





lence of bi-directional price relationships. Also, the length of price transmission paths
connecting markets together had been decreasing over time. However slow these
changes may be, they all point to a growing degree of market integration in the EU
hog market.
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Comparative Study of Models for Forecasting Nigerian
Stock Exchange Market Capitalization.

Basiru Yusuf and Nura Isah
Jigawa State Polytechnic Dutse (Nigeria)

Abstract

This paper proposes two forecasting models for the Nigerian Stock Exchange Mar-
ket Capitalization using the Autoregressive Integrated Moving Average (ARIMA) pro-
cess and an Autoregressive Distributed Lag (ARDL) process. A better model was se-
lected by comparing the forecast evaluation for the estimated models using pseudo-out
of sample forecasting procedure over 201394 to 2016qg3. The statistical loss functions
[MAE)_(t) [,RMSE)_t and [MAPE]_(t) for the t forecast horizon (t=1, 2, . . ., 12)
are used to compare the forecast performance of the two estimated models. The results
show that ARIMA model outperform ARDL model in three to four quarters forecast
horizon. On the other hand, ARDL model outperform ARIMA in one to two quarters,
five to seven quarters as well as nine to twelve quarters forecast horizon. Therefore, in
forecasting Nigerian Stock Exchange Market Capitalization in both short and long ho-
rizons, it can be concluded that ARDL is better model to be used.
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Models predicting corporate financial distress and
industry specifics
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Abstract. This paper is focused on tools predicting corporate financial situa-
tion. There have been constructed plenty of models whose aim is to predict pos-
sible corporate default or distress. These models will be examined. Traditional-
ly analyses would be focused on the explanatory power or models' accuracy.
The aim of this paper is different. Although the models can be mainly used gen-
erally there are many specifics which affect results and gained conclusions. The
specific highlighted in this paper is an industry branch. Companies operate in
different industry areas which influence their performance and overall financial
results and ratios and therefore it has an impact on the models' result. The paper
works with three industry branches: Manufacture of fabricated metal products,
except machinery and equipment (CZ-NACE 25), Manufacture of machinery
and equipment (CZ-NACE 28) and Construction (CZ-NACE F). The results
will be based on three data sample, specifically financial healthy companies
2012, insolvent companies 2012 and companies 2017. The results of different
models predicting financial distress will be computed and compared. The main
tools of descriptive statistics will be applied. It should prove or disapprove if
industry specifics influence the models significantly.

Keywords: Corporate Financial Health, Possibilities of Prediction, Czech Re-
public.

1 Importance of Prediction

Models predicting corporate financial distress or bankruptcy models became on one
hand popular for practical use and on the other hand serious research issue for aca-
demics in late 1960s. The beginnings are connected with works of Altman [2] and
Beaver [5]. The prediction models provide a quick inexpensive answer for their users
about financial situation of an analyzed company. The user can be in different posi-
tion to the company, as in a role of a supplier, customer, financial institution, gov-
ernment etc. It is necessary to monitor the partner's financial situation in business
relations because a financial unhealthy or unstable partner can threaten your own
business. The prediction models offer their functioning to avoid this unfavorable situ-
ation.
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There open many research questions connected to models predicting financial dis-
tress or default. First there have been constructed plenty of models whose aim is ful-
filling the aforementioned discussed purpose. There can be found many researches
concentrating on the explanatory power of the used models or new approaches with
higher accuracy in comparison to the previous prediction models. Only in the area of
the Czech Republic the following papers can be mentioned [19], [15], [13], [6] or
[23]. Second question discussed especially in the time of economic recessions is the
influence of the overall economic conditions on the results provided by the prediction
models (specifically in [4], [16] or [18]). Third question stays partially hidden. It is a
specific of an industry sector. An advantage of the prediction models is their general
use, at least at the area of manufacturing. It can be raised a question if the industry
branch influences the results of the prediction models. Companies can belong to the
different industry branches and therefore they have not similar achieved performance
and they do not give the similar values of the financial ratios which create bases of the
prediction models. This paper focuses on the impact of the industry branch. The con-
ducted analysis will prove or disapprove if industry specifics influence the models
significantly.

2 Models according to Literature Review

Since 1960's there have been created many models predicting financial distress. Some
have high accuracy but others should not be used at all because they do not provide
relevant information for business decision making. It is the reason why the models are
repeatedly tested in the case of their accuracy. Papers usually focus on one model or
maximally 5 are tested. An exception is a research provided by Camska [6] or [7]
which tested almost 4 dozens of the prediction models. The results show that although
many models have high explanatory power many models should be also excluded
because they reach high level of errors. This paper is based on the models which were
classified in the category with high accuracy. The further analysis will use financial
data of Czech companies and therefore the emphasis is on Czech models predicting
financial distress and the models created in economies with comparable conditions.

The Czech Republic is represented by INO1 [22], INO5 [21] and Balance Analysis
System by Rudolf Doucha [9). These approaches were created on roots of the models
coming from the developed economies as Altman Z-Score [3], Bonita Index (in the
German original Bonitéitsanalyse [24], Kralicek [17] or Taffler [1]. They are still pop-
ular in the Czech Republic. On the other hand, it must be noted that these internation-
al models originated in countries with different history, development and level of
economic and therefore it is still highly debatable if they should be used in the condi-
tions of the Czech Republic. Their accuracy in the case of the Czech enterprises was
proved by [6].

The Czech Republic belonged to the transition economies in 1990's and therefore it
opens a possibility to test the models which originated in the countries with compara-
ble historical, political and economic development. Therefore it will be introduced the
models from the transition countries as Poland, Hungary and Baltic States (especially
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Latvia and Lithuania). The introduced Polish models are Prusak, PAN-E, PAN-F,
PAN-G, D2, D3, (all previous discussed in [14). The Hungarian model is called ac-
cording to its authors Hajdu & Virag [10]. The Baltic approaches are represented by
Sorins & Voronova [11], Merkevicius [20] and R model [8].

Due to paper page range the models' formulas are not mentioned in this paper. The
relevant literature has been provided and therefore the formulas can be found in the
case of the reader's interest.

3 Research Idea and Data

This chapter is mainly dedicated to the paper's idea and used data. The first subchap-
ter focuses on the solved research question and methods which will be applied. The
second subchapter defines the data sample and source of the data. The size of the data
sample is discussed as well.

3.1 Paper'sidea and used methods

The paper's idea is based on that the models predicting financial distress are used
generally and they usually do not reflect any industry specifics. The companies be-
longing to the different industry branches can achieve different performance which
influences the values of financial indicators and therefore also the prediction models.
It remains a question if this influence is significant or not. There can be tradeoffs
between the financial indicators. The value of one ratio is worse but the other one is
better for that industry branch and at the end the results are comparable among the
industry sectors.

The bankruptcy models or models predicting financial distress introduced in the
previous part will be applied to the corporate data. The main descriptive statistics will
be computed from the results for the individual companies. These statistics will be
compared among the industrial sectors. It will prove or disprove if there are signifi-
cant differences among the industry branches in the case of final values of the models
predicting financial distress.

3.2 Data Sample

The paper's idea is based on the differences among industry sectors therefore the data
sample has to contain companies belonging to the different industry branches. There
were chosen three industry branches, specifically Manufacture of fabricated metal
products, except machinery and equipment (CZ-NACE 25), Manufacture of machin-
ery and equipment (CZ-NACE 28) and Construction (CZ-NACE F). These industries
provided the largest data sample of insolvent companies caused by the last global
economic crisis and they formed the basis of the previous research [6] or [7]. On the
first look, the industry branches look similar because their purpose is to produce a
final physical good for a customer. It would not be expected that they significantly
differ in financial characteristics in comparison with wholesale trade and services.

Proceedings ITISE-2019. Granada, 25th-27th September 2019 649



The data sample itself consists of three subsamples. The first two subsamples are
connected with the previous research because they describe companies which became
insolvent in 2012 according to the Czech Insolvency Act and companies which were
classified as creating economic value added in 2012 (according to [12]). The third
subsample is the largest because it contains general companies (without any re-
strictions) belonging to the particular industry branch and it describes the financial
situation of these companies in 2017. The year 2017 is the last for which there are
available financial statements. The year 2018 will be still published during this year
(2019). The table describes the sample distribution between the particular industry
branches.

Table 1. Size of the analyzed sample

Industry branch Insolvent 2012 Healthy 2012 General 2017

CZ-NACE 25 36 383 1525
CZ-NACE 28 10 33 789
CZ-NACE F 38 229 3564

The data was obtained from the corporate database Albertina. Although there are
more companies belonging to the each studied industry branch in the Czech Republic
the sample size is final. It is caused by two limitations. First the companies do not
publish their annual statements although it is an obligation. Second some data was
incomplete or they contained some items equal to zero and therefore it was not possi-
ble to compute all ratios of the prediction models. Such companies were omitted.

It must be noted that the analysis will not work with the time comparison. Alt-
hough there is data available for 2012 and 2017 these samples are incomparable. The
sample 2012 is strictly polarized because it contains on one hand the insolvent com-
panies and on the other hand the companies with the highest level of performance
because they created positive economic value added. The sample 2017 is not polar-
ized and it can be called that it contains general companies. It also explains why this
sample is much larger.

4 Empirical Evidence

Final scores for the models introduced in chapter 2 were calculated for each company
from the data sample. These individual values have been summed up using basic de-
scriptive statistics. Table 2 provides an illustration on an example of Altman model.
This kind of the table could be provided for each model. Altman formula has been
chosen because of its worldwide popularity and extension of use. Table 2 displays the
main descriptive statistics for healthy companies 2012 divided into three subsamples -
Manufacture of machinery and equipment (CZ-NACE 28), Construction (CZ-NACE
F) and Manufacture of fabricated metal products, except machinery and equipment
(CZ-NACE 25).
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Table 2. Altman Z-Score and its descriptive statistics for healthy companies 2012

Healthy compa- Manufacture of machinery Construction Manufacture of fabricated

nies 2012 and equipment metal products
Mean 3.08 3.97 4.55
Median 2.63 3.36 3.76
Minimum 1.16 0.26 112
Maximum 6.76 22.89 64.67

1* quartile 2.31 2.39 2.75

3" quartile 3.67 483 5.22

St. deviation 1.27 2.63 4.41

Trim mean 3.02 3.76 4.17

According to the results included in Table 2 there are visibly differences among Alt-
man Zcore values in different industry sectors. Manufacture of machinery and equip-
ment reached the lowest values and Manufacture of fabricated metal products reached
the highest value. The difference is 1.47 point which can be almost identified with the
range of the grey zone of the model [3]. The difference is significant. It proves that
the companies belonging to the Manufacture of machinery and equipment had lower
values of the prediction model and therefore they looked as less healthy in compari-
son with the other two industry sectors. The gained result confirms that industry spe-
cifics can play an important role in the case of the financial situation prediction.

Table 2 included only one model and one of three parts of the data sample there-
fore it is necessary to visualize the obtained data in more complex way. A helpful tool
would be figure which displays results for the analyzed models predicting financial
distress. The models are ordered in the figures as 1 — Altman, 2 — INO1, 3- INO5, 4 —
Doucha, 5 — Bonita, 6 — Prusak 1, 7 — Prusak 2, 8 — PAN-E, 9 — PAN-F, 10 - PAN_G,
11-D2,12 - D3, 13 - Hajdu & Virag, 14 — Sorins & Voronova, 15 — Merkevicus, 16
- Rmodel. Kralicek Quick Test has been excluded because its metrics works different-
ly in comparison to other models. Higher value means healthier company for majority
of the models. Kralicek Quick Test is an exception because the desired result is the
minimization of the final model score. Taffler model has been excluded from figures
as well because its final values exceed at least two times the maximal values of the
other models and therefore it would distort the display and differences among models
would not be visible.

There are 3 figures, each one for one data subpart of the analysed data sample (in-
solvent companies 2012, healthy companies 2012 and general companies 2017). Blue
line shows the industry sector Manufacture of machinery and equipment (CZ-NACE
28), red line represent the industry sector Construction (CZ-NACE F) and finally
green one is for Manufacture of fabricated metal products, except machinery and
equipment (CZ-NACE 25). The lines represent final scores of the prediction models
because they display trim mean for a particular group of the companies. Trim mean
separates outliers.
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Fig. 2. Prediction models and their final values for insolvent companies 2012

Figure 1 confirms conclusions from Table 2 that there are significant differences
among the industry sectors in the case of the healthy companies. CZ-NACE 25 reach-
es the highest scores, then CZ-NACE F and on the opposite site there is CZ-NACE
28. It must be noted that not all the models provide the same results because the final
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position of CZ-NACE F and CZ-NACE 28 is not the same. It means that the final
ranking cannot be generalized.

Figure 2 consists of results for the insolvent companies from the year 2012. Signif-
icant differences can be observed again in this case. The worst is the machinery indus-
try (CZ-NACE 28) and the best is the construction industry (CZ-NACE F). This con-
clusion is not valid for all verified models because curves intersect or they are so
close that there are almost any differences among industries. Divergent conclusions
are caused by the indicators included in the individual models predicting financial
distress. The models prefer different financial ratios and therefore there are tradeoffs
between the values of the separated indicators which cause differences in the final
scores.

It should be emphasized that the year 2012 cannot be classifies as stable at all. The
Czech economy still dealt with consequences of a last global economic crisis in that
time. The third part of the data sample contains the financial data from the stable time
period of the year 2017. The Czech Republic was fully compensated with the eco-
nomic crisis of previous years and it grew economically. The results of this period are
introduced by Figure 3.

6 -
e CZ-NACE 28
51 e CZ-NACE F
CZ-NACE 25
4 -
3 -
2 -
1 -
0 -— .
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Fig. 3. Prediction models and their final values for general sample 2017

Although figure 3 uses the same approach as the previous figures displaying the year
2012 there cannot be observed the significant differences among the chosen industry
branches. The results for the individual prediction models are comparable. The com-
panies reach similar value of the final score without a respect to the industry branch.
It cannot be pointed out which industry branch has the highest and which one the
lowest values. Figure 3 does not the confirm conclusions obtained from figure 1 and
figure 2. Although the companies belong to the different industry branches and they
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have hardly the same sale, property and financial structure the final score of the mod-
els predicting financial distress does not differ significantly. In this case the research
idea cannot be confirmed. Reasons causing these results will be discussed in a conclu-
sion part.

Kralicek Quick Test and Taffler model have been left aside. The reasons were
mentioned. Both models predicting financial distress confirm the gained conclusions
because there are not significant differences in the time of stability and on other hand
in 2012 it is possible to observe differences among industry branches. In the case of
Kralicek Test the differences are slighter because the models is not working on the
continuous basis but on the discrete one (values of ratios belong to the categories
which are valued) and it limits the differences by nature.

Conclusion

This paper was focused on the models predicting financial distress which were con-
structed in the past but they are still popular and highly used for predictions in the
corporate practices. The analysis worked with almost 20 models. Untraditionally the
paper did not follow the testing of models' accuracy and explanatory power but it
focused on the specifics among industry sectors. On one hand the analyzed prediction
tools are widespread because of their general usage on the other hand there are specif-
ics of the industries which influences sale, property, capital structure etc. These spe-
cifics could influence the models' results significantly and therefore the final scores of
the prediction models were tested. The results are based on three industry branches,
specifically Manufacture of fabricated metal products, except machinery and equip-
ment (CZ-NACE 25), Manufacture of machinery and equipment (CZ-NACE 28) and
Construction (CZ-NACE F).

Final scores of the analyzed prediction models show that there were significant
differences in the two subparts of the data sample — the insolvent companies and the
healthy companies in 2012. The worst results achieved CZ-NACE 28 for both sub-
samples. CZ-NACE F was the best among the insolvent companies and CZ-NACE
25 among the healthy companies. The third subpart — the general companies 2017 —
did not support these findings because there were comparable results without the re-
spect to the industry sector. It is not possible to prove if the industry specifics influ-
ence the models significantly. Although the industry sector has an impact on the cor-
porate financial statements, balance sheet and profit and loss account, it does not in-
fluence the final values of the models predicting financial distress significantly. The
models are based on several financial ratios. As the results show there are some
tradeoffs between the indicators which enter the final value of the prediction model.
Differences among the individual indicators could be analyzed further in the follow-
ing research work. There have to be discrepancies in the case of leverage, profit mar-
gin or net working capital among the industry branches.

It must be noted that the basic research idea was confirmed for the subsamples
from 2012 which is connected with the consequences of the last global economic
crisis. It can be concluded that in the time of overall economic stability there are not
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significant differences in the case of the industry branches but the instability is bring-
ing differences. It can be caused by several reasons. First the industries react differ-
ently and it influences the financial statements and then the financial ratios included
in the prediction models. Second the industries were differently influenced by the
economic crisis. Some were more affected than the others and this is visible on the
gained results. For the confirmation it would be necessary to analyze the individual
financial ratios and use also other kinds of information including industry statistics as
a production slump, price movements or changed payment conditions in that industry.
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Abstract

This paper develops a new class of dynamic extreme value models, driven by the score
of the conditional distribution with respect to both the duration between extreme events and
the magnitude of these events. This data-driven framework is a feasible method for capturing
their time-varying arrival intensity, and magnitude. It is also shown how exogenous variables
such as realized measures of volatility can easily be incorporated. An empirical analysis
based on a set of major equity indices shows that both the arrival intensity and the size
of extreme events vary greatly during times of market turmoil. The proposed framework
performs well relative to a competing approach in terms of forecasting extreme tail risk
measures.

JEL classification: C11; C58; G17; Q47; Q02

Keywords: Score-driven models, Time-varying parameters, Extreme value theory, Value at Risk,
Expected Shortfall, Realized Volatility.
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1 Introduction

Since the Global Financial Crisis and more recent sovereign debt crisis in several European coun-
tries, numerous new econometric approaches have been developed to quantify tail risk dynam-
ics (see for instance Gandhi & Lustig 2015, Agarwal et al. 2017, Andersen et al. 2017, Lucas
et al. 2017). The first typically consists of estimating a conditional volatility model, followed
by modeling the dynamics of these events through the residuals standardized obtained in this
first step (e.g. McNeil & Frey 2000, Garcia & Tsafack 2011, Bee et al. 2016, Koliai 2016, Sa-
hamkhadam et al. 2018). The main shortcoming of this approach is that volatility measures
based on only past returns cannot accurately capture tail risk during financial market turmoil (see
Longin 2000, Bali 2000, Hong et al. 2007). Only models that contain a leverage term, irrespective
of whether they are models based on daily returns (e.g., SV or GARCH) or realized measures of
volatility (e.g., HAR or HEAVY) have been successful in explain the dynamic of extreme events,
see Liu & Tawn (2013) and Trapin (2017). Hence, a measure of risk different to the volatility,
harnessing only the likelihood of extreme downward market movements, is required.

In order to overcome this limitation, several models based on marked point processes have
been proposed, which take into account the timing and the magnitude of large losses occurring
over a high threshold acts as a proxy for volatility at extreme levels (e.g. Chavez-Demoulin &
McGill 2012, Chavez-Demoulin et al. 2014, Gresnigt et al. 2016, Herrera & Clements 2018).
The key point of this approach is that, in order to understand the dynamics of tail risk in financial
markets, extreme events can be split into two stochastic components. One associated with their
irregularly spaced occurrence through time, and another associated with the severity of these
events.

The main contribution in this paper is to provide a novel observation-driven framework for
modeling the dynamic behavior of both components. In particular, a new class of dynamic
marked point processes for extreme events is proposed. Under this approach the stochastic pro-
cess of the duration between extreme events (inter-exceedance times) form a path-dependent
point process, whereas the associated magnitudes are the marks which depend on the arrival
times and the history of the stochastic process of the extreme events.

The models proposed here are denoted as Score-driven Peaks Over Threshold (SPOT) mod-

els and embed the most important elements of a time-varying extreme value model. The main

2
Proceedings ITISE-2019. Granada, 25th-27th September 2019 658



difference is that the dynamics of the parameters are functions of the observations through the
score function of the predictive density at the time of each extreme event; see Creal et al. (2013)
and Harvey (2013). Score driven models have become popular in recent years in many economic
and financial applications (see Calvori et al. 2017, Gorgi et al. 2018, Massacci 2016, Bernardi &
Catania 2019), mainly because these are the only models with time-varying parameters whose
updating equations will always reduce the local Kullback-Leibler divergence between the true
conditional density and the model-implied conditional density (Blasques et al. 2015).

Additionally, an extension denoted here as the realized SPOT (rSPOT) model which includes
realized volatility measures (e.g., simple realized variance, realized semi variance, jumps, nega-
tive jumps) is proposed. The use of realized volatility measures has been rapidly gaining popu-
larity as an alternative to standard parametric volatility models, and they have been also utilized
in the context of financial extreme risk in recent years (Bee et al. 2016, Bee et al. 2018, Fodor
et al. 2013, Yeh & Chen 2014).

The main question of interest is to determine to what degree can the dynamic behaviour of
extreme events (and hence tail risk) be explained by the two stochastic components, their occur-
rence times and/or their magnitudes. In addressing this issue, the question of whether there any
gains from using realized measurements to produce more accurate estimates of extreme market
risk will also be addressed.

The benefits of the proposed framework are illustrated in an empirical analysis of tail risk for
a set of major world stock indices from 2000 to 2018. The main results can be summarized as
follows. The estimation results confirm that using the information on the occurrence times and
the magnitude of extreme events by means of the score-driven approach is helpful for describing
tail risk dynamics. In particular, by decomposing the tail risk dynamics, financial crisis are almost
simultaneously reflected in the dynamic of both stochastic processes; the arrival times of extreme
events and their associated magnitudes. In fact, both the Subprime crisis and the European debt
crisis can be clearly distinguished. In addition, the dynamic parameter that best describes the
behavior of the inter-exceedance times is the shape parameter of the conditional hazard function,
exhibiting heavy-tailed behavior. The dynamics of the magnitudes is best described by a time
varying scale parameter of the conditional probability distribution function. Further, it is observed

that incorporating realized measures of volatility into the SPOT framework leads to gains in terms
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of goodness of fit.

Finally, the performance of the SPOT framework is examined under two measures of risk,
Expected Shortfall (ES) and Value at Risk (VaR), considering two different backtesting periods.
The performance of the SPOT models are compared with the one-factor GAS model of Patton
et al. (2019). The results of the out-of-sample forecasting exercise show that the SPOT model
outperforms the one-factor GAS model for the one-year VaR backtesting period, while it exhibits
similar results during the longer two-year backtesting period, for most of the markets considered.

In terms of a joint test of ES and VaR, the SPOT models outperforms the one-factor GAS model.

References

Agarwal, V., Ruenzi, S. & Weigert, F. (2017), ‘Tail risk in hedge funds: A unique view from
portfolio holdings’, Journal of Financial Economics 125(3), 610-636.

Andersen, T. G. & Bollerslev, T. (1998), ‘Deutsche Mark—Dollar volatility: Intraday activity
patterns, macroeconomic announcements, and longer run dependencies’, the Journal of

Finance 53(1), 219-265.

Andersen, T. G., Bollerslev, T., Diebold, F. X. & Labys, P. (2003), ‘Modeling and forecasting
realized volatility’, Econometrica T1(2), 579-625.

Andersen, T. G., Bollerslev, T. & Meddahi, N. (2005), ‘Correcting the errors: Volatility forecast
evaluation using high-frequency data and realized volatilities’, Econometrica 73(1), 279—

296.

Andersen, T. G., Bollerslev, T. & Meddahi, N. (2011), ‘Realized volatility forecasting and market

microstructure noise’, Journal of Econometrics 160(1), 220-234.

Andersen, T. G., Fusari, N. & Todorov, V. (2017), ‘Short-term market risks implied by weekly
options’, The Journal of Finance 72(3), 1335-1386.

Bali, T. G. (2000), ‘Testing the empirical performance of stochastic volatility models of the short-

term interest rate’, Journal of Financial and Quantitative Analysis 35(2), 191-215.

4
Proceedings ITISE-2019. Granada, 25th-27th September 2019 660



Bali, T. G. & Weinbaum, D. (2007), ‘A conditional extreme value volatility estimator based on

high-frequency returns’, Journal of Economic Dynamics and Control 31(2), 361-397.

Balkema, A. A. & De Haan, L. (1974), ‘Residual life time at great age’, The Annals of Probability
5(2), 792 - 804.

Barndorff-Nielsen, O. E. & Shephard, N. (2002), ‘Econometric analysis of realized volatility and
its use in estimating stochastic volatility models’, Journal of the Royal Statistical Society:

Series B (Statistical Methodology) 64(2), 253-280.

Bee, M., Dupuis, D. J. & Trapin, L. (2016), ‘Realizing the extremes: Estimation of tail-risk

measures from a high-frequency perspective’, Journal of Empirical Finance 36, 86-99.

Bee, M., Dupuis, D. J. & Trapin, L. (2018), ‘Realized extreme quantile: A joint model for
conditional quantiles and measures of volatility with EVT refinements’, Journal of Applied

Econometrics 33(3), 398-415.

Bernardi, M. & Catania, L. (2019), ‘Switching generalized autoregressive score copula models

with application to systemic risk’, Journal of Applied Econometrics 34(May), 43—65.

Blasques, F., Koopman, S. J. & Lucas, A. (2015), ‘Information-theoretic optimality of
observation-driven time series models for continuous responses’, Biometrika 102(2), 325-

343.

Brownlees, C. T. & Gallo, G. M. (2009), ‘Comparison of volatility measures: A risk management

perspective’, Journal of Financial Econometrics 8(1), 29-56.

Calvori, F., Creal, D., Koopman, S. J. & Lucas, A. (2017), ‘Testing for parameter instability

across different modeling frameworks’, Journal of Financial Econometrics 15(2), 223-246.

Chavez-Demoulin, V., Embrechts, P. & Sardy, S. (2014), ‘Extreme-quantile tracking for financial

time series’, Journal of Econometrics 181(1), 44-52.

Chavez-Demoulin, V. & McGill, J. (2012), ‘High-frequency financial data modeling using
Hawkes processes’, Journal of Banking & Finance 36(12), 3415-3426.

5
Proceedings ITISE-2019. Granada, 25th-27th September 2019 661



Christoffersen, P. (1998), ‘Evaluating interval forecasts’, International economic review pp. 841—

862.

Corsi, F. (2009), ‘A simple approximate long-memory model of realized volatility’, Journal of

Financial Econometrics 7(2), 174-196.

Corsi, F.,, Fusari, N. & La Vecchia, D. (2013), ‘Realizing smiles: Options pricing with realized
volatility’, Journal of Financial Economics 107(2), 284-304.

Creal, D., Koopman, S. J. & Lucas, A. (2013), ‘Generalized autoregressive score models with

applications’, Journal of Applied Econometrics 28(5), 777-795.

Davison, A. & Smith, R. (1990), ‘Models for exceedances over high thresholds’, Journal of the
Royal Statistical Society. Series B (Methodological) pp. 393—442.

Engle, R. F. & Gallo, G. M. (2006), ‘A multiple indicators model for volatility using intra-daily
data’, Journal of Econometrics 131(1-2), 3-27.

Fissler, T., Ziegel, J. F. et al. (2016), ‘Higher order elicitability and Osband’s principle’, The
Annals of Statistics 44(4), 1680-1707.

Fodor, A., Krieger, K., Mauck, N. & Stevenson, G. (2013), ‘Predicting extreme returns and

portfolio management implications’, Journal of Financial Research 36(4), 471-492.

Fuentes, F., Herrera, R. & Clements, A. (2018), ‘Modeling extreme risks in commodities and

commodity currencies’, Pacific-Basin Finance Journal 51, 108—120.

Gandhi, P. & Lustig, H. (2015), ‘Size anomalies in US bank stock returns’, The Journal of Fi-
nance 70(2), 733-768.

Garcia, R. & Tsafack, G. (2011), ‘Dependence structure and extreme comovements in interna-

tional equity and bond markets’, Journal of Banking & Finance 35(8), 1954-1970.

Gneiting, T. (2011), ‘Making and evaluating point forecasts’, Journal of the American Statistical

Association 106(494), 746-762.

Gorgi, P, Hansen, P., Janus, P. & Koopman, S. (2018), ‘Realized Wishart-GARCH: A score-

driven multi-asset volatility model’, Journal of Financial Econometrics 17(1), 1-32.

6
Proceedings ITISE-2019. Granada, 25th-27th September 2019 662



Gresnigt, F., Kole, E. & Franses, P. H. (2016), ‘Specification testing in Hawkes models’, Journal
of Financial Econometrics 15(1), 139-171.

Hansen, P. R., Huang, Z. & Shek, H. H. (2012), ‘Realized GARCH: A joint model for returns
and realized measures of volatility’, Journal of Applied Econometrics 27(6), 877-906.

Harvey, A. C. (2013), Dynamic models for volatility and heavy tails: with applications to finan-

cial and economic time series, Vol. 52, Cambridge University Press.

Herrera, R. & Clements, A. (2018), ‘Point process models for extreme returns: Harnessing im-

plied volatility’, Journal of Banking & Finance 88, 161-175.

Hong, Y., Li, H. & Zhao, F. (2007), ‘Can the random walk model be beaten in out-of-sample
density forecasts? Evidence from intraday foreign exchange rates’, Journal of Econometrics

141(2), 736-776.

Koliai, L. (2016), ‘Extreme risk modeling: An EVT—pair-copulas approach for financial stress
tests’, Journal of Banking & Finance 70, 1-22.

Kupiec, P. H. (1995), ‘Techniques for verifying the accuracy of risk measurement models’, The

Journal of Derivates 3(2).

Liu, Y. & Tawn, J. A. (2013), ‘Volatility model selection for extremes of financial time series’,

Journal of Statistical Planning and Inference 143(3), 520-530.

Longin, F. M. (2000), ‘From value at risk to stress testing: The extreme value approach’, Journal

of Banking & Finance 24(7), 1097-1130.

Lucas, A., Schwaab, B. & Zhang, X. (2017), ‘Modeling financial sector joint tail risk in the euro
area’, Journal of Applied Econometrics 32(1), 171-191.

Massacci, D. (2016), ‘Tail risk dynamics in stock returns: Links to the macroeconomy and global

markets connectedness’, Management Science 63(9), 3072-3089.

McNeil, A. & Frey, R. (2000), ‘Estimation of tail-related risk measures for heteroscedastic finan-

cial time series: an extreme value approach’, Journal of Empirical Finance 7, 271-300.

7
Proceedings ITISE-2019. Granada, 25th-27th September 2019 663



Noureldin, D., Shephard, N. & Sheppard, K. (2012), ‘Multivariate high-frequency-based volatil-
ity (heavy) models’, Journal of Applied Econometrics 27(6), 907-933.

Patton, A. J., Ziegel, J. F. & Chen, R. (2019), ‘Dynamic semiparametric models for expected

shortfall (and value-at-risk)’, Journal of Econometrics . (In Press).

Pickands, J. (1975), ‘Statistical inference using extreme order statistics’, The Annals of Statistics

pp- 119 - 131.

Sahamkhadam, M., Stephan, A. & Ostermark, R. (2018), ‘Portfolio optimization based
on GARCH-EVT-Copula forecasting models’, International Journal of Forecasting
34(3), 497-506.

Smith, R. (1989), ‘Extreme value analysis of environmetal time series: An application to trend

detection in ground-level ozone’, Statistics Sience 4, 367-393.

Trapin, L. (2017), ‘Can volatility models explain extreme events?’, Journal of Financial Econo-

metrics 16(2), 297-315.

Yeh, J.-H. & Chen, L.-C. (2014), ‘Stabilizing the market with short sale constraint? New evidence

from price jump activities’, Finance Research Letters 11(3), 238-246.

8
Proceedings ITISE-2019. Granada, 25th-27th September 2019 664



Freedman’s Paradox: an Info-Metrics
Perspective

Pedro Macedo

CIDMA — Center for Research and Development in Mathematics and Applications,
Department of Mathematics, University of Aveiro, 3810-193, Aveiro, Portugal
pmacedoQua.pt
https://cidma.ua.pt/

Abstract. In linear regression models where there are no relationships
between the dependent variable and each of the potential explanatory
variables — a usual scenario in real-world problems — some of them can be
identified as relevant by standard statistical procedures. This incorrect
identification is usually known as Freedman’s paradox. To avoid this
disturbing effect in regression analysis, an info-metrics approach based on
normalized entropy is discussed and illustrated in this work. The results
suggest that normalized entropy is a powerful alternative to traditional
statistical methodologies currently used by practitioners.

Keywords: Big Data, Regression, Variable Selection.

1 Introduction

Consider a linear regression model defined as
y=XpB+e, (1)

where y denotes a (N x 1) vector of noisy observations, 3 is a (K x 1) vector of
unknown parameters to be estimated, X is a known (N x K) matrix of explana-
tory variables, and e is the (IV x 1) vector of random disturbances, typically
assumed to have a conditional expected value of zero and representing spherical
disturbances.

Freedman [1, p. 152] states that “[...] in a world with a large number of un-
related variables and no clear a priori specifications, uncritical use of standard
methods will lead to models that appear to have a lot of explanatory power.
That is the main — and negative — message of the present note.” Through simu-
lation studies and asymptotic theory it is demonstrated some technical features
of this misleading interpretation, including the behaviour of the t-test, the F-test
and the coefficient of determination, R?. Freedman [1] shows that in a regres-
sion model where does not exist relationships between independent /explanatory
variables and the dependent variable, if there are many explanatory variables
in the model, then the R? will be high and some explanatory variables can be
easily considered relevant variables through common significance tests.
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2 Pedro Macedo

Info-Metrics is a research area at the intersection of statistics, computer
science and decision theory, where the maximum entropy principle established
by Jaynes [6, 7] plays a central role. Maximum entropy provides a simple tool to
make the best prediction (i.e., the one that is the most strongly indicated) from
the available information and it can be seen as an extension of the Bernoulli’s
principle of insufficient reason.

To highlight the importance of the maximum entropy principle, Soofi [11,
p. 1244] provides an interesting statement, which possibly remains valid nowa-
days: “Jaynes introduced the maximum entropy principle of inference with which
many statisticians have some familiarity but for which the statistics community
as a whole has not yet developed sufficient appreciation.”

To illustrate an info-metrics approach to avoid the above mentioned dis-
turbing effect in regression analysis, the generalized maximum entropy (GME)
and generalized cross entropy (GCE) estimators are briefly presented in Section
2, along with the definition of normalized entropy. Although there are other
methodologies for variable selection, this paper is intended only to illustrate the
use of info-metrics procedures. A comparison with other recent methodologies
(e.g., lasso and its generalizations) is left for future work. The remainder of the
paper is laid out as follows: in Section 3 the simulation studies are implemented;
some conclusions and topics for future research are given in Section 4.

2 Info-Metrics: Estimators and Normalized Entropy

Golan, Judge and Miller [3, pp. 86-93] proposed a reformulation of the linear
regression model in (1) as
y=XZp+ Vw, (2)

where
zi 0---0 D1
0 zé 0 jo
ﬂ:Zp: I : : ) (3)

with Z a (K x KM) matrix of support spaces and p a (KM x 1) vector of
unknown probabilities to be estimated, and

vp 0 --- 0 w1
0v,--- 0 wo

e=Vw=| . " | s (4)
00 --vy| |wn

with V' a (N x NJ) matrix of support spaces and w a (N J x 1) vector of unknown
probabilities to be estimated. In this reformulation, each gy, k = 1,2,..., K, and
each e,, n=1,2,..., N, are viewed as expected values of discrete random vari-
ables z; and v, respectively, with M > 2 and J > 2 possible outcomes, within
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the lower and upper bounds of the corresponding support spaces. Additional
details can be found in Golan [2], Chapter 13.

For the linear regression model expressed in (1), the generalized maximum
entropy (GME) estimator is given by

argmax {—p'Inp — w' Inw}, (5)

b,w

subject to the model constraints,
y=XZp+ Vw, (6)
and the additivity constraints for p and w, respectively,

1y = (IN X 1{])’11),

where ® represents the Kronecker product. On the other hand, with the same
restrictions, the generalized cross entropy (GCE) estimator is given by

argmin {p’ In (p) +w'In <w> } ) (8)
pw q1 q2

where q; and g9 are vectors with prior information concerning the parameters
and the errors of the model, respectively.

The estimators generate the optimal probability vectors p and w that can be
used to form point estimates of the unknown parameters and the unknown errors,
through the reparameterizations (3) and (4) defined previously. It is important
to note that the GME estimator is a particular case of the GCE estimator, when
the prior information is expressed as a uniform distribution (vectors q; and g2).
In view of the fact that ill-posed real-world problems seem to be the rule rather
than the exception, these estimators have acquired special importance in the set
of statistical techniques, by allowing statistical formulations free of restrictive
and unnecessary assumptions.

Additionally, to measure the information content of the signal component in
a particular model, Golan, Judge and Miller [3, p. 93, p. 165] defined normalized
entropy as

. —p'lnp
S(p) = KInM 9)

in the GME estimator, and
P
. —p'Inp
Sp)=——-—-— 10
#)= b (10)
in the GCE estimator context. This measure lies between zero (no uncertainty)
and one (perfect uncertainty). Concerning variable selection, it is interesting to

note that if all the z; in Z are defined uniformly and symmetrically around
zero, then S(py) & 1 implies S = 0, because py, is uniformly distributed. Thus,
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a variable corresponding to S(px) =~ 1 has no information content and should
be excluded from the model.

Some advantages of this procedure are presented by Golan, Judge and Miller
[3, p. 176]: is simple to perform, even for a large number of variables (just
one analysis of the sample is needed, which represent important computational
advantages; it does not require the evaluation of 2% models); allows the use of
non-sample information (through the supports in GME or the vectors with prior
information in GCE); is free of asymptotic requirements; involves a shrinkage rule
that reduces mean squared error; allows to account for model misspecifications
and model uncertainty; and it can be implemented for well- and ill-posed models.

Additional details on maximum entropy estimation, normalized entropy, sim-
ulation studies, properties and asymptotic theory can be found in Golan, Judge
and Miller [3], Mittelhammer, Cardell and Marsh [9], and Golan [2].

3 Simulation Studies

The simulation studies conducted in this work follow the same structure of the
ones performed by Freedman [1]. Different matrices are created with 100 rows
and 51 columns. All the entries are independent observations generated from
the standard normal distribution. To establish a multiple regression model, the
first 50 columns are considered as the explanatory variables and the last column
as the dependent variable. Given this construction, all the regression coefficients
should be considered statistically not significant by the standard t-test. However,
this won’t be the case (as expected).

Freedman [1] performed two successive model estimations: in the first one
are identified the number of coeflicients that are statistically significant at the
25% (representing an exploratory analysis) and the 5% (representing a confir-
matory analysis) levels; in the second one, only the variables whose coefficients
are significant at the 25% level enter to the regression model and the number
of coefficients that are statistically significant at the 25% and the 5% levels are
identified, again. All the results are misleading, in particular on the second stage,
where are identified between one and nine statistically significant coefficients in
the models (depending on the simulation), at the 5% significance level.

To illustrate variable selection using normalized entropy, the GME and GCE
estimators are performed with four different supports: [—100,100], [—10, 10],
[—5,5] and [—2,2] for all the parameters. The supports are defined as closed
and bounded intervals in which each parameter is restricted to lie. Since there
is empirical evidence that different supports provide different results in terms
of variable selection, four supports (with five points) are tested in this work,
reflecting different levels of prior information about the parameters.

For each error support is used the three-sigma rule, considering the standard
deviation of the noisy observations (usual procedure in GME literature by us-
ing a sample scale parameter), with three points. The number of points in the
supports is usually between three and seven, since there is likely no significant
improvement in the estimation with more points in the supports.
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Regarding the GCE estimator, and following Golan, Judge and Miller [3,
p. 166], which state that “If we believe that potential extraneous variables with
zero coefficients exist in the linear statistical model specifications, it would seem
reasonable to shrink those close to zero more than others.”, a vector with prior
information is defined as g; = [0.1,0.2,0.4,0.2,0.1] for all the parameters, which
will accomplish the idea of additional shrinkage. As mentioned by Golan, Judge
and Miller [3], the priors take over as the solution when they are consistent with
the data. This feature of the GCE estimator is revealed in the results.

3.1 Results

Due to space limitations, only two models are used here: 18 and 14 are the
number of regression coefficients statistically significant at 25% level, in the first
stage, which means that, in the second stage, the two models have only 18 and
14 variables. Table 1 presents the number of regression coefficients statistically
significant, at different significance levels, in the first stage, for both models.

Table 1. Number of coefficients statistically significant (first stage).

Significance levels
1% 2% 3% 4% 5% 10%
Model 1 (50 variables)| 0 2 3 4 4 6
Model 2 (50 variables)| 0 2 2 2 4 7

Considering the three usual significance levels, in the first stage with both
models with 50 variables each, six and seven coefficients are considered statisti-
cally significant at 10% level, respectively, in Model 1 and Model 2. Additionally,
four coefficients are considered statistically significant at 5% and none of them
is considered statistically significant at 1% level, in both models.

Table 2 presents the number of regression coefficients statistically signifi-
cant, at different significance levels, in the second stage. Is this second esti-
mation, seven coefficients are considered statistically significant at 5% and two
coefficients are considered statistically significant at 1% level, in both models.
Additionally, 11 coefficients are considered statistically significant at the 10%
level, in Model 1.

Table 2. Number of coefficients statistically significant (second stage).

Significance levels
1% 2% 3% 4% 5% 10%
Model 1 (18 variables)| 2 3 5 5 7 11
Model 2 (14 variables) | 2 3 6 7 7 7
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Since the models are pure noise, the results are disturbing because they
suggest relationships that do not exist between explanatory variables and the
dependent variable.

Table 3 presents the normalized entropy (truncated to four decimals) of the
models, S(p), considering different supports for GME and GCE estimators. It is
interesting to see that all values are near one, indicating no information content

of the signal in the models (in both stages).

Table 3. Normalized entropy for the models.

Supports
[-100,100] [-10,10] [-5,5] [-2,2]
GME Model 1 50 variables 0.9999 0.9998 0.9994 0.9972
18 variables 0.9999 0.9997 0.9991  0.9954
Model 2 50 variables 0.9999 0.9998 0.9994  0.9972
14 variables 0.9999 0.9997 0.9991 0.9951
GCE  Model 1 50 variables 0.9999 0.9998 0.9995 0.9982
18 variables 0.9999 0.9998 0.9994  0.9969
Model 2 50 variables 0.9999 0.9998 0.9995 0.9982
14 variables 0.9999 0.9998 0.9993  0.9967

However, to improve the research, a more detailed analysis is developed and
all the S(py) for each model are also obtained. The results are reported through

boxplots, from Fig. 1 to Fig. 8.

0,55

0,97

=
3

T
[-100, 100]

T
[-10,10]

[751 5 2,2

Fig. 1. S(px) with GME in Model 1 (50 variables).
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Fig. 2. S(pr) with GCE in Model 1 (50 variables).
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[-100, 100] [-10,10] 15,5 2.2

Fig. 3. S(px) with GME in Model 1 (18 variables).
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T T T T
[-100, 100] 1-10,10] 159 2,2

Fig. 4. S(pr) with GCE in Model 1 (18 variables).
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Fig. 5. S(px) with GME in Model 2 (50 variables).
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Fig. 6. S(pr) with GCE in Model 2 (50 variables).
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[-100, 100] [-10,10] 15,5 2.2

Fig. 7. S(px) with GME in Model 2 (14 variables).
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T T T
[-100, 100] 10,101 [5.9 [-2,2

Fig. 8. S(pr) with GCE in Model 2 (14 variables).

Although in some scenarios, especially in the ones with supports of lower
amplitude, slightly lower normalized entropy values are obtained, the values are
always very high. Note that the y-axis is defined just between 0.97 and 1.00, and
normalized entropy values range between zero and one.

The good performance of the normalized entropy procedure in terms of vari-
able selection, which is observed in Table 3, as well as in Fig. 1 to Fig. 8, is also
achieved in other simulated models not reported here.

4 Concluding Remarks

The results in Table 3 suggest no information content of the signal in the models,
regardless the supports considered or the maximum entropy estimator used. This
is an interesting result because, under the conditions of the previous models, in
the first stage, when N — oo and K — oo, so that K/N — p, where 0 < p < 1,
then the R?, a standard procedure usually evaluated by practitioners, tends to
p, and the ratio of the number of relevant variables by N tends to ap, where o
represents the significance level considered; see Freedman [1].

Taking into account that a variable corresponding to S(px) =~ 1 has no
information content (it is considered irrelevant) and should be removed from
the model, the analysis of Fig. 1 to Fig. 8 suggests the exclusion of all the
variables, in both stages. Although in some scenarios, namely in the one with
the support defined as [—2, 2], lower normalized entropy values are obtained, all
of them are greater than 0.98. Indeed, if the criterion of inclusion considered
by Golan, Judge and Miller [3, p. 165] is applied, S(px) < 0.99, a few variables
are considered relevant when the support [—2,2] is used, although the number
of incorrect inclusions is lower when the GCE estimator is applied, as expected
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given the prior information considered. As mentioned previously, the priors take
over as the solution when they are consistent with the data.

Naturally, without a formal rule to define a cutoff value, the identification
of “relevant” variables (with “relevant” information content) can be considered
difficult in the cases with normalized entropy values “near” one. Nevertheless,
regarding this possible concern, is it really necessary a cutoff value? Is it not
sufficient the evaluation of the information embodied in the normalized entropy?
Possible answers to these questions should always take into account, although in
a different perspective, the theoretical discussions provided by Wasserstein and
Lazar [12], and Hurlbert, Levine and Utts [5], where some recommendations to
statisticians are provided, namely to eliminate the choice of specific significance
levels or to abolish the use of the terms “statistically significant”, when p-values
are interpreted in hypothesis testing. (It is important to note that s-values can
be much more useful than p-values; e.g., Greenland [4]. Information measures
based on Shannon’s work [10] are very attractive in statistical inference.)

The results in this work suggest that the evaluation of normalized entropy is a
promising approach to avoid the disturbing effect in regression analysis described
by Freedman’s paradox. Future research on the definition of the supports and in
the amount of pressure around zero, established by the prior information vector
for the GCE estimator, should be accomplished, along with the comparison with
recent methodologies (e.g., lasso and its generalizations). As a final remark, a
MATLAB code to compute normalized entropy using the GME estimator can
be easily obtained from the code available in Macedo [8]; see Appendix.
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Appendix: MATLAB code

To adapte the code available in Macedo [8], the first line of the original code can
be replaced, for example, by

function [b3,nep,nepk]=nentropy(Y,X)

Suppose a model, for example, with K = 6 and consider all the supports in Z,
for example, as [—10,—5,0,5,10]. Lines 38-71 are replaced by

intg=[-10,10;-10,10;-10,10;-10,10;-10,10;-10,10] ;
Lines 116-132 are replaced by

p=a(l:dp)’;

b3=Z*p;

nep=(-p’*log(p))/(k*xlog(m));

nepk=zeros(k,1);

for i=1:k
pos=(i-1)*m+1;
nepk(i,1)=-p(pos:pos+m-1)’*log(p(pos:pos+m-1))/log(m);

end

All lines with comments and features related to the original code should be elim-
inated. Other changes can be made (e.g., the number of points in the supports).
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Abstract

In this paper we take advantage of technological advances and use high
frequency multidimensional textual news data available in the internet and pro-
pose a new index of inflation expectations. We utilize the power of text mining
and its ability to convert large collections of text from unstructured to structured
form for in-depth quantitative and qualitative analysis of Guardian news data.
Main contribution of his paper is to explore online news as novel data source to
capture the inflation expectations in real time. We do so by building an index of
inflation expectations and capture the intensity and uncertainty of expectations
as well as the quantitative value. The preliminary results show that the new
inflation index is correlated with the actual inflation dynamics. Moreover, the
inflation news precedes actual inflation by a few months. To validate our results,
we build a linear regression using our newly built indices and market-based
inflation expectations and confirm that our methodology results in a model with
good forecasting power.

JEL Classification. C53, E31, E47

Keywords: forecasting, inflation, machine learning, text mining, guardian
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1 Introduction

Household surveys of inflation indicate show often that the perception of the
current inflation and expectations about the future expectations are different
from actual inflation values and differ strongly from the surveys of professional
forecasters and implied inflation rates of financial markets, see for example Coi-
bion et al (2018). Economic relationships such as the Phillips curve that are
estimated with the actual statistics are not performing well, especially in last
decades.

Potential reason for the difference is that households and firms get only very
partial information while doing everyday shopping aggregating the information
is very costly. Consumers build expectations through personal experiences and
prior memory of inflation, which however can be inaccurate, irrational and di-
verse. Instead they rely on public media when thinking about overall price
changes. Imperfect information affects the expectations formation negatively.

This paper measures inflation from public media using machine learning ap-
proach. There are a lot of news that cover prices and price developments. Fre-
quency of the news and the tone of the text can drive inflation perceptions.
Alternatively, households’ answers about inflation is a very noisy measure of
the actual inflation perception. Measuring directly the news about inflation could
help to understand economic relationships such as the Phillips curve better.

To address the above-mentioned issues and drawbacks we propose a new
index of inflation expectations based on online news data. We utilize the power
of text mining and its ability to convert large collections of text from unstructured
to structured form for in-depth quantitative and qualitative analysis of Guardian
news data. We capture consumers’ inflation expectations by building high di-
mensional indicator based on articles over the last 3 years. The need for such
a real-time indicator is based on the lack of analogous indicators and the delay
in the publishing of official statistics*. And because using textual data from the
news is a recent phenomenon there are few research papers that use such rich
data source for opinion mining and sentiment analysis. To our best knowledge,
there is currently no literature available that extracts consumer inflation expec-
tations from news data.

The preliminary results show that the new inflation index is correlated with
the actual inflation dynamics. Moreover, the inflation news precedes actual in-
flation by a few months. Further research will use the newly built index in esti-
mation of various economic relationships.

4 Market-based expectations are available daily but include risk premia. Survey-based expecta-
tions are published monthly.
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We use text pre-processing techniques to filter out the data and get the fre-
quency count of each word. Then we use Latent Dirichlet Allocation method for
topic extraction, as suggested by Blei, Ng and Jordan (2003) and then proceed
with dictionary-based approaches for document sentiment analysis, as sug-
gested by Thorsrud (2018). The index of inflation expectations is then built and
is compared to official inflation statistics.

Machine learning methods are considered to be very promising avenue for
future academic and applied research (Bank of England 2015). Extensive over-
view of literature and how

innovations in data mining can lead to high-quality inference about model
parameters is provided in Belloni, Chernozhukov and Hansen (2014).

One modern strand of machine learning is text mining. Although still new in
economics, yet there is already a number of literature available that use text
mining in different forms to extensively extract information from text documents.
Novel sources of data, such as social media (e.g. Twitter, Google) allow analy-
sis and different kind of understanding of consumer behavior.

The idea is that, every search in Google is someone expressing interest in
or demand for something (Brynjolfsson 2012). These searches also capture
further expectations and can therefore be helpful in forecasting. For example,
Tuhkuri (2016) uses actual search volumes on Google to construct a state-level
panel data, along with the constructed Google Index to verify that Google
searches, indeed, anticipate the US unemployment rate. Similarly, D’Amuri and
Marcucci (2017) asses the performance of Google job-search intensity as a
leading indicator for predicting the US monthly unemployment and find that the
models based on Google indicators outperform the others and are able to fore-
cast quarterly unemployment rate more accurately than Survey of Professional
Forecasters. Yu et al (2018) use Google trends to build an online oil consump-
tion forecasting model and confirm that it improves upon other models signifi-
cantly for both directional and level predictions.

Another great source of textual data for economics are the daily business
newspapers. Assuming, that that the given news website provides accurate and
relevant description of the events happening in the economy, it is possible to
understand the importance of given topic for economy and its future based on
the intensity and the extent of how much it is discussed. This, in its turn, allows
to understand consumers expectations. It is a known fact that, inflation expec-
tations are of great importance for Central banks, as they reflect the monetary
authority’s commitment credibility to price stability (Berge 2007). In addition,
they contribute to understanding the houseful consumptions, as well as saving
and investment decisions (Cavallo et al. 2017).
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One factor affecting households’ and firms forming expectations is central
bank’s policy actions and communication reports. Hence, market players up-
date their expectations as new information in released. This highlights the im-
portance of high frequency real time data for accurate formations of expecta-
tions. The problem, however, is that the available survey- based inflation ex-
pectations have low frequency and the high-frequency market-based forecasts
involve risk and may be uncertain. One way to overcome this issue of low- fre-
quency-but-more-reliable and high-frequency-but-unstable data problem is to
take advantage of technological advances and use high frequency multidimen-
sional textual data available in the internet, which makes it possible to build an
indicator that is not included in the official statistics. The idea is that this textual
data may contain information about expectations that is not contained in the
quantitative data and may capture “true” expectations.

There is a strand of literature on extracting public’s perception from various
textual data from news outlets and central bank communications. For example,
Hendry and Madeley (2010) use Latent Semantic Analysis to extract infor-
mation from Bank of Canada communication statements and analyze which
time of information affects returns and volatility in short-term and long-term in-
terest rate. EI-Shagi and Jung (2015) find that the minutes of Bank of England’s
Monetary Policy Committee have contributed to markets expectation for-
mations

on the future of monetary policy. The interest rate skew from these minutes
has helped explain future changes of the bank’s rate. Lucca and Trebbi (2009)
measure the content of central bank communication about future interest rate
decisions based on information from news sources and internet.

When estimating Treasury yield responses to the shocks, the find that com-
munication is a more important factor for Treasury rates than the contempora-
neous policy rate decisions. For example, Sapiro, Sudhof and Wilson (2018)
use computational text analysis of economic and financial news articles to
asses time series measures of economic sentiment that drive consumption. Ny-
man and his co-authors (2015) study the role of narratives and emotions in
driving developments in the financial system by analyzing large amounts of un-
structured financial markets-based text data. Onsumran et al (2015) develop a
gold price volatility prediction model using text mining approach to analyze how
news articles influence gold price volatility. Thorsrud (2018) constructs a per-
fectly accurate new business cycle index based on quarterly GDP growth as
well as information from daily business newspaper that classifies the phases of
the business cycle and provides meaningful insights on which type of news
drive or reflect economic fluctuations.

Main contribution of this paper is to explore online news as novel data source
to capture the inflation expectations in real time. We do so by building an index
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of inflation expectations and capture the intensity and uncertainty of expecta-
tions as well as the quantitative value.

We do not invent a new methodology to extract data from the news website,
nor do we propose new model for inflation forecasting. Instead we use existing
methods and combine them with the novel source of information to prove that
online news can provide a real-time and accurate indication of consumer’s ex-
pectations on inflation.

The paper is organized as follows. Section 2 describes the data sources
used to build the index. Section 3 discusses thoroughly the methodology and
models that we employ to capture the inflation expectations. Section 4 provides
results and compares them with the official statistic and Section 5 provides al-
ternative applications and concludes.

2 Data

Paper uses two types of data: long sample of online newspaper corpus and
data from official statistics. The official inflation expectations data was taken
from the Office for National Statistics and was used as a proxy to examine how
close is our constructed index of inflation to existing sources of expectations.

The choice of the news outlet is due relevance to our research in terms of
content and readership, as well as the availability of open source data. As such,
we chose Guardian news data for our analysis. Guardian is a British newspa-
per, that also publishes all its news online. In May 2013, it was the most popular
UK newspaper website with 8.2 million unique visitors per month and in April
2011, it was the fifth most popular newspaper in the world®. Any news is public
and readable by anyone by default. Overall, we collect 9857 documents and
6.27 million terms (out of which around 500K unique terms) from January 2016
to January 2019, which is enough to make our analysis.

We only fetch articles from the business section, since this is the most rele-
vant section linking to economy in general. In addition, articles were also filtered
based on subjectively chosen keywords, which in our opinion are relevant to
inflation expectations topic. Namely, they are “price”, “price increase”, “expen-
sive”, “cheaper” etc. We, purposefully, did not include term “inflation” in the key-
word list when fetching the data to make sure we grasp all other business-re-
lated topic from the Guardian news database, from which we can build the ex-

pectations.

3 "Guardian.co.uk most read newspaper site in UK in March". www journalism.co.uk. May 2013.
"MailOnline overtakes Huffington Post to become world's no 2". MediaWeek. Haymarket, April
2011.
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As mentioned, choice of the news source was also based on the readers’
geolocation. UK is particularly interesting country to study the topic of inflation
expectations, particularly because of 2016 Brexit vote, which lead to an imme-
diate shift in expectations about UK’s economic future, with market participants
downgrading their expectations of UK economy.

3 Methodology

The whole process of building the inflation expectation index can be divided
into data collection part, as described in section 2 and analysis of the data. This
section describes the analysis of the data by means of text mining.

3.1 Pre-processing

Large amount of the textual data that we extract from the Guardian’s data-
base, makes statistical computation challenging. Therefore, some clean-up is
needed. Like any text mining research, we start with pre-processing, which a
set of activities performed on the corpus. This way, the unstructured is modified
into structured form, the dimensionality of the data is reduced, noise is elimi-
nated, and we get more understandable results. In this paper we use text min-
ing’s “bag of words”® approach, which means all words are analysed as a single
token and their structure, grammar or order does not matter. We mostly follow
suggestions for pre-processing by Bholat and co-authors (2015), at the same
time adding more steps and more developed methods. Each of these tech-
niques has its own pros and cons. For example, along with reducing dimen-
sionality, these techniques might obscure meaning for some words or might
count words that are written similarly but have different meanings as same
word.

3.2 Topic Extraction

The pre-processing results in a data frame which consists of the words used
in the text and their frequencies. These words consist a document-term matrix,
where each row of the matrix is a unique term and each column is a unique
document. To proceed to building the index, topics need to be extracted from
the DTM. Topic modelling is the statistical approach for discovering topics from
the collection of text document. In other words, it is the process of looking into
a large collection of documents and identifying clusters of words based on sim-
ilarity, patters and multitude. Since any document can be assigned to several
topics at a time, the probability distribution across topics for each document is
therefore needed. Blei D, Ng A, Jordan A (2003) were the first to suggest the
use of Latent Dirichlet Allocation (LDA) for this purpose. LDA is a statistical

¢ In text mining, vector representations of text are called bag-of-words representations
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model that identifies each document as a mixture of topics (related to multiple
topics) and attributes each word to one of the document’s topics, therefore,
clustering words into topics. With LDA method it is possible to derive their prob-
ability distribution by assigning probabilities to each word and document. As-
signing words and documents to multiple topics also has advantage of

In LDA each document is given a probability distribution and for each word
in each document, a topic assignment is made. The joint distribution of topic
mixture 0, a set of N words w is given by

p(0,zwla,B) = p(6l o) TIN=, p(z, 10) * p(wy 124, B) (1)

where parameters a and B are k-vectors with components greater than zero,
with k being the dimensionality of Dirichlet distribution, that is the directionality
of topic variable z. In addition, the topic distribution of each document is dis-
tributed as

6 ~ Dirichlet(a),

term distribution is modeled by
z,~ Dirichlet(B),

and
N ~ Possion(§).

LDA model’s goal, is therefore to estimate 6 and ¢ in order to estimate which
words are important for which topic and which topics are important for a given
document. For a and B, the higher they are, the more likely each document will
contain a mixture of most topics instead of a single topic and the more likely
each topic will contain a mixture of most of the words and not just single words.
More technical and through specifications on the LDA model and topic model-
ing in general in Blei (2013) and Griffiths and Steyvers (2004). LDA results in a
vector indicating the distribution of topics in each document and most popu-
lar/relevant words within them. This step in the analysis is now concluded.

3.3 Index and Sentiment Analysis

For each document within a day, 5 most popular words are identified and
their frequency for the day is counted. This allows counting also the frequency
of each topic for a given day.

At this step, our results of topic decompositions and distribution is used to
build the new high frequency index that will capture the intensity of inflation
expectations. The index is built for every day, that is, we build daily time series
using Guardian’s business articles for each day. To do so, we first sum together
all articles for a given day into one document, grouping them into one plain text

8
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for each date. Next, based on the first 10 most frequent words in each topic the
article’s daily frequency is calculated. In other words, the frequency is calcu-
lated for the given day as the raw count of frequencies with which the most
common words in each topic appear in that day. For example, to understand
the intensity of how many times the word “vote” has been used on June 22,
2016 (the day of the Brexit vote), we will summarize all the Guardian articles
for that day as one big text document, then calculate the number of times the
word “vote” appear in the text. Here the Brexit can be our topic and the “vote”
is the term.

The news volume I(t) of given topic z is given by

Iz(t) = Zde[(t) ZWN(d’ w, 2)1 (2)

where N(d,w, z) is the frequency with which the word w tagged with topic z
appears in document d.

These time series I,(t) are measures volume measure, that is, they measure
the intensity of given topic for given time period. This is the first version of index
we build, which will serve as robustness index. This index is normalized and
compared to official series in the results section. We also build a second type
of index I,(t), which also includes the sentiment of the topic, meaning an indi-
cation of whether the news is positive or negative. This is important, particularly,
since our aim is to build the index of inflation expectations. There are number
of ways to identify the emotion of each topic, such as rule-based or dictionary
approaches, supervised or unsupervised machine learning. Thorsrud (2018)
uses dictionary approach for this purpose and uses Harvard 1V-4 Psychological
Dictionary with the negative and positive words already listed in it. Others use
Support vector machine (SVM), which is part of supervised learning methods.
For this an initial dataset identified as positive text or negative text needs to be
supplied and the method can letter classify the sample into one of these or into
neutral tone, which will be decided in case the resulting probability of one doc-
ument belonging to specific tone is below defined threshold after applying SVM
method.

For the analysis in this paper, the Harvard IV-4 psychological dictionary is
most convenient to use, since Guardian news are in English. We therefore fol-
low Thorsrud(2018) and use the dictionary based approach to classify the arti-
cles emotion’s. We construct three indexes, one for each emotion (positive,
negative, neutral). Inflation expectations defined by sentiment index are then
given by below formula:

pos neg

S, =5, @)- S, (1), (3)
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pos neg

Where, §; (t) and §; (t) are the count of positive words from the dictionary in

all articles at day t for topic z. The inflation expectations is therefore the differ-
pos neg

ence between positive and negative sentiments. To build the §; (t), §; (t)'s, for
each day t and each topic z, we find the article that is best described by that
topic. This is done by looking at the document-topic probabilities resulting from
LDA, since besides estimating each topic as mixture of words, LDA also models
each document as mixture of topics. Examining this per-document-per-proba-
bilities, we can find the highest probable article for the given topic. The result of
this is a topic — article mapping, which is then used to identify the tone of the
given day for given topic. For each of these articles, for each day for each topic
we count the number of positive and negative words provided by the Harvard
IV-4 dictionary. The difference of these two statistics is then calculated, result-
ing in S,(t) and the final adjusted inflation expectations are calculated using the
below formula

L(1) = I,() * S,(t) (4)

As a last step we use 30-day and 60-day moving average filter to remove the
high-frequency noise from the index series. As highlighted by Thorstrud (2018)
this is a common practice in factor model studies and authors like Stock and
Watson (2016) have applied this method in their studies.

4 Inflation Index

The results show that the LDA decomposition gives meaningful classification
of topics of the Guardian news website. We manually pruned the topics based
on the topic distributions and kept only those that we found to be most relevant
for building the inflation expectations index. Particularly, we focused on topics
related to inflation and oil & energy (hereinafter, Energy). Thus, out of 50 origi-
nal topics, we filtered 40 topics and kept 10 topics to work with (4 for inflation
topic, 7 for Energy), Table 1 below lists the chosen topics with their 10 most
frequent words. As mentioned, LDA does not assign names to the topics, how-
ever seeing the most frequent words within the topics it is possible to under-
stand the theme.

Topic Top Frequent Words Primary lden-
Number tified Topic
"expens, price, cost, increas, rise, Inflation
17 higher, import, good, fall"
"model, car, industri, product, sale, ve- Energy
18 hicl, diesel, electr"

10
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"fall, inflat, price, rise, rate, wage, cost, Inflation
24 consum, live"

"climat, energi, power, gas, industri, Energy
26 electr, renew, coal, wind"

"saudi, oil, price, opec, barrel, crude, Energy
32 product, cut, iran"

"economi, bank, rate, rise, expect, in- Inflation
36 terest, inflat, rais, polici"

"euro, ecb, draghi, bank, rate, central, Inflation
44 polici, eurozon, inflat"

"oil, china, market, chines, global, Energy
45 trade, price, world, economi"

"competit, energi, custom, price, sup- Energy
46 plier, cap, big, market, bill"

"energi, govern, project, power, nu- Energy
48 clear, point, plan, build, edf"

Table 1: Top inflation and energy topics from LDA results

We also ran LDA model by varying the number of topics from 10-50 and the
results did not change significantly. Below graph visualizes the main topics with
the Guardian articles from January 2016 to January 2019.

The high-frequency noise from the time series is removed using the 60-day
moving average filter. For robustness, we also used 30-day and 80-day moving
average filter alternative methods but found no significant change in the results.
The official inflation data is the consumer price index CPIH, which is the meas-
ure of rate of UK consumer price inflation that includes owner occupiers' hous-
ing costs. Both CPIH and our newly built indices are standardized.

The time evolution of the news volume for most relevant topics related di-
rectly to inflation and energy/oil along with the official inflation series are given
in below in figures 1 and 2. These indices series are translated into tone ad-
justed time series using methodology presented in section 3.3. This way we get
frequency of mentioning each topic each day and the tone (positive or nega-
tive). At the same time, the indices also capture the intensity and uncertainty of
inflation expectations. For robustness we analyzed the indices without tone ad-
justment. Their time evolution is presented in Appendix D.

11
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Figure 1: CPIH Inflation at Monthly Rate vs newly built index from Inflation Topic 24

Figure 2: CPIH inflation at monthly rate vs newly built index from energy topic 26

The figures show interesting trend. Not only is the newly built index time evo-
lution in line with the official inflation statistics, but a more thorough look to the
figures also shows that the newly build index is on average ahead of the official
inflation in terms of direction. Figure 3 demonstrates this finding. Our newly built
index of inflation, if shifted two months forward (and scaled) classifies the
phases of the UK inflation at monthly rate with a great accuracy. This means,
that the Guardian news give the indication of inflation change direction up to 2
months before it actually happens. And since the consumers form their expec-
tations based on the numerous factors, including news they read, then they
also assume the direction of inflation change months before the change

12
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happens. Similar results hold for energy topics and for other inflation-related
topics. Moreover, for some of the indices 3 months ahead adjustment was
needed to be in line with official inflation’s trend.

Figure 3: CPIH inflation at monthly rate vs newly built index from energy topic 48

Further analysis of rolling correlation between the indices and official inflation
shows that the series are highly correlated.

5 Applications

Above results are clear indication that the inflation expectations indices built
based on Guardian newspaper articles are able to not only capture the UK in-
flation at monthly rate, but also predict the direction of inflation change up to 3
months in advance. To further validate our findings and confirm the robustness
of our results, we built a linear regression using our newly built indices and
market-based inflation expectations. For the latter, we used our daily indices
and the UK 1-year inflation swaps for from January 2016 to January 2019’.

For the analysis we took all 50 topics but performed principal component
analysis to reduce the number of regressors. We obtained 8 principal

7 ICE Benchmark Administration Limited (IBA), ICE Swap Rates, 11:00 A.M. (London Time),
Based on British Pound, 1 Year Tenor [[CERATES1100GBP1Y], retrieved from FRED, Fed-
eral Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/ICERATES1100GBP1Y ,
May 16, 2019.

13
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components, hence out of initial 50 topics, we were left with 8 regressors, that
describe our dependent variable, inflation expectations at 1-year swap rates,
well. To verify the quality of our linear regression, the data was divided into
training (in-sample) and test samples (out-of-sample) using 80/20 principle. Re-
sults of the forecasts based on the regression is given in Figure 7.

Figure 7: Results from forecasting

Above results along with those from series of out-of-sample forecasting ex-
ercises confirms that the methodology presented in this paper results in a model
with good forecasting power and can therefore be competitive to existing mod-
els. This finding also provides insight on our questions raised in the introduc-
tion that news influences the consumer’s inflation expectations, at the same
time capturing them quite well.

The dataset used is novel, available in real-time and future work may validate
the results with longer time series. In addition, our suggestion for future re-
search is use other sources of textual data, exploiting the variety available in
the internet (e.g. Twitter, Google, New York Times etc.) to forecast, track or
analyze the dynamics of other macroeconomic variables. Indicators built based
on methodologies presented in this paper may allow more effective macroeco-
nomic policymaking for Central banks.

14
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e This study applies innovative forecasting techniques using Big Data, short-term and long-
term for hotel demand in Spain.

e SARIMA and ARDL with seasonality needs strong mathematical assumptions.

e Singular Spectrum Analysis models weak mathematical assumptions.

e Matrix U1 Theil is proposed a novel technique for the selection of forecasting models in Big
Data.

e The models have been tested with time horizon h = 1,3, 6,12

e The results are contrasted and statistically significant.

Abstract:

In this study, innovative forecasting techniques and data source from Big Data are used for the study of
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1. Introduction

The use of Big Data technologies has meant a change in many data driven environments. The analysis
of the "Tourism Industry” (Juul, 2015) has been one of the main objectives sectors due to the high
volume of data that is generated. Spain as one of the main tourist markets at an international level is
involved (Guevara Manzo & Turner , 2018). The emergence of positive and negative externalities of
the high contribution of the tourism market to Spanish GDP is known to all stakeholders (Young
Chung, 2009; Pegg, Patterson, & Vila Gariddo, 2012).

This paper introduces a modern analysis to obtain knowledge about the Spanish tourism market.
Specifically, data from official sources are used and analysed together with secondary sources of Big

Data from "Google Trends?".

In the predictive analysis, univariate techniques are used, such as the Seasonal Autoregressive
Integrated Moving Average (SARIMA) methodology and a relatively novel Singular Spectral Analysis
(SSA) forecast methodology (Hassani, 2007; Sun & Li, 2017; Golyandina & korobeynikov, 2018).
These two univariate methodologies are compared with the multivariate method of Autorregresive
Distributed Lags with seasonal variables (ARDL + seasonality). This multivariate method uses as an
explanatory variable for hotel overnight stays in Spain a search interest rate (generated by Google
Trends) and seasonal dummies variables for monthly data.

One of the novelties of this paper is the declaration of interest of future tourists in Spain. The demand
for tourism in Spain through their searches on the Internet could be calculated. In addition to predicting
tourism demand, with the application of dynamic and seasonal modelling we will be able to identify
when consumer interest occurs. This second contribution is a very relevant fact, since tourism agents
will be able to make efficient decisions in the tourism market. Ultimately, a criterion for the selection
of new models, such as Matrix U1 Theil, has been developed. This Matrix will allow us to define
whether or not the contributions of Big Data technologies improve the predictive capacity of the
univariate SARIMA or SSA models.

The remainder of this research is as follows: Section 2 provides a review of the existing literature on
the forecasting of Tourism Demand; in Section 3 data analysis is initially carried out along with the
methodological development and information criteria. In section 4 an empirical analysis is carried out.
Section 5 shows the final conclusions and future lines of research for Data Scientists. Finally, there is
a section for the bibliographical references used.

2. Literature review

Tourism demand is caused by multiple exogenous factors. The interest of the researchers is remarkable
due to their economic implication worldwide. There are numerous studies on the demand and tourist
offer (Li, Song, & Wit, 2005; Song & Li, 2008; Peng, Song, & Crouch, 2014; Xiaoying Jiao & Li
Chen, 2018). Traditionally these studies have been influenced by the techniques of the moment. In our
study we will carry out an analysis with novel techniques and will be compared with most used
techniques, a contribution of this study is the use of Big Data (Silva, Hassani, Heravi, & Huang, 2019)
tools and that Google summarizes it in an index. Assuming an innovation in terms of the type of data
used and knowledge of temporary geolocation that are provided.

Regarding the methodology used, the most used univariate methodology can be the one proposed by
Box-Jenkins (2008). The second technique used is the non-parametric SSA technique being considered
in studies since 2007 (Hassani, 2007; Saayman & Botha, 2015; Hassani, Webster, Simiral Silva, &
Heravi, 2015; Hassani, Silva, Antonakakis, & Filis, 2017). In the case of ADRL models or other types
of models used with search databases from Google, it has been used for analysis of epidemics (Plat,
2015); political results (Gonzalez, 2017); stock market (Pyo, 2017); finances (Tkacz, 2013); retail
forecasting, Automotive sales, Home Sales and Travel (Choi & Varian, 2009; Camacho & Pacce, 2017,
Drago, 2017); Macroeconomics (Li, Shang, Wang, & Ma, 2015; Gtz & Knetsch, 2017; Drago, 2017);
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Unemployment (Tuhkuri, 2015; McKellips, 2017; Tuhkuri, 2017; Chancellor & Counts, 2018);
consumer behaviour (Goel, Hofman, Lahaie, Pennock, & Watts, 2010) among others.

In the tourism sector it has been used for tourist demand in Amsterdam (Rédel, 2017) or a collaborative
economy in the Iberian Peninsula (Palos-Sanchez & Correia, 2018). Another source of data is the
Chinese search engine Baidu®, which has been conducted similar studies of tourism demand (Tang,
Qiu, & Liu, 2018). Previously, predictive analysis of data from the Chinese search engine between
correlations and tourist flows was carried out (Lu, Zhao, Wu, & Hang, 2007; Li, Qiu, & Chen, 2008;
Ma, Sung, Huang, & Zhou, 2011).

As observe above, the tourist industry has had interest in the past, in the present and in the future, and
it will continue to have it. Mainly because it is an industry signal of the evolution of the service
economy. So, the modelling used is very diverse, one aspect to be taken into account has been the
criteria of information on the selection of models. It has been observed in the literature review the use
of: Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE); Theil index
(Theil, 1958; Theil, 1966; Bliemel, 1973; Ahlburg, 1984) ; Symmetric Mean Percentage Error
(SMAPE) (Amstrong, 1985; Flores, 1986; Tofallis, 2015). Some authors developed the RMSE ratio
(Hassani, Webster, Simiral Silva, & Heravi, 2015; Hassani, Silva, Antonakakis, & Filis, 2017
Hassani., Silva, Grupta, & Das, 2018; Silva, Hassani, Heravi, & Huang, 2019) and in this article we
will develop the Matrix U1 Theil as a criterion for the selection of forecasting models.

To summarize the literature review, we can say that novel models have been used in Data Science and
an improved Ganger-Causality test is developed for data with seasonality. Big Data tools have been
used from one of the largest search engines worldwide, and that a decision matrix on predictive
capacity has been developed for different time horizons.

3. Methodology and Data

In this section, the scheme (Figure 1) of the cycle between supply and demand in tourism has been
developed. Specifically, in our paper, the objective is modelling and forecasting, however we will
suppose ad-doc the data from the Datawarehouse (Kimball, 2004; Dedi¢ & Stanier , 2016). In this
sense, the data will come from official sources of the INE* and Google®. So, all of Extraction,
Transformation and Loading - ETL (Vassiliadis, 2009; Dunning & Friedman, 2014) work will come
from the data engineering of these entities. The main objective is to make efficiencies predictions based
on knowledge to improve the user experiences of tourism demand and the offers of the stakeholders.

Data Warehouse

Tourism Modelling and
Demand Forecasting
Potential Stakeholders:
Customers: Take decissions in
Google queries efficiency

[ Touristic Offer ]

Figure 1 Scheme of decisions in efficiency

3 http://www.baidu.com
4 INE: Instituto Nacional de Estadistica (Spain). The National Statistics Institute (Spain). www.ine.es
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3.1. Modelling and Forecasting.

3.1.1. SARIMA model

The use of the methodology proposed by Box-Jenkins in the 70s (Box, Jenkins, & Reinsel, 2008) and
its subsequent development is of great relevance in the scientific field. In this article, the TRAMO-
SEATS tool will be used as support. TRAMO-SEATS (G6mez & Maravall, 1997) has shown better
forecasts with seasonality for example than X-12 ARIMA (Vergori, 2010; 2012).

A generic scheme on modelling could be:

¢ (BP)@p(BMIVIVIY, S = 6,(BT)0o(B?)e,

(1)

Where p and g represents nonseasonal-ARIMA order, and d is the number of seasonal differences
(P, D, Q represent seasonal order of ARIMA) B is the backshift operator and could be defined Y, (B*) =
Y;_s . Due to the widespread use in the literature (see Literature review), this is an introductory section
of this methodology. More information in Box, Jenkins, & Reinsel (2008).

3.1.2. Singular Spectrum Analysis (SSA)

In SSA analysis could be summarized (Golyandina, Korobeynikov, & Zhigljavsky, 2018):

Input: X - Time Series (t.s.),
collection of t.s. array (image), ...
At least 100 or 120 observations.

First Step: Embedding

Trajectory matrix X = 7 (X).
is a linear map transforming the
object X

Second Step: Decomposition

v

Output”: SSA decomposition

xX=X,...X,,
Y =710 ()

Fourth step: Reconstruction

Sum of rank-one matrices
X = ZXL 'Xi = O’iUiViT
i

Third step: Grouping

Figure 2 SSA family: Generic Scheme

Grouped matrices X; = X;; +
-+ XX, is usually associated
with the pattern of interest (for
example, signal) and X; =X —
X; can be treated simply as a
residual.

7 If the grouping is elementary, then reconstructed objects X, are called elementary components. For
convenience of referencing. Step 1 and 2 of the generic SSA scheme are sometimes combined into the so-called
“Decomposition stage” and Steps - and 4 are combined into “Reconstruction stage” (Hassani, 2007).
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3.1.3. Autorregresive Distributive Lags (ARDL)

This subsection is divided into two blocks, on the one hand demonstrating, through the Granger-
Causality test, the explanation that the dependent variable is explained by an explanatory variable and
its lags in addition to the seasonal component.

3.1.4. Granger Causality and Seasonality testing

In the applied analysis of correlation does not imply causality, we develop the contrast proposed by
Granger (1969) and discussed by Montero (2013).

The model considered by Granger is for two variables (y;, x;). Due to the great influence of seasonality
(Young Chung, 2009; Vergori, 2012) in the tourism sector, the following equation is proposed with
HAC covariance method:

m m 12
In(y,) = by In(x,) + Z b;In(x,_;) + Z ajln (y,_;) + Z Siwi_i + €+ &~ White Noise
=1 = i=2

(2)

The decision of causality with seasonal effects (Testing linear restrictions for parameters of x,_; and
w,_;) is taken based on F-Fisher-Snedecor & (T < 60) or asymptotically (T = 60) as Chi-squared in
otherwise (Buse, 1982)

_ SSErestrictea — SSEunrestrictea * T—k

Fops = ~
obs q;T—k
SSEunrestricted q

Chi — squared,,s = qFyps~ Chi — squared,
3.1.5. ARDL and Error Correction Model (ECM)

The most general expression of a dynamic model named Autoregressive Distributive Lags - ARDL®
(m,n) with seasonal components is as follows (Hylleberg, Engle, Granger, & Yoo, 1990; Nkoro &
Uko, 2016):

12

y(W)In(y,) = u+6(L)In(x) + Z aw; + & g~ White Noise
=2 (3)

Where w; is a dummies deterministic seasonal component°,

j=1if month1 w; = — 1, for others w; =0

j=2if month?2 wy = —1,w, =1 for othersw; =0
j j=3ifmonth3 w;{ w; =—1,w; =1 forothersw; =0

Jj=12if month 12 wy = — 1wy, = 1 for others w; = 0

With the interest of evaluating the dynamic persistence of an effect on the exogenous variable at a
certain moment, the Error Correction Model (ECM regression or ARDL Error Correction Regression).
However, we must be cautious because the number of observations (Lehmann & Casella, 1998) does

8 T: observations included; K parameters estimated; q: numbers of restrictions.
9 m is the number of exogenous variables (y;); n is the number of endogenous variables (x;). In is the Natural
Logarithm. (L) is the Lag operator. Stability conditions: if Inverted roots are |y(L)| < 1.
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not exceed 8 years (Otero, 1989) in length and using a deterministic trend could be very restrictive
(Harvey, 1997). The ECMZZ regression is as follows:

n

m 12
Aln(y,) = 8,AIn(x,) + Z A Aln(xt_j) + Z 5 Aln(yt_j) =y [yeor — B2x_q] + Z aw; +¢&  (4)

j=1 j=1 j=2

In this model short term effect is represented by parameters of first variables differentiated, long term
effect y(L) is represented by Correction Error term. According to Zivot (2000), if long term effect is
not significant statically cointegration does not exist.

3.1.6. Forecasting Evaluation

Once the three predictive models are estimated, we will proceed to decision criteria. A criterion that
could be considered usual in the literature as Root Mean Squared and another novel based on a decision
matrix is proposed.

3.1.6.1. Root Mean Square Error (RMSE)

Most used definition is as follows:

n (5)

Ruse = | (ym . ?m)z

I=1

Where yr,, represents data reserved to compare with forecasting obtained (y;,,) through different
methods proposed, both h step ahead from training sample.

The main disadvantage of RMSE criterion that it is a dimension measure, in this way the decision could
be affected by the units of measurement of the variables.

3.1.6.2. Theil’s measures

To improve the possible effect on the decision making affected by the units of measurement, we will
work with the inequality index of Theil (Theil, 1958):

1/2 6
[%Zliv=1(YT+h - 57T+h)2] (8)

i Bt 2] + e

Uy

Ratio Theil’s (RT’s) is designed to comparisons between predicted variables

N me
RT SJ/it.J/jc - Uth
1

11 Granger-Engle representation theorem and parameters are estimated in two stages (1987). Consistency and

Efficiency of estimators are fulfilled.
128 = %: Total variation experimented by endogenous variable (y,) as consequence of a unitary change in

exogenous variable (x;).
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Matrix U1 Theil is defined as follows? :

RT SYlt:yu RT S}’u.}’zt = RT S}’u.}’jt

Matrix RT's — RT SJ’zt,Jﬁt RT S}’Zt.}’Zt
YitVjt

RT SJ’it:J’u RT S}’it.}’zt = RT S.Vjtv.Vjt

The aim of the Matrix RT'sywyjt is to make comparisons between predicted variables and identify in
which variable partially better results have been obtained.

Uyt Preferred Uy if RT'sy,, , <1
Uly T Preferred Uly “if RT,S}’it'yjt >1

ylit

" Indiferent Uy if RT’sy, .. =1

3.2. Data

Data'* of number of Hotel Overnight Stays in Spain (named “Spain”) have been used provided by
INE?®. For number of tourists in Spain, overnight stays from first month of 2012 to December of 2018
were obtained. Researches for Tourism in Spain used this official source of data (Garin Mufioz, 2007;
Martin Martin, Jiménez Aguilera, & Molina Moreno, 2014; Cisneros-Martinez & Fernandez-Morales,
2015).

According to the data of average total monthly hotel occupancy obtained from Figure 1 in Spain were
25.978.054 in the period cited. The maximum number of hotel occupancy was recorded in August 2017
with 46.657.187 and the minimum 11.887.105 in January 2013.

To obtain data from Google, the Big Data tool called Google Trends has been used. This tool provides
an “volume index word” among the countless correlated data generated in the network. In our model
the data collection is ad-doc being developed by Google engineers the summary index. Specifically,
we will use the keyword "visit Spain" as the explanatory variable. This word summarizes clusters of
locations, images, videos, searches in text, and in general, all the words worldwide that are related to
"visit Spain”. This index fluctuates between 0 and 100, showing 0 the minimum interest and 100 the
maximum interest of the keyword "visit Spain™ (Google support, 2019). Previously Google Trends
tools have been used to make forecasts (Choi & Varian, 2009; Lin & Chen, 2009; Lim, Alananzeh, &
Hua, 2019).

The data series is not too long due to the improvements (Google has changed searching algorithms
since 2004), considering the author criterion the best descriptor of the data generation process is from
the beginning of 2012. Analysing the data obtained of interest for the word "visit Spain™, for the date
of May 2017 there was the greatest worldwide interest of the word just with three periods of advance
to the maximum historical overnight stays in Spain. On the other hand, the lowest interest occurred in
November and December of the year 2012. analysing the data obtained of interest for the word "visit
Spain”, for the date of May 2017 there was the greatest worldwide interest of the word just with three
periods of advance to the maximum historical overnight stays in Spain. On the other hand, the lowest
interest occurred in November and December of the year 2012. These two periods preceded the worst
data of the historical sample selected of overnights stays in Spain.

13 The axioms of completeness, transitivity and rationality are completed (Villar, 1999)
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Figure 3 number of hotel overnight stays and Keyword “visit Spain” (January 2012 to December 2018)

With the observation of the maximum and minimum values of both series analysed, it is observed
graphically that searches on the Internet are made with at least one period in advance to which the hotel
reservation is made.

Jarque- Bera  ADF

Mean Max. Min Standar Desv. Skew. Kurt. (Prob.) (Prob.) KPSS

Spain 25,78,054 46,657,187 11,887,105 10,394,564 0.38 1.88 6.34 -0.61  0.16
(0.042) (0.86)

“Visit Spain”’ 68.37 100 37 15.09 0.27 248 194 150 106

(0.37) (0.99)

Table 1 Stationary and Descriptive Analysis of Spanish hotel overnight stays and Keyword “visit Spain”’

From table 1 it is worth noting that the variable "Spain" does not fulfil the hypothesis of normality
(Jarque-Bera) and is not stationary in terms of variance (KPSS). On the other hand, the index variable
"visit Spain" fulfils the assumptions. From the result of the ADF test it is deduced that both series are
integrated in order 1, so we can justify the use of Cointegration models expressed in terms of ECM.

4. Empirical results

In this paper of predictive techniques, we will focus expressly on the dynamic model with explanatory
variables of Internet searches (“visit Spain”) and seasonal factors. The univariate models SARIMA
and SSA are used as a comparative tool for forecasting. Take into account that forecasting modelling
has been carried out for short-term time horizons (h = 1, 3, 6,12) as literature uses (Silva, Hassani,
Heravi, & Huang, 2019). In the present article is considered training period January 2012-December
2017 and out-sample period January-December 2018.

x 10000000
B, NW DR U oo

0
2012M01 2014M01 2016M01 2018Mm01

Actual ——SARIMA SSA ARDL

Figure 4 Out-Sample forecast Hotel Occupancy in Spain h=12

The results obtained through the Granger-Causality test including seasonal factors have determined
that the number of hotel overnight stays in Spain could be explained by the number of searches
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generated on the internet and by a systematic seasonality. The model ARDL with seasonality

obtained®®:
12

In(y,) = 12.16 + 0.17 In(x;) + 0.22 In(x;_,) + 0.18In(y,_1) + Z aw; + &
j=2
R? =0.9932; R? = 0.9915; Log. Likelihood = 140.20

To express the long-term dynamic effects, we can express the model in terms of ECM
12

Aln(y,) = 12.16 + 0.17 Ain(x,) — 0.81[y,_, — 0.48x,_,] + Z ajw; + &
j=2
R? =0.9802; R? = 0.9760; Log. Likelihood = 140.20

In both model’s seasonality parameters are as follows:

12
Z &w; = —0.38w, — 0.13w; — 0.02w, + 0.13wg + 0.23wg + 0.42w, + 0.49w; + 0.27wq
j=2

+ 0.09W10 - 0.37W11 - 0.31W12

Once the results of the three forecasting models cited in the methodology have been obtained, the
Matrix U1 Theil can be applied to quantify which model is better in predictive terms.

h=1 SARIMA SSA ARDL
SARIMA 1,0000 0,0082 0,0254
SSA  121,7259 1,0000 3,0915
ARDL 39,3743 0,3235 1,0000
h=3 SARIMA SSA ARDL
SARIMA  1,0000 0,1965 0,4262
SSA 5,0901 11,0000 2,1693
ARDL  2,3464 10,4610 1,0000
h=6  SARIMA SSA ARDL
SARIMA 1,0000 0,4225 1,0228
SSA 2,3667 11,0000 2,4205
ARDL  0,9777 0,4131 1,0000
h=12 SARIMA SSA ARDL
SARIMA  1,0000 0,9670 1,0016
SSA 1,0341 11,0000 1,0358
ARDL  0,9984 0,9654 1,0000

Table 2 Matrix Theil’s

For a period, h=1 we must highlight the superiority of the SARIMA models over ARDL and SSA. As the
models expand their forecasting time horizon until h=12 months they are equalizing their forecasting
capacity (RT Ssarimaarpr = 1.0016) . One aspect to be taken into account is that the ARDL model with
seasonality shows similar accuracy capacity to SARIMA, with the difference that the first implies a
causality analysis by the searches produced on the internet. Also comment on the improvement in the
predictive capacity of the SSA model as the time horizon of the prediction has been extended. However,
the accuracy capacity of SSA against SARIMA and ARDL is lower. So, we could consider this technique
as the least advantageous.

16 Model and lags selected under Akaike Info Criterion (1974). Model’s residuals obtained are empirically
demonstrated as white noise &~N (0, O"Q:Zt). All parameters are significant with 95% of confidence except 74, 44,
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5. Conclusion

In this paper the importance of Forecasting modelling and historical analysis carried out in the literature
review has been highlighted. In addition, this article has used more common techniques (SARIMA or
ARDL) with a novel technique named SSA (Hassani & Mahmoudvand, 2018; Golyandina & korobeynikov,
2018).

The use of primary data source (INE) and secondary (Google) have allowed build knowledge based on the
data. This last one is a novel aspect in the analysis, since the users show their interest through the search of
information in Internet through web pages, social networks, images or videos. This supposes a relevant
change of trend on the traditional surveys on consumer interests.

The contribution, in particular, can be divided into the following points:

1) A Granger-Causality test has been developed. Causality including seasonality, in the literature
it was usual to perform the contrast between endogenous and exogenous variable. In our study we
developed the contrast including seasonality.

2) A criterion of model’s selection based on the predictive capacity of the models has been
developed, since the Matrix U1 Theil allows to quantify the differences between models used.

3) Related to the previous point, we have deduced that the causal models slightly improve the
results according to the time horizon is greater. We have found better results when horizon of
forecasting is growing up.

4) In relation to the dynamic models with seasonality, we have empirically demonstrated that hotel
demand decisions are made with at least a period of time in advance. At the same time, the current
overnight stays depend on the current searches along with those that were made in the past of a
period. Another important aspect, related to the lags is that the current overnight stays have a
dilated behaviour over time expressed in the ECM model.

Answering the initial question of the paper: "Big Data: Does it really improve Forecasting techniques for
Tourism Demand in Spain?", We can conclude that it does improve the forecast and also provides temporal
and seasonal knowledge on the decision making of hotel demand in Spain.

The econometric interpretation of causality models is simpler than that of the two univariate models. This
economic interpretation can facilitate an adjustment of the offer in terms of prices or even advertising to
the agents interested in visiting Spain.

This article has been the basis of future research in which data from Big Data technologies are used to make
efficiency decisions. An example may be the study by nationalities of origin for Spanish Tourism Demand.
The theoretical framework being the same but expanding the data by countries of origin.
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Estimation of parameters and reconstruction of hidden
variables for a semiconductor laser from intensity time
series
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The problem of reconstructing mathematical models of dynamical systems from
time series has a long history. As the dimension of the system increases, the recon-
struction of its equations becomes more difficult. For example, for systems with time-
delayed feedback, having an infinite-dimensional phase space, it is necessary to de-
velop special methods of reconstruction from time series [1, 2]. The problem of re-
construction becomes more complicated if a time-delay system has hidden variables
that are inaccessible for observation. At the same time, such a task is of practical in-
terest, since the reconstruction of a mathematical model can be used as a method of
indirect measurement of variables unavailable for observation.

In this paper, we propose a method for the reconstruction of a time-delayed feed-
back system, in which only one of the three dynamical variables is observable, and
the other two variables are hidden, including a hidden variable with a time delay. The
method is applied to the reconstruction of the system of Lang-Kobayashi equations,
which describes the dynamics of a single-mode semiconductor laser with time-
delayed feedback. Such lasers exhibit a wide variety of oscillation regimes, depending
on the choice of parameters, and can be used for constructing secure communication
systems. The confidentiality of chaotic communication systems based on lasers is
mainly due to the difficulty for an eavesdropper to recover the transmitter parameters
from a transmitted chaotic signal.

The model equations of the laser under study are as follows:

p(t) = F(0)p(t)+np(t =) cos (#(1) — ¢(t — 1)+ Q7),
p(P(t) = aF (1) p(t) —np(t —7)sin(¢(1) — p(t — 1)+ Q7), )]
TF(t)= P—F(t)—(1+2F (1)) p* (1),

where p(f) and ¢(¢) are the modulus and phase, respectively, of the complex electric
field E(t) = p(t)exp(ig(t)) , F(¢) is the excess carrier number, the dot indicates differ-

entiation over the time 7, which is measured in the photon lifetime z,, T'=7 /7, is

the ratio of the carrier lifetime z; to the photon lifetime, P is the dimensionless pump-
ing current above threshold, 7 is the ratio of the external cavity round-trip time and
the photon lifetime, 7 is the strength of the feedback, « is the linewidth enhancement
factor, and Q is the dimensionless angular frequency of the solitary laser.

Proceedings ITISE-2019. Granada, 25th-27th September 2019 707



We consider a typical situation for a physical experiment, when only the time se-
ries of laser intensity /(f) = p*(¢) is available, and the phase ¢(¢) of the electric field

and the excess carrier number F(f) are hidden variables. The control parameters P and
71, which can be easily varied in the laser, are assumed to be unknown. Our goal was
to reconstruct the parameters P and 7 and hidden variables @(f) and F(¢) from the
intensity time series /(¢). It should be noted that the delay time 7 characterizing the
optical feedback is also an important laser parameter. To recover 7 from intensity time
series, the autocorrelation function or delayed mutual information is usually used,
which often give an overestimation of 7 [3]. For a more accurate estimation of 7, one
can use a method based on a statistical analysis of extrema in the intensity time series
[4] or a method based on the nearest neighbor analysis [5].

The main idea of the proposed method is to include the starting guesses for hidden
variables in the number of unknown parameters of the model and assign only a small
number of starting guesses for ¢(¢) on the delay time interval. Since the variable ¢(¢)
describes the phase of the electric field, it is convenient to use the points of a har-
monic function as the starting guesses for ¢(f). To obtain the remaining initial condi-
tions for the hidden variable ¢(f), we use the interpolation of its trajectory with a cubic
spline.

As the objective function, we use the sum of squares of the distances between the
points of the model time series and observed time series of the laser intensity. To
minimize the objective function, we find its gradient and the Hessian matrix, intro-
duce the vector of corrections to the starting guesses, and again calculate the objective
function. This procedure is repeated until the changes in the starting guesses are small
enough.

It is shown that the proposed method allows one to reconstruct the time series of
hidden variables and the unknown parameters of the Lang-Kobayashi equations using
the scalar time series of chaotic and periodic oscillations of laser intensity. The de-
pendence of the quality of the laser system reconstruction on the accuracy of the as-
signment of starting guesses for unknown parameters and hidden variables is investi-
gated. It is shown that for periodic regimes, the region of starting guesses, which pro-
vides high quality of reconstruction, is greater than for chaotic regimes.

This work was supported by the Russian Foundation for Basic Research, Grant No.
19-02-00071.
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WILL THE SPANISH REGIONS CONVERGE IN THE NEAR FUTURE?
Sofia Tirado Sarti®, Rafael Flores de Frutos®and Manuel Leén Navarro®
Abstract

This paper analyses interregional effects on capital stock in Spain in order to get results that
allow us to evaluate the efficiency of public investment policies and provide new insights into
the analysis of regional disparities.

To this aim, the Vector Autoregressive (VAR) methodology is used to estimate the dynamic
effects of capital on output and employment and evaluate the relevance and magnitude of
regional spillover effects.

The empirical results for Spanish economy suggest that there are two groups of regions. GDP
and Employment of small Spanish regions seem to be I(1) variables, while their corresponding
Capital Stocks seem to be I(2) variables. This contrasts with the statistical properties of the
same variables for the Spanish big regions, all being I(2).This result implies that, for the smaller
regions, only permanent changes in the rate of growth of Capital Stock can produce
permanent effects on the levels of GDP and/or Labor. The same occurs when the investment
takes place outside the smaller regions. A small region cannot beneficiate, in the long run,
from investments, neither inside nor outside the region itself. These statistical properties
suggest that a kind of circular cumulative effects, 4 la Myrdal, take place which could difficult
the convergence (in terms of GDP) of small regions.

We conclude that to achieve real convergence in Spanish regions, a long sequence of big
pushes in investment is required for the smaller regions to change their growth path and to
become a development engine.

Key Words: Growth, Convergence, Integration orders, VECM models
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Estimation of Vector Long Memory Processes

Hao Wu and Peiris Shelton
The University of Sydney (Australia)

Abstract

Time series modelling has been shown to be an effective tool for analyzing data from
macroeconomics and finance. There seems to be an increased interest to extend uni-
variate models to multivariate case in various application domains. This paper provides
an overview of the most important development in parametric multivariate long
memory time series modelling, with estimation mainly based on a Gaussian likelihood.
It discusses the model specification and estimation methodology for vector autoregres-
sive fractionally integrated moving average (VARFIMA) model and vector Gegen-
bauer ARMA (VGARMA) model, in both methodology and empirical applications. It
standardizes the state space representation of multivariate time series models and pre-
sents the simulation results of quasi-maximum likelihood estimator via Kalman filter.
The performance of different estimation methods in both time domain and frequency
domain are also compared. Finally, the likely directions of future research are identi-
fied.
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Abstract. This paper considers the approximate factor model for high-dimensional time
series with additive outliers. We propose a robustification procedure of the information
criteria proposed by [I]. The robust estimator of the number of factors is obtained by
replacing the standard covariance matrix with M-covariance matrix. Simulations are carried
out under the scenarios of multivariate time series with and without additive outliers to
assess the impact of additive outliers on the standard information criteria and to analyze
the finite sample size performance of the proposed robust estimator of the number of factors.

Keywords: Factor Analysis, High Dimension, Multivariate Time Series, Outliers, Robust
Autocovariance Function

1 Introduction

Nowadays, thanks to the improvements in computer power and data storage capacity, data scientist
have now the possibility to work and study high dimensional data sets. As time passes by more
data is generated, the dimension increases and so does the number of parameters to be estimated
of many statistical models. Therefore, new techniques that accommodate high dimensional data
sets are needed. In this context, the factor analysis (FA) is, undoubtedly, one of the most used
techniques employed by the analyst for summarizing information while reducing the dimension of
a large amount of data.

The FA model assumes that the common factors are latent (not observed) and in order to the
model be identifiable some assumptions about the underlying factor structure are required. This
fact leads to the development of various factor models. In this direction, a common assumption
is that the covariance matrix of the idiosyncratic component is diagonal and this is the starting
point of the widely used orthogonal factor model. New factor models are created insofar this basic
assumption is relaxed. The approximate factor model in the sense of [2] allows some correlation
among the idiosyncratic component.

In this context, one possible approach to estimate the factor model is to assume normality and
to use the maximum likelihood estimation or Kalman filter approaches. However, the assumption
of normality may be too strong when working with applied data. Another drawback is the number
of parameters to be estimated using the Kalman filter approach increases as the more variables
are considered.

The approach considered here implements the framework of [I], which employs the principal
component analysis (PCA) technique to estimate the latent factors. Nevertheless, the PCA tool
is the most popular estimation method due to its performance and ease of use. As pointed out by
many authors, the PCA method is sensitive to the occurrence of outliers among the collected data
[3]. For example, [4] showed that the number of factors is influenced by the presence of additive
outliers and proposed the use of a robust autocovariance function estimator to mitigate the effect
of additive outliers.

In addition, to be of high dimension due to a large number of variables measured at air pollution
monitoring stations scattered over different regions, it is well-known that air pollution data may
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also present high peaks which may seem as outlying observations. In this scenario, the usual
solution is to remove observations that are suspicious to be outliers, but doing so, one is tacitly
implying the outliers to be errors which are not the case of most of the high peaks of air pollution
time series as they may cause serious harms to the human health and environment.

Nonetheless, these high-level observations can be seen as aberrant values from a statistical point
of view. In this direction, these outlying observation can directly affect the statistical properties
of the standard estimates such as the sample mean and sample covariance which will affect any
sub-sequential method, for example, the FA method making use of the standard PCA technique.
In this scenario, the usual solution is to remove observations that are suspicious to be outliers but
doing so, one is implicitly assuming the outliers to be errors. Thus, in this paper, robust estimators
are proposed for tackling this common issue.

Therefore, this paper considers multivariate time series with additive outliers using the FA
technique for dimension reduction where the number of factors is estimated using the criteria of
[1]. In this context, it is here proposed and studied a robust version of the estimators given in [I].

The paper is organized as follows: besides the introduction, Section [2] introduces the model
and the estimation procedure here considered. Section [3] discuss the impact of additive outliers on
the factor model and presents a robust methodology in order to mitigate the effect of the outlying
observations. Some Monte Carlo experiments are presented in Section [} The application and the
concluding remarks are in Sections 7?7 and [5] respectively.

2 Model and estimation

Let N, N € N, denotes the number of variables and T, T' € N, the sample size. For, i =1,..., N
and t =1,...,T, the observation X;; is said to a have factor structure if it can be written as

Xit = NoFy + € = Cip + €41, (1)

where F; is a vector of common factors, \; is a vector of factor loadings associated with Fy,
and €;; is the idiosyncratic component of X;;. C;; called the common component of X;;.

The model is latent, i.e, the factors and their corresponding loadings, and the idiosyncratic
component are not observable. If the factors were to be observable, the model could be easily
estimated, for example, by multiple linear regression. Note that the X;; has a contemporaneous
relationship with F}, thus is referred as the static factor model. This is in contrast with the
dynamic factor model, in which X;; does not have a contemporaneous relationship with the factors.
Dynamic factor models are studied by [5] [6] and [7], among others and are beyond the scope of
this paper. In this paper, a robust estimator of the number of factors r, r € N is proposed.

Let F and \? denote the true common factors and their corresponding factor loadings. Thus,
can be written as an N-dimensional time series with T" observations. At a time t =1,...,T,

Xt = AOFtO + €t (2)

where Xt = (th e ,XNt)/, AO = ()\1, ey )\N)/ and € = (Glt, e ,ENt)/.
can also be written as a T'—dimensional vector of random variables. For a given i,

X; = FON +¢, (3)

where Xz = (Xﬂ, N 7XiT)/a Fto = (Flo, ey onw)/ and €, = (Eil, ceey eiT)l-
Finally, in matrix form,

X =FAY 4, (4)

where X = (X1,...,Xy) and € = (e1,...,ex) are T x N matrices.
Model in has the covariance structure of the static factor model is given by

Sx = A2pA" + 5, (5)
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where Xy, X and ¥, are N x N covariance matrices of X, F© and e, respectively.
Let Tr(A) and ||A|| = (Tr(A’A))'/? denote the trace and the norm of a matrix A, respectively.
According to [I], in order for the factor model be identifiable the following assumptions are made:

(A1) E(||F2)|Y) < 0o and T~ 2] FOFY — Yp as T — oo for some positive definite matrix Zp.

(A2) ||\i]] < X < o0, for some positive A and ||A%" A% /N — D|| = 0 as N — oo for some r X  positive
definite matrix D.

(A3) There exists a positive constant M < oo such that for all N and T,
1. E(eir) =0, E(lex|®) < M
2. E(e,e;/N) =E(N~1 Zf\;l €is€it) = YN (5, 1), 7w (s, 8)| < M forall s, and T—* Zi\il Zthl |y (s, 8)| <
M;
3. E(eireji) = 754 with |75 < |745| for some 7;; and for all ¢, and N1 Zfil Z;\le |7ij] < M;
4. E(eirejs) = Tijas and (NT) TSN S0 NS ST sl < M;
5. for every (t,s), E(|N~1/2 Zl (€is€ir — Eeiseir))|?) < M.

(A4) EN LYY [1d7 S0, Fleall?) < M.

Under assumptions ( to ( the factor model here considered is the approximate factor
model in the sense of [§]. The approximate factor model in contrast with the standard orthogonal
factor model, allows some correlation in the idiosyncratic component.

Many different approaches have been proposed by the literature to estimate the factor model.
In a small N setting, one may write the factor model in a state space form, assume normality and
use the maximum likelihood approach. However, since the number of parameters increases with
N, this approach requires an intensive computational effort. More details can be found in [9].

Another possible approach to estimate is to consider the least square approach by mini-
mizing the squared sum of the residuals. That is, the estimates of A and F are obtained by solving
the following optimization problem

N T
V(F, A) = argmin(NT)~* ZZ it — NFy)?, (6)
AF i=1 t=1
where F and X are the hypothetical values of the factors and their corresponding loadings.
Mlnlmlzmgl@ in respect to F is equivalent to maximizing Tr(A’ X’ X A) subject to /A/N = 1. In
this context, the solution of @ is obtained by setting A equal to the eigenvectors corresponding
to the r largest eigenvalues of X’X. Thus, the PC estimator of F is

F=X'A/N. (7)

A common issue related to the big data context arrives when the number of variables N is
much larger than the number of samples T. In this scenario, the rank of Yy is no more than
min{ N, T}. However, as noted by [2], one might use the eigenvectors associated with the 7' x T
X X' matrix. This approach is called asymptotic principal component analysis (ACPCA) and
provides a consistent estimator of the common factors under the following additional assumptions

(A5) 1. % Eil €ir€is — 0, # 55
2. % SN €& =02 forall t, as N — oo.

Thus, concentrating out A, mlnlmlzlng@m respect to A is equivalent to maximizing Tr(F X'X F)
subject to F'F /T = I. In this context, the solution of @ is setting F equal to the eigenvectors
corresponding to the r largest eigenvalues of X X’ yields the The APC estimator of F.

As in [10] and [I] this paper considers the setting when both N and T' — oco. The space spanned
by F and F are equivalent. Therefore, they can be used interchangeably depending on the sizes
of N and T to achieve a computationally simpler approach.
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Now, the estimation of the number of factors is addressed. Supposing that the factors are ob-
served, [I] proposed information criteria for the estimation of the number of factors in approximate
factor models. They are

ICpl(k) = ln(Vk) + k(%) ln(%);
ICyo(k) = In(Vi) + k(5L ) In(min{ N, T}2); (8)

> In(min{N,T}?
ICyy(k) = In(V) + k(deTh)),
where Vj is the minimized value of V(.) in @ and k is a number of estimated factors.
Since outliers are present in the data, any approach that makes use of @ will also be affected.
Next session presents the approximate factor model with additive outliers and develops a robust
methodology to coherently estimate the number of factors when additive outliers are present.

3 Outliers and robust estimation

It is supposed that the observed process X; results from the contamination of Z; by additive
random outliers, i.e.,

X = Zy + 0264, 9)

where 2 = diag(ws,...,wy) and w;, i = 1,..., N, is the magnitude of the outliers which affects
Zit, 0t = (01, ..., 0n¢)’ is a random vector indicating the occurrence of an outlier at time ¢. It is
assumed that X; and J; are uncorrelated processes and that P(é6;; = —1) = P(0y = 1) = p;/2,
Py =0)=1—p; for i =1,...,N where 0 < p; < 1. Then E(6;z) = 0 and Var(d;z) = p;. It is
also assumed that Cov(d:, §;) = X5 = diag(pz, ..., pn) and that Cov(d, d¢1p) = 0 when h # 0.

It follows from [(9)] that the effects of additive outliers on the level of the process is E(Z;) =
E(X:). The effect of additive outliers on the autocovariance function of the process is I'z(0) =
Fx(O) + 9259/, with Xy = Fx(()) and Yy = Fz(O) Fz(h) = Fx(h) when h 7é 0.

In view of the factor model with additive outliers is

Z =FA + e+ 020 (10)

As can be seen from the outliers that additively influence X are not within the factors.
The model under study here is in accord with the outlier models considered by [3] and [11].
The effect of the additive outliers on the covariance structure of the factor model is

Y7 =AYpA + X + QX500 (11)

However, it is not possible to decompose and correctly eliminate the occurrence of additive
outliers from the observed series Z in a real data scenario. Therefore, the eigenvalues and their
corresponding eigenvectors are affected, and, consequently, the number of factors as well the factors
themselves. Therefore, in order to mitigate this issue, a robust methodology is here proposed.

Some approaches have been discussed in order to transform the standard factor model robust
against additive outliers. From the optimization problem point of view, i.e., context of one
could replace the least square estimates by some robust alternative, e.g, a different loss function
such as least absolute deviation ([12]), singular value threshold (3] and [13]) or Huber loss function
([14]). The latter was considered by [15] in factor models to perform a robust regression of the
data onto the observed covariates before carrying out the PCA estimation procedure.

It is here proposed to robustify Fand F by replacing the traditional N x N or T'x T covariance
matrices by their corresponding robustified version.
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3.1 Robust estimation of the covariance matrix from the robust
M -cross-periodogram

It is known that a given zero-mean stationary univariate time series X;,t = 1,...,7T, can be
represented as a sum involving 7" sines and cosines at the Fourier frequencies A\, = 27k/T, k =
0,...,T — 1. The classical periodogram of X; at frequency A is

T 2
Z X exp(—itAg)

t=1

1
Iy (\) = 3T

As discussed in [16], one alternative way to derive the periodogram function I (.) is based on
the Least Square (LS) estimates of a bi-dimensional vector 8’ = (1), 3(?)) in the linear regression
model

Xi=cpB+e = B cos(i\;) + B3 sin(i\;) +e&;, 1<i<T, B€R?, (12)

where g; denotes the deviation of X; from cf,;3 and E[g;] = 0 and E[¢?] < oo. In the sequel, (g;)
is assumed to be a function of a stationary Gaussian process.
It supposed that

E; = G(ni>7 (13)

where G is a non null real-valued and skew symmetric measurable function (i.e. G(—z) = —G(x),
for all x) and (7););>1 is a stationary Gaussian process with zero mean and unit variance. Additional
assumption of (7;);>1 is given in (A[10]).

It can be shown that

0w = = IBOWIE = o () + Aa0w)?) (14)

where ﬁ(Ak) is the least squares regression solution

B(\) = argmin Y (X, — C{(\)B)°, (15)

BeER? 4

with the regressors Cy(Ag) = [cos(tAg), sin(tAg)] .
The periodogram is robustified by replacing the least squares regression with the M-regression.
Let now ¢ (.) be a function satisfying the following assumptions:

(A6) 0 <E[p?(e1)] < 0 .

(A7) The function ¢ is absolutely continuous with its almost everywhere derivative ¢’ satisfying
E[|¥'(1)]] < oo and such that the function z — E[|¢)'(e1 — z) —¢'(e1)]] is continuous at zero.

(A8) 1 is non-decreasing, E[¢/(g1)] > 0 and E[¢)’(1)?] < oo.
(A9) 1) is skew symmetric, i.e. ¥(—2x) = —(z), for all .

(A10) Let 1, t € Z, be i.i.d. standard Gaussian random variables and let a; be real numbers such
that > .5 a;| < oo and ag = 1. Then,

E; = E a;ini—j-

Jj=0

(A11) ¢ is the Huber function that is ¢(x) = max[min(z, ¢), —c], for all x in R, where ¢ is a positive
constant.
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The M-estimator Bw()\k) is defined as the solution of

T
DGR (X: = C(M)B) =0, (16)
t=1
where v is defined by
K2 if |z < e,
vie) = {csign(:z:)7 if || > ¢,

and ¢ is some positive constant, see [I6]. In the following, ¢ = 1.345 is adopted to ensure an
efficiency of 95% for the regression estimator in Gaussian case.
Similarly to the robust M-periodogram is defined by

10w = B = o (BroOw)? + BauOw)?). a7)

For the univariate context, the asymptotic properties of 3, are established for the short and
long-range dependence frameworks in [16], [I7] and [1§] .

Let now X4,Y5,..., X7 be a sample observation of a bivariate, N = 2, second order stationary
time series X;. The cross-periodogram is defined by

T—1
1 . .

Iﬁij(xk):% > A7 (h) exp(—ihAy), (18)
h=—(T-1)

where, 7,5 = 1,2, and ’yq){ ij (.) is the standard sample estimator of the cross-covariance function.
In view of [(14)} the cross-periodogram at frequency A\, = 27k/T, k =0,...,T — 1. defined by
(18)| may be written as by
LBy x,(\e)Brx, (Ae) A =0
T . ]\ . .
I (M) = g(ﬂl,xi()\k)ﬂl,xj()\k) + B2.x; (Ak)B2.x,; (Ak)—
1(31,)(1-()\1@)32,)(]- (M) — BI,X]- (M) B2,x: (Me)))

)‘k 74‘ 07 iaj:]-,Qv

where Bl,Xf,(Ak) and BQVXi (k) are defined by |(15)|and X; is replaced by X;;, i = 1,2.
Likewise, the M-cross-periodogram is defined by

L B1.x,0(Ak)B1x, 0 (M) M =0
T X . R
Br.x0 (M) B1,x,,0 (M) + B2, x, 0 (M) B2,x 0 (Ak) —

IJ\)/([,T,ij(/\k) = g(
i(Bl,X,;,w()\k)B2,Xj,w()\k) - Bl,Xj,w(/\k)B2,X7¢,w()\k)))

Ao £0, ij=12.

where (1x, (M) and fBax, 4(Ax), are defined by [(16)|and X, is replaced by X;;, i = 1,2.
Therefore, the M-periodogram matrix is define by

Iy a1 (M%) Tng 1o (Ak)
IX ) = IX (A 2 = |: M,T,11 M,T,12 . 19
M,T( k) [ M,T,zy( k)]’b,j—l I]\)SI,T,QI (Ak) I]\)S[)T,QQ(/\IC) ( )
Let I2X be the covariance matrix of the first T', observations from X; with absolutely summable
autocovariance function and let fX(.) be its spectral density matrix. Let A\ = 27k/T,k =
0,...,7—1, and Dy be an 2T x 2T matrix,

Dr = [Dryjl} =1 = {

,

D711 DT,12}

20
D721 Droo (20)

where
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Dri; = diag[IJ)V([,T,ij()‘O)v IJ\);,T,ij()‘l)v s 7IA)/([,T,ij ()‘(T—l))]~ (21)

Define a transformation matrix Hr by

=8 (22)
where G is an T' x T matrix with rows given by
gr = T2, e R/ T omin2k/T - omin(T=DR/T) o — (... T —1. (23)
Let H} be the conjugate transpose of Hy. Thus, we robustly estimate by I'x
It r =2nH; Dy rHy. (24)
The lag-h, h = 0,..., N — 1, robust sample cross-covariance function &ﬁ,T,i ;(h) is extracted

from the first row of f‘ﬁmij for 7,7 = 1, 2. Finally, the lag-h autocovariance and autocorrelation
matrices are constructed estimating all (¢, j)th elements for ¢, = 1,2. Thus, the robust autoco-
variance matrix function is:

- Va1 (P) Aagra2(h)

X (h) = YM,T,ll( ”{M,T712 25

M’T( ) Vj)v(I,T,21(h) 7A§,T22(h) (25)

It should be noted that the PCA or APCA procedure is calculated from the covariance matrix
function at lag h = 0.

4 Simulation study

This section reports simulation results related to the performance of the proposed methodology
for finite sample size. As in [I], the data generating process (DGP) is

Xit = Z NijFyj + \/éﬁm (26)

Jj=1

where the factors are T x r matrices of N(0,1) random variables. The contaminated data
generating process (CDGP) with additive outliers is

Ziw = Xt +wdiy = Z )\ithj =+ \/éﬁit + wdig. (27)

Jj=1

For the simulations, » = 1,3 and 5 and the maximum number of factors is 8. NV = 50, 100, 200
and 500. T' = 50, 100, 200, 500 and 1000. Two scenarios are considered: (i) the samples are uncon-
taminated (p; = 0,7 = 1,...,N), and (ii) the samples are contaminated (p; # 0). When p; # 0,
wy = 15 and w; = 0, ¢ = 2,..., N, ie, the contamination occurs only in the first series of the
random vector with the probability of occurrence given in the tables. The reported empirical re-
sults are based on 1000 replications. The simulations were performed using the R programming
language [19].

The first objective of this empirical study is to verify the performance of the three information
criteria for estimating the number of factors estimated by APCA method as given in under
influence of additive outlier model@ In this scenario, the estimated number of factors is expected
to increase. The Averages of 7 are reported in Tables and [3] for » = 1,2 and 5, respectively.

From Tables and [3] the effect of additive outliers in factor models appears by comparing
the estimated number of factors when p; = 0 with the case p; # 0. When p; = 0, the results are
in accord with the ones in [I]. When p; # 0, as expected, the increment of variability due to the
presence of outliers leads to increase the number of estimated factors for all information criteria
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T N

pi =0

pPi = 0.01

pi = 0.05

IC1 IC2 IC3

IC1 IC2 IC3

IC1 IC2 IC3

50 50
50 100
50 200
50 500
50 1000
100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

1.00 1.00 4.90
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00

1.211.18 5.38
1.30 1.26 1.38
1.40 1.38 1.45
1.491.47 1.52
1.54 1.53 1.56
1.16 1.14 1.21
1.221.18 1.38
1.30 1.26 1.40
1.351.34 1.44
1.41 1.40 1.46
1.101.10 1.13
1.16 1.13 1.24
1.191.151.44
1.28 1.25 1.40
1.291.27 1.38
1.03 1.03 1.03
1.05 1.05 1.06
1.08 1.07 1.15
1.11 1.08 1.39
1.141.12 1.30

1.70 1.66 6.16
1.88 1.851.93
1.97 1.96 1.98
2.00 2.00 2.00
2.00 2.00 2.00
1.60 1.57 1.69
1.80 1.75 1.92
1.951.93 1.99
2.00 1.99 2.00
2.00 2.00 2.00
1.46 1.44 1.51
1.68 1.64 1.81
1.84 1.79 1.97
1.99 1.98 2.00
2.00 2.00 2.00
1.211.191.24
1.351.321.45
1.58 1.53 1.76
1.88 1.81 2.00
1.98 1.97 2.00
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Table 1. Averages of 7 for p;, = 0,0.01 and 0.05 when r = 1.

for the percentage of contamination of 1% and 5%. In general, it is noted that IC2 is less affected
than the others.

The second objective is to verify and to compare the performance of the estimated number of
factors using the information criteria when the standard APCA method is replaced by the robust
methodology suggested in section Let #M denote the estimated number of factors considering the
robust methodology. The primary interest here is to find out if the robust proposed methodology
is competitive in the absence of contamination and if it still provides reliable results in a scenario
where the data is contaminated. The results are reported in Tables [ ] and [6] for » = 1,2 and 5,
respectively.

From Tables [4] [5] and [6] when p; = 0 it is noted that the reported values are in accord with
the ones from Tables [I] 2] and [B] This indicates that the proposed robust method may still be
considered in a scenario where the occurrence of outliers is uncertain. On the other hand, when
there are outliers, i.e, p; # 0 in the tables, the results are also close to ones when p; = 0 of
Tables [T} ] and [3] Thus, in a scenario where there are outliers presented in the data, the robust
methodology still provides useful results.

Others simulations with different degrees of contamination and data generating process present
similar conclusions and are available upon request. The results presented in this section motive
the application of the proposed methodology to a real data problem.

5 Conclusions

In this paper, a robust FA method for high-dimensional with additive outliers is proposed. The
simulations show that additive outliers increase the number of factors estimated by the stan-
dard information criteria. The information criteria applied to the robustified estimation method
presents better performance and is an alternative method when there is any evidence of atypical
observations in the multivariate time series data.
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T

N

pi =0

pi = 0.01

pi = 0.05

I1C1 1IC2 IC3

IC1 IC2 IC3

IC1 IC2 IC3

50
50
50
50
50

50
100
200
500
1000

100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

3.00 3.00 7.24
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00

3.25 3.23 7.39
3.40 3.38 3.46
3.58 3.56 3.61
3.73 3.73 3.76
3.85 3.84 3.86
3.22 3.19 3.25
3.35 3.32 3.47
3.46 3.44 3.54
3.64 3.62 3.69
3.73 3.72 3.77
3.15 3.15 3.17
3.23 3.21 3.31
3.37 3.31 3.57
3.54 3.50 3.68
3.61 3.59 3.70
3.10 3.09 3.10
3.12 3.12 3.17
3.20 3.18 3.30
3.34 3.28 3.66
3.48 3.45 3.68

3.79 3.75 7.67
3.93 3.92 3.96
3.99 3.99 3.99
4.00 4.00 4.00
4.00 4.00 4.00
3.74 3.71 3.80
3.90 3.88 3.97
3.98 3.97 4.00
4.00 4.00 4.00
4.00 4.00 4.00
3.64 3.61 3.68
3.83 3.80 3.89
3.95 3.93 3.99
4.00 4.00 4.00
4.00 4.00 4.00
3.43 3.42 3.45
3.65 3.63 3.71
3.83 3.82 3.92
3.98 3.98 4.00
4.00 4.00 4.00

Table 2. Averages of 7 for p;, = 0,0.01 and 0.05 when r = 3.

T

N

pi =0

Pi = 0.01

pi = 0.05

IC1 IC2 IC3

IC1 IC2 IC3

IC1 IC2 IC3

50
50
50
50
50

50
100
200
500
1000

100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

5.00 5.00 7.93
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00

5.27 5.25 7.95
5.43 5.42 5.49
5.63 5.62 5.66
5.84 5.83 5.86
5.93 5.93 5.94
5.25 5.24 5.28
5.38 5.35 5.50
5.55 5.53 5.63
5.76 5.76 5.80
5.87 5.86 5.90
5.21 5.20 5.23
5.30 5.29 5.38
5.47 5.43 5.63
5.69 5.67 5.79
5.81 5.80 5.87
5.13 5.13 5.14
5.20 5.19 5.23
5.32 5.30 5.41
5.51 5.46 5.76
5.69 5.66 5.84

5.84 5.82 7.98
5.96 5.95 5.98
6.00 6.00 6.00
6.00 6.00 6.00
6.00 6.00 6.00
5.79 5.77 5.83
5.95 5.92 5.99
6.00 5.99 6.00
6.00 6.00 6.00
6.00 6.00 6.00
5.67 5.66 5.71
5.89 5.88 5.94
5.98 5.97 6.00
6.00 6.00 6.00
6.00 6.00 6.00
5.56 5.56 5.59
5.79 5.77 5.82
5.93 5.92 5.97
6.00 6.00 6.00
6.00 6.00 6.00

Table 3. Averages of 7 for p; = 0,0.01 and 0.05 when r = 5.
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T

N

pi =0

Pi = 0.01

pi = 0.05

IC1 1IC2 IC3

IC1 IC2 IC3

I1C1 IC2 IC3

50
50
50
50
50

50
100
200
500
1000

100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

1.00 1.00 1.02
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00

1.01 1.01 1.04
1.00 1.00 1.01
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00

1.07 1.05 1.27
1.06 1.04 1.15
1.051.04 1.10
1.08 1.07 1.09
1.181.18 1.19
1.021.01 1.03
1.02 1.01 1.08
1.01 1.01 1.05
1.01 1.01 1.02
1.011.01 1.02
1.00 1.00 1.01
1.00 1.00 1.00
1.00 1.00 1.01
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00
1.00 1.00 1.00

Table 4. Averages of #M for p; = 0,0.01 and 0.05 when r = 1.

T

N

pi =0

pi = 0.01

pi = 0.05

IC1 IC2 IC3

IC1 IC2 IC3

I1C1 1C2 IC3

50
50
50
50
50

50
100
200
500
1000

100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

3.00 3.00 3.02
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00

3.01 3.01 3.04
3.00 3.00 3.01
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00

3.07 3.05 3.07
3.06 3.04 3.05
3.05 3.04 3.07
3.08 3.07 3.09
3.08 3.07 3.09
3.02 3.01 3.03
3.02 3.01 3.08
3.01 3.01 3.05
3.01 3.01 3.02
3.01 3.01 3.02
3.00 3.00 3.01
3.01 3.00 3.00
3.00 3.01 3.01
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00
3.00 3.00 3.00

Table 5. Averages of #™ for p; = 0,0.01 and 0.05 when 7 = 3.
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T

N

pi =0

pi = 0.01

pi = 0.05

IC1 IC2 IC3

IC1 IC2 IC3

IC1 IC2 IC3

50
50
50
50
50

50
100
200
500
1000

100 50
100 100
100 200
100 500
100 1000
200 50
200 100
200 200
200 500
200 1000
500 50
500 100
500 200
500 500
500 1000

5.00 5.00 5.02
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00

5.01 5.01 5.04
5.00 5.00 5.01
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00

5.07 5.05 5.23
5.06 5.04 5.05
5.05 5.04 5.10
5.08 5.07 5.10
5.18 5.08 5.89
5.02 5.01 5.03
5.02 5.01 5.08
5.01 5.01 5.05
5.01 5.01 5.02
5.01 5.01 5.02
5.00 5.00 5.01
5.00 5.00 5.00
5.00 5.00 5.01
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00
5.00 5.00 5.00

Table 6. Averages of #™ for p; = 0,0.01 and 0.05 when 7 = 5.
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Monotonicity Assumptions for
Recession Forecasting

David Kelley*

Federal Reserve Bank of Chicago

Abstract. This paper applies Gaussian processes classification to pre-
dict recessions one year ahead. It shows that while the commonly used
probit model can produce poorly calibrated estimates in this case, re-
placing the single index assumption of the probit model with a Gaussian
processes model provides estimates that are well calibrated. Results from
Gaussian process models restricted to be monotonically related to the in-
dicator imply that breaking the monotonicity assumption and not just
the linearity assumption of a single index model is required for well-
calibrated conditional probability estimates.

1 Introduction

Economic forecasting inherently deals with the uncertainty of the future. For a
given indicator, we are interested in the information conveyed by an observation
of that variable. To generate a conditional probability, economic forecasters of-
ten turn to probit models. While more sophisticated recession prediction models
have been developed, in practice probit models are commonly used (Estrella and
Mishkin, 1996; Engstrom and Sharpe, 2018; Bauer and Mertens, 2018; Benzoni
et al., 2018). The logit model (or logistic regression) makes a slight modifica-
tion to the functional form in estimation, but both of these approaches inherently
assume that estimating regression parameters inside a link function generates ap-
propriate conditional probabilities. While estimating the regression parameters
of these models can change the location and scale of the inferred probabilities,
the shape of the posterior is assumed to be known.

This analysis examines this assumption and questions its validity. After in-
troducing Gaussian process (GP) models as a more flexible alternative to the
probit model, it will assess how well calibrated are the estimated probabilities
of both the probit model and three versions of the Gaussian process model.

For simplicity and consistency with prior empirical applications, the focus
will be on predicting recessions as defined by the NBER Business Cycle Dating
Committee 12 months ahead with univariate, cross-sectional models. While this
analysis excludes more sophisticated methods, it clearly documents a flaw in a

* Thanks to Luca Benzoni, Scott Brave, R. Andrew Butters, and Will Lee for helpful
comments. The views expressed herein are my own and do not necessarily represent
those of the Federal Reserve Bank of Chicago or the Federal Reserve System. Email:
David.Kelley@chi.frb.org.
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Fig. 1. Observed fraction of recessions (dots) and distribution of indicator values (bars)
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model commonly used in practice. Each model under consideration will be illus-
trated using the near-term forward spread of Engstrom and Sharpe (2018), de-
fined as the difference between the 6-quarter forward and 1-quarter zero coupon
U.S. Treasury yields (using fitted yields from Gurkaynak et al. (2007)). As a sim-
ple summary, the the observed fraction of recessions 12 months ahead according
to the value of this indicators is plotted in Figure 1 along with the distribution
of observations of the indicator. Notable in this figure is that while the observed
faction of recessions by indicator value is generally increasing as the indicator
value declines, the relationship is non-monotonic. Also, the bulk of observations
of the slope of the yield curve occur between -2 and 3, but there are a few
observations in the tails beyond these values.

2 Recession Prediction with Probit Models

For an indicator z;, a generalized version of the probability of a recession 12
months ahead is

P(regizle) = g(f (24, 0)) (1)

where ¢g(-) : R — [0,1] is a parameter-free function and f(-,0) : R — R is
a transformation of the indicator to the appropriate location and scale that
depends on unknown parameters 6. Most commonly, f(x¢,0) = a + Sx; where
0 = {«, B}, otherwise known as a single index model. Other choices for f(-) are
possible including nonlinear and nonparametric estimates.

The probit model is a single index model where g(-) is the cumulative stan-
dard normal function.! It has an underlying latent variable representation (Gel-

! Throughout, g(-) is assumed to be the cumulative normal distribution so that the
single-index model is a probit model. Results throughout are broadly consistent if
the function g(-) is the logistic transformation that implies the logit model in a single
index context.
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Fig. 2. Fitted probabilities of probit model
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man et al., 2013, p. 408) that assumes normally distributed errors such that

up ~ N(a+ by, 1) (2)
1if

=g 3
0ifu; <O

This parameterization allows for efficient inference on the underlying parameters
via a Gibbs sampler. The familiar fitted probability of a recession conditional on
an observed indicator value is plotted in Figure 2, presented for comparison to
later models. Note that the fitted probability approaches one somewhat quickly
for larger negative values of the slope of the yield curve.

3 A Binomial Model of Recession Prediction

The simplest departure from a parametric estimate of recession probabilities is
to consider P(ri112|z:) in the context of a binomial sampling model. To do so,
bin the realizations of an indicator with a bin width 0.5. By specifying a prior
probability of recession in any period of a Beta(0.13, 0.87) distribution, the
prior matches the observed frequency of recessions with a “prior observation”
weight of one. The posterior in this case is known to follow a Beta(0.13+ >, r4,
0.87 + T — ", 1) distribution. While suboptimal due to the discrete binning
procedure, the fitted posterior probability conditional on the indicator value in
Figure 3 reveals three things. First, the probability of recession conditional on
the near-term forward spread is non-monotonically decreasing in the value of
the indicator. As the indicator increases from its lowest values, the probability
of recession decreases to a local low near -3, rises again to a local peak near -2,
falls again to a local low near +2, then rises as it is more influenced by the prior
for bins with relatively few observations at higher values. This implies that a
monotonically decreasing recession probability requires some prior information
or a different likelihood function. Second, as the indicator moves further from
the center of it’s distribution, the uncertainty around the recession probability
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Fig. 3. Fitted probabilities of beta-binomial model
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increases substantially. In the area slightly greater than zero where most indi-
cator values are concentrated there is relative certainty but considerably more
uncertainty away from this region. Third, the estimated probability is never
higher than 70%. Despite low values of the slope of the yield curve always being
associated with a recession one year ahead, there are few observations at these
values leading to only moderately high probabilities of recession.

4 Gaussian Process Models

While modeling choices in Equation 1 have generally focused around g(-), the
benefit of explicitly parameterizing f(-,0) allows for consideration of models
that break the assumption of a single index model and introduce some of the
flexibility of the binomial sampling model. The Gaussian process (GP) model
is one possible replacement that does so. For a comprehensive introduction to
Gaussian process models, see Rasmussen and Williams (2006).

A Gaussian process model is one in which the full sample of a dependent
variable Y is jointly normally distributed according to a mean and variance that
are specified as a function of independent variables in X. Given the observed
data, the mean of Y will be a function m(X) and variance of Y will be a function
K(X, X’). We write the output as distributed according to the Gaussian process,

Y~ GP(m(X), K(X, X")) (4)
Given that the full dependent variable is jointly normally distributed for observed

data (X,Y) and given a new observation of the independent variable x*, the
distribution of the full data is also jointly normal,

(] ) e
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Conditional normality gives the distribution of the unobserved dependent vari-
able y*:

E(y*|X,Y,2") = m(z*) + K(X,2*)K (X, X") " (Y — m(X)) (6)
Var(y*|X,Y,z%) = K(2*,2*) — K(X,2")K(X,X") 'K (z*, X") (7)

For simplicity, consider a classification problem similar to the probit model where
g(+) is the cumulative standard normal function implying

P(rvazlze) = @(GP[m(xe), K (24, 74)]) (8)

Since we model the observed recession classifications ry 12, direct estimation of
the conditional quantities in Equations 6 and 7 is no longer feasible. We therefore
require an approximation of the posterior, using either the Laplace approxima-
tion or expectation propagation using the package developed in Vanhatalo et al.
(2013).

The modeling specifications for Gaussian process models come in the choice of
functional forms for m(-) and K (-, -). The mean function m(-) is usually assumed
to be zero but we will also consider the case where it encodes prior information
in a linear form with parameters fixed by introspection,

m(z¢) = a + by (9)

Attention generally focuses on the covariance function K(-,-). The most com-
monly used form, and the one used here, is the squared exponential,

K(x;,x;) = 0% exp <(‘”;lff)2> (10)

which implies that data near each other have high covariance while those further
away have lower covariance. The parameter [ determines how data with different
input values affect the final Gaussian process by specifying the relative influence
of points that are more distant. The parameter o gives the covariance of two out-
puts with the same observed input . The parameters in the covariance function
(I and o) are unobserved and must be fitted to the data, done so by maximizing
the marginal posterior. For all models, the prior on [ is specified as a mean-zero
t-distribution with 4 degrees of freedom and a standard deviation of 1, and the
prior for ¢ is uninformative.

4.1 Gaussian Processes with Constant Mean Priors

The simplest model is one where the GP mean function is zero, but this model
produces an unconditional probability of recession equal to 50%. Since recessions
are rare events, the prior is instead specified so that the unconditional probability
matches the observed fraction of recessions of roughly 13%. The fitted probability
in Figure 4 show the appeal of using Gaussian processes in this application.
While the fitted probabilities generally follow the contour of the beta-binomial
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Fig. 5. Fitted probabilities of linear prior Gaussian process model
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model in Figure 3, they now vary smoothly over the range of observed values.
Additionally, the estimated uncertainty appears reasonable as the 90% credible
interval is small where many indicator values have been observed and much wider
where the data are relatively sparse.

4.2 Gaussian Processes with Linear Mean Priors

The economic intuition that the yield curve embodies financial market partici-
pants’ expectations of future short rates motivates the use of a mildly informative
prior. The slope parameter is set to -0.1 to provide only a weak prior connection
between the indicator and the probability of recession. The intercept parameter
of m(-) is then set such that that the mean of the indicator produces a prior
probability of recession equal to the unconditional observed fraction of reces-
sions. The results in Figure 5 generally resemble the results of the model with a
constant mean prior with three differences: (1) changes in the fitted probability
are somewhat more abrupt as the fitted length scale parameter [ is substantially
smaller than for the constant mean prior model, (2) the mean probability is
closer to one and zero for extreme values of the indicator as a result of the prior,
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Fig. 6. Fitted probabilities of monotonic Gaussian process model
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and (3) the uncertainty has been slightly reduced, particularly for extreme val-
ues of the indicator. While the prior has reduced the posterior variance slightly,
the 90% credible intervals are still suitably wide enough to allow additional data
to influence the estimates substantially.

4.3 Monotonic Gaussian Processes

Finally, to facilitate comparison to the probit model consider an additional spec-
ification in which the the output from the GP is restricted to be a monotonic
function of z; according to Riihimki and Vehtari (2010). In this case, the mean
function is taken as m(x;) = 0 but the model restricts all outputs such that
x1 < x2 = f(x1) > f(x2). To do so, the standard GP model is first fit similarly
to the other GP models. This model then iteratively augments the likelihood
by adding observations that enforce a non-negative derivative at the point that
has the largest negative derivative until the output is monotonic. The results in
Figure 6 are substantially different than the other two Gaussian process results.
The mean response is somewhat similar to the probit model but with a lower es-
timated probability for more negative values. Even with an uninformative prior,
the addition of the monotonicity assumption has substantially reduced the un-
certainty for extreme values of the indicator as non-local data are effectively
allowed more influence on the estimated probabilities.

5 Model Calibration

Given the approach of directly modeling a posterior probability, of substantial
interest for these models is how well calibrated they are — i.e., when a model
gives a 40% chance of a recession, does a recession occur 40% of the time? Since
recessions are relatively rare events, most models make few, if any, predictions
with high probability. To reduce the uncertainty in this exercise, each model is
fitted to each series in FRED-MD (McCracken and Ng, 2015), a monthly panel of
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Fig. 7. Calibration plots with 5% bins

| Probit . Monotonic GP
508 508
g g
r 06 T 06
B k3
c 04 204
[0 [0}
8 &
O 0.2 O 0.2

0 0

0 0.5 1 0 0.5 1
Predicted Probability Predicted Probability

| Flat Prior GP | Linear Prior GP
S 0.8 .5 0.8
g e
r 06 T 06
B kS
2 0.4 c 04
[ [0}
8 ]
O 0.2 O 0.2

0 0

0 0.5 1 0 0.5 1
Predicted Probability Predicted Probability

common U.S. macroeconomic time series.?2 Each model is estimated separately
for each series, and all indicator variables have been sign-normalized to have
a negative correlation with the recession classification so that as the indicator
decreases the probability of recession is increasing.

To construct the calibration plots, the fitted probabilities for each model
across all series are organized into bins and the fraction of months in which a
recession occurred is plotted as a dot. For a well calibrated model, this value
will lie within the boundaries of the bin, shown as the two offset 45° lines. To
test this, the 90% credible intervals is computed for each bin as the posterior of
a binomial sampling model with a Beta(0.5, 0.5) prior. For example, for a 5%
wide bin centered at 50%, a credible interval that falls entirely above 52.5% or
entirely below 47.5% is good evidence that the model is poorly calibrated.

Figure 7 presents calibration plots for 5% bins of the probit, monotonic GP,
flat prior GP, and linear prior GP models. Unsurprisingly, the unrestricted Gaus-
sian process models appear well-calibrated as none of the 90% credible intervals
exclude the appropriate bins. The most notable difference between these two
models is that the model with an informative prior has more points of high esti-

2 For simplicity, the only series used are those with no missing values prior to the last
month in which all series were observed. The resulting panel contains 93 series out
of the 128 series in the full FRED-MD panel. All series are transformed according
to the recommended specification before being demeaned and standardized.
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mated probability due to the additional information of the prior but it remains
well calibrated. On the other hand, the probit model appears to deviate from
the 45° line at higher fitted probabilities. Given the manner in which this model
is used as an early warning indicator of coming recessions, these are exactly the
regions where poor calibration should be concerning. This would indicate that
the times when macroeconomic policymakers are likely to be more concerned
about a recession are the same times when the probit model provides unreliable
estimates. The calibration of the monotonic GP model appears somewhat better
but still has three bins in which the 90% credible interval excludes the associ-
ated bin edges. Compared to the unrestricted models, this is evidence of notably
worse calibration.

6 Conclusion

The suitability of the probit model to recession classification appears to crucially
rely on whether the proportion of classified events is monotonically related to
the indicator under consideration. For estimated recession probabilities one year
forward, probit and monotonic GP models fitted to the FRED-MD data produce
poorly calibrated results compared to the less restrictive GP models, implying
that the monotonicity restriction itself is at least partially responsible for the
poor calibration. While on its face the single index assumption of the probit
model appears to be overly restrictive, these results suggest otherwise. They
suggest that for those unwilling to undertake the complexity of GP models, more
traditional nonlinear models may be capable of overcoming these calibration
issues as well.

Admittedly, a monotonicity assumption is attractive for interpretive reasons,
allowing for the simplification that movements in a given direction of an indica-
tor have a common interpretation. However, this assumption may not always be
appropriate. GP models with modestly informative priors produce a posterior
predictive probability that incorporates this intuition while producing poten-
tially more realistic conditional probabilities. When the data is uninformative,
they reflect the notion that the econometrician knows something about how the
indicator is correlated with economic activity. But when the data are informa-
tive, the estimated probabilities are allowed to match the data more closely,
producing fitted probabilities with superior calibration.

The probit model still performs a role in mapping an indicator from an
unbounded range to a [0, 1] range, but many other methods are also capable
of doing so. For those interested in probability estimates, calibration tests are
a useful metric about the performance of a predictive model. For cases where
the fitted probability of an event is meaningfully interpreted — such as recession
prediction — these results favor GP models over probit models.
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Abstract. We apply the well-known Tsallis statistics to model crimi-
nality and vehicle chaos in Lima city. Despite of the fact tha Perd has
shown interesting indicators of a reduced generalized poverty, the appari-
tion of high rates of criminality and high vehicle traffic is considered as a
logic consequence due to the economical progress of the country. In this
paper we argument that the geographical apparition of these social issues
has as origin the phase transitions as seen in the Tsallis entropy, from a
low to middle social-economical layer, fact that is not contemplated in
the regional and urbanistic evolution of large cities such as Lima with a
population of around 10M of habitants.

1 Introduction

The development of a country is seen in terms of economic and social progress.
This progress becomes clear in those ones whose economic growth has surpassed
the expected ones such as the predicted by the World Bank [1]. Although the
economic growth is crucial for a homogeneous wellness of the societies, there
are additional factors that are inside the social and education territories that
to some extent are important indicators to anticipate a full growth either in
the middle or long term. In this paper, we focus on the apparition of social
anomalies in Lima city as consequence of the overpopulation and people behav-
ior. Concretely, we focus on the cases of (i) Criminality (ii) Vehicle Traffic, that
are social problems of global interest since the conjunction of both occurrences
as undeniable part of a reality. As it is well-known, points (i) and (ii) share
in common the geographic aspect so the knowledge in advance of these events
might be an advantage to reconfigure policies to guarantee the security of people
in particular of those that are in the layers of vulnerability as is seen in largest
Latin American cities as Lima city in Peru, for example. As done in [2], the
presence of events containing this duality in Lima city was studied with entropy
of Shannon by which geographical areas in the urban areas were systematically
identified through the usage of sophisticated algorithms that use random com-
parisons in the sense that the coincidence of both (i) and (ii) is done by following
stochastic rules. The usage of physics-inspired formulations such as the Shannon
entropy, has as justification the fact that the wellness of a society is dictated by
an equilibrium that is perceived as a fully subjective fact.
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Certainly, the apparition of these both issues (i) and (ii) might degrade sub-
stantially the quality of life of people, in particular of elderly people that are
residing in the social layers where poverty is a common factor. In this paper
we focus on the application of the well-known Tsallis entropy that emphasizes
the concept of non-additivity in the sense that the events of different nature
might not be seen as part of a sum, but instead it includes a pseudo-event that
characterizes the conjunction of a couple of events, for instance.

In fact, the main motivation for the usage of the Tsallis entropy is that the
Tsallis concept [3][4] adjust well to the case of the conjunction of criminality
and vehicle traffic when both situations are seen as product of a single reality
but are engaged to a subjective view by which we can denominate the product
of the interaction or concurrence of both events. In this manner the aim of this
paper concentrates in - Identify geographical areas in Lima city with a high risk
of criminality and traffic. - Adjudicate probabilities to the identified events with
the Tsallis entropy. - Identify in a quantitative manner the correlation of both
events through the definition of a local equilibrium function that is translated
as the extra term that breaks the additivity of statistical systems.

Although there is not an absolute mechanism that predicts the concurrence
of events that violates the social equilibrium, the usage of the Tsallis entropy
might be beneficial to the extent that one can associate not only street criminal-
ity and traffic but also additional events that are part of the genuine origin of
these situations: corruption. In fact, the presence of corruption as a subjective
force that distorts the multiple functionalities of the crucial social and economic
variables in modern societies, has serious implications in the continuous degra-
dation of the society, particularly in Latin American where most of the social
and political changes have had its origin in the diverse dynamics of corruption.

Therefore, in the language of the Tsallis entropy, societies might then exhibit
a kind of additive or also non-additive statistics [5][6] by which the conjunction
of negative events against their quietness would give as result the apparition
of subsequent episodes that characterizes the social deformation of large cities.
In second section we briefly review the concepts of the Tsallis entropy [7][8]. In
third section we propose phenomenological models to be applied to the case of
Lima city. In fourth section we present the results. Last section is devoted to the
conclusion of this paper.

2 Brief Review to the TSallis Entropy

Consider a set events whose individual probability is defined by being equals to
pr. with the condition that ), px = 1. Then the Tsallis entropy [8] is written
as follows,

S = — (1 - sz> (1)
k

where q is known the entropic-index. For the continuous case
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sl = 5 (1= [ () ®

where the one expects that

0< ‘/pq(x)d;v :

On the other hand, as mentioned previously the non-additivity features the
Tsallis entropy. For instance, consider two independent systems A and B, then
the corresponding probability density is written as

3)

p(A, B) = p(A)p(B) (4)
For this case the Tsallis entropy is defined

Sq(Av B) = Sq(A) + Sq(B) +(1- Q)Sq(A)Sq(B) (5)

clearly the extra term that breaks the additivity is of particular importance
for us. The parameter (1-q) that measures the breaking of the additivity when
q=1 the system returns to a full scenario of additivity [9], however in the context
of Tsallis entropy it is commonly referred as a pseudo-additivity [10].

In virtue of (4) we can write down the Tsallis entropy for a specific scenario
of two concurrent events such as criminality and vehicle traffic. In this way

st = 5 (1= [ r@ae) + -2 (1= [ @) @

The extra term that gives account of the non-additivity of the entropy [11]
can be written as

Nl = - (1 [ pran) (1= [ o) @)

That is actually the product or a pure join in probability [11][12]. As seen
above H(p,q) = 1 recover the additivity of the system statistics. We left that
H(p,q) is to be arbitrary in the sense that is a function of integers number to
be employed whatever the case the Tsallis entropy is used. Thus H(p,q) is an
input function that would describe the system.

3 Applications and Phenomenological Models

Fundamental equations of the Tsallis entropy (5) and (6) are adjusted in order
to be applied systematically to the phenomenon of the concurrence of street
criminality and vehicle chaos in Lima city.

MODEL -1
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For instance, we write down the entropy for the system f,(z) as a difference,
1 1 q
Slfe(x)] = -1 -1 fi(z)dx (8)
Now we can modify the integration to test the simplest scenarios of application,
so that we have that

1 MAX

Slfe(2)] (Exp[—(z — ¢2)°])"dx 9)

- 1-q Ju

Where for the sake of simplicity we have used the Gauss function whose
center is moved as to the product gz by which we have introduced an extra
variable z so that the integration runs over z and the result is given in terms of
z. The upper limit Max is understood as being a large number.

T(x)
10"

1074

1077

Fig. 1. The Tsallis entropy according to (8) for different values of the integer number
q-.

In Fig.1 is seen the different distributions of Tsallis where in reality all of
them have the morphology of an Erf function but flipped to the right. Our next
task is the projection of this model to recognize the critic zones in Lima city.
The simplest model is when we will use the pseudo-additivity

MODEL - II

Now we extend the mathematical formulation of the Tsallis entropy as seen
in section 2, to one that includes characteristics of the scenarios to be applied
[13]. One of them is when the argument of the Gaussian profile is deformed
by including the product of the continue variables xz, fact that changes the
morphology of the resulting integrations. Thus, our proposal reads as follows
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Variable / Tsallis Lima City
Parameter
X All possible | All possible zones
probabilities of risk
z Distributed | Identified zones of
probabilities potential risk
q Level of States of Risk
entropy
Min Minimal Boundary for
Probability minimal risk
Max Maximal Boundary for top
Probability risk

Fig. 2. Meaning of quanties in the tsallis entropy and its application to lima city

1 1 10
Slf,(z)] - —=— Exp[—(z — gz — 22)?))9dx 10
Fae) = =g =g | (Bl 7 (10)
Being it still a crude model to be applied to a realistic social modeling. We
generate additional models below.

S[fql(x)
10

5 10 15 20 25 X30

Fig. 3. The Tsallis entropy according to (9) for different values of the integer number
q.

MODEL - IIT This is actually an extension of II with the insertion of a
”width”, as seen below to be 1.0001.

11 10 Exp[—(z — gz — 22)?]\?
Sl - =5 = 1= [ ( L ) (1)

MODEL - IV And finally a model with a width being this small as 0.2,
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19/ 8[fq](x)

25 X30

Fig. 4. The Tsallis entropy according to (10) for different values of the integer number
q.

10 Xp|—(T — 3—1322 a
s~ =1 | (PP ey

S[fq](x)

15 20 25x 30

Fig. 5. The Tsallis entropy according to (11) for different values of the integer number
q.

4 Results

In Fig.5 the map of Lima is shown [12]. In essence, it covers center, a substantial
portion of north and east zones. In according to official reports, the perimeter
of map has been limited to a 60% of normal area,

In Fig.6, is superimposed squares and circles in according to the results found
after of applying the Tsallis entropy. As rule, we have used an elementary al-
gorithm that compares a random number with the resulting Tsallis number
obtained for the case that corresponds. Left-side column is a location code that
is employed to identify a geographical zone inside the perimeter of Lima city.
The column of middle lists the resulting probabilities of risk in according to
the Tsallis entropy as done in equations (7-11). In right-side column is specified
the concurrence is it is dual or single. In brackets is given the color for that
recognized area. These are in according to the colors blue, yellow and white.
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Fig. 7. Identification of risk areas where duality occurs in the highest probabilities in
according to Table II (Fig. 8)

The numerical evaluations of the Tsallis integrations were performed through a

Monte-Carlo-like method that requires of a comparison between a random num-

ber and the resulting Tsallis probability. While one expects equilibrium in terms

of low risk, this can be broken by the presence of a latent risk in adjacent areas

fact that degrades the level of wellness in people that belong to such areas.
The risk that an elder people gets a dual event is estimate as follows:

N A
D=2 x5lf@)] x5 (13)
For example for the area of north edge of Lima city one gets D = 0.15 0.80 0.20
= 0.024. That is interpreted as at is 2 per 100 elder people is under a high risk.
The zones of high risk in percent belongs to CRB (0.32), SJL (33.2), CAL (8.1),
PP (3.2) as was officially published in [14].

5 Conclusion

In this paper, we have used the well-known Tsallis entropy to identify risk zones
by using the central equation o Shannon that yields locations with the con-
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Location Risk Concurrence
Code Probability
3-9 76% Dual (y)
10 -12 92% Single (b)
18 -21 80% Dual (w)
36-39 62% Dual (b)
42 - 45 T7% Single (y)
57 - 64 90 % Dual (w)

Fig. 8. Resulting tsallis probabilities to recognize areas of concurrence: criminality and
traffic.

currence of traffic and street criminality. We have derived a phenomenological
relation as written in Eq.(12) by which we can extract an estimate of the possi-
ble values of risk in those zones of duality. We have compared our results with
the ones obtained from official reports having identified focus of violence in the
order of the 90%.
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Abstract

Data preprocessing methods: Data decomposition, seasonal adjustment, singular
spectrum analysis, detrending methods, etc., Econometric models, Preferable Oral,
Real macroeconomic monitoring and forecasting, Real time macroeconomic monitor-
ing and forecasting
Abstract: This paper examines the interdependence between expectations and eco-
nomic growth in Uruguay, for the last two decades (1998-2018).

To this aim, this research considers the expectation surveys collected by the “Camara
de Industrias del Uruguay” and macroeconomic series of National Account System.
The study achieved two main findings. Firstly, that there is a long-run relationship be-
tween producers’ expectations and Uruguayan GDP growth controlling by the usual
production factors. Secondly, by estimating multivariate structural models we found
that there is a common level between the expectation indicators of the different indus-
trial sectors grouped according to production specialization and international trade in-
sertion. The expectation indicator of which the others depends is the one of the more
tradable industries. The level component of this indicator of expectations drives the
level component of the other groups.

The research shows that expectation indicators could be an accurate leader indicator of
sectoral and aggregate growth. Moreover, the driver of the producers' expectations is
the aggregate indicator of expectation of the more tradable industries.
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Abstract Dynamics of the ice-jam flooding was analyzed statistically as the process in the non-equilibrium system with the
varying conservation. The distributions of the daily average water heights during spring breakups in the basin of Lena river were
constructed. It has been found that the water heights during water rising in jam-free years were distributed in a random manner
that is in accordance with an exponential (Poissonian-like) function. In contrast, the water height distributions in the periods of
ice-jam flooding followed a power law in common with various multiscale hydrological phenomena. The analysis of the height
distributions showed some latent perturbations in the water-ice system caused by natural causes or blasting intended to destroy
jams. The efficiency aspect of the blasting actions during ice-jam flooding was considered.

Keywords spring backup, water height distribution, ice jam, blasting.
1 Introduction

The flowing water and consolidating ice (ice-jam) constitute a unified dynamic system, in which a multiplicity of
local motions, ruptures, and compactizations of ice cover fragments, leads the system to its thermodynamic attractor
as a non-equilibrium statistical system. The large-scale hydrological phenomena show some aspects of both
organization and randomness [1]. The periodicity and persistence of various processes can be assessed from the time
series of related hydrological events [2] such as the occurrence of floods [3] and return periods of rainfall [4, 5],
which exhibit scale-invariant (power law) behavior. Meanwhile, to our best knowledge, there are no evidences in
literature of scaling features in the process of ice-jam formation.

In this communication, we considered the statistics of a few water rises prior to ice-jams in Lena river including
a catastrophic ice-jam near the town of Lensk (2001) complicated by an anthropogenic intervention through
blasting. Time series were analyzed from the viewpoint of the manifestation of a self-organizing process in the non-
equilibrium system with varying conservation.

Datasets from a hydrometric station (HS) situated near the town of Lensk at the distance of 2508 km from the
river mouth were analyzed. The records cover periods of spring floods from 2001 to 2014.

3 Statistics of water level variation
3.1 Spring breakup without ice-jam
Figure 1 shows a size distribution of the daily average water heights recorded at the HS 3030 in the period of spring
breakup in 2011, which was not followed by an ice-jam. The height distribution was calculated in the form of the
dependence N(H>h) versus h where N is the number of days when the water-level H was higher than the value of h,
which goes through the values of all registered water levels (horizontal coordinate). The same data were plotted both
in semi-logarithmic and double logarithmic coordinates.

In semi-logarithmic coordinates (Fig. 1a), the data points fall upon a straight line with a slope a:
logioN(H>h) o -ah. (1)

The relation (1) is equivalent to the exponential law of Poissonian type:

N(H>h) o« exp(-ah), (1a)

which is indicative of random events occurring independently from each other. The same distribution plotted in the
log-log coordinates (Fig. 1b) diagramed a complicated curve, which cannot be approximated by a simple function.

3.2 Spring breakups with ice-jams

Figure 2 shows two different presentations of the N(H>h) versus h distributions obtained in 2014 when a spring
breakup culminated with an ice-jam. The distribution represented in the semi-logarithmic coordinates showed a
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Figure 1. The water height distribution during spring breakup, which happened without an ice-jam; a — semi-logarithmic
coordinates; b — log-log coordinates. A straight line follows Eq. (1). Cut-in: water level histogram covering a period from May 1
till May 30.

complicated curve. In contrast, the distribution plotted in the log-log coordinates exhibited a broken log-linear
dependence

logioN(H>h) oc -blogio(h) (2)

a [ ]

%ﬁ a b
31 L B L
:/l\: o H.cm
2; “a 8007
o a
L n

a 400
o
4] 20
Days
0 200 200 500 0 1 3
h, cm |0gmh

Figure 2. The water height distribution during spring breakup in 2014, which happened with an ice-jam; a — semi-logarithmic
coordinates; b — log-log coordinates. Straight lines follow Eq. (2). Cut-in: water level histograms covering the period from April
1 till May 9.

consisted of the two straight portions characterized by different values of b. The relation (2) represents the power
law function:

N(H>h) o h?, (2a)

which is specific for dynamics of open, non-equilibrium, multiple-event systems. Contrary to the rapidly descending
exponential function, the power law provides long-range interactions between elements/events, which interdepend
both in space and time [6](Bloschl and Sivapalan 1995). As a rule, the b-value increased a few days before ice-
jamming.

The b-value characterizes a relative amount of “large” and “small” events in the N(H>h) versus h distribution:
the higher b-value the more contribution of smaller events. The above-mentioned increase of this parameter (Fig 2)
means the prevailing of smaller changes in water height just before the jam.

3.3 Blasting
An example of the histogram of the water level variation during a catastrophic flood caused by a steady ice-jam

downstream the town of Lensk is depicted in Fig. 3 together with the water height distribution. This flood required
the full public evacuation. Three series of blasting were applied to the growing jam.
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Explosive have been used to remove ice-jams for well over a hundred years ([7] Hanamoto et al., 1986), and
some attempts to enhance its efficiency are continuing up to now [8], though the practice of blasting has been
largely reduced since the 20th century due to limited success. In most cases, the ice-jam blasting is implemented as a
last resort [9]. In this particular case, the primary action was performed by a terrestrial blasting team when the water
level exceeded the critical height over 390 cm. The water height histogram exhibits a ravine in a short period of time
after this blasting. However, the advance of ice stopped shortly with forming a new large scale (80 km in long) ice-
jam downstream from the town of Lensk. The water level began to rise rapidly inundating the residential area and
neighboring lands. The second blasting (2-d, four tons of explosive agent) performed by an aircraft was fully
ineffective (Fig. 3a). The most powerful blasting (16 tons of explosive agent) was applied by a helicopter Mi-6. The
blasting did not result in the breaking of ice-jam, but the log-linear water height distribution showed a slope
variation after the action (Fig. 3b). The ice-jam broke up spontaneously within 20 hours after the most powerful
final blasting. After the breakup of the jam, the system water-ice decomposed, and the used above analysis of water
level variations became inapplicable to free flowing. The height distribution during the lowering of water levels
after the ice-jam looks like almost vertical plot.
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Figure 3. Water height histogram (a) and water height distribution (b) covering a period from May 14 till May 18. Arrows
indicate blasting. Straight lines follow Eq. (2).

4. Discussion

The crucial condition of the power law dependence of the number of events on their intensities is the non-
equilibrium state of the statistical system. In an equilibrium system that does not have any energy intake, possible
fluctuations of the state decay quickly in accordance with the exponential law such as a relation (1a). In the latter
case, the system’s dynamics proceeds in a random manner. In this study, the water level distribution of this kind was
obtained for a jam-free flood (Fig. 1). The power law distribution manifested itself only in the floods induced by ice-
jams. In our statistical analysis of many spring floods, we obtained that in the most of ice-jams, the b-value
exhibited a sudden increase a few days/hours before the jam disappearing. To relate changes in the b-value with the
actual state of the hydrological system, one should take into account that the scale invariance expressed through a
power law takes place only in sufficiently conservative medium, which would be able to retain some incoming
energy. Christensen and Olami [10] used a spring-block model for the computer simulation of the seismic activity,
in which the energy conservation in the system was tuned with a certain parameter of conservation. The model
calculations showed that the lower the level of conservation, the higher the b-value. Moreover, there existed a
critical value of the parameter, below which a power low dependence transformed into an exponential decay.

In the case of ice-jam formation, the energy of the water-ice system grows due to the elastic deformation of the
congealing and densifying ice cover. The long-term data show that prior to almost each jam some limited ice
movements and openings take place. The ice cover loses partially its connectedness — the conservation of the
water-ice system reduces. As a result, the fragmentation of the ice cover leads to the increase of the b-value, which
manifests itself in a break of the log-linear dependence. After the breakup of the jam, the system becomes highly
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dissipative — the N(H>h) versus h dependence follows an exponential law. A b-value variation could display itself
not only in a natural way but being caused by an anthropogenic factor. The blasting is the latter case.

The statistical analysis of the water height time series might reveal some ill-detectable perturbations in the
evolving ice jam including its response to the actions of blasting. Figure 3 presents an example of three
consequential applications of the ice-jam blasting. All blasting series were recognized as disadvantageous.

From the viewpoint of the main goal of the actions, the final blasting in 2001 (HS 3030, Lensk) was
unsuccessful. Meanwhile, the slope of the N(H>h) versus h dependence after the third blasting increased notably
thus signalizing a certain change in the flood dynamics. One can suppose that final blasting induced some inner ice
cover rearrangements, which accelerated the jam breakup next day.

5. Conclusion

Dynamics of the ice-jam evolution was considered as the multi-scale process in an open, non-equilibrium system
with varying conservation. The water rise time series during spring breakups were found to be random (Poissonian-
like) when no ice-jams occurring. The water height daily distributions during ice-jam flooding followed a power law
similarly to many natural large-scale hydrological processes. The power law exponent (b-value) depends on the
actual ability of the water-ice system to retain the energy accumulated in the elastically deformed ice-cover.

In many cases, the b-value increased steeply a few days before the jam. The effect was caused by the variation of
the energy balance in the system water-ice due to some natural or anthropogenic factors. The fragmentation of ice
disturbs the ice cover connectedness thus reducing the degree of conservation of the system. The congealing and
densifying of the ice cover produce an opposite outcome. The actions of blasting could cause both these effects. The
analysis of the water height distributions enables to disclose some latent perturbations in the water-ice system
caused by natural causes or blasting.
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