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Resumo  
 
 
A alteração ao longo dos anos das medidas políticas, causadas muitas vezes por incidentes mundiais, 

leva à quase impossibilidade de prever os empréstimos bancários, levando a que instituições 

financeiras desenvolvessem modelos e técnicas de forma a tentar prever estes valores. 

Esta dissertação irá fazer previsões para os valores dos empréstimos bancários nos USA, usando 

diferentes técnicas e várias variáveis, incluindo a incerteza, tendo como objetivo tentar perceber a 

relação entre as mesmas. Iremos usar os modelos ARIMA, ARIMAX, VAR e MSVAR, para um conjunto 

de dados desde 1990 até 2023, e, portanto, iremos prever quatro valores, relativos aos trimestres de 

um novo ano. Seguidamente, iremos comparar os valores preditos com os valores reais para 

compreender qual modelo previu melhor e porquê. Para verificar a performance do modelo usamos 

medidas como o MAPE. Adicionalmente, também apresentamos os algoritmos que foram 

programados e corridos em Python, recorrendo à aplicação Jupyter Notebook. 
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Abstract  
 
Changes in political measures over the years, often caused by global incidents, make it almost 

impossible to predict bank loans, leading financial institutions to develop models and techniques to 

predict these values. 

This dissertation will make several forecasts for the values of bank loans in the USA, using different 

techniques and different variables, including uncertainty, to understand the relationship between 

them. We will use the ARIMA, ARIMAX, VAR and MSVAR models, by considering a dataset from 1990 

to 2023, and we will predict four values-a-head, relative to one year. Then, we compare the predicted 

values with the real values (values from the test set) to understand which model predicted better and 

why. To check the model’s performance, we use measures such as MAPE. We also present the 

algorithms that were programmed and run in Python, using the Jupyter Notebook application. 

 
 
 
 
 
Keywords: Time Series; Credit Risk; VAR; ARIMAX; Markov-Switching; Machine Learning;  

JEL Classification: C01; E47.  
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1.Introduction 
 

Economic policy uncertainty is defined as uncertainty regarding economic policies such as monetary, 

fiscal, and regulatory policies, and it derives mainly from whether existing policies will change in the 

future (Baker et al. 2016; Danisman et al, 2021). Economic policy uncertainty describes the unknown 

impact of new policies on the economy and the private sector (Ng et al. 2020), while policy uncertainty 

is defined as uncertainty about government policies. Economic policy uncertainty is a hot topic in the 

finance literature, even though ‘policy uncertainty’ is not a new topic.  

Jurado et al. (2015), define economic uncertainty as the “conditional volatility of a disturbance 

that is unforecastable from the perspective of economic agents”, with an increase in uncertainty 

generally associated with the difficulty of predicting future economic outcomes. Individuals and firms 

can make more informed decisions if the government policy-making process is smoother and 

predictable. If the opposite happens, economic uncertainty can rise, which has severe implications for 

both real and financial sectors. 

The last decade has seen a rising interest in understanding how uncertainty affects the dynamics 

of the economy. As a result, the literature has identified several meaningful effects on the real and 

financial markets. This dissertation aims to contribute to this literature by documenting a bank lending 

channel through which uncertainty about economic policy affects the business sector. Especially with 

recent events, COVID-19 and the Ukraine war, it is crucial to have suitable predictive mechanisms. 

The major sources of economic policy uncertainty, according to Baker et al. (2016), are: (i) 

newspaper-based reports on the economy, (ii) tax code expirations, (iii) disagreement over consumer 

price index (CPI) forecasts, and (iv) disagreement over government purchases forecasts. Many recent 

studies have used these sources as reliable indicators of economic policy uncertainty (Bhagat and 

Obreja, 2013; Brogaard and Detzel, 2015; Gulen and Ion, 2016; Kim and Kung, 2017; Nguyen and Phan, 

2017).  

The United States has been the world’s largest economy since 1871, and obviously, the United 

States has an important influence on the world economy (Colombo, 2013; Ko and Lee,2015). With this 

in mind, we will use data from the USA and focus ourselves on, if and, how economic uncertainty 

affects banks’ lending behaviour. We will try to predict the values of a commercial and industrial (C&I) 

loan, which are loans made to a business or corporation. Commercial and industrial loans provide 

companies with funds that can be used for various purposes, including working capital or to 

finance capital expenditures such as purchasing machinery. 

A dataset is used for the period 1998Q1-2023Q3 for the commercial and industrial (C&I) loan. We 

also used different data to measure economic uncertainty such as the EPU - the Economic Policy 
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Uncertainty Index. This index has three components1, one of which is the number of newspaper articles 

containing the terms uncertain or uncertainty, economic or economy, and one or more policy-relevant 

terms.  Another economic uncertainty measure we used is the VIX index, based on options of the S&P 

500 Index, considered the leading indicator of the broad U.S. stock market. The VIX Index estimates 

expected volatility by aggregating the weighted prices of S&P 500 Index  puts and calls over a wide 

range of strike prices. Specifically, the prices used to calculate VIX Index values are midpoints of real-

time SPX option bid/ask price quotations. The VIX Index is used as a barometer for market uncertainty, 

providing market participants and observers with a measure of constant, 30-day expected volatility of 

the broad U.S. stock market. We also used different variables like the Consumer Price Index (CPI) which 

measures the monthly change in prices paid by the U.S. consumers, these are one of the most popular 

measures of inflation and deflation. 

Both theoretical studies and empirical work (Seitz & von Landesberger, 2014) have acknowledged 

the relevance of economic uncertainty for agents’ liquidity preferences, and, thus, a causal effect of 

uncertainty on monetary dynamics. Because of the recent great financial crisis and unconventional 

monetary policy, economic uncertainty has increased, at least temporarily (Baker, Bloom, & Davis, 

2016; Jurado, Ludvigson, & Ng, 2015; Ludvigson, Ma, & Ng, 2015).  

This dissertation evaluates the forecasting power of different uncertainty measures. Several 

vector autoregressive models are estimated, like the Auto-Regressive Integrated Moving Average 

(ARIMA), the Autoregressive Integrated Moving Average with Explanatory Variable (ARIMAX), the 

vector autoregressive (VAR) and the Markov-Switching Vector Autoregressions. We use quarterly US 

data to find if measures like the consumer price index and the VIX index improve forecast accuracy. 

This dissertation has a structure that aims to represent the principal steps to obtain a competitive 

forecast; firstly, we prepare the data, then define the algorithm to use, test the algorithm and then 

predict and evaluate the predictions. To give some context, our second chapter (Model and 

Methodology) will explain the theory of the different models (ARIMA, ARIMAX, VAR and MSVAR) that 

we will use. In our third chapter (Results and Discussion), we implement the models using Python 

software and then analyze and compare the results. In chapter four we conclude this work. 

 
 
 
 
 

 
1 EPU components - News Coverage about Policy-related Economic Uncertainty, Tax Code Expiration 

Data and the Economic Forecaster Disagreement 
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2.The model and methodology 

 

This dissertation examines the relationship between EPU, VIX and the LOAN (time series for the USA 

economy), while also using different variables. We will use different models to understand which 

works better and why. Firstly, we used the VAR model, then the ARIMA (Autoregressive integrated 

moving average) and afterward the Markov Switching model. 

 

2.1 ARIMA MODEL 

 

George Box and Gwilym Jenkins popularized the ARIMA model in the early 1970s, which is why it is 

also known as Box-Jenkins. The Box-Jenkins methodology is an organized way of modelling time-series 

data for forecasting. For ARIMA models the forecasts are linear functions of the sample observations. 

The goal is to find a model that adequately describes the observed data with as few parameters as 

possible. In this model, the order argument specifies the (p, d, q) parameters, while the seasonal_order 

argument specifies the (P, D, Q, S) seasonal component of the Seasonal ARIMA model. 

ARIMA is an acronym that stands for Auto-Regressive Integrated Moving Average, where each of 

these words describes a different part of the mathematical model, and it is specified by three order 

parameters (p,d,q), namely:  

• AR(p): pattern of growth/decline in the data is accounted for 

• I(d): rate of change of the growth/decline is accounted for 

• MA (q): noise between time points is accounted for 

There are three types of ARIMA models - ARIMA, SARIMA, and SARIMAX – where the difference 

depends on seasonality and/or use of exogenous variables. 

One of the simplest ARIMA models is a first-order autoregressive model. Let 𝑌! represent the 

observed value at time t, and suppose we have observations at times 1, ..., n. Then the first-order 

autoregressive model, or AR(1) model, is given by: 

𝑦! = 𝑐 + 𝜙"𝑦!#" + ℯ!																																																																									 (1) 

where c and 𝜙"are both constants, and ℯ! represents random white noise at time t. Thus, the next 

value in the series equals to a constant c plus a multiple of the last value in the series plus some random 

error. Other observed values of the series can be included in the right-hand side of the equation to 

give higher-order autoregressive (or AR) processes: 

𝑦! = 𝑐 + 𝜙"𝑦!#" + 𝜙$𝑦!#$ +⋯+ 𝜙%𝑦!#% + ℯ!																																													(2) 
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Moving average (or MA) processes arise when past errors rather than past observations appear 

on the right-hand side of the equation. For example, 

𝑦! = 𝑐 + ℯ! − 𝜃"𝑒!#" − 𝜃$𝑒!#$ −⋯− 𝜃&𝑒!#&                                                ( 3) 

is a MA model of order q. Thus, each observation is considered a linear function of past errors. 

An autoregressive moving average (or ARMA) process occurs when a mixture of past errors and 

past observations occurs on the right-hand side of the equation. 

An autoregressive integrated moving average (or ARIMA) process occurs when we study the 

difference between consecutive observations rather than the observations themselves. 

The general steps to implement an ARIMA model are: 

1. Load and prepare data 

2. Check for stationarity (make data stationary if necessary) and determine the order of 

integration d 

3. Create ACF2 and PACF3 plots to determine p and q values 

4. Fit ARIMA model, check residuals and validate the model 

5. Predict values on the test set 

6. Calculate 𝑅$ and other performance metrics 

Steps 2 and 3 from this methodology can be easily accomplished by using pmdarima’s4 

auto_arima(). The auto_arima() function calls for lowercase p,d,q values representing nonseasonal 

components and uppercase P,D,Q values representing seasonal components. 

Auto_arima() is similar to other hyperparameter tuning methods, and is determined to find the 

optimal values for p,d,q, and P,D,Q using different combinations. The final values were obtained from 

the estimated models on the lowest AIC and BIC parameters. 

The AIC parameter, also known as Akaike Information Criteria, can be determined by: 

𝐴𝐼𝐶 = 𝑙𝑛(𝜎$) + $'
(
																																																																				(4) 

The BIC or SIC, also known as Schwartz Information Criteria, can be determined by: 

𝐵𝐼𝐶 = 𝑙𝑛(𝜎$) + 𝑙𝑛(𝑇) '
(
																																																														(5) 

 
2 ACF - Autocorrelation Function (ACF) - Correlation between time series with a lagged version of itself. 

The correlation between the observation at the current time spot and the observations at previous 
time spots.The autocorrelation function starts a lag 0, which is the correlation of the time series 
with itself and therefore results in a correlation of 1. 

3 PACF - Partial Autocorrelation Function (PACF) - Additional correlation explained by each successive 
lagged term. The correlation between observations at two time spots given that we consider both 
observations are correlated to observations at other time spots. 

4  Pmdarima is a statistical library designed to fill the void in Python's time series analysis capabilities. 
This includes a collection of statistical tests of stationarity and seasonality. 
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Where 𝜎$ is the estimator of the variance of the residuals,  𝑘 is the number of parameters, and T 

the sample size. 

After doing this, the final part of modelling is the validation step, where we study the residuals. 

Preferably, the residuals will be a white noise process (constant mean, constant variance, and no 

autocorrelation). We test the existence of autocorrelation in the residuals using the. 

 Finally, we can proceed with the forecast for a validated model, whose performance can be 

evaluated based on several metrics (root mean squared error, mean absolute error, mean absolute 

percentage error). 

 2.2 VAR MODEL 

 
The Vector Auto-Regression (VAR) is an econometric device to model multivariate time series and it is 

given by a system of (auto)regression equations. Some characteristics are: 

• All variables of interest are endogenous; 

• All equations use the same explanatory variables (mainly lagged variables); 

• All variables are stationary or integrated of the same order. 

With this model, we can estimate (coefficients, tests, shocks), analyse dynamics (shock the system 

now, effects on variables over time, impulse-response functions), employ the Granger Causality test 

and do forecasting. 

This VAR(p) model (reduced or standard form, VAR of order p), consists of a set of k endogenous 

variables, that is: 

																																											𝑦! = 𝐴) + 𝐴"𝑦!#" +⋯+ 𝐴%𝑦!#% + 𝜀!																																																		(6) 

Where 𝐴) is a (k x 1) vector of intercept parameters, 𝐴*  are coefficient matrices of type (k x k), i = 

1, ..., p and 	𝜀! is the error term (shock, innovation), k-dimensional vector with E (𝜀!) = 0 and a positive 

definite covariance matrix. 

Before we can use this model, we must check that our data is Stationary; that is, for VAR(p) model 

driven by vector white noise shocks, 

𝑦! = 𝐴) + 𝐴"𝑦!#" +⋯+ 𝐴%𝑦!#% + 𝜀!																																																	(7) 

We say that all variables (or, the model) are covariance (or weak) stationary (or stable) if all the 

roots of the characteristic polynomial 

𝑃(𝑧) = 𝐼' − 𝐴"𝑧 − 𝐴$𝑧$ −⋯− 𝐴%𝑧%																																																						(8) 

 

lie outside the unit circle, or detE𝑃(𝑧)F ≠ 0 for |𝑧| ≤ 1. 
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We use the VAR Model in levels if all-time series are stationary (I(0)), the VAR Model in first 

differences if some variables have a unit root (I(1)) and are not cointegrated, and if two or more time 

series are (I(1)) and cointegrated, then the Vector Error Correction Model (VECM) is preferred. 

Another issue when using a VAR is the model’s order, which implies finding the optimal number 

of lags – that guarantees the residual assumption of independence (no autocorrelation) is fulfilled. 

Increasing the number of lags does not solve the residual correlation if there are omitted variables. So, 

the criteria is locating the optimal number of lags by minimizing the information functions AIC and SIC.  

Other requirements about the VAR residuals are zero mean, constante variance, and and normally 

distributed. 

After these steps, we estimate model parameters using the OLS (ordinary least square) on each 

model equation. Then we do the residual analysis visually by plotting the residuals and the correlation 

(auto-correlation and cross-correlation). After this we run some diagnostic tests such as the 

Portmanteau test for autocorrelation (Null Hypothesis: No serial correlation up to chosen lag.), ARCH-

LM test for heteroskedasticity (Null Hypothesis: No ARCH effects in residuals - variance is constant) 

and Normality test: Multivariate version of the Jarque Bera test 5(Null Hypothesis: normal distribution). 

When using VAR models, it is common to analyse if there is Granger Causality between variables. 

This method is the standard to determine whether one variable is helpful in predicting another 

variable, and evidence of Granger causality is a good indicator that VAR is needed, rather than an 

univariate model. 

A scalar random variable {𝑥!}	is said to not Granger cause {𝑦!} if 

𝐸[𝑦!|𝑥!#", 𝑦!#", 𝑥!#$, 𝑦!#$, . . . ] = 𝐸[𝑦!|𝑦!#", 𝑦!#$, . . . ]																																		(9) 

That is, {𝑥!}	does not Granger cause if the forecast of {𝑦!} is the same whether conditioned on 

past values of 𝑥! or not. 

Testing for Granger causality in a VAR(p) is usually conducted using likelihood ratio tests. In this 

case, for, 

𝑦! = 𝐴) + 𝐴"𝑦!#" +⋯+ 𝐴%𝑦!#% + 𝜀!																																																		(10) 

we say that {𝑦"!} does not Granger cause {𝑦$!} if 

𝜙*+," = 𝜙*+,$ = 𝜙*+,- = ⋯ = 𝜙*+,% = 0																																																			(11) 

That is all coefficients of {𝑦"!} in the equation of {𝑦$!} are null. 

Finally, we can proceed with the forecast once the VAR model is validated. Forecasts from higher 

order VARs can be constructed by direct forward recursion beginning at h = 1 

For a VAR (p), that is 

 
5 The Jarque–Bera test is a goodness-of-fit test of whether sample data have 

the skewness and kurtosis matching a normal distribution. With H0: Data is normal and H1: Data is 
not normal. 
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𝑦! = 𝐴) + 𝐴"𝑦!#" +⋯+ 𝐴%𝑦!#% + 𝑒!																																																					(12) 

The 1-step ahead forecast at origin t is given by 

𝑦U!."|! = 𝐸!(𝑦!.") = 𝐴"𝑦! +⋯+ 𝐴%𝑦!#%#"																																									(13) 

The h-step ahead forecast of VAR(p) is 

𝑦U!.0|! = 𝐸!(𝑦!.0) = 𝐴"𝑦!.0#"|! +⋯+ 𝐴%𝑦!.0#%|!																																		(14) 

 

with forecast error covariance or MSE matrix 

V(ℎ)
1

= VΦ(𝑗)V Φ2(𝑗)
3

0#"

+4)

																																																										(15) 

 

2.3 Markov Switching Model  

 

In 1997, Krolzig introduced the Markov Switching Vector Autoregressive (MSVAR) model to analyze 

the business cycle. A standard MSVAR model with an unobserved state variable is specified as follows: 

𝑋! =	VΦ*,5!𝑋!#* +	𝑒!,5! 	~
%

*4"

	𝑁(0,V )
5!
,																																																(16) 

Where, 𝑆! = 1,…𝑘 denotes the state at time t, with k being the number of states. Collectively, 

{𝑆!} is a set of discreet random variables, which obeys a k-state irreducible ergodic Markov6 process. 

Specifically, the probability of 𝑆! = 𝑗 is only related to the value of the previous state 𝑆!#". The 

autoregressive parameter matrix Φ*,5!, and the variance-covariance matrix of the error vector ∑ 	5! ,  

may change across states. 

The parameters of the MSVAR model can be estimated by either the maximum likelihood method 

or by Bayesian7 inference. Perlin (2015) provides a MATLAB toolbox for estimating, simulating, and 

predicting the general Markov regime-switching model using the maximum likelihood method. 

Let 𝑓(𝑦!|𝑆! = 𝑗, Θ) denote the conditional likelihood function when the state at time t is 𝑆! = 𝑗  

with parameter vector Θ. The full likelihood is the weighted average of the likelihood estimates for 

each state, where the weight is the probability of each state Pr(𝑆! = 𝑗). Specifically, 

𝑓(𝑦!|Θ) =V𝑓(𝑦!|𝑆! = 𝑗, Θ)
'

+4"

Pr(𝑆! = 𝑗),																																													(17) 

 
6 A Markov process is a random process indexed by time, and with the property that the future is 

independent of the past, given the present 
7 Bayesian inference is a way of making statistical inferences in which the statistician assigns subjective 

probabilities to the distributions that could generate the data 
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Following Perlin (2015), the Hamilton filter8 is adopted to calculate Pr(𝑆! = 𝑗) based on the arrival 

of new information. Consequently, the full log-likelihood function of the model is given by: 

ln 𝐿 = 	Vln𝑓(𝑦!|Θ)
(

!4"

,																																																																	(18) 

Where T is the number of observations. By maximizing the full log-likelihood function, we obtain 

the parameter estimates for the MSVAR model. 

Since the existence of separate high and low volatility regimes is widely acknowledged in the 

literature, we assume there are three states: a low, high, and normal. To obtain connectedness for 

each state, we use the estimated MSVAR model to separate the original sample into sub-samples: the 

high volatility sub-sample, the low volatility sub-sample and the normal volatility sub-sample. 

Specifically, if the smoothed probability at time t for state 1 (low volatility), Pr(𝑆! = 1), is greater than 

0.5, then we designate the state at time t, to be 1; otherwise, the state at time t is 2 (high volatility). 

For an exceedingly rare case when the smoothing probability of state 1 is 0.5, we assume the state at 

time t is the same as the state at time t-1. We then calculate the connectedness index for the three 

different sub-samples. 

After forecasting, we will also use the MAPE to analyze the prediction capacity of the Markov 

Switching Model. 

  

2.4 Error Analyzes  
 
To compare the prediction capacity of all models, we will always use the same metric, the Mean 

Absolute Percentage Error (MAPE). It represents the average of the absolute percentage errors of each 

entry in a dataset to calculate how accurate the forecasts are in comparison with the actual values. It 

is calculated as follows: 

 𝑀𝐴𝑃𝐸 = 	 !
"
∑ (#!$%!

#!
("

&'! 																																																											(19) 

 

 

 

 

 

 

 
8 The Hamilton filter is an iterative procedure which provides estimates of the probability that a given 

state is prevailing at each point in time given its previous history. 
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3.Results and Discussion 
 
3.1 Data and Variables 
 
Our data set covers quarterly data from the USA and the period is between the first quarter of 1990 

and the second quarter of 2022. Because the data from the VIX are available only from 1990, we are 

forced to perform our analysis on a shorter sample than we initially anticipated. To test whether and 

how much the variables that capture the stance of monetary policy may add predictive power to our 

models, we select 8 observable series to represent a range of features that may characterize the policy. 

Our variables were obtained via the FRED9 website: 

• GDP – Gross Domestic Product of the US (is the market value of the goods and services 

produced by labor and property located in the United States) 

• DFF - Federal Funds Effective Rate (is the interest rate at which depository institutions trade 

federal funds (balances held at Federal Reserve Banks) with each other overnight) - which is a 

commonly used measure of monetary policy 

• CPI - Sticky Price Consumer Price Index less Food and Energy (is calculated from a subset of 

goods and services included in the CPI that change price relatively infrequently, they are 

thought to incorporate expectations about future inflation to a greater degree than prices that 

change on a more frequent basis) 

• UMCSENT - University of Michigan: Consumer Sentiment 

• UNRATE - Unemployment Rate (represents the number of unemployed as a percentage of the 

labor force) 

• LOAN - Commercial and Industrial Loans, All Commercial Banks, in Billions of U.S. Dollars 

(TUTCI in the FRED website) 

• EPU (To measure policy-related economic uncertainty, we construct an index from three types 

of underlying components) The daily news-based Economic Policy Uncertainty Index is based 

on newspapers in the United States. 

• VIX - Variance risk premium (VIX is the ticker symbol and the popular name for the Chicago 

Board Options Exchange's CBOE Volatility Index, a popular measure of the stock market's 

expectation of volatility based on S&P 500 index option)  

 

These variables weren’t always in the frequency we wanted to analyse them, some were daily, 

weekly, or monthly, so we adjusted this data to quarterly. The USA was chosen because it is easier to 

obtain data and because it is an advanced country with behaved, structured, well established trading 

 
9 FRED – https://fred.stlouisfed.org 
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rules and solid regulatory authorities. This country represents 31% of the global net wealth and more 

than 24% of the worldwide GDP in the nominal values. 

We used different variables related to the LOAN, one of which is the EPU index, formulated by 

Baker et al. (2016), which has three components. The first component quantifies the frequencies of 

appearance of the terms, inter alia, “uncertainty”, “economy” and “policy” in ten leading newspapers. 

The second component is based on the number of tax code provisions that expire in future years. The 

third reflects the disagreement among professional forecasters over future government purchases and 

consumer price index (CPI) levels. 

 

Table 1 presents the summary statistics of the primary variables of our concern. We have 132 

observations in the dataset, no missing values or evident outliers are indicated. For learning and 

forecasting purposes, we split the dataset into train (128) and test (4) sets. 

As shown in Table 13., the mean of LOAN is 1328.449 billion of U.S. Dollars (Commercial and 

Industrial Loans in the US). We can also observe that the minimum of this variable is 583.79 billion, 

and the maximum is 2957.193 billion, so we should expect forecasts not far away from these values. 

After this, we plotted all the series to have a general sense of how they behaved, and to try and 

understand if there were any connections between them in this early stage (Figure 3.1). Since the VAR 

model requires stationary data we applied the Phillips Perron test, a unit root test used in time series 

analysis to test the null hypothesis that a time series is integrated of order 1.  

As observed in Figure 3.1, the GDP variable shows a global trend, so we removed the linear trend 

from the time series. LOAN time series is also characterized by a global increasing trend, and CPI and 

Table 3.1 - Summary statistics of the variables 
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DFF tend to decrease over the years, with some cyclical fluctuations. All other variables seem non-

stationary since we can observe stochastic movements. 

The null hypothesis of the Phillips-Perron (PP) test is that there is a unit root (series is non-

stationary), with the alternative that there is no unit root (time series is stationary). If the p-value is 

above the significance level (in this case 0.05), then the null hypothesis cannot be rejected and the 

series appears to have a unit root. 

Table 3.2 – Phillips Perron Test, “ * “ means that the value is smaller than 0.05, so the variable is 

stationary 

 
From the PP test we can conclude that we have several series that are I(1), this means that they 

become stationary when differentiated once. This way we can assume that DFF, CPI, Consumer Sent., 

LOAN and GDP are I(1). We assume that these time series are I(1) because their p-value, when the 

series are differentiated one time, is smaller than 5%. The time series we will assume that are I(0) are 

Unemp. Rate, EPU and VIX. 

After this step, we checked the Granger Causality of all possible combinations of the considered 

time series. The rows are the response variable, and the columns are the predictors. The values in the 

 DFF CPI Consumer Sent. Unemp. Rate LOAN EPU VIX GDP 

PP (p-value) 0.170 0.102 0.112 0.013 * 0.984 0.011* 0.000* 0.908 

PP (p-value) 

(with diff series) 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Figure 3.1 - Plot of the different variables 
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Table 3.2 are the p-Values. P-Values higher than the significance level (0.05), imply that variable X does 

not Granger cause variable Y since the null is not rejected. 

 

To obtain the Granger Causality matrix, seen in Figure 3.2, we used 2 lags. For a 5% significance 

level, the Consumer Sent., and the VIX variables are Granger causing the LOAN time series. Whereas 

for 10% we have 4 variables that Granger cause LOAN, including GDP and Unemployment rate. 

Regarding the GDP variable, we see that the LOAN, VIX and EPU are Granger causing the GDP, and this 

way, we know which variables we should use in the models. It is also possible to understand that LOAN 

Granger causes Consumer Sent., and Unemp. Rate. This implies that Unemployment Rate and LOAN, 

and and Unemployment Rate and GDP, have a bi-directional causality. 

Our interest is to examine the link between all these variables and the LOAN. To do so, we first 

used the ARIMA model, then the VAR and to finish the MSVAR model. The linear VAR model fails to 

capture the dynamic relationship due to heterogeneous ‘bull’ and ‘bear’ market conditions. To 

mitigate this, a 3-regime MSVAR is adopted, as will be detailed in what follows. 

 

3.2 - ARIMA Model 
In this section, we will analyse the use of the ARIMA Model. We are trying to predict the LOAN 

variable’s four-step-ahead values (1 year). By using the auto_arima10 function in Python we found that 

the best model would be an ARIMA(0,1,1), this means we have zero number of autoregressive terms, 

we need to differentiate once to obtain stationarity (as observed in Table 3.2) and we have one lagged 

 
10 Auto_arima – (Auto-Regressive Integrated Moving Average) is a statistical algorithm used for time 

series forecasting. It automatically determines the optimal parameters for an ARIMA model, such 
as the order of differencing, autoregressive (AR) terms, and moving average (MA) terms. 

Figure 3.1 - Granger Causality Matrix 
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error term in the prediction equation. By using this model, we got the forecasts presented below in 

Table 3.3 and Figure 3.3 

Forecast with ARIMA Model 

(0,1,1) 

2022-04-01 2446.1993 

2022-07-01 2446.1993 

2022-10-01 2446.1993 

2023-01-01 2446.1993 

Table 3.3 - Forecast with ARIMA 

model 

To try to understand these results better, we performed a Durbin-Watson test which determines 

if there is autocorrelation in the residuals of the regression, if we get a statistic test of 2 there is no 

serial correlation, if it gets close to 0, the more evidence of positive serial correlation, the closer the 

test statistics is to 4 the more evidence of negative serial correlation. As a rule, we will assume that 

values between 1.8 and 2.2 are adequate to conclude the lack of first-order auto-correlation. In this 

case, the test statistic is 1.545068, so the residuals aren’t independent, and the ARIMA Model 

performance will not meet our expectations. Further improvement in the model, for example, one or 

two lags in the autoregressive part, do not improve the prediction quality. 

We also performed Engle’s Test for Autoregressive Conditional Heteroscedasticity (ARCH) and got 

a p-value of 0.100021; this means that the residuals are heteroscedastic11 error, so there are ARCH 

effects. 

Looking at Figure 3.3, we can see that the results are not good. We got a MAPE12 of 7.932537%. 

Knowing that we had some auto-correlation in the residuals, we ran an ARIMA(1,1,1), and got the 

forecasts available in Table 3.4. We got a MAPE of 8.91138%, using this model, which is worse than in 

the first model. 

We also decided to run an ARIMAX model with exogenous variables; we used the Unemployment 

Rate, the Consumer Sentiment, the VIX and the GDP because earlier, we saw that these variables 

Granger cause the LOAN. Using the ARIMAX model we obtained the values in Table 3.4. For these 

 
11 Heteroskedasticity is a statistical term and it is defined as the unequal scattering of residuals. More 

specifically it refers to a range of measured values the change in the spread of residuals. 
Heteroscedasticity possesses a challenge because ordinary least squares (OLS) regression 
considers the residuals thrown out from a population having homoscedasticity which means 
constant variance. If there is a heteroscedasticity present for a regression analysis then the 
outcome of the analysis cannot be trusted easily. 

 

Figure 3.3 - LOAN forecast provision from the ARIMA Model 
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predicted values we obtained a MAPE of 5.8294%. Table 3.4 and Figure 3.4 show that the 

ARIMAX(1,1,1) model did a better job because it considered the exogenous variables. 

 

 

 

 

 

 

 

 

 

So far, we have seen three different forecasts and saw that not all models produce good 

predictions. In the next chapter, we will use the VAR model and after that we will compare the results. 

3.3 – VAR Model 
 
Since the VAR models require stationary data, 

we ensured this was the case by using the first 

difference operator on the considered time 

series (LOAN, Unemployment Rate, 

Consumer Sentiment, VIX, and GDP). Unit 

root test results support the transformed data 

series are all stationary. By using the VAR 

Order Selection on python, we got a minimum 

order of 1. 

Table 3.4 - Forecast of ARIMA and ARIMAX model 

Date 
Forecast with ARIMA 

Model (1,1,1) 

Forecast with 

ARIMAX Model 

2022-04-01 2431.248 2465.494 

2022-07-01 2422.452 2490.680 

2022-10-01 2415.571 2516.780 

2023-01-01 2410.187 2539.955 

Figure 3.2 - Performance of the ARIMA and ARIMAX models 

Figure 3.3 - VAR Model forecast 
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There are I(1) series, so we analysed the cointegration and we saw that there aren’t cointegration 

vectors, so we can use the VAR model for the series of the first difference.  

After this we looked at the residuals, using the Durbin-Watson test, which gave us a result of 

2.49921, close to 2.5 so we can assume our residuals are independent and we should be able to have 

good predictions. We also performed the Breusch-Pagan to test the heteroskedasticity and got a value 

of 3.983193e-07, since this value is smaller than 5% we can reject the H0 of this test and assume there 

is heteroscedasticity in this model residual.  

To be able to study the normality of these residuals we used the Jarque-Bera test, this test is 

a    goodness-of-fit test that determines whether or not sample data have skewness and kurtosis that 

matches a normal distribution. This test gave us a p-value of 0.02013218, since this value is smaller 

than 0.05, we have sufficient evidence to say that this data has skewness and kurtosis significantly 

different from a normal distribution. 

To evaluate the predictive performance of this model we 

calculated the MAPE 2.910 %, which is smaller than in the ARIMAX 

model. This way we can see that the VAR model has better predictive 

ability than the ARIMAX (for our data). Until this point, we can 

conclude (see Figure 3.6) that the VAR Model did a better job in 

forecasting the LOAN variable, than the ARIMA model, probably 

because of Granger causality.  

 

So, the LOAN fluctuations cannot be explained only because of its historical moments. In the VAR 

model as we use more variables the quality/explanation of the forecasts of the LOAN also gets better. 

 

 

Table 3.5 - forecast with VAR model 

Forecast with VAR Model 

2022-04-01 2634.293 

2022-07-01 2655.318 

2022-10-01 2679.583 

2023-01-01 2700.783 

Figure 3.4 - Plot of the ARIMA, ARIMAX and VAR model 
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3.4 Markov Regime-Switching Model 
 
We now extend our analyses to the model setup of the MSVAR (with three regimes). This requires us 

to separate our sample into three subsamples. We were using the sm.tsa.MarkovRegression function 

we divided our sample and as we can see in Figure 3.7, from 1993 to 2008 we consider that our sample 

is in a down regime, from 2008 to 2016 in a no change regime, and from 2016 until 2023 we consider 

it to be in an up regime. We again used the Unemployment Rate, the Consumer Sentiment, the VIX, 

and the GDP, the same variables used in the ARIMAX model, because we saw that these ones are 

Granger causing the LOAN. 

  

 

 

 

 

 

 

 

 

 

We assume we have a down regime since 1993 until 2008. It is also possible to understand that 

we have an up regime from 2016 until 2023.  We will assume that we are in a no-change regime on all 

the other dates. In Table 3.6 we can see the forecast with the MSVAR Model. 

 

 

From Figure 8 and 9 we can conclude that the MSVAR model output fit the original data well, since 

residuals are close to the normal distribution. So, in general, we should have some good results by 

employing this model. 

For the MSVAR model, we got a MAPE of 3.5685%. In Figure 3.10 we can compare the predicted 

and real values and see that the forecasts predicted. 

Forecast with the MSVAR Model 

2022-04-01 2554.575 
2022-07-01 2629.456 
 2022-10-01 2577.988 
2023-01-01 2614.846 

Table 3.6 - Forecast values of the MSVAR Model 

Figure 3.5 - Smoothed probability of the 
different regimes 

Figure 3.7 - Residuals Fit Line Figure 3.6 - Histogram of residuals 
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3.5 Results 
 
In this section we will try to understand which model worked best. We will also try to understand the 

relationship between the LOAN and the economic uncertainty. In the Table 3.7, below we can see the 

different MAPE’s obtained from all the models we have used until now, and as we can see the VAR 

model has the lowest MAPE, so this model did a better job predicting the values of the LOAN. After 

the VAR model, the MSVAR did the second-best job. 

 

Table 3.7 - MAPE of the different models 

 
 

 From Figure 3.11, we can see that the LOAN in general had a rise, especially around 2008 and 

then in 2020 it had a spike. After these spikes, we can also observe a lowering in the LOAN to the values 

before the spike. So, for the values we are trying to predict, it might be difficult to get good forecasts, 

because there was a small spike at the beginning of this period, which requires more advanced 

modelling. In Figure 3.12 we can see all the forecasts from the different models. 

 
Figure 3.9 - LOAN from 1990 until 2023 

 ARIMA 
(0,1,1) 

ARIMA 
(1,1,1) ARIMAX VAR MSVAR 

MAPE 7,932% 8.911% 5.829% 2.910% 3.568% 

Figure 3.8 - LOAN Forecast MSVAR vs Real LOAN 
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Figure 3.10 - Plot of all the models used 

 
 

 We should not be very surprised with these results because Autoregression (AR) is about using 

the past values, or “lags,” of a time series to predict future values. In other words, AR models rely on 

the idea that the past can help predict the future. On the other hand, an MA model looks at past errors 

to help better predict today and tomorrow. This way, the model learns from its mistakes and improves 

its forecasting ability over time – based on the assumption that errors have some trend. Combining 

the AR and MA models, the ARIMA model also accounts for differencing to make the time series 

stationary. It is essentially an ARIMAX model without exogenous variables. 

However, the Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) is 

built for univariate time series analysis, where we can incorporate exogenous variables (external 

factors that might affect the time series but aren’t part of it).  

So, it is easy to understand that the ARIMAX model did better forecasting than the ARIMA. This 

way, we realize that the exogenous variables give more predicting power to this model. So, there is a 

connection between the LOAN and the uncertainty measures. 

Whereas the Vector Autoregression (VAR) is designed explicitly for multivariate time series 

analysis, it can handle multiple time series that might be related to each other, making it a powerful 

tool for understanding complex relationships between various time series. This was highlighted in this 

study since VAR and Granger causality led to the model with proper design to generate the best-

performing forecasts. 
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4. Conclusion 
 
In this dissertation, we have examined the impact of economic policy uncertainty on the LOAN for the 

USA. Using data over the period 1998-2023 and measuring policy uncertainty with the news-based 

government economic policy uncertainty index (EPU) of Baker et al. (2016), the VIX index and the 

Consumer Price Index. Adding also the DFF, the CPI, the Unemp. Rate and the GDP as explanatory 

variables. 

For this purpose, we have used four different models: the Auto-Regressive Integrated Moving 

Average (ARIMA), the Autoregressive Integrated Moving Average with Explanatory Variable (ARIMAX), 

the vector autoregressive (VAR) and the Markov-Switching Vector Autoregressions. We predicted the 

LOAN (Commercial and industrial loan) and concluded that the model that did better forecasts was the 

VAR model, then the MSVAR followed by ARIMAX and ARIMA. Using the VAR method, we got the best 

results but offering little assurance about the identification of causal effects.  

 We also provide evidence of how firm-level and aggregate outcomes evolve due to policy 

uncertainty movements. Causal inference is challenging, because policy responds to economic 

conditions and is likely to be forward looking.   

Our findings are broadly consistent with theories that highlight the negative economic effects of 

uncertainty shocks. The results suggest that elevated policy uncertainty in the United States may have 

made forecasting almost impossible in recent years.. 

Many studies use the aggregate economic policy uncertainty index to test the effect of economic 

policy uncertainty on firm behavior and performance. Only few studies test the effect of each 

economic policy uncertainty component on the firm behavior and performance. Additional research is 

needed to explore the impact of the separate economic policy uncertainty components on firms’ 

behaviour and performance. Each separate component of economic policy uncertainty may have a 

different effect on firms’ behavior and performance. 

It is also important to emphasize that this work can be largely improved. In future research, other 

models can be implemented to this dataset (or new variables datasets) as we only compared results 

and performance between ARIMA, ARIMAX, VAR and the Markov Switching model.  

Furthermore, the present work only contemplated the DFF, the CPI, the Consumer Sent., the 

Unemployment Rate, the EPU, the VIX and the GDP, and thereby new features can be included with 

more details. Thus, we could add information about interest or inflation rates in the variables for 

example. We could also try to understand which variables have the most significant impact in the 

forecasting, so we could use as minimum variables as possible, to make it easier and faster to get 

results. 
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