 1.278
QE 0.596 0.757
Stibor, CCI, GDP 0.595 0.742
PMI, GDP 0.490 0.575

By looking at the error metrics, it turns out that the ARIMA model performs the best with
MAE of 0.381 and RMSE of 0.458. One could expect that adding explanatory variables to a
model would increase the accuracy, i.e. lower error measures. However, this is not the case in
this study. ARIMAX models with the best accuracy include Stibor 1-month, purchasing
managers’ index, and combination of purchasing managers’ index and gross domestic product.
All three models have similar error measures with MAE between 0.488-0.490 and RMSE
between 0.545-0.575. The measures are around 20-30% higher than for the ARIMA model.

The least performing model is ARIMAX with house price index with considerably higher
MAE (1.1487) and RMSE (1.278). Moreover, the ARIMAX models fitted in paragraph 3.2 are
more complex compared to the ARIMA model from a perspective of having the necessity of
forecasting explanatory variables first. On the other hand, using transfer function model
instead of ARIMAX would eliminate the need. In some cases, the impact of a predictor in a
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regression model is not straightforward and immediate, and using a model which allows

lagged effects could potentially give better results.

Altogether, ARIMA model was performing very good during the time scope of this thesis
when economy was rising. During economic depression, the model might act differently and
using exogenous variables could be useful. Therefore, additional investigation on possible
predictor variables or concentration on ARIMAX models with combination of several
predictors is recommended. As well, investigation on transfer function models and machine

learning models could be considered.
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Conclusion

With increasing regulatory supervision, financial institutions are required to carefully monitor
their liquidity risk. Forecasting deposit volumes allows financial institutions to improve their

risk assessment and allocate funds more efficiently with regards to maturity.

The objective of the thesis was to conduct an empirical study to find the best model to forecast
the volume of savings deposits of one undisclosed financial institution in Sweden. Time series
models such as Holt, ARIMA and ARIMAX were applied to the deposit volumes. The
explanatory variables included in ARIMAX models were Stibor 1-month, consumer
confidence indicator, purchasing managers’ index, gross domestic product, house price index
and quantitative easing. Results imply that ARIMA(1,1,0)(0,1,1),, model performs the best,
resulting in approximately 20% lower errors measures compared to the best three ARIMAX
models — Stibor 1-month, purchasing managers’ index, and combination of purchasing

managers’ index and gross domestic product.

The thesis has provided insight to how accurate some macroeconomic measures are in
forecasting savings volumes. As ARIMAX models were not showing better accuracy than
regular ARIMA model, then further research could include additional variables or focus more
on ARIMAX models with combination of several explanatory variables. Secondly,
investigation on transfer function models or more advanced modelling techniques, like
machine learning models, could be considered. It would be interesting to see if the accuracy is
higher compared to the time series models proposed and investigated in this study. In addition,
future study could analyse corporate customers’ savings deposits. This part of the portfolio is

presumed to act differently to the changes in the market and economic variables.
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Appendixes

Appendix 1. Selection of ARIMA model

The following figures and R outputs illustrate how the best ARIMA model was chosen.
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Figure X: First order differenced savings deposits, ACF and PACF plots
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Figure X: First order and seasonally differenced savings deposits, ACF and PACF plots

R output of ARIMA(1,1,0)(0,1,1),, model:

series: savings_ts
ARIMA(1,1,0)(0,1,1)[12]

Coefficients:
arl smal
0.5227 -0.53023
s.e. 0.0850 0.1126

sigmar2 estimated as 0.4325: log likelihood=-107.73
AIC=221.46 AICC=221.69 BIC=229.48
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Residuals from ARIMA(1,1,0)(0,1,1)[12]
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Figure X: Residuals from ARIMA(1,1,0)(0,1,1),
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Appendix 2. Selection of ARIMAX model with Stibor 1-month
The following figures and R outputs illustrate how the best ARIMAX model was chosen.

R output of linear regression with Stibor 1-month:

call:

tsIm(formula = diff{diff{savings_ts, 12)) ~ window(diff{rates_ts),
start = c{2012, 2)) - 1)

Residuals:
Min 10 Median E14] Max

-2.1296 -0.2165 0.1403 0.4762 4.4810

cCoefficients:

Estimate std. Error t value Pri=|t])

window(diff(rates_ts), start = c{2012, 2)) -1.333¢9 0.8653 -1.542 0.126
Residual standard error: 0.8102 on 106 degrees of freedom
Multiple R-squared: 0.02193, adjusted R-squared: 0.0127
F-statistic: 2.376 on 1 and 106 DF, p-value: 0.1262
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Figure X: Residuals from linear regression model with Stibor 1-month, ACF and PACF plots

66



R output of linear regression with Stibor 1-month and ARIMA errors:

series: difF(diff(savings_ts, 12%)
Regression with ARIMA(L1,0,2)(0,0,1)[12] errors

coefficients:

arl mal maz smal Xreg
0.9797 -0.5213 -0.2686 -0.6456 0.4574
s.e. 0.0380 0.1065 0.1083 0.1240 0.4254

sigmar2 estimated as 0.4128: Tog Tikelihood=-105.12
ATC=222.24 AICC=223.08 BIC=238.27

Residuals from Regression with ARIMA(1,0,2)(0,0,1)[12] errors
4_
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Figure X: Residuals from linear regression model with Stibor 1-month and
ARIMA(1,0,2)(0,0,1),, errors
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Appendix 3. Selection of ARIMAX model with CCI

The following figures and R outputs illustrate how the best ARIMAX model was chosen.

R output of linear regression with consumer confidence indicator:

call:

tsIm{formula = diff(diff(savings_ts, 12)) ~ window(cci_ts, start = c(2012,
2)) - 1)

Residuals:
Min 10 Median 3qQ Max

-2.1054 -0.1866 0.1478 0.477 3.9148

Coefficients:
Estimate std. Error t© wvalue Pr(=|t|)
window(cci_ts, start = c(2012, 2)) -0.09933 0.03358 -2.958 0.00382 #*

signif. codes: @ “**%*' 0,001 ‘**' 0.01 “*° 0.05 *." 0.1 °* "1

Residual standard error: 0.7874 on 106 degrees of freedom
Multiple R-squared: 0.07627, Adjusted R-squared: 0.06755
F-statistic: 8.7532 on 1 and 106 DF, p-value: 0.003815
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Figure X: Residuals from linear regression model with consumer confidence index, ACF and
PACF plots
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R output of linear regression with consumer confidence indicator and ARIMA errors:

series: diff(diff(savings_ts, 12))
Regression with ARIMA(1,0,0)(1,0,0)[12] errors
Coefficients:
arl sarl Xreg
0.4712 -0.4265 -0.0688
s.e. (0.0860 0.1096 0.0357

sigmar? estimated as 0.4316: Tog Tikelihood=-106.68
AIC=221. 35 ATCC=221.74 BIC=232.04

Residuals from Regression with ARIMA(1,0,0)(1,0,0)[12] errors
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Figure X: Residuals from linear regression model with CCI and ARIMA(1,0,0)(1,0,0),,

errors
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Appendix 4. Selection of ARIMAX model with PMI

The following figures and R outputs illustrate how the best ARIMAX model was chosen.

R output of linear regression with PMI manufacturing:

call:

tsIm(formula = diff(diff(savings_ts, 12)) ~ window(pmi_ts, start = c(2012,
2)) - 1)

Residuals:
Min 10 Median Ela] Max

-2.3667 -0.3862 0.0030 0.2900 4.2604

Coefficients:

Estimate std. Error T value Pri=|t]|)
window(pmi_ts, start = c(2012, 2)}) 0.003376 0.001433 2.356 0.0203 *

signif. codes: 0O “#*%*¥' 0,001 ***' Q.01 **' Q.05 *." 0.1 * " 1
Residual standard error: 0.7986 on 106 degrees of freedom

Multiple R-squared: 0.04977, Adjusted R-squared: 0.0408
F-statistic: 5.5532 on 1 and 106 DF, p-value: 0.0203

R output of linear regression with PMI services:

call:

tsIm(formula = diff(diff(savings_ts, 12)) ~ window(pmi2_ts, start = c(2012,
2)) - 1)

Residuals:
Min 10 ™edian 30 Max

-2.3727 -0.3916 0.0082 0.2828 4.2527

Coefficients:

Estimate std. Error t value pri=|t|)
window(pmi2_ts, start = c(2012, 2)) 0.003341 0.001396 2.393 0.0185 *

signif. codes: 0 *¥**%' 0,001 ‘%%’ Q.01 “*' 0.05 *." 0.1 * " 1
Residual standard error: 0.798 on 106 degrees of freedom

Multiple R-squared: 0.053124, adjusted R-squared: 0.04229
F-statistic: 5.724 on 1 and 106 DF, p-value: 0.01849
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Figure X: Residuals from linear regression model with PMI services, ACF and PACF plots

R output of linear regression with PMI and ARIMA errors:

series: diff(diff(savings_ts, 12))
Regression with ARIMA(1,0,0)(0,0,1)[12] errors

coefficients:
arl smal xreg
0.4517 -0.5935 0.0027
s.e. 0.0865 0.1187 0.0010

sigmar2 estimated as 0.4064: Tlog likelihood=-104.85
AIC=217.7 AICC=218.09 BIC=228.39
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Residuals from Regression with ARIMA(1,0,0)(0,0,1)[12] errors

2012 2014 2016 2018 2020

==

|0 ]

12 24 36 -2 0 2
Lag residuals

Figure X: Residuals from linear regression model with PMI services and
ARIMA(1,0,0)(0,0,1),, errors
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Appendix 5. Selection of ARIMAX model with GDP

The following figures and R outputs illustrate how the best ARIMAX model was chosen.
R output of linear regression with GDP:

call:
tsIm(formula = savings_ts ~ gdp_ts - 1)

Residuals:
Min 10 Median 30 Max
-28.825 -19.828 -6.934 15.665 54.819

Coefficients:
Estimate std. Error t value Pri=|t|)
gdp_ts 0.32038 0.004594 64. 86 <2e-16 #%%

Signif. codes: © "##*' 0.001 ‘*+=' 0.01 ‘*' 0.05 '." 0.1 ° " 1
Residual standard error: 21.39 on 119 degrees of freedom

Multiple R-squared: ©0.9723, Adjusted R-squared: 0.9723
F-statistic: 4207 on 1 and 119 DF, p-value: < 2.2e-16
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Figure X: Residuals from linear regression model with GDP, ACF and PACF plots
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Figure X: Residuals from linear regression model with GDP after first order difference and

seasonal difference, ACF and PACF plots

R output of the linear regression with GDP and ARIMA errors:

series: savings_ts

Regression with ARIMA(Z2,1,1)(0,1,1)[12] errors

Coefficients:
arl ar?z mal smal
1.3210 -0.3332 -0.89%26 -0.5812
s.ae. 0.1585 0.1420 0.1113 0.1172

sigmar2 estimated as 0.4107: Tlog 1ikelihood=-103.95

ATC=219. 89 ATCC=220.73 BIC=235.93

Xreg
-0.0147
0.0089
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Residuals from Regression with ARIMA(2,1,1)(0,1,1)[12] errors
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Figure X: Residuals from linear regression model with GDP and ARIMA(2,1,1)(0,1,1)1,

errors
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Appendix 6. Selection of ARIMAX model with HPI

The following figures and R outputs illustrate how the best ARIMAX model was chosen.

R output of linear regression with house price index:

call:
tsIm(formula = savings_ts ~ hpi_ts - 1)

rResiduals:
Min 1g Median 30 Max
-14.990 -B.774 -1.521 6.145 22.102

coefficients:
Estimate std. Error t value Pri=|t]|)
hpi_ts 0.937990 0. 006609 141.9 <Ze-1f wHE

signif. codes: Q@ *#*%*° 0,001 **=' 0,01 **" Q.05 *“." 0.1 * " 1

rResidual standard error: 9.884 on 119 degrees of freedom
Multiple R-squared: 0.9941, Adjusted R-squared: 0.99%41
F-statistic: 2.014e+04 on 1 and 119 DF, p-value: < 2.2e-16

Data

-0

T
Znz 2014 2018 2018 2020

Time

1.0

ACF
0.4
11111
T
1
1
I
1
I
1
I —
1
e
1
1
1
1
H—
1
M
1
I
1
—_—
1
| I
1
e
1
1
1
1
H—
1
—
1
I
1
T
1
e
1
L
1
1
1
1
H—
|
—
1
——
1
——
1
L
[l
|1
|
1
|1
1
-
1
3
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
L

O . . LI I I )
T T T T I I I
0.0 0.5 1.0 1.5 2.0 25 3.0
Lag
5 S
= =
3]
Dm_ o T T — T T T T T T
L s e T L — E—
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Lag

Figure X: Residuals from linear regression model with house price index, ACF and PACF
plots
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Figure X: Residuals from linear regression model with house price index after first order
difference and seasonal difference, ACF and PACF plots

R output of linear regression with housing price index and ARIMA errors:

series: savings_ts
rRegression with arImMa(1,1,0)(0,1,1)[12] errors

Coefficients:
arl smal xreg
0.4995 -0.5048 0.2141
s.e. 0.0857 0.1096 0.1564

sigmas2 estimated as 0.4289: log likelihood=-106.83
AIC=221.67 ATCC=222.06 BIC=232.36
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Residuals from Regression with ARIMA(1,1,1)(0,1,1)[12] errors
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Figure X: Residuals from linear regression model with house price index and
ARIMA(1,1,0)(0,1,1),, errors
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Appendix 7. Selection of ARIMAX model with QE

The following figures and R outputs illustrate how the best ARIMAX model was chosen.

R output of linear regression with QE:

call:
tsIm{formula = savings_ts ~ ge_ts - 1)

Residuals:
Min 1 Median Ele] Max
-20.287 -3.951 25.733 97.017 105. 330

Coefficients:
Estimate 5td. Error t value Pr=|t|)
ge_ts 1.45138 0.07756 18.71 <2e-1f ®uw

signif. codes: 0O “¥*®%" 0 001 *¥**' Q.01 ‘*' 0.05 *.” 0.1 °* ' 1
Residual standard error: 64.95 on 119 degrees of freedom

Multiple R-squared: 0.7464, Adjusted R-squared: 0.7442
F-statistic: 3530.2 on 1 and 119 DF, p-value: < 2.2e-16
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Figure X: Residuals from linear regression model with quantitative easing, ACF and PACF
plots
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Figure X: Residuals from linear regression model with quantitative easing after first order

difference and seasonal difference, ACF and PACF plots

R output of linear regression with QE and ARIMA errors:

series: savings_ts
Regression with ARIMA(Z2,1,13(0,1,1)[12]

Coefficients:
arl ar2 mal smal
1.3645 -0.3714 -0.9200 -0.6267
s.e. 0.129B 0.1222 0.0826 0.1203

errors

xreg
0.0046
0.0113

sigmatr? estimated as 0.4164: Tlog likelihood=-105.24

ATC=222.48 ATCc=223.32 BIC=23B.52
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Residuals from Regression with ARIMA(2,1,1)(0,1,1)[12] errors
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Figure X: Residuals from linear regression model with quantitative easing and
ARIMA(2,1,1)(0,1,1),, errors
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Appendix 8. Selection of ARIMAX model with best regressors
The following figures and R outputs illustrate how the best regressors and the best ARIMAX

model were chosen.

R outputs of stepwise procedure to find the best regressors:

call:

Im{formula = diff(diff{savings_ts, 12}) ~ window(diff({rates_ts),
start = c(2012, 2)) + window(cci_ts, start = c(2012, 2)) +
window(pmi2_ts, start = c(2012, 2)) + diff{diff(gdp_ts, 12)) +
diff(diff(hpi_ts, 12)) + diff{diff(qe_ts, 12)) - 1)

Residuals:
Min 10 Median 30 Max
-2.0211 -0.3265 -0.0721 0.4046 3.6143

Coefficients:
Estimate std. Error t© value Pri=|t|)

window(diff(rates_ts), start = c(2012, 2)) -1.2766009 0.858316 -1.487 0.1400
window(cci_ts, start = c{2012, 2)) -0.074253  0.033965 -2.186 0.0311 *
window(pmi2_ts, start = c(2012, 2}) 0.002013 0.001420 1.417 0.1595
diff(diff(gdp_ts, 12)) -0.025605 0.011857 -2.159 0.0332 *
diff (diff(hpi_ts, 12)) 0.138554 0.0981l66 1.411 0.1612
diff (diff{ge_ts, 12)) Q. 001008 0.0141086 0.071 0.9432
signif. codes: 0 ***%' Q0,001 ***' Q.01 “*’ Q.05 “." 0.1 * ' 1

Residual standard error: 0.7644 on 101 degrees of freedom
Multiple rR-squared: 0.17053, adjusted R-squared: 0.1212
F-statistic: 3.461 on & and 101 DF, p-value: 0.003764

call:

Tm{formula = diff(diff(savings_ts, 12)) ~ window(diff(rates_ts),
start = c(2012, 2)) + window(cci_ts, start = c(2012, 2)) +
window(pmi2_ts, start = c(2012, 2)) + diff(diff{gdp_ts, 12)) +
diff(diff(hpi_ts, 12)) - 1)

Residuals:
Min 10 Median Ele] Max
-2.0228 -0.3264 -0.0723 0.4061 3.6093

Coefficients:
Estimate std. Error t value Pri=[t|)

window(diff(rates_ts), start = c(2012, 2)) -1.2734865 0.852997 -1.493 0.139
window(cci_ts, start = c{2012, 2)) -0.074347 0.03377 -2.201 0.030 *
window(pmi2_ts, start = c{2012, 2)) 0.002012 0.001413 1.424 0.158
diff (diff(gdp_ts, 12)) -0.025722 0.011687 -2.201 0.030 *
diff (diffChpi_ts, 12)) 0.138854 0.097597 1.423 0.158
signif. codes: © “#*#*%' Q0,001 ***’ 0.01 “*° 0.05 *." 0.1 * " 1

Residual standard error: 0.7607 on 102 degrees of freedom
Multiple R-squared: 0.1703, Adjusted R-squared: 0.1298
F-statistic: 4.192 on 5 and 102 DF, p-value: 0.001662
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call:

Tm(formula = diff{diff(savings_ts, 12)) ~ window(diff(rates_ts),
start = c(2012, 2}) + window(cci_ts, start = c(2012, 2)) +
window(pmi2_ts, start = c{2012, 2)) + diff(diff(gdp_ts, 12))
1)

Residuals:

Min 10 Median 30 Max

-2.0996 -0.3869 -0.0407 0.3510 3.6635

coefficients:

Estimate 5td. Error t value Pr{=[t]|)

window(diff(rates_ts), start = c(2012, 2)) -1.324210 0.856478
window(cci_ts, start = c{2012, 2)) -0. 076752 0.033899
window(pmi2_ts, start = c(2012, 2)) 0.002172 0.001416
diff (diff(gdp_ts, 12)) -0.024514  0.011714
signif. codes: 0O “*%**' 0.001 ‘**' Q.01 ‘*' 0.05 “." 0.1 * " 1

Residual standard error: 0.7644 on 103 degrees of freedom
Multiple R-squared: ©0.154, Adjusted R-squared: 0.1212
F-statistic: 4.688 on 4 and 103 DF, p-value: 0.001622

call:

Im(formula = diff(diff(savings_ts, 12)) ~ window(diff(rates_ts),
start = c(2012, 2)) + window(cci_ts, start = c(2012, 2)) +
diff(diff(gdp_ts, 12)) - 1)

Residuals:
Min 10 Median 30 Max
-1.9523 -0.2627 0.0854 0.4223 3.7152

Coefficients:

-1.546
-2.264

1.534
-2.093

Estimate std. Error t wvalue

window(diff(rates_ts), start = c{2012, 2)) -1.65545 0.83418
window(cci_ts, start = c(2012, 2)) -0. 08807 0.03330
diff (diff(gdp_ts, 12)) -0.02442 0.01179
signif. codes: 0 *#*%%' 0,001 “*=' 0.01 **' 0.03 *." 0.1 * " 1

Residual standard error: 0.7694 on 104 degrees of freedom
Multiple R-squared: 0.1347, Adjusted R-squared: 0.109%7
F-statistic: 5.396 on 3 and 104 DF, p-value: 0.00172
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Figure X: Residuals from linear regression model with Stibor 1-month, CCI and GDP, ACF

and PACF plots

R output of linear regression with Stibor 1-month, CCl, GDP and ARIMA errors:

series: diff(diff(savings_ts, 12))
Regression with ARIMA(1,0,0)(1,0,0)[12] errors

coefficients:

arl sarl window(diff(rates_ts), start
0.4526 -0.4295
s.e. 0.0927 0.1076
diff (diff(gdp_ts, 12))
-0.0161
5.e. 0.0088

sigmar2 estimated as 0.4263:
AIC=221.99 AICCc=222.83

Tog 1ikelihood=-1035
BIC=23B.03
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Residuals from Regression with ARIMA(1,0,0)(1,0,0)[12] errors
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Figure X: Residuals from linear regression model with Stibor 1-month, CCI, GDP and
ARIMA(1,0,0)(1,0,0),, errors
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Appendix 9. Selection of ARIMAX models with PMI and GDP

The following figures and R outputs illustrate how the best ARIMA model was chosen.

R output of linear regression with PMI and GDP:

call:

Im{formula = diff(diff(savings_ts, 12)) ~ diff(diff{gdp_ts, 12)) +
window(pmi2_ts, start = c(2012, 2)) + -1)

Residuals:
Min 10 Median Ela) Max
-2.2632 -0.4137 -0.0310 0.2801 3.8772

Coefficients:

Estimate std. Error t© value Pri=|t])
diff (diff(gdp_ts, 12)) -0.026028 0.011654 -2.234 0.0276 *
window(pmi2_ts, start = c(2012, 2)})} 0.003377 0.001371 2.483 0.0154 *

signif. codes: @ *“##*' 0.001 ‘**' 0.01 **' Q.05 “.' 0.1 * " 1
residual standard error: 0.7834 on 105 degrees of freedom

Multiple R-squared: 0.09427, Adjusted R-squared: 0.07702
F-statistic: 5.464 on 2 and 105 DF, p-value: 0.005527
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Figure X: Residuals from linear regression model with PMI and GDP, ACF and PACF plots

R output of linear regression with PMI, GDP and ARIMA errors:

series: diff(diff(savings_ts, 12))
Regression with ARIMA(L1,0,0)(0,0,1)[12] errors

Coefficients:

arl smal diff(diff{gdp_ts, 12)) window(pmi2_ts, start = c(2012, 2))
0.4457 -0.55397 -0.0135 0.0028
s.e. 0.0BY06 0.1198 Q. 0087 0.0010

sigmar? estimated as 0.4038: Tlog likelihood=-103.64
ATC=217.29 ATICC=217.88 BIC=230.65
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Residuals from Regression with ARIMA(1,0,0)(0,0,1)[12] errors
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Figure X: Residuals from linear regression model with PMI, GDP and
ARIMA(1,0,0)(0,0,1),, errors
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