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Introduction

During the last decade a lot of academic papers consider the possibility of predicting the
economic fluctuations and macroeconomic variables volatility with the use of news data (Larsen &
Thorsrud, 2019), (Kalamara, Turrell, Redl, Kapetanios, & Kapadia, 2020), (Audrino, Sigrist, &
Ballinari, 2020), (Algaba, Ardia, Bluteau, Borms, & Boudt, 2020). The reason for this is the
development of new machine learning techniques and enhancement of the existed methods. In
addition, the recent technological progress in computing power of computers makes it possible to
process the large datasets and work with Big Data. All mentioned above give us an opportunity to

analyze news corpuses and implement the results in the framework of economic empirical studies.

A lot of people in each country all around the world deals with many sources of information
during the day: newspapers, web-sites, radio, academic papers, TV programs etc. Such an information
can be highly valuable for economic decision making. Economic agents form theirs’ expectations
taking into account signals, that they received from the news (Beaudry & Portier, 2014). In (Larsen
& Thorsrud, 2019) the authors propose that some signals are noise, but some can bring fundamental
information about the future events. The news, which signal fundamental information, can be called
as “true” news. We propose that shifts in agents’ expectations in line with “true” news may cause
fluctuations in economic variables. This mechanism stands in line with Keynesian idea of “animal

spirit”, which tells us that expectations of investors and consumers may affect the economic situation.

All mentioned above means that news can reflect the changes in agents’ expectations before
the real (and sometimes nominal) economic variables will react on the specific event described in the
news. Thus, “true” news should bring some forecasting power. In this case, we can partly predict the
future fluctuations of economic variables with the help of news data, especially during the shocks and

crisis, when the standard model and relationships may be invalid.

In economic literature the concept of FIRE (Full Information Rational Expectations) is often
applied as one of the key assumptions of how economic agents form their expectations and response
to shocks. However, several studies show that FIRE may not hold (Coibion & Gorodnichenko, 2015),
(Bordalo, Gennaioli, Ma, & Shleifer, 2020). In this case, predicting model based on such FIRE
concept may lead to biased estimations and forecasts. Thus, in attempt to predict future fluctuations
researchers widely use machine learning techniques. To be more precise, they apply NLU (Natural
Language Understanding, subsection of NLP) algorithms and techniques. NLU allows machines
(computers) to understand the human language. In order to make it possible for the computer to
understand human language texts, analysis of the topics of texts should be conducted. The process of

learning, recognizing and extracting the topics is called topic modelling. The most applied techniques



of topic modeling are: LSA (Latent Semantic Analysis), PLSA (Probabilistic Latent Semantic
Analysis), LDA (Latent Dirichlet Allocation) and deep-learning LDA2VEC.

Several studies in the related framework have revealed that including news indexes, attention
variables and sentiment measures constructed with the help of the topic modeling techniques
mentioned above improve future forecasts and raise the predictive power. For example, (Audrino,
Sigrist, & Ballinari, 2020) showed that including sentiment and attention indexes in the analysis
improved predictive power of the forecasts for the future stock market volatility. (Goshima, Ishijima,
Shintani, & Yamamoto, 2019) have found that their news indicator increases the accuracy of
forecasting the inflation in Japan for long-term horizon (more than 3 months). (Shapiro, Sudhof, &
Wilson, 2020) have found out that positive sentiment shocks affect some macroeconomic variable
and allows to increase predictive power. Especially, we can point out the (Larsen & Thorsrud, 2019)
paper. The authors have created their own custom aggregated news index and have shown that a lot

of news topics have a predictive power for several macroeconomic variables.

Despite the fact that there are a lot of studies in the framework of macroeconomic forecasting
with the use of news data for different European countries, USA and Japan, only a few academic
papers consider Russian case. Firstly, we can point out the (Yakovleva, 2018) paper. The author tries
to verify, whether the forecasting power can be increased with the help of sentiment index
implemented into the machine learning models and factor analysis model. In addition, on XXI April
International Academic Conference on Economic and Social Development M. Mamedli and S.
Seleznev have presented their abstract of the paper “What can we learn from the news?” (Seleznev
& Mamedli, 2020). The authors aim to verify whether the forecast of some Russian macroeconomic
variables can be improved by using sentiment indexes, which will be constructed with the use of topic
modeling techniques. Recently, one more academic paper was published in the related field analyzing
Russian dataset. (Ulyankin, 2020) develops a bunch of news and sentiment indexes and verifies their
predictive power in the framework of ARIMA model. Nevertheless, we can point out, that the
specified topic (Macroeconomic Forecasting with the Use of News Data) is still insufficiently

considered and investigated in the context of Russia.

The scientific problem of our study is the investigation of whether predictive power of the
forecast of macroeconomic variables can be improved with the use of news data in the context of
Russia. We apply NLU algorithms and techniques for topic modeling. Especially, we implement LDA
(Latent Dirichlet Allocation) since this approach has shown its effectiveness in the published papers
related to the mentioned framework. Then the frequency news and sentiment news indexes are
constructed with the use of modeled topics. The end point of our research is the forecast analysis of

the set of macroeconomics variables [CPI (m), Business Confidence Index (BCI), Consumer
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Confidence Index (CCI), Export (EX), Import (IM), Net Export (NX)] supplemented by inclusion
of frequency and sentiment news indexes in order to evaluated the improvement in predictive power.
We build ARIMAX model as the baseline forecasting model.

Thus, we can highlight the main objectives of our study:
1. Collect the news data from one Russian news sources.

2. Process the collected news data: filter out the words from stop-word list, reduce words to

their lemmas (lemmatization) and some other filtering procedures.
3. Conduct the topic modelling applying several techniques (LDA, K-Means)
4. Build the frequency news indexes and sentiment news indexes.
5. Develop the forecast model and verify the improvement in predictive power.

The novelty of the study is the development of Russian specific approach to topic modelling,
building the indexes and implementing it in the forecasting model on Russian datasets. As soon as
macroeconomic aggregates are often revised in Russia the prediction in such conditions seems to be
a challenge. Thus news-based forecasting can allow to improve predictive power and increase

forecasting performance (Seleznev & Mamedli, 2020).

Results. We have shown that the inclusion of frequency news indexes and sentiment news
indexes, based on the LDA approach in the forecast models can improve the quality of the predictions

and increase the predictive power for some variables.

Practical use. The obtained results can be used in conducting monetary policy. Taking into
account the current information space and sentiments of the public can allow Central Banks to choose

the future policy and instruments correctly and more precisely.



Literature review

Studies in Finance

By 2021 a lot of studies in the framework of macroeconomic and financial forecasts with the
use of news data were published in the foreign literature. Several papers considering forecast in
finance make an attempt to investigate what is the predictive power of the sentiment and attention
variables constructed with the use of news-media platform and whether the forecasts for financial
market returns can be improved by news-based approach. Some studies suggest that increasing
investor’s attention forecasts higher stock prices in the short-run period and lower in the long-run
period (Da, Engelberg, & Gao, 2011), (Joseph, Wintoki, & Zhang, 2011). Other papers have revealed
that sentiment indexes constructed with the help of data collected from Twitter or some other social
media internet sources can be used to predict stock volatility (Bollen, Mao, & Zeng, 2011), (Alsing
& Bahceci, 2015), (Sun, Najand, & Shen, 2016). For example, (Alsing & Bahceci, 2015) use
comments and posts from Twitter in order to construct sentiment index and predict share price
fluctuations of Walmart, Netflix and Microsoft. The results suggest that the forecast accuracy achieve

80 percent level in attempt to predict Walmart stock price fluctuations.

In recent studies in the finance framework, it was shown that forecasts can be improved by
inclusion of variables which reflect news and sentiments, for example (Caporin & Poli, 2017).
Especially, we can point out the (Audrino, Sigrist, & Ballinari, 2020) paper. The authors extend the
basic heterogenous autoregressive model by inputting the sentiment and attention indexes as
additional predictors. In order to classify the sentiment of messages on Twitter the authors use Deep-
LSA technique. Thus, the authors by using a novel data set and predictive regression model have
shown that sentiment and attention measures increase the predictive power of the future stock market
volatility. Moreover, not only newspapers and other conventional source of information can be used
in the framework of the related analysis. (Antweiler & Frank, 2004) revealed that sentiment in
messages, which are posted regularly on “Yahoo! Finance” can also increase the predictive power of

stock market volatility.

Topic Modelling

Firstly, we should point out that the authors quite often implement an easy procedure of topic
modelling bypassing the complicated one (as LDA, PLSA, LDA2VEC, etc.). (Ulyankin, 2020)
analyzes and compares different economic activities indexes with respect to their predictive power.
However, in author’s research no topic modelling was conducted. The author considers all the news

related to such topics as “economics”, “business” and “politics” sorted by the web-sites categories.

7



(Ardia, Bluteau, & Boudt, 2019) use the corpus of several US newspapers available at LexisNexis,
supplemented by its Smart Indexing technology, that allows easily to sort and identify the topic of

the specific article.

(Tobback, Naudts, Daelemans, Junque de Fortuny, & Martens, 2018) in their paper consider
two methods (modality annotation and SVM) of text mining in order to create the EPU index
(Economic Policy Uncertainty index). The original one assumes, that the news is related to policy
uncertainty if it contains the specific keywords. SVM method (Support Vector Machine
classification) is an example of supervised machine learning text mining technique. The authors
manually labeled 500 articles that contained the word “economy” by the number “1” (if the specific
article was related to some policy uncertainty) and “-1”, otherwise. Then the model was trained on
this sample and the whole news dataset was labeled by appropriate index. The authors propose and
verify, that SVM method performs better than the original, and it allows to improve the predictive

power of the forecast.

One of the recent studies that investigate the relevance of incorporating news indexes into the
forecasting the macroeconomic variables is the paper written by (Larsen & Thorsrud, 2019). The
authors extracted 459 745 articles from Norwegian business newspaper and by using novel topic
modelling approach investigate whether the textual data can help in predicting future economic
fluctuations of the key macroeconomic variables. In order to proceed with the topic modeling, they
use the LDA approach, introduced by (Blei, Ng, & Jordan, 2003). The model was constructed with
the use of 7500 Gibbs simulations and 80 unique topics were formed. Considering 17 high probability
words in each topic it was revealed that at least one word intersects with another topic through all the

80 topics.

One another studies in the related framework conducted by a Russian researcher is (Yakovleva,
2018). The author uses the study of (Thorsrud, 2016) as a basis for her research. She seeks to
investigate whether the use of high-frequency indicator based on news can increase the predictive
power of forecasts for future economic activity. Around 60 000 news items from single Russian news
source from 2014 to 2018 were collected. In order to proceed with topic modelling the author
implemented probabilistic topic model — LDA (Latent Dirichlet Allocation) method. LDA method
allows to cope with the limitations and drawbacks of algebraic topic models, such as LSA (Latent
Semantic Analysis) and VSM (Vector Space Model). As the main hyperparameters the default set
was used. The final number of topics was chosen with the help of coherence value. Thus, the author

created 50 relevant topics by implementing LDA on the extracted news dataset.

At the current moment one more study in this framework is conducted by another Russian
researchers from Bank of Russia. M. Mamedli and S. Seleznev takes an attempt to implement
8



widespread practice in the foreign researches in the Russian framework. Theirs news data set consist
of over 260 000 of news articles of the Russian newspaper “Vedomosti”. They also use the vintage
values of the key macroeconomic variables including all the historical revision: GDP, IP,
construction, real wage growth, unemployment, real sales and investments. The authors use 3
modelling topic techniques: LDA, LSI (Latent Semantic Indexing) and DOC2VEC. For each topic

model the authors define the optimal number of topics by coherence analysis.

News Indexes

A lot of studies consider macroeconomic forecasting in the framework of news-based approach,
constructing its own news (frequency and sentiment) indexes. For instance, (Ardia, Bluteau, & Boudt,
2019) in their paper seeking to verify predictive power of the custom sentiment index based on news.
The aim is to investigate the value added by the sentiment index for forecasting the log-growth of the
US industrial production (k.o. economic growth of the US). The authors apply the methodology that
classify the tones of the articles related to the economic growth published in the major US newspapers
as “positive”, “negative” and “neutral”. They revealed that inclusion of the sentiment index based on
the text-analysis in the basic forecasting model with standard macroeconomic and financial variables
can increase predictive power at long-period horizon. See also (Algaba, Ardia, Bluteau, Borms, &
Boudt, 2020) for the extension and related work. Some other authors seeking to investigate whether
the forecasting of some aggregated indexes (CPI, PMI and etc.) can be enhanced by the inclusion of
news and sentiment indexes constructed with the use of machine learning techniques. For example,
(Nyman, Ormerod, Smith, & Tuckett, 2014) considering the news articles which contain two words
“anxiety” and “excitement” evaluate the frequency of occurrence of such words and calculate the
related measure. Then, this indicator which reflects average frequency of appearance was included in
the regression. As the result the predictive power for the forecast of Consumer Price Index in

Michigan was improved.

(Yakovleva, 2018) in her paper constructs the own sentiment index. In order to proceed with
tone labeling the author uses the supervised machine learning technique - SVM method (Support
Vector Machine). Around 3438 news articles are manually classified by the author as “1”, if tone of
the article is positive, and “-1” for negative tone. The training set contains 2600 news articles. On
that set the classifier is trained in order to “learn” how to label the articles by tones. On the test sample
the trained model correctly predicted the tone of the article in 64% cases. As the result of SVM
method the researcher gets probability distribution of tones. All the articles with probability less than
60% probability of getting specific tone were exclude from the news dataset. Finally, the tone is

multiplied by the probability for each of the article and the day average measure is calculated.



(Larsen & Thorsrud, 2019) in their paper apply another approach. In order to create the
sentiment news index, they count the number of positive and negative words in the news corpus. The
tone of the words was defined with the help of Harvard 1VV-4 Psychological Dictionary, which
contains the word list and relative tone. The authors include in their dictionary of descriptors 40
positive and 39 negative words. Then the positive and negative words were counted through one day
in each article and divided by the total number of words in the news articles during the day. Finally,

the sentiment index was calculated by subtracting the negative day ratio from the positive day ratio.

One of the fundamental papers related to the different methods of constructing indexes is
(Ulyankin, 2020). He analyzes several “manual”, search, news and sentiment indexes and compares
them with respect to their predictive power. Especially, we should point out the methodology of news

index constructing. The author calculates frequency index and sentiment index for the news corpus.

In order to create the frequency index, the method represented in (Crosn6os, 2011) is used.
Firstly, the list of crisis descriptors was formed. Then, the author counts the number of articles, that
contain each of the descriptor during the day. After that, the appropriate weight is assigned to each
number with the help of correlation coefficient. Finally, all the weighted numbers are summed up and

the index is constructed.

In order to tone the news articles and construct the sentiment index, the author implements the
Russian language tonal dictionary, created by the project (“Kapra cimosa”). All the words in this
dictionary are colored by the scalar value of the emotional-evaluative charge from the continuous
range [-1; 1]: “-1” means the maximal negative tone of the word, “1” means the maximal positive
tone of the word, and 0 means neutral tone or the absence of the specific word in the dictionary. The
author changes all the words in each article on the relative tone (continuous number) from the
dictionary “Kapra cinosa”. The tone of each article is calculated as the sum of all the tone numbers
divided by the number of words in the specific article. Then the data was aggregated to monthly basis.

For additional information and extension see (I"onomranoBa & Auapees, 2017).

Time-series Analysis and Forecasting

Along with the machine learning techniques, different techniques of time series analysis and
forecasting are widely used to investigate whether predictive power of the forecast of macroeconomic
variables can be improved with the use of news data or not. The starting point of the discussion is the
empirical evidence that news shocks account for a major part of fluctuations in GDP and may be a
nature of the business cycles (Beaudry & Portier, 2006). However, the nature and understanding of

news shocks used for the analysis and forecasting vary over the time.
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Pioneering studies assume stock prices to be a proper variable for capturing any changes in
agents’ expectations and use them to represent them (see for instance, (Beaudry & Portier, 2006),
(Barsky & Sims, 2011)). Both (Beaudry & Portier, 2006) and (Barsky & Sims, 2011) use a vector
autoregressive approach and identify news shocks with the innovation in stock prices orthogonalized
with respect to total factor productivity to investigate whether agents’ expectations matter for the
fluctuations in macroeconomic variables or not. In this case, news shocks should be interpreted as

expected changes in future total factor productivity observed in advance and reflected in stock prices.

(Beaudry & Portier, 2006) find that permanent changes in total factor productivity are
preceded by booms in stock markets, indicating the predictive power of the variable representing
agents’ expectations. Additionally, authors state that expected developments of the economy are more

likely to account for fluctuations in macroeconomic variables compared to the unexpected ones.

(Barsky & Sims, 2011) obtain that news shocks cause changes in consumption, output, hours
of work and investment, highlighting the usefulness of incorporating news shocks in the models for
better both explanatory and predictive power. However, authors point out the need of seeking deeper
structural explanations for the nature of news shocks. Further (Barsky, R. B.; Sims, E. R., 2012)
introduced consumer confidence index instead of stock prices to represent agents’ expectations and,
thus, to obtain news shocks. They find that the consumer confidence index has high predictive power

for macroeconomic variables such as consumption and output.

(Forni, Gambetti, Lippi, & Sala, 2017) also represents agents’ expectations with the stock
prices and use vector autoregressive approach to investigate whether agents’ expectations matter for
the fluctuations in macroeconomic variables or not. Authors find that bulk of disturbances in
dynamics of GDP, consumption, and investment are caused by agents’ expectations of oncoming
developments of the economy, pointing them out to be a major source of business cycle fluctuations.
However, they complement the critiques of the vector autoregressive approach proposed by
(Blanchard, L'Huillier, & Lorenzoni, 2013) and (Barsky & Sims, 2011), pointing out the failure of
these models to distinguish between news shocks and noise shocks.

Limitations of the use of several proxies for news shocks along with the occurrence of
machine learning techniques that allow to process large datasets rise the research interest to the direct
use of news (see for instance (Larsen & Thorsrud, 2019), (Kalamara, Turrell, Redl, Kapetanios, &
Kapadia, 2020), (Goshima, Ishijima, Shintani, & Yamamoto, 2019)) and internet search data (see for
instance, (McLaren & Shanbhogue, 2011), (Choi & Varian, 2012), (D’ Amuri & Marcucci, 2017))
aggregating them into indexes to investigate their explanatory and predictive power for

macroeconomic variables.

11



Mentioned papers (McLaren & Shanbhogue, 2011), (Choi & Varian, 2012), (D’Amuri &
Marcucci, 2017) introduce autoregressive models with exogenous variables for forecasting different
macroeconomic variables using data from Google Trend. (McLaren & Shanbhogue, 2011) and (Choi
& Varian, 2012) find that use of internet search data is beneficial for forecasting unemployment.
However, (Choi & Varian, 2012) claims that use of internet search data is helpful for forecasting
macroeconomic variables only for the nearest future. Additionally, (McLaren & Shanbhogue, 2011)
notice several limitations of the data from Google Trend, including lack of information on the actual
volume of searches and basing data on a subsample. (D’ Amuri & Marcucci, 2017) also point out the
enhancement of predictive power of the model for unemployment, when data from Google Trend is

added to the model, specifically in turning point of the economic developments.

Overall, using data from Google Trend solves the problem caused by use of several proxies
for news shocks, however, limits the horizon of accurate forecasting. Thus, the research interest
switches to the direct use of news aggregated into indexes for investigation their explanatory and
predictive power for macroeconomic variables. Similarly mentioned papers (see for instance (Larsen
& Thorsrud, 2019), (Kalamara, Turrell, Redl, Kapetanios, & Kapadia, 2020), (Goshima, Ishijima,
Shintani, & Yamamoto, 2019)) introduce autoregressive models with exogenous variables for

evaluating the effect of adding several news indexes into models for their predictive power.

(Larsen & Thorsrud, 2019) introduces autoregressive models with exogenous variables to
evaluate the predictive power of different news topics for several macroeconomic variables, such as
output, investments, consumptions, total factor productivity and asset prices. Authors conclude that
many news topics can increase the predictive power of the model. Then, topics with the highest
predictive power are used for news index construction and structural analysis is conducted, verifying
that news shocks account for fluctuations in macroeconomic variables. (Yakovleva, 2018) and
(Feuerriegel & Gordon, 2019) follow quite the same procedure, but seek to incorporate several topics
in one model simultaneously. Thereby, the problem of limited numbers of available observations for
the variables of interest and, thus, limited number of topics that might be included in the model is
highlighted.

(Goshima, Ishijima, Shintani, & Yamamoto, 2019) find that including news index in the
model for unemployment improves its predictive power, specifically for the long-term horizon.
(Kalamara, Turrell, Redl, Kapetanios, & Kapadia, 2020) point out the enhancement of predictive
power of the models for unemployment, output and inflation, when news index is added to the models,

specifically in recession periods.
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(Ulyankin, 2020) introduces an autoregressive integrated moving average model and finds
that news indexes based on data from the Internet have predictive power and granger causes the new

indexes based on surveys.

Machine Learning Forecasting Models

Machine learning techniques are also widely used to forecast macroeconomic variables. They
enable to include a large number of regressors into the model. It is especially useful for the forecasting
macroeconomic variables with use of news topics. For example, (Yakovleva, 2018) obtains 50 news
topics to be simultaneously included into the model as regressors to forecast PMI and along with
(Feuerriegel & Gordon, 2019) state the usefulness of machine learning techniques to deal with a
situation when number of news topics significantly exceeds the number of observations and common
linear regressions cannot be used. However, (Yakovleva, 2018) tests LASSO and Ridge regressions
and ends up with the only 24 news topics instead of 50 initially chosen due to the overfitting of the

models.

(Feuerriegel & Gordon, 2019) uses several regressions, such as LASSO, Ridge, ENET and
RF to forecast GDP, unemployment rate and inflation. Differently to (Yakovleva, 2018), authors add
time lags of the variable of interest to the model to forecast the variable of interest. (Kalamara, Turrell,
Redl, Kapetanios, & Kapadia, 2020) follows (Feuerriegel & Gordon, 2019) and tests LASSO, Ridge,
ENET and RF regressions to forecast GDP, unemployment rate, inflation, and consumption.
Differently to (Feuerriegel & Gordon, 2019) authors include only one time lag of the variable of

interest and a news topic to the model to forecast the variable of interest.

All aforementioned papers ( (Yakovleva, 2018), (Feuerriegel & Gordon, 2019), (Kalamara,
Turrell, Redl, Kapetanios, & Kapadia, 2020)) state that inclusion news topics into the model to

forecasting macroeconomic variables improves the accuracy of the forecast.
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Data

News Data Collection

The starting point of the study is scraping the news data. The quality and the source of news
data are crucial in receiving the final results in our research. We used web-parsing of news articles
only from the web-source in order to form the raw text database. Following the procedure reflected
in the (Yakovleva, 2018), (Larsen & Thorsrud, 2019), we managed to use single news source. We
should point out, that the consideration of only one news web-source might have several drawbacks.
Firstly, the specific chosen newspaper may be biased in the sense of covering news (political issues,
personal opinions of editors, etc.). Secondly, each newspaper has its own target audience. So that, the
analysis of single one newspaper led to capturing only one specific audience and missing the others.
Thirdly, some of the newspapers may not to publish the news about specific events (especially,
economic and political events) due to several reasons. In this case, the coverage of topics included in
the research may not to be comprehensive and extensive. However, there is a problem of scraping the
news from the web-sites related to the specific web architecture. We have concentrated on only one
single newspaper with the easiest web architecture of the code. The future extension of research in

the way of considering several news sources should be done.

As mentioned in (Yakovleva, 2018) the good news web-source should have three main key
features: (1) relativeness to the economic topics (news), long time-series availability, (3) easy and
convenient data parsing. Since we are interested in macroeconomic forecasting, we have chosen the
newspaper that concerns economic, finance and development issues and related topics —
“Kommepcautsn”. The web-site of this newspaper allows to get access to news of the long time

period. Also, the news from “Kommepcants” web-site can be easily extracted (parsed).

We extracted all articles, that were published in the period from the beginning of 2010 to the
end of 2020. The raw dataset can be found in Appendix Al. News Data. The link to the code for

parsing the news is also presented in the Appendix A2. Parsing code.

News Data Processing

The next step is data processing. In most of the cases we replicated methods and techniques,
that were implemented in related literature and studies (Yakovleva, 2018), (Larsen & Thorsrud,
2019), (Audrino, Sigrist, & Ballinari, 2020).

Firstly, we deleted all the null observations, which emerged during the code execution.
Secondly, we applied lemmatization technique. Lemmatization was conducted with the use of

“pymystem3” package (Yandex’s “Mystem” adapted for Python). There was an option to use
14



“pymorphy2” package for lemmatization, but “pymystem3” package is better in managing contextual
homonymy. In plenty of papers stemming is used as the procedure of data processing (Thorsrud,
2016), (Audrino, Sigrist, & Ballinari, 2020). Nevertheless, we prefer lemmatization to stemming as
soon as the last may convert a word to a form that doesn’t exist in Russian language (for example:
the word “umy” may be converted to “ux”). Thirdly, we filtered out punctuations, spaces and other

special symbols from our dataset.

Finally, the words from the stop-word list also should be removed. Stop-word list typically
consists of words, that are not meaningful and do not contain any information related to the topics
(Larsen & Thorsrud, 2019). For this aim we took stop-word list from “nlkt” package and add to that
list some extra simple meaningless words and several other words which were assigned to the
majority of the created by LDA procedure topics at first attempt: ["maw’, '22', '"“Bb”', "20cnooun',

200", ""cooomams", "3ane1ams’’, "maxoce'’, "noswuit", "uenosex’, "poccusa', "—', 'kakoii-

mo', 'npocmo’, "»ymo', 'secv', 'ceoit’, 'mous’, 'ouensv’, 'camwtir’, ' ', \n', 'v', pgh', 'muic’, 'y’
'spemsa’, 'komopoui', 'oonaxo’, 'the', 'snaoumup’, 's', 'cmanosumuca'l. These words did not
contribute to adequate and effective distinction between different topics. However, such words may
appear frequently in the text, so that taking the large weight in the specific article. Thus, the topic,
that was created in such a way may be biased. The processed news dataset can be found in Appendix
B1. Processed News Data. The link to the code for processing the news is also presented in the

Appendix B2. Processing Code.

We represent two random articles that have been filtered and processed:

Table #1
Examples of the original and processed articles

Original Article Processed Article
Poccwuiickue u 6puranckue akiuoneps THK- [“poccuiickmii”, “OpUTaHCKHNA”, “aKI[OHEp”,
BP noamucanu akimoHepHoe coramieHne “IOIIMICHIBATE, “aKIIMOHEPHBIN”,

2 2

3aBepIIaoIIee MPOIECC YPETYIUPOBAHHUS “cornmamienue”, “3aBepmarth’, “ripoiecc’”,
KOpPITOpaTUBHOTO KOH(IMKTa. B Omimkaiiime “yperynupoBanue”, “KOpIOpaTHBHBINA,
Hegienu OyieT 0OBSABICHO O HA3HAYCHHUH “KOHQIUKT”, “ONMU3KUI”, “Henmens”,
HOBOTO TTIaBbI KOMITannu. Kak roBoputcs B “00BABIATE”, “HasHaueHue”, “rimasa”,
coobmennu BP ot 9 stHBaps, mepecMOTpeHHOE “roBopuThCs”, “coobrienue”, “Bp”, “sHBapb”,
COTTIAIIICHHE HAIlEJICHO Ha yIydlleHne Oananca “mepecMaTpuBarh”’, “coriamieHue’”’,
WHTEPECOB MEKY BIaAeNblIaMi KOMIAHUH — “HarenMBaTh”, “ynydiieHue”, “OanaHc”,
BP u xorcopmmymom AAR. CornacHo “uHTepec”, “Bmanenen’, “kommanus’”’, “Bp”,
M3MEHEHHOMY JIOTOBOPY, BMECTO PaBHOTO “koHCOpUMyM”, “@ar”, “coriacHo”,
MIPEACTaBUTEILCTBA CTOPOH B COBETE “U3MEHsITh”, “IOTOBOP”, “BMECTO”, “paBHBINA ",
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JUPEKTOPOB KOMITAHUH OYyZET Ha3HA4aThCs 110
yeTslpe npeacrasutens or BP u ARR mroc
TPU HE3aBUCUMBIX JUPEKTOPA.
IIpenycMaTrpuBaercs, 4To psijl BOIIPOCOB,
BKJIIOYasi 0100peHNe KPYITHBIX CHIEIIOK U
H3MeHeHNe (PUHAHCOBOW CTPYKTYpPHI TPYIIIIBL,
OyayT TpeOOBaTh SMHOTIIACHON TOIEPIKKA
coBeToM. BP OyneT mo-npeskHeMy BBIIBUTATh
KaHAUIATYpy Ha IOCT TJIABHOTO
yrpasisitoniero kommnaanu, a AAR HazHauaTh

npeacenaTesis COBeTa.

EEINT3 LRI

“IpencTaBUTENBCTBO”, “CTOpOHA”, “COBET”,

EEINT3 LRI

“aupexTop”, “komMnaHus’, “Ha3HavyaThCs”,

LRI

“geTpIpe”, “mpeacTaBuTenn”, “bp”, “arr”,

EEINTS 99 6

“rutroc”, “He3aBUCUMBIN”, “IUpeKTOp”,

LRI LRI

“mpemycmaTtpuBatbes’, “psan’, “Bormpoc”,

G

“BKITFOYAst

LR INT

, “‘om00peHue”, “KpyIHbIi”,

LRI LRI

“cnenka”, “n3MeHeHue”, “OUHAHCOBBIN”,

G 29 ¢,

rpymma”, “TpeboBatb”,

“cTpyKTypa”,
99 6 29 ¢

“eMHOTIAaCcHBIN ’, “TIo/yIepkKa”’, “coBeT”,

9 LRI G

“Bp”, “BhIIBUTATH , “KaHAMIATYypa”, “miocT”,

CX N3 X TIN13

“rmaBHBIN’, “yHNpaBIISIONIHN”, “KOMITaHUST,

LR I3 ¢

“aar”, “ma3Hadartp”’, “mpencenarens’, “‘coBer”’

Poccuiickoe MpaBUTEILCTBO YTBEPANIIO
MpaBKiia MAPKUPOBKHU (eiepabHbIMU
clieluaJIbHBIMUA MapKaMy BCEH aJIKOTOJIbHOM
MPOJIyKIIUY B CTPAaHE, B TOM YUCJIC BBO3UMOU
n3-3a pyoexa. Jlo 3Toro cnenuaibHBIMU
MapKaMH MoMevasnach MpoIyKIus,
MIPOM3BE/ICHHAS BHYTPH CTPaHBL, 2 BBE3CHHAS
— akum3amu. Llena cnenmapok cocraBut 1,89
ThIC. py0. 3a 1 ThIC. IITYK O€3 yueTa Hajora Ha
JI00aBJIICHHYIO CTOMMOCTb. BbIiady ¥ KOHTPOJIb
3a UCTIOJIb30BAaHUEM TaKHX MAapOK OyneT
OCYHIECTBIIATh PocanmkoronsperyanpoBaHue.
IIpu coBeplIeHUN TaMO>KEHHBIX IPOLEAYD
KOHTPOJINPOBATH MaPKUPOBKY OyIyT
TaMOKE€HHbIE OpraHbl. [Ipu 3TOM TaMOXKHS
CMOXeT BeIgaBaTh 10 1 ampens 2021 roga
aKIM3HBIC MapKU Ha UMITOPTHBINA aJIKOTOJIb,
€CIIM 3asBJICHHE Ha 3TO OBLIO IMogaHo 10 1
staBapst 2021 roxa. BBo3uTth ankorouns ¢
aKIM3HBIMA MapKaMH MOHO Oyzet 10 1

staBapst 2022 roxa.

[ X LI

‘poccHiickuii”, “IpaBUTENHCTBO”,

EE T3 LR N3

“yTBEpAUTH”, “NIPaBUIIO”, “MapKUpPOBKa”,

X LT3 99 GG

“(henepanbHbIA”, “crieIIHATbHBINA ", “MapKa”,

XT3 99 <C

“aNKOroNbHBIN ", “npoayKuus’”, “cTpaHa”,

99 ¢ LRI

“qucno”, “BBO3UTH”, “pydex”,

9y CC 9

CHGHH&HLHBII/I Mapka -, l'[OMe'-IaTLCSI”,

29 ¢ 29 ¢

“npogykuus’, “IIpou3BOIUTL”, “BHYTpU”,
99 <6 9% < 99 ¢

“cTpaHa”, “BBO3UTH, “aKkuu3”, “meHa”,

29 ¢ ¢

“crerMapka”, “cocTaBIATh”, “py0”, “mTyKa”,

LRI CENT3

“yuet”, “Hajor”,

LRI

00aBISTE”, “KOHTPOJIBL”,

EEINTS LRI

“HCIOIb30BaHUC Mapka -,

LIS

“pocalIKoroNbperyIupoBaHue”,

CX N3

“TaMOXEHHBIN”, “npouenypa”,

LRI

“KOHTPOIMPOBATh”, “MapKUpOBKa”,

CX LINT3 LR INT3

“TaMOXXEHHBIN’, “TaMOXHSA, “CMOYL”,

9 6 CX N3

BBI,Z[aBaTI) arpeb -,

CRLIN13 RN

“UMITOPTHBIIN, “alKorois”, “3asiBICHHE”,

LIS LRI LR INT

HOIIaBaTL AHBapb’, BBO3UTH

CX T3 LR N3

“aKIM3HBIA”, “Mapka’, “sSHBapH ]

OCYUIECTBJIATD

coBeplleHne”,

aKIM3HBIA, “Mapka”,

, “arKoron”,

Source: author’s calculations
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Numerical Data Description and Collection

Several macroeconomic variables are chosen to verify whether the inclusion of news and
sentiment indexes in the forecasting models for the Russian economy improves the predictive power.
Data on these variables was collected from different sources, primarily from OECD Database and
IMF database (for more details, see Appendix C2. Numerical Data Description Table) and covers
the period from the beginning of 2010 to the end of 2020. The raw numerical dataset can be found

in Appendix C1. Numerical (Macro) Data.

The first group of macroeconomic variables used to attain aforementioned aims of the
research consists of BCI and CCI. (Yakovleva, 2018) and (Larsen & Thorsrud, 2019) highlight the
importance of forecasting indexes reflecting the expectations of decision-makers for macroeconomic
policy conduction. (Yakovleva, 2018) finds that such index as PMI is highly correlated with GDP
and can be used as an accurate measure of business cycle dynamics instead of GDP that is commonly
collected quarterly or yearly and published with the lag, limiting the range of models that can be used
for the forecast and structural analysis. (Ulyankin, 2020) points out that indexes reflecting the

expectations of decision-makers itself has high predictive power.

The next macroeconomic variable is inflation following (Kalamara, Turrell, Redl, Kapetanios,
& Kapadia, 2020) and (Goshima, Ishijima, Shintani, & Yamamoto, 2019). The dynamic of inflation
is highly affected by agents’ expectations. Therefore, adding news and sentiment indexes in the

models for forecasting inflation in Russia is expected to cause the enhancement of the forecast quality.

Finally, we also consider such macroeconomic variables as Export (EX), Import (IM) and
Net Export (NX) due to availability of such data on monthly basis. It also allows to us to verify
whether the inclusion of domestic new indexes can improve the predictions of macroeconomic

variables that are highly connected with foreign sector and other countries.
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Methodology
Topic Modelling

After filtering and processing the data topic modeling procedure should be conducted. As we
mentioned in the Introductory part of our work, in order to understand texts, analysis of the topics
of texts should be conducted. The process of learning, recognizing and extracting the topics is called
topic modelling. The most applied techniques of topic modeling are: LSA (Latent Semantic
Analysis), PLSA (Probabilistic Latent Semantic Analysis), LDA (Latent Dirichlet Allocation) and
deep-learning LDA2VEC.

Our method of topic modeling was LDA approach (as in (Yakovleva, 2018), (Larsen &
Thorsrud, 2019), (Seleznev & Mamedli, 2020)). LDA allows to extract interpretable topics from the
original news dataset. Each of the topic is represented by a set of words that is highly associated with

that topic. We suggest that LDA approach allows us to get more robust results.

Informally, LDA considers the co-appearance of separated terms in texts, so that terms which
likely to appear together would be placed in the same set of words (topic). It is important to mention
two aspects: firstly, LDA does not label topics by itself — names for sets are developed by authors.
Secondly, it may happen that one particular word is distributed to several topics if it is related with
different themes (for example, “cyaps” may appear either in “sport” or “law” topic). But, as we
mentioned before, if certain word is presented in all topics, we may consider it as a preposition or

conjunction, which should be filtered out.

Formally, hierarchical Bayesian model of LDA may be illustrated with joint probability
distribution function (Blei, Ng, & Jordan, 2003):

N
p(0,7wla,B) = p(8la) | | p(2010)p(wnlzn, )
n=1

e O —atopic mixture Hyperparameters
e z—asetof topics e «a —density of document-term
e w —aset of words e [ —density of words

Implementation of the LDA method has some restrictions. For example, LDA can perform
worse than comparable techniques if the corpus consists of short articles (Davison, 2010). In our case
the average length of one particular article is approximately 166 words. So that, the LDA technique

seems to be appropriate in our research.
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News Indexes

After the topic modelling procedure, the news indexes are calculated. We are going to create

two indexes: frequency news index and sentiment news index.

In order to build the Frequency News Index, we combine the approaches used in (Nyman,
Ormerod, Smith, & Tuckett, 2014), (Larsen & Thorsrud, 2019) and (Ulyankin, 2020). In the first
paper (Nyman, Ormerod, Smith, & Tuckett, 2014) the authors considering the news articles which
contain two words “anxiety” and “excitement” evaluate the frequency of occurrence of such words
and calculate the related measure. Construction the frequency news index based on two descriptors
may be biased and doesn’t capture all the picture. So that, we are going to use the extended lists of
descriptors in our analysis. We form three lists of descriptors: “basic”, “optimal” and “full”. Each list
has a different number of words included and different sense. In the “basic” list we include the
minimal number of words (40 words), that catches the economic situations, dynamics and
fluctuations. The “optimal” list contains of 148 words and reflects the economic topics fully. The

“full” list includes 227 words that are related to economics, law, politics, culture and art.

In the second paper (Larsen & Thorsrud, 2019) the authors split all the descriptors into two list:
“positive” and “negative” words. We replicate the same procedure in our analysis. All three lists
with “positive” and “negative” words division can be found in Appendix D1. The list of Descriptors

for Frequency News Index.

In order to calculate the frequency news index, we extend the methodology, represented in
(Larsen & Thorsrud, 2019) and (Ulyankin, 2020). Firstly, we count the number of times positive and
negative words from the descriptors list appears in each of the article for all the timeline. As the result
we get two metrics: positive and negative word frequency for each article. Then we sum up these two
numbers for each of the article from the same topic (which was formed with the help of topic
modelling procedure) during the day separately, and divide it by the total number of words in these
corresponding articles. Thus, we obtain the positive and negative ratio for each of the topic during
the day. Finally, we subtract the negative ratio from the positive ratio and get the daily frequency
news index. In order to get the monthly and quarterly index we sum up all the daily indexes and

divide by the appropriate (~30 or ~90) number of days.

In order to build the Sentiment News Index, we partially replicate the approach used in
(Ulyankin, 2020). As in the mentioned paper, we use the tonal dictionary of Russian language “Kapta
cioB” in order to tone each word in each article. Words in this dictionary are colored by the scalar
value of the emotional-evaluative charge from the continuous range [-1; 1]: “-1” means the maximal
negative tone of the word, “1” means the maximal positive tone of the word, and 0 means neutral

tone or the absence of the specific word in the dictionary. Firstly, we change all the words in each
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article in our corpus by the appropriate emotional-evaluative value from the dictionary “Kapra cioB”.
Then we sum all the assigned numbers up and divide it by the number of words in the article. So that
we get the emotional value of the article. After that, the emotional value of each article during the
day related to the specific topic are summed up and divided by the number of articles in that day.
Following such a procedure we are getting the daily topic specific sentiment index. In order to get
the monthly and quarterly index we sum up all the daily indexes and divide it by the appropriate (~30

or ~90) number of days.

Time-series and Machine Learning models

We introduce autoregressive integrated moving average model ARIMA(p,d,q) and
autoregressive integrated moving average model with the exogenous variable ARIMAX (p,d, q) to
forecast several variables of interest including and excluding news index. In our research we consider
several machine learning models: Linear, Ridge, Lasso, Elastic Net, Random Forest, XGBOOST.

The procedure of the analysis is the following:

1. Data sample is split into training and test samples. The test sample includes 48% of

observations.

2. Target variables and news indexes contain seasonal variation, some of them also have trend.

The first difference is used to gain stationarity.

3. Using the training sample, the following autoregressive model is estimated for the target

variable:

X'y = 2?:1 ¢ X' + &, (1)

!

where X', is the first difference of the target variable in period t, ¢4, Py, ..., P, are
coefficients for the lags of the target variable, &, is error term in period ¢, p is a maximum

number of lags of the target variable. Several values of p are used: 1, 3 and 6.

4. Using the training sample, the following autoregressive model with exogenous variables

(news indexes) is estimated for the target variable:

X'y = 2&1 &X' + 2?:1 (pj,tw’j,t + &, 2

!

where X', is the first difference of the target variable in period t, ¢4, @y, ..., P, are
coefficients for the lags of the target variable, &, is error term in period ¢, p is a maximum
number of lags of the target variable, ¢4, @, ..., @,, are coefficient for the lags of exogenous

variables, 'y, w5, ..., w',,; w, are lags of exogenous variables, n is a number of news
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indexes. Several values of p are used: 1, 3 and 6. The current values of news indexes are used
as exogenous variables to understand, whether they are able to explain the current state. This

approach is nowcasting.

The lagged values of news indexes are used as exogenous variables to understand, whether
they are able to predict the future state. This approach is forecasting, and the estimating

autoregressive model is the following:
X' = Z?:l ¢iX'e; + Z}lzl ‘Pj'tw’j,t—l + &, ©)

where X', is the first difference of the target variable in period t, ¢4, ¢, ..., ¢, are

coefficients for the time lags of the target variable, &, is error term in period ¢, p is a maximum
number of time lags of the target variable, ¢4, @2, ..., @, are coefficient for exogenous
variables, o'y ,w',, ..., w",; w, are exogenous variables, n is a number of news indexes.

Several values of p are used: 1, 3 and 6.

Besides, machine learning methods (lasso, ridge, random forest, XG boost, elastic net) are
used to estimate the autoregressive models represented by the equation 2 and equation 3.

The hyperparameters are chosen to minimize RMSE.

5. Then forecasts/nowcasts and forecast/nowcast errors are calculated using the test sample and

fixed coefficients and parameters based on the results for the training sample.

Besides, retraining is introduced, then after each forecast/nowcast this observation is added to
the training sample, deleted from the test sample and the model (and hyper parameters for

machine learning methods) is estimated again until test set is empty.

Two metrics such as RMSE and MAE are used to evaluate the accuracy of forecast/nowcast
and to investigate, whether incorporating news topics into the model improves the accuracy of

forecasting / nowcasting. In our research we are interested in the following comparison and questions:

(1) ML - Retraining matter. Whether the retraining procedure in the forecast/nowcast

machine learning models improve the errors of predictions?

We subtract from the appropriate metrics of the specific model with-out retraining the
same metrics but for the model with retraining. If the difference is positive — it means
that the errors were improved by the retraining procedure in case of the machine learning

models.

(2) TS with retraining - News Indexes matter. Whether news indexes in the

forecast/nowcast time series models with retraining improves the errors of predictions?
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We subtract from the appropriate metrics of the specific model with retraining and
without news indexes the same metrics but for the model with news indexes. If the
difference is positive — it means that the errors were improved with the help of news

indexes in case of time-series models with retraining.

(3) TS with-out retraining - News Indexes matter. Whether news indexes in the
forecast/nowcast time series models with-out retraining improves the errors of

predictions?

We subtract from the appropriate metrics of the specific model with-out retraining and
without news indexes the same metrics but for the model with news indexes. If the
difference is positive — it means that the errors were improved with the help of news

indexes in case of time-series models with-out retraining.

(4) TS - Retraining matter. Whether the retraining procedure in the forecast/nowcast time-

series models improve the errors of predictions?

We subtract from the appropriate metrics of the specific model with-out retraining the
same metrics but for the model with retraining. If the difference is positive — it means

that the errors were improved by the retraining procedure in case of the time-series models.

(5) ML versus TS —with news indexes with-out retraining case. Whether machine learning
models with news indexes and with-out retraining are better than time-series models with

news indexes and with-out retraining?

We subtract from the appropriate metrics of the ML model with-out retraining the same
metrics but for the TS model with-out retraining. If the difference is positive — it means
that the errors were improved with the help of machine learning procedure (with news

indexes and with-out retraining).

(6) ML versus TS — with news indexes with retraining case. Whether machine learning
models with news indexes and with retraining are better than time-series models with news

indexes and with retraining?

We subtract from the appropriate metrics of the ML model with retraining the same
metrics but for the TS model with retraining. If the difference is positive — it means that
the errors were improved with the help of machine learning procedure (with news indexes

and with retraining).
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Estimations (results)
Topic Modelling

In practice, to process topic modeling via LDA we need a corpus of text, a dictionary of

lemmas and desirable number of topics.
1. The corpus of text was already formed during the data processing procedure;

2. To create dictionary, we selected all lemmas which were presented in more than 5% of
articles but less than in 50% of articles. So that, we excluded the rarest and the most

frequent words. Our aim was to include 100,000 words in dictionary of lemmas;

3. To choose the optimal number of topics we implement the coherence value. Topic may be
defined as coherent if most relevant terms for the topic frequently co-appear in corpus
articles and this co-appearance is not accidental. As we can see below, 38 topics model

showed the highest coherence value: around 0,53.

Number of Topics

Figure 1. Coherence metrics for LDA models with 2-48 topics

Source: author’s calculations
4. As the value for hyperparameters a and 8 we use the default values for Gensim.

As a result, we got 38 topics. The link to the code for topic modelling procedure is presented
in the Appendix E2. Topic Modelling Procedure Code. News dataset with assigned topics can be

found in Appendix E1. Topic Modelling Dataset

According to (Lau, Newman, Karimi, & Baldwin, 2010) ten words with the highest weights
contain around 30% of all information about the specific topic. Thus, we list such ten words related

with each topic in the Appendix E3. LDA Topic Modeling Table. We also labeled topics in more
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“human” way where it was possible. As we can see from the table, the topics can be quite easily

identified and labeled by the human language name in most of the cases.

Table #2

Examples of Topics Related to “Economics”, “Finance”, “Banks” (LDA approach)

Computer
Language | Human Language
e L .g Key Words (top 10 words)
name of name of the topic
the topic
0.013*"peraOK" + 0.011*"Iena"" + 0.011*"poct” + 0.009*"HEDTH" +
Topic #1 “Hedrn” 0.007*"poccuiickuit" + 0.007*"crpana" + 0.006*"py6s" + 0.006*"crua"
+ 0.006*"yposenp" + 0.005*"sxoHOMUKA"
0.017*"komnanus" + 0.010*"peiHoK" + 0.006*"poua" + 0.005*"py6" +
Topic #7 “@DOoH0BBII PHIHOK” 0.005*"meHa" + 0.004*"mmu" + 0.004*"cTaBka" + 0.004*"6ank" +
0.004*"poccuiickuit” + 0.003*" mupexrop"
0.034*"6ank" + 0.016*"Mapa" + 0.009*"kpeaut" + 0.008*"py6" +
Topic #9 “IenTpanbueiii Bauk” | 0.007*"n6" + 0.006*"cTaBka" + 0.006*"mmn" + 0.006*"KpeauTHBIH" +
0.006*"perHOK" + 0.005*"cocTaBmaTs"
0.014*"cmma" + 0.009*"mpesunent" + 0.008*"cTpana" +
Topic #11 “CHIA-Poccus” 0.007*"poccuiickuit”" + 0.005*"amepukanckuii” + 0.005*"oTHOmEeHNE" +
0.005*"cropona" + 0.005*"rpamn" + 0.004*"muzn" + 0.004*"Bacts"
0.009*"camomner" + 0.004*"nepeoiit" + 0.004*"cka3zarp" +
Topic #20 “TpaHcnopTHPOBKA 0.004*"maxomursca” + 0.003*"6opt" + 0.003*"sxmmax" +
rpy3oB” 0.003*"mpoucxoaute" + 0.003*"ropoputs" + 0.003*"kopabnp" +
0.003*"cmra"
0.010*"uena" + 0.010*"kBaptupa" + 0.009*"nom" + 0.008*"xunbe" +
Topic #21 “HeaBmxumocTs” 0.007*"crpoutenseto” + 0.007*"HemBrkIMOCTE" + 0.007*"pBIHOK" +
0.007*"komnanusa" + 0.006*"dj" + 0.006*"kB"
0.014*"mpe3unnent” + 0.008*"Bo100ps1" + 0.008*"rnaBa" +
Topic #22 “Poccusi-Ykpanna” 0.007*"maprus" + 0.006*"ykpanna" + 0.005*"Bonpoc" + 0.005*"cTpana"”
+ 0.004*"pemenue" + 0.004*" nenmyratr" + 0.004*"npuanmars"
_ “MeIyHapoanbiii 0.008*"mepBerit" + 0.007*"Mup" + 0.007*"typaup" + 0.006*"MecTo" +
Topic #29 ” 0.006*"poccuiickuit” + 0.006*"Bropoi" + 0.005*"onummuiickui" +
cnopr
P 0.005*"gemmmonat" + 0.005*"c6opras” + 0.005*"BemHTpEIBATH"
0.012*"3aBog" + 0.009*"mpeampusarue" + 0.008*"mpousBoacTro" +
Topic #34 “ITponsBoACTBO 1 0.006*"mu" + 0.005*"pbrrok" + 0.005*"kommanus" +
IMpexnpusitus” 0.005*"mponyxuus" + 0.004*"o6nacte" + 0.004*"mupa" +
0.004*"mpoext"
0.017*"ra3" + 0.012*"razmpom" + 0.009*"ykpanna" + 0.007*"mocraBka"
Topic #35 “Yxpauna-I'az” + 0.007*"poccuiickuii" + 0.007*"ec" + 0.006*"cTpana" +

0.006*"kommanus" + 0.005*"mapa" + 0.005*"cornanrenue”

Source: author’s calculations
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In Table#2 we represent 10 topics that seems to be most valuable and meaningful in terms of
nowcasting/forecasting power. These 10 topics will be used in order to construct 10 news indexes.
Each index will illustrate one of these 10 topics. Thus, we get 10 news index variables in order to

verify forecasting/nowcasting errors.

We also create and plot the Intertopic Distance Maps, that visualize the topics in a two-
dimensional space. The blue (red) circle space illustrates the number of words that is related to the
topic in framework of our news corpus. The bar chart at the right of the map lists the 30 most relevant

words related to the chosen topic and their frequency through the topic and news corpus.

Here in the text, we present one of the most explicit economic topics chosen through Intertopic
Distance Map — Topic #1 “He¢1s”. The names of topics in the Table #2 and the names of topics on
the Intertopic Distance Map are different due to the specific execution procedure of the code.
Nevertheless, it is still can be identified and interpreted. As we can see from the map, most of the
topics don’t “intersect” and don’t “overlay” each other. It means, that most of the topics contain

unique words and related to the specific theme of the news article.

In order to illustrate the modeled topics, we present topic as the Cloud of Words.
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Figure 3. Cloud of Words for Topic #37 (“Hegpms ")

Source: author’s calculations
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News Indexes

Following the procedure described in the Methodology we have created the Frequency News
Index and Sentiment News Index on monthly and quarterly basis for both topic classification (LDA
and K-Means Clustering). The link to the code for Frequency News Index calculating is presented in
the Appendix F2. Frequency News Index Calculation Code. The link to the code for Sentiment

News Index calculating is presented in the Appendix F5. Sentiment News Index Calculation Code.

Due to the fact, that in our analysis we consider long time period (16 years) we can’t represent
the table with all the calculated indexes (even on quarterly basis) here in the text. So that, we apply
the links to both datasets: see Appendix F1. Frequency News Index Dataset and Appendix F4.

Sentiment News Index Dataset, respectively.

Because of dealing with two topic specifications and considering index for each of the topic
separately the one single time-series graph seems to be unreadable and hard to understand. So that,
we plot several pallets of all the graphs for each of the index, for each of the topic separately on the
quarterly basis. See Appendix F3. Frequency News Index Graphs and Appendix F6. Sentiment

News Index Graphs, respectively.

Forecasting and nowcasting: comparison and results

Due to high dimensional tables with estimations, we are not going to present all the tables with
the results by each macroeconomics variable but provide the summary description. All the tables can

be provided on request.

(1) ML - Retraining matter. Whether the retraining procedure in the forecast/nowcast

machine learning models improve the errors of predictions?

The positive improvement in errors (lower errors) was obtained in case of all the macro
variables for all the model specification except linear model, elastic net and XGBOOST

for 1 lag.

The result means that retraining procedure matters for the Machine Learning

models and allows to get lower errors of forecasting/nowcasting.
(2) TS with retraining - News Indexes matter. Whether news indexes in the
forecast/nowcast time series models with retraining improves the errors of predictions?

The negative improvement in errors (higher errors) was obtained in case of all the macro

variables for all the model specification.
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The result means that the inclusion of news indexes in the retrained time-series model
increases the forecast/nowcast errors. So that, news indexes don’t allow to improve

forecast/nowcast.

(3) TS with-out retraining - News Indexes matter. Whether news indexes in the
forecast/nowcast time series models with-out retraining improves the errors of
predictions?

The negative improvement in errors (higher errors) was obtained in case of all the macro

variables for all the model specification.

The result means that the inclusion of news indexes in the non-retrained time-series
model increases the forecast/nowcast errors. So that, news indexes don’t allow to

improve forecast/nowcast.

(4) TS - Retraining matter. Whether the retraining procedure in the forecast/nowcast time-

series models improve the errors of predictions?

For BCI and CCI the retraining procedure brings higher errors than non-retraining models
for all the specifications with indexes. That means, that there is no need in retraining in
case of news index inclusion. Moreover, the same result is obtained for time-series models
with-out new indexes (3 and 6 lags models) except 1 lag model. So that the standard AR(1)

process performs better after retraining procedure.

For CPI, IM and NX the retraining procedure with news indexes brings lower errors that
non-retraining one in case of forecasting but not in nowcasting. However, for the sentiment

index the retraining procedure improves the nowcasting, too.

For EX the retraining procedure with news indexes brings lower errors that non-retraining

one in case of forecasting and nowcasting.

The result means that for most of the considered macroeconomic variables the

retraining procedure allows to improve the forecasting, but not the nowcasting.

(5) ML versus TS —with news indexes with-out retraining case. Whether machine learning
models with news indexes and with-out retraining are better than time-series models with

news indexes and with-out retraining?

Almost for all the cases at least one ML model with indexes outperform the time-series
model with indexes with the same number of lags. In most of the cases RIDGE and LASSO

models were the best one.
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(6) ML versus TS — with news indexes with retraining case. Whether machine learning
models with news indexes and with retraining are better than time-series models with news

indexes and with retraining?

Almost for all the cases ML model with indexes outperform the time-series model with
indexes with the same number of lags. The result is quite obvious due to the result from

(4) — retraining procedure increases the errors for time-series models.

Finally, we can compare all the models (96 models for each of the variable). See Appendix H

for more details.

(1) Considering BCI variable (Appendix H1), we can note that the best forecasting and
nowcasting model specification is simple AR(3) process, except the case with Sentiment
index. In the latter case Lasso model with 6 lags with sentiment index outperform all AR(3)
process.

(2) Considering CCI variable (Appendix H2), we can note that the best forecasting and
nowcasting model specification is Elastic Net with 6 lags with-out retraining procedure
for Frequency index of all the lists specification, but not for the Sentiment Index.

(3) Considering CPI variable (Appendix H3), we can note that the best forecasting and
nowcasting model specification is simple AR(1) process.

(4) Considering EX variable (Appendix H4), we can note that the best forecasting and
nowcasting models for any news index are several specifications of machine learning
models (Lasso, XGBOOST, Random Forest) and no AR process at the top 10 models in
the list.

(5) Considering IM variable (Appendix H5), we can note that the best forecasting and
nowcasting models for any news index (except Optimal Frequency Index) are several
specifications of machine learning models (Lasso, XGBOOST, Random Forest, Elastic
Net) and no AR process at the top 10 models in the list (except ARXF(1) for the Frequency
Index Optimal)

(6) Considering NX variable (Appendix H6), we can note that the best forecasting and
nowcasting models for any news index (except Sentiment Index) are several specifications
of machine learning models (Lasso, XGBOOST, Random Forest, Elastic Net) and no AR
process at the top 10 models in the list (except ARXN(3) and ARXN(1) for the Sentiment

Index)

Thus, we can state that for some of the chosen macroeconomic variables (CCl, EX, IM, NX)

machine learning models with news indexes sufficiently improves the forecasting/nowcasting power.
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Further Work

In our work we consider only the one Russian news source. Such an approach may lead to bias
results. So that, the further extension of the analysis may be the inclusion and consideration of several
news sources, such as “PBK”, “Benomoctu”, “Unrepdaxc”, etc. This allows to catch the different
style of writing the news, different political views and different audiences. It can be scientifically
valuable to analyze the model where several news resources are included with relative weights. Thus,

the effect of different news sources on forecast can be evaluated and verified.

Moreover, we have used only one basic topic modelling procedure: LDA. There exists one
more advanced method — LDA2VEC, which performs better in topic modelling procedure. So, the
implementation of such method and comparison with the LDA results can be the relevant extension

of the current paper.

In addition, in our paper we didn’t consider the structural relationship between the variables
and the structure of the economy. Thus, it can be quite important to replicate the (Larsen & Thorsrud,
2019) approach related to full-sample SVAR and out-of sample SVAR forecasting in the framework

of Russian news corpuses.

Finally, in our analysis we consider only a limited range of macroeconomic variables. So that
the further work can be done in the widening the range of chosen macroeconomic variables (for
example GDP, Investment, Consumption etc.). We also didn’t consider such a variable as Total Factor
Productivity (TFP) due to the non-trivial computation process and lack of relevant calculated data in
Russian datasets. Moreover, there is no monthly or quarterly data for TFP variable. So that, the only
yearly analysis is allowed. In this case the dataset of news should be quite large (around 40 years or

more), that seems quite impossible in case of Russia history.

30



Conclusion

In recent years the idea of predicting and explaining the economic fluctuations with the use of
news data has become more popular in research papers. In our research we have made an attempt to
investigate whether the predictive power of forecasts for macroeconomic variables can be improved
with the use of news data in Russia. The novelty of the study is the development Russian specific
approach to model the topics and implement it on Russia case. As soon as macroeconomic aggregates

are often revised in Russia the prediction in such conditions seems to be a challenge.

We have chosen the newspaper that concern economic, finance and development issues and
related topics — “Kommepcants” as the source of news articles. All the articles published in the period
of 2010-2020 were extracted. Then the appropriate data processing procedures were conducted. We
have replicated the method commonly used in the related articles: LDA (Yakovleva, 2018), (Larsen
& Thorsrud, 2019), (Seleznev & Mamedli, 2020) in order to proceed with topic modelling. As the
result 38 topics were obtained and most of them was labeled in human language, meaning the good
and nice readability and interpretability. Finally, only 10 meaningful topics were chosen for further

analysis.

Frequency and Sentiment Indexes were built for these 10 chosen topics and used for the
forecasting several macroeconomic variables. We have run 96 model specifications for each of the
macroeconomic variable. Our analysis revealed that for some of the chosen macroeconomic variables
(CCI, EX, IM, NX) machine learning models with news indexes sufficiently improves the
forecasting/nowcasting power relative to classical time-series models, even time-series with the same

news indexes.
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Appendix A
Appendix Al. News Data
Link to the raw news datasets for coding procedure:

https://drive.google.com/drive/folders/1IBvKUTpL4MuEK9HhecLiVgs2-Y C1RPxFw?usp=sharing

Link to the raw news dataset for viewing:

https://drive.google.com/drive/folders/1BvGctQ-Y XNs2TnEeqJOc4gLilysHgABw?usp=sharing

Appendix A2. Parsing Code
Link to the code for parsing (.ipynb):

https://drive.google.com/drive/folders/1BzIMX0ZwyRkdQ0axFwY u5fFbMVft9yNi?usp=sharing

Appendix B
Appendix B1. Processed News Data
Link to the processed news dataset for coding procedure:

https://drive.google.com/drive/folders/1OrGizDkowR2uZGr65AM35JeMpN WCo00?usp=sharing

Link to the processed news dataset for viewing:

https://drive.google.com/drive/folders/1cDyoZsn2Un0VVwxXgkW056CmQ4NgURGV?usp=sharin
g

Appendix B2. Processing Code
Link to the code for news data processing (.ipynb):

https://drive.google.com/drive/folders/1C2T-7s6ktBdjmD6Yn70MdAePUemj9aBL ?usp=sharing

Appendix C
Appendix C1. Numerical (Macro) Data
Link to the raw news datasets for viewing:

https://drive.google.com/drive/folders/LudSfEO1FBvwx0sqJ310QrWSxDe9RkWhog?usp=sharing
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https://drive.google.com/drive/folders/1BvKUTpL4MuEK9HhecLiVgs2-YC1RPxFw?usp=sharing
https://drive.google.com/drive/folders/1BvGctQ-YXNs2TnEeqJOc4qLiIysHqABw?usp=sharing
https://drive.google.com/drive/folders/1BzlMX0ZwyRkdQ0axFwYu5fFbMVft9yNi?usp=sharing
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Appendix C2. Numerical Data Description Table

Appendix table #1

Numerical Data Description

Variable | Frequency | Features Data Definition

source

CCl monthly points; seasonally | OECD This consumer confidence indicator provides an
adjusted by the | Database | indication of future developments of households’
original source consumption and saving, based upon answers regarding

their expected financial situation, their sentiment about
the general economic situation, unemployment and
capability of savings.

BClI monthly points; seasonally | OECD Business Confidence Index (BCI) is based on a monthly
adjusted by the | Database | opinion survey and covers opinion on developments in
original source production, orders, and stocks of finished goods in the

industry sector.

Inflation | monthly percent OECD Inflation is measured by Consumer Price Index,

Database | including inflation from energy sources.

Export monthly in real term; in | IMF
rubles; seasonally | Database
adjusted by the
original source

Import monthly in real term; in | IMF
rubles; seasonally | Database
adjusted by the
original source

Net monthly in real term; in | IMF

Export rubles; seasonally | Database
adjusted by the
original source

Source: IMF Database, OECD Database
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Appendix D

Appendix D1. The List of Descriptors for Frequency News Index

Appendix table #2

List of Descriptors for Frequency News Index [basic]

Positive

Negative

"ycToiunBbIi", "yCTOMYMBOCTD",
"cTabuapHbIi", "cTaOMIBHOCTS",
"yBepeHHOCTh", "yBEpEHHBIN ",
"OmaronpusTHeri", "yrydmenne", "poct",
"mogpeM", "moabEM", "TIOI0KUTEIIBHBIN",
"mporpecc", "pa3sutne", "MO3NTUBHBINA",

nmn

"criokoiicTBre", "BRIMTPHIBATS", "pacT",

"mogHUMaThsCA"

"ycToituuBbIi", "ycTOHUMBOCTD",

"cTaOmIBbHBIN", ""CTAOMIBHOCTS ",

"yBepeHHOCTh", "yBEpEHHBIN ",

"OmaronpusTHbI", "ymydmenne", "poct”,

"moaseM", "moabEM", "MOJIOKUTENBHBIN",

"mporpecc", "pa3Butue", "MO3UTHBHBIN",
nmn

"crokoicTBue", "BEIMTpHIBaTE", "pactu’,
"mogHuMaTeCa"

Source: author’s calculations

Appendix table #3

List of Descriptors for Frequency News Index [optimal]

Positive

Negative

"Oe3omacHocTh", "0e30macHbIN",
"OepexxTMBOCTB", ""OepeKITUBBII",

'

"OmaronpusTHbIi", "0oraTcTBo", "OOTaTHIR",
"BO300HOBJIATE'", "BOCTIOIHATS",
"BBI3IOPABINBATE", "BBI3IOPOBICHUE",
"moroBapuBathCcA”, " OrOBOPUTHCS ',
"moctynueiit", "3ammuTa", "KoMIeHcauus'",
"KoMIieHCUpoBaTh", "Kpenkwii", "IroTh",
"HanéxHocTh", "HameXKHBINH", "HaAEKHBIN",
"HeBUHOBHBIN", "00neryate", "oOneryenue",
"obnerunts", "oOHOBIEHHE", "OOHOBIATE",
"oxkugate", "o3nopoBieHue",
"onTUMUCTHYHBIN", "mogHUMaThC", "ToapeM",
"moxbpEM", "MTO3UTUBHEIN", "TOTOKUTCIBHEIN",
"momorate", "momomp", "nomnoaHeHHE",
"mopsimok", "mocobue", "mporpecc”,
"mporpeccuBHEI", "poaBUTATE",
"npoasuxenue", "mpounslii”, "pazsurue",

"pactu", "poct", "coxpanenue", "coxpaHaTh",

"criokoricTBHe", "CTaOMIBHOCTD",

"cTabuapHBIN", "cTpaxoBaHue", "cTpaxoBKa',

"0aHkpoT", "0aHKpOTCTBO", "OCTHOCTD",
"Oenubrii", "0e3aenexuLIii", "0e3neHexKbe",

"Oe3Hane)KHbBI"

, "0Oe3HanEKHbIN",
"0e3paboTHbIi", "OecOKONCTBO",
n nn =N
0eCcIIOMOIIHOCTE", "0eCIOMOIIHEII",

"Gecriopsiaku”, "BomHeHHE", "BOTHOBATHCA ",

"BropraTbcs’, "BTopaKeHHE", "BBIMOTATENbCTBO",

"BpIMOraTth'", "neBaabBanus’,
"nesurdopmanus”, " nesuHPopMUpoBaTh",
"ne3opranu3zanus’”, " 1e30praHu30BaTh",
"nenpeccuBHbIR", "genpeccus”, "nedpont",
"muco6ananc”, "ouo", "goiar", "momKHHK",
"kneBeta", "Koppynuus", "Kpusuc",
"Kpu3ucHbIN", "KpuMuHaN", "KpUMUHATIBHBINA",
"HeOe3omacHoCTh", "HeOe30MmacHbI",
"HeraTuBHbIN", "HENOCTYMHBIN",
"HEYyCTOMYHMBOCTR", "HEYCTOWUIUBHIA",
"00aHKpOTUTHCA", ""00ECIIOKOCHHOCTH",
"ob0ecmoxouts", "odecrmokouTsCs",
"orpannuenue"”, "omacHocTs", "omacHeIi",

"ocnabmenue", "oTpunaTenbHBIN", "oTCTaBKA",

37



"cTpouTenbeTBO", "cTpouTh", "yBEpEeHHOCTH ",
"yBepeHHsbIi", "ymyumenune"”, "yCTONYMBOCTS ",
"ycToiumBbIi", ""9HEPTHYHBINA"

"magate", "magenne", "maHuka",
"IIeCCUMHUCTHYCCKUN", "TIECCUMHUCTUYHBIN",
"moHmkenue", "morepu", "mpexpamienue",
"pa3pymarts", "pa3pymenue"”,

Al

"pa3pymurtenbbiid"”, "peneccus”, "cankuun",

"cnepkuBanue', "caepxuBate”, "ckangan",

Al

"ckaHTaNBHEIN", "cadbIit", ""cokparieHue",
"cman", "tpesora, "TpeBOXKHBIN",
"yBonbHeHue", "yrekars", "yTeuka',
"yrpauuBats”, "yxyamenue", "ymepo",
"thanscupukanua”, "paascupunuposats”,
"mrpader”

Source: author’s calculations

Appendix table #4

List of Descriptors for Frequency News Index [full]

Positive

Negative

“bamauc", "0e3omacHOCTE", "Oe30MacHbIH",
"OepexTMBOCTE", ""OepeKITUBEIA",
"OnarompusTHeIA", "GoraTcTBO", "GOTATHII",
"6omaputs", "GompocTs", "OonbIIoit", "BecenuTs ",
"Beceno", "Becenbe", "BIIOOIATHCA",
"BO30OHOBIISATE", "BOCIIONHATE", "BOCTOPKEHHBIH ",
"BBI3IOPABIMBATE ", "BRI3IOpOBICHHE",
"BBIMTPBIBATH", "BBICOKMIT", "Tepoii”,
"repondeckunii", "mobpo", "mobpora", "n00pEIit",
"moroBapuBatbca”, "noroBoputhes”, " IOCTYIHBIN",
"npyr", "npyxo6a", "3abota", "3a00TUTHCS",
"3ammTa", "KoMmmeHncanus'", "KOMIIEHCUPOBATh",
"kpacusbiil", "kpacoTa", "kpenkuit", "nprotTsr",
"mo0oBE", "Mup", "HanEKHOCTE", "HAICKHBIN",
"HanxubIi", "HEeBUHOBHBIN", "00meryaTs",
"obneruenue"”, "odmeruuts", "o0OHOBICHHUE",
"oOHOBIATE", "000peHue", "oxuAaTh",
"o3nopoBieHue", "ONTUMUCTAYHBIN", "TaMsITh",
"mobena", "mobexnaTs", "mogHUMAaThC ",
"mogereM", "mogbpEM", "MMO3UTUBHEIN",
"MmooKUTENLHBIN", "MToMoraTs", "momMors",
"mononHerne", "mopsnok", "mocodue", "mporpecc”,
"mporpeccuBHEI", "IpoaBUTaTE", "MpOABIKEHNKE",
"npounsiit”, "pazsutue", "pactu”, "poct”,
"cemeitabIi", "cembs", "cunpHBIN", "coxpaHeHue",
"coxpaHsaTh", "crokoicTBHe", ""cCTAOUIBHOCTS",

"arpeccuBHBIR", "arpeccus”, "0aHKpOT",
"6anKkpoTcTBO", "OeqHOCTR", "OeHbII ",

"Oe3naaéxkubIi", "O0e3HAKA3aHHOCTS",
"Oe3nakazanHbIi", "0e3padoTHBIN",
"OecIIoKoicTBO", "OECIIOMOIIHOCTE",

"B3naMbIBath", "B37OM", "B3pHIB", "BO30YXKIATH",
"BoitHa", "BonmHeHue", "BosiHOBaThCA", "BpaHbe",
"Bpath", "BTOprarscs”, "Bropxxenue",
"BEIMOTATENHCTBO", "BBRIMOTATH", "THOHYTH",
"rHeB", "neBanbBanus”, "nesuHdopmanus”,
"nesuHpopMupoBaTh", "Ne3opranuzanus’”,
"me3opranu3oBaTh', " MEMPECCUBHBIN",
"nenpeccus', "nedont", "nucdananc”, "aHO",
"monr", " moykHUK", ">xagHOCTE", "JKa HBIN",
"3arpszHenue", "3arps3HaTh", "3nuThes’, "3m0i",
"3p0cTh", "U30MBaTL", "M30KMTL", "KIeBeTa",
"koppynuus", "kpuzuc", "Kpu3ucHsI",
"kpuMuHan", "KpuMUHAaIbHBIN", "MaNeHbKH1",
"Hebe30macHoCTE", "HEOE30mMacHEIH",
"HeraTuBHbIN", "HETOCTYNHBIN", "HEHABUCTB",
"HEyCTOMUMBOCTE", "HEyCTONUMBRINA", "HU3KHIL",
"00aHKpOTUTHCS", ""00ECTIOKOCHHOCTR ",
"o6ecniokonTh", "obecmokonuThesa", "oropaarbes”

b

"oropuenue", "oropunts", "orpaHuueHue",

"6ecrromorHEIi", "Oecropsaku", "OpakoBaHHBIH'

"Oe3neHexHbI", "Oe3eHEeKbE", "OC3HAMCIKHBIN",

'
b
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nn nn nn Hnon

CT8,6I/IJ'II)HBII/I OITaCHbIN

nn

cTpaxoBaHue",

nn

cTpaxoBKa', "0macHOCTh , "oCKOpOUTH",

nn nn

"cTpouTenbeTBO", "cTpouTh", "yBEpEHHOCTD ", OCKOp6JIeHHe OCKOp6J'I${TI> ocnaOnenue",

Hnon Hnon n.n

"yBepennsit", "ymyumenne", "yCTORIHBOCTSE ", "oTpuIaTeNbHBIN", nmaaate",

snon

OTCTaBKa ,

nmn ll n

"ycTounBbIi", "SHEPrUYHBIN" "manenue", "maHuka neCCI/IMI/ICanGCKHﬁ",

"H n

"IeCCUMUCTHIHBIN

nn

" n

IUIOXOH

nn

MMOTHOHYTH",

"noaxenka", "moaaeabIBaTh",

nn

HOHI/I)KCHI/IC",

nn

"mopaxkenue", "morepu",

nn

npekpaiieHue"”,

nn

"mpectymuienue", "mporpemMeTs", "MpourprIBaTh",

nmn nn

"mpourpsi”, "paspymars", "paspymenue”,

=non

"pa3pymuTeIbHBIN",

nn

nn

penieccus”, "camoyOuiicTBo",

nn

CaHKI_II/II/I

nn

caepxuBanue", "clepKuBaTh',

nn

"ckanman", "ckanmaneHBIN", "cnalprii", "cMepTh",

nn nn nn

cnan”, "cyummn’",
", "youiicTBo",

nn nn

ymupats", "yTekats",

"cokpamenue", TpeBora",

"TpeBoxHBIN", "yOUBaTH",

nn

YBOJ'IBHGHI/IG YMEPCTh

nn nn

"yreuka", "yTpaunBaTh',

nn

yxynuienue",
yuiep6", "danbcudukanus”,
mrpadsr”

"yemisaTs",

nn

"tamscudurmponats",

Appendix E
Appendix E1. Topic Modeling Dataset
Link to the dataset for coding procedure:

https://drive.gooqgle.com/drive/folders/IORxPb9IMGkIS2MavyycFKC1CS4JY Kf4Ly?usp=sharing

Link to the dataset to view:

https://drive.google.com/drive/folders/1xehrjtuN8V6H2074zmH804KScVMg6hFJ?usp=sharing

Appendix E2. Topic Modeling Procedure Code
Link to the code for topic modelling (.ipynb):

https://drive.google.com/drive/folders/1C39JYHbVR8Pw3Yy8cUcQLKCeTdrvw0ag?usp=sharing
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https://drive.google.com/drive/folders/1xehrjtuN8V6H2o74zmH8O4KScVMg6hFJ?usp=sharing
https://drive.google.com/drive/folders/1C39JYHbVR8Pw3Yy8cUcQLKCeTdrvw0ag?usp=sharing

Appendix E3. LDA Topic Modeling Table

Appendix Table #5

Generated topics and related words (LDA approach)

Computer

Language

name of the
topic

Human Language name
of the topic

Key Words (top 10 words)

Topic #0

“ApouTpaxHoe

Cy0NIPOU3BOACTBO”

0.034*"cyn" + 0.027*"memo" + 0.022*"o6macTs" +
0.018*"apourpaxknsrii" + 0.018*"000" + 0.018*"pemenne" +
0.013*"otHomenune" + 0.013*"unn" + 0.011*"koHKypCcHBIH" +
0.010*"orpn"

Topic #1

“HE(I)TL”

0.013*"perHOK" + 0.011*"rena" + 0.011*"poct” + 0.009*"Hedrn" +
0.007*"poccuiickuii”" + 0.007*"crpana" + 0.006*"pyons" +
0.006*"cma" + 0.006*"yposens" + 0.005*"sxoHOMHKA"

Topic #2

“Ceru 1 TexHosiornn”

0.010*"kommanus" + 0.005*"cucrema" + 0.005*"prraoK" +
0.004*"cers" + 0.004*"mpoext" + 0.004*"padoraTs" +
0.004*"momp30Barens" + 0.004*"rexnonorus" + 0.003*"onepartop" +
0.003*"roBoputs"

Topic #3

“CynedHoe 1es10”

0.020*"cyx" + 0.011*"gemo" + 0.006*"mparo" + 0.005*"perrenne" +
0.005*"agBokatr" + 0.004*"uck" + 0.004*"cyneOHbIi" +
0.004*"cynpa" + 0.004*"yronosusiii" + 0.004*"napymienue"

Topic #4

“OopasoBanue”

0.008*"mau" + 0.006*"By3" + 0.004*"nepBerii” + 0.004*"Topru" +
0.004*"oopaszoBanue" + 0.003*"padora" + 0.003*"mkona" +
0.003*"kommanus" + 0.003*"mpomaxa" + 0.003*"py6"

Topic #5

“baHKM M KpeauTshl #1”

0.022*"6ank" + 0.006*"akmua" + 0.005*"coepbank" +
0.005*"kpeaut" + 0.005*"kommanus" + 0.004*"man" +
0.004*"coenka" + 0.003*"3aemmmk" + 0.003*"mupx" + 0.003*"akTus"

Topic #6

“denepanbHoe

peryJiMpoBanue”

0.007*"3axon" + 0.007*"py6" + 0.005*"mposepka" +
0.005*"penepanpupiit” + 0.005*"opran" + 0.004*"opranmzanus” +
0.004*"mapymenue" + 0.004*"neno" + 0.004*" noxkyment" +
0.004*"mpaBurenscTBO"

Topic #7

“@oHa0BbIN pHIHOK #1”

0.017*"komnanus" + 0.010*"peiHok" + 0.006*"poug" + 0.005*"pyo"
+ 0.005*"rena" + 0.004*"vut" + 0.004*"craska" + 0.004*"0aux" +
0.004*"poccwuitckuit” + 0.003*" mupexrop"

Topic #8

0.015*"py6" + 0.006*"nemo" + 0.005*"o6nacts" + 0.004*"kommanus"
+0.004*"coyc" + 0.004*"pemenne" + 0.003*"cyn" + 0.003*"000" +
0.003*"dpoun" + 0.003*"6ank"

Topic #9

“IlenTpanbubiii Bank”

0.034*"6ank" + 0.016*"vipa" + 0.009*"kpequtr" + 0.008*"py6" +
0.007*"u6" + 0.006*"craBka" + 0.006*"muH" + 0.006*"kpeaAuTHBII" +
0.006*"perHOK" + 0.005*"cocTaBmATs"

Topic #10

“doHAOBBII PLIHOK #2”

0.017*"kommanns" + 0.010*"mapg" + 0.007*"py6" + 0.007*"perHOK"
+ 0.005*"mau" + 0.005*"aBToMOOMIB" + 0.005*"0ank" +
0.004*"o6bem" + 0.004*"akuus" + 0.004*" nonr"
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Topic #11

“CIIA-Poccus”

0.014*"cma" + 0.009*"mpesunent” + 0.008*"crpana" +
0.007*"poccuitckuit” + 0.005*"amepukanckuit" + 0.005*"orHOMIEHNE"
+ 0.005*"cropona" + 0.005*"tpamn” + 0.004*"mun" + 0.004*"Bracts"

Topic #12

“Odopona u Apmus”

0.013*"oennsrii" + 0.005*"ctpana" + 0.005*"cuna" +
0.004*"poccwuiickuii" + 0.004*"apmus" + 0.004*"Boiicko" +
0.004*"mpesunent" + 0.004*"o6opona" + 0.004*"Bractp" +
0.004*"ropon"

Topic #13

0.007*"kommanus" + 0.006*"o6macte" + 0.005*"py6" + 0.005* "mun"
+ 0.005*"yronp" + 0.004*"000" + 0.004*"neno" + 0.004*"cyn" +
0.003*"rpymmma” + 0.003*"mepBorit"

Topic #14

“IIpoucuecTBust

MockBb1”

0.022*"ymmma" + 0.010*"wromrane" + 0.009*"mMockBa" +
0.008*"ropoxn" + 0.007*"moxap" + 0.006*"uenrp" + 0.006*"3nanue"
+ 0.005*"mMuruar" + 0.005*"Baacte" + 0.004*" mom"

Topic #15

“YroJioBHBIE

HapyueHnus”

0.014*"gemo" + 0.007*"yronoBusid" + 0.006*"coTpymaux" +
0.006*"cyn" + 0.006*"cnencteue" + 0.005*"3anepxxuBaTs" +
0.005*"cnencteennsiid” + 0.004*"mMBr" + 0.004*"HaxoauThes" +
0.004*"ct"

Topic #16

“ABuanepeBo3Ku”

0.011*"aspomopt" + 0.008*"peiic" + 0.007*"apmakommanus" +
0.006*"maccaxup" + 0.004*"tpancnopt” + 0.004*"camoner" +
0.004*"poccuitckuit” + 0.004*"komnanus" + 0.003*"omwrer" +

0.003*"mepeBo3unk"

Topic #17

“BbankoBcKoe 1eJ10”

0.007*"roBoputs" + 0.006*"Bompoc"” + 0.006*"ckazate" +
0.005*"6ank" + 0.005*" myTun" + 0.004*" nomxHbI" +
0.004*"ctpana" + 0.004*"mpobnema" + 0.004*"nenpru" +
0.004*"cauraTs"

Topic #18

“Moxaa u oge:xxna”

0.008*"komrekmusa" + 0.007*"omexma" + 0.004*"kommanug" +
0.004*"koctrom" + 0.004*"mnatee" + 0.003*"mapka" + 0.003*"cezon"
+ 0.003*"moma" + 0.003*"06yBsb" + 0.003*"npogana”

Topic #19

“ﬂocyr”

0.004*"nenn" + 0.003*"Gonpmoit" + 0.002*"roBoputs" +
0.002*"pabota" + 0.002*"mepsriit" + 0.002*"pecropan" +
0.002*"kaxaerit" + 0.002*"gom" + 0.002*"mecTo" + 0.002*"caenats"

Topic #20

“TpaHcIOpTHPOBKA

rpysos”

0.009*"camomnet" + 0.004*"nepBsrit" + 0.004*"ckazars" +
0.004*"maxomuthcs" + 0.003*"60opt" + 0.003*"sxunax" +
0.003*"mpoucxomuts" + 0.003*"roBopurs" + 0.003*"kopabnp" +
0.003*"cma"

Topic #21

“HenBu:kuMocTh”

0.010*"mena" + 0.010*"kBaptupa" + 0.009*"mom" + 0.008* " xuane" +
0.007*"ctpoutensctBo” + 0.007*"wenBrxuMocts" + 0.007*"peIHOK"
+ 0.007*"xkommanus" + 0.006*"dj" + 0.006*"kB"

Topic #22

“Poccusi-Ykpanna”

0.014*"mpesument" + 0.008*"Bo16oper" + 0.008*"rmaBa" +
0.007*"maprus" + 0.006*"ykpanna" + 0.005*"Bompoc" +
0.005*"cTpana" + 0.004*"pemenue" + 0.004*"nenmyrat" +
0.004*"mpuaNMAaTh"

Topic #23

“I'ockocmanun”

0.012*"akmus" + 0.011*" qupexrop" + 0.01 1*"kommanus" +
0.009*"coset" + 0.007*"HaBanmpHbri" + 0.007*"0a0" +
0.006*"ob6mactp" + 0.005*"ry6epuarop” + 0.005*"akmmonep" +
0.005*"mpaBurenpcTBO"
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Topic #24

“Bp10opb1”

0.009*"rmaBa" + 0.008*" memryrat" + 0.007*"BBIGOPEHI" +
0.006*"ryoeprarop" + 0.006*"Map" + 0.005*"equapIin" +
0.005*"maprus" + 0.005*"nemo" + 0.005*"o6macts" +
0.004*"anexcanap"

Topic #25

“Kuno u Teatp”

0.012*"reatp" + 0.010*"pexuccep" + 0.009*"ppanuus" +
0.009*"cma" + 0.008*"poms" + 0.006*"kur0" + 0.006*"3BE3Ma" +
0.006*"popmyma" + 0.006*"okts16ps" + 0.005*"repmanus’”

Topic #26

“CHOpT”

0.015*"mat4" + 0.011*"komanzma" + 0.009*"kny6" +
0.008*"gemmmonat" + 0.007*"c6opnas" + 0.007*"mepBorid" +
0.006*"cget" + 0.005*"urpa" + 0.005*"mura" + 0.005*"BTOpoOit"

Topic #27

“ITanpemusn”

0.009*"mockBa" + 0.005* " manmemus" + 0.005*"Bakiuna" +
0.005*"padota" + 0.004*"cmyuqait" + 0.004*"cTpoutenscTBo” +
0.003*"ropox" + 0.003*"poccutickmit” + 0.003*"cTpana" +
0.003*"gqucmo"

Topic #28

“PunbmMbl”

0.006*"puneM" + 0.004*"mepBerit” + 0.004*"xu3np" +
0.003*"ucropus" + 0.003*"xopormi" + 0.003*"raBHpIi" +
0.003*"roBoputs" + 0.002*"Mup" + 0.002*"Gonpmon" +
0.002*"repoit"

Topic #29

“MesKayHapOIHbII

crnopt”

0.008*"mepserit" + 0.007*"Mup" + 0.007*"typrup" + 0.006*"mecto" +
0.006*"poccwuiickuii" + 0.006*"Bropoii" + 0.005*"onummnuiickuit" +
0.005*"gyemmmonat" + 0.005*"c6opnas” + 0.005*"BEITpEIBATE"

Topic #30

“Meaununa”

0.013*"pebenok" + 0.007*"manuent" + 0.007*"Bpau” +
0.007*"memuumHckuit" + 0.006* "kommanus" + 0.006*"xeno" +
0.005*"cTpaxoBoit" + 0.004*"o6nacts" + 0.004*"60npHuIEA" +
0.004*"py6"

Topic #31

“IIpoeKThbI U OIIKETHI

q)HpM”

0.015*"mapx" + 0.009*"py6" + 0.008*"6romker" + 0.008*"komnanus"
+ 0.006*"cocraBmsaTs" + 0.005* " mun" + 0.005*"mpoext" +
0.004*"moxon" + 0.004*"pacxoxn" + 0.004*"pbIHOK"

Topic #32

“YupasJjenue

KOMINIaHui"

0.010*"000" + 0.010*"nenmo" + 0.007*"orHomenue" + 0.007*"mpoekt"
+ 0.007*"xkommanaus" + 0.006*"ynpasmsromuii” + 0.006*"ac" +
0.006*"BBOANTH" + 0.006*"HI" + 0.005*"0onpenenenue"

Topic #33

“CneJIKM KOMIAHHK”

0.024*"kommanus" + 0.017*"mua" + 0.008*"mupa" + 0.005*"mpoext"
+ 0.005*"coctamare" + 0.005*"py6" + 0.005*"caenka" +
0.005*"kpymHbIA" + 0.004*"ceTs" + 0.004*"ppIHOK"

Topic #34

“IIpou3BOACTBO U

Hpeanpusitus”

0.012*"3aBox" + 0.009* " mpeampusitue” + 0.008*"mpoussoacTro" +
0.006*"va" + 0.005*"peraok” + 0.005*"kommanus" +
0.005*"mpoaykius" + 0.004*"o6macts" + 0.004*"mapa" +
0.004*"mpoext"

Topic #35

“Yxpauna-I'a3”

0.017*"raz" + 0.012*"rasnpom" + 0.009*"ykpauna" + 0.007*"mocraska" +
0.007*"poccuiickuit" + 0.007*"ec" + 0.006*"cTpana" + 0.006*"xommanus" +
0.005*"mupx" + 0.005*"cornamenne”

Topic #36

“Topru 1 AyKUHOHBI”

0.030*"topru" + 0.017*"umymmectBo" + 0.015*"mpomaxa" + 0.015*"aykumon"
+0.013*"orkperTHIit" + 0.013*"hopma" + 0.012*"opranmsarop" +
0.011*"mpoeenenue” + 0.011*"ynpapnsromuii” + 0.010*"koHKYpCHBII"

Topic #37

0.005*"cynno" + 0.004*"poccuiickmii”" + 0.004*"kommanusa" +
0.004*"facebook" + 0.004*"pexmama" + 0.003*"momyqars" + 0.003*"caitr" +
0.003*"muH" + 0.003*"Bracte" + 0.003*"mepBorit"

Source: author’s calculations

42




Appendix F

Appendix F1. Frequency News Index Dataset

Link to the dataset for coding procedure:

https://drive.google.com/drive/folders/ALYYmMPAQkad4nv956D6GieY 2j7VmU7ypjm?usp=sharing

Appendix F2. Frequency News Index Calculation Code

Link to the code for frequency news index (.ipynb):

https://drive.google.com/drive/folders/1Sa-cOPJINKmpLONEeiyeAsoihCAeQVANn9?usp=sharing

Appendix F3. Frequency News Index Graphs
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Appendix Figure 4. Frequency News Index per LDA topic (quarterly)

Source: author’s calculations

Appendix F4. Sentiment News Index Dataset

Link to the dataset for coding procedure:

https://drive.google.com/drive/folders/1Tyjr3e058wkF3Aqgs1lpP7dEHu-Loystp?usp=sharing

Appendix F5. Sentiment News Index Calculation Code

Link to the code for sentiment news index (.ipynb):

https://drive.google.com/drive/folders/1YmGBKOGILP6LWBwWUIF8H6aermtY5PFY 6?usp=sharing
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Appendix Figure 6. Sentiment News Index per LDA topic (quarterly)
Source: author’s calculations
Appendix G
Appendix G1. Time-series Forecasting Code
Link to the code for forecasting models (.ipynb):

https://drive.google.com/drive/folders/1j aQmbD5z009VLS6P7VGt0Ep19ghXOyi?usp=sharing
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Appendix H

Appendix H1. BCI models

Frequency Index [Basic]

Frequency Index [Full]

Frequency Index [Optimal]

Sentiment Index

MAE RMSE model MAE RMSE model MAE RMSE model MAE RMSE model
1 0,1358991 0,1907882 ARF(3) without 1 | 01358991 | 0,1907882 ARF(3) without L | 01358991 | 0,1907882 ARF(3) without 4 01418067 | 0,1901424 ML(F)_lasso_(6)_with(out)
2 0,1358991 0,1907882 ARN(3) without 2 | 04358991 | 0,1907882 ARN(3) without 2 | 01358991 | 0,1907882 ARN(3) without 2 0,1358991 | 0,1907882 ARF(3) without
3 0,1429468 0,1928899 ARF(6) without 3 | 01429468 | 0,1928899 ARF(6) without 3 | 01429468 | 0,1928899 ARF(6) without 3 0,1358991 | 0,1907882 ARN(3) without
4 0,1429468 0,1928899 ARN(6) without 4 | 01420468 | 0,1928899 ARN(6) without 4 | 01429468 | 01928899 ARN(6) without 4 01430887 | 0,1909768 ML(F)_elastic_(6) with(out)
5 0,1384428 0,1956255 ARF(6) with 5 | 01384428 | 0,1956255 ARF(6) with 5 | 01425454 | 01954835 ML(F)_ridge_(6)_with(out) 5 0,1452797 | 0,1926394 ML(F)_linear_(6) with(out)
6 0,1384428 0,1956255 ARN(6) with 6 | 01384428 | 0,1956255 ARN(6) with 6 | 01384428 | 0,1956255 ARF(6) with 6 01424198 | 0,1927435 ML(F)_lasso_(3) with(out)
7 0,1375944 0,1969688 ARF(3) with 7 | 01450200 | 0,1957659 ML(F)_ridge_(6)_with(out) 7 | 01384428 | 0,1956255 ARN(6) with 7 01429468 | 0,1928899 ARF(6) without
8 0,1375944 0,1969688 ARN(3) with 8 | 01375944 | 0,1969688 ARF(3) with 8 | 01445397 | 0,1959052 ML(F)_lasso_(6) with(out) 8 0,1429468 | 0,1928899 ARN(6) without
9 0,1431262 0,1981164 ML(F)_linear_(6)_with() 9 | 04375944 | 0,1969688 ARN(3) with 9 | 01375044 | 0,1969688 ARF(3) with 9 01422239 | 0,1933105 ML(F)_elastic_(3)_with(out)
10 0,1567965 0,2020769 | ML(N)_ridge_(6)_ with(out) 10 | 01431296 | 01984722 | ML(F) elastic_(6) with(out) 10 | 0,1375944 | 0,1969688 ARN(3) with 10 01409212 | 0,1933295 ML(F)_linear_(3) with(out)
u 0,1457088 0,2029704 ML(F)_linear_(3) with() 11 | 01478696 | 0,1986555 ML(F)_ridge_(3)_with(out) 11 | 0,1468555 | 0,1990487 ML(F)_ridge_(3)_with(out) u 01455230 | 0,1938199 ML(F)_ridge_(6)_with(out)
12 0,1472923 0,2031520 ML(F)_lasso_(3) with(out) 12 | 01434300 | 0,1988189 ML(F)_linear_(6) with(out) 12 | 01494506 | 0,1991747 ML(N) ridge (6) with(out) 12 0,1455377 | 0,1940108 ML(F)_ridge (3) with(out)
13 0,1567763 0,2032474 | ML(N)_lasso_(6) with(out) 13 | 01536882 | 0,1989667 ML(N)_ridge_(6)_with(out) 13 | 0,1436928 | 0,1995813 ML(F)_lasso_(3) with(out) 13 01384428 | 0,1956255 ARF(6) with
14 0,1574202 0,2039059 ML(N) lasso_(3) with(out) 14 | 01498693 | 0,1997978 ML(F)_lasso_(6) with(out) 14 | 01505710 | 0,2006405 ML(N) ridge (3) with(out) 14 0,1384428 | 0,1956255 ARN(6) with
15 0,1560607 0,2042421 | ML(N) elastic_(6) with(out) 15 | 041448311 | 0,2000267 ML(N)_linear_(6) with() 15 | 0,1528154 | 0,2022689 ML(N)_lasso_(3)_with(out) 15 01375944 | 0,1969688 ARF(3) with
16 0,1528926 0,2042817 ML(F)_ridge (6) with(out) 16 | 01505413 | 0,2004833 ML(F)_lasso_(3) with(out) 16 | 01467788 | 0,2023486 ML(F)_elastic_(6) with(out) 16 0,1375944 | 0,1969688 ARN(3) with
w 0,1502540 0,2043391 ML(N)_linear_(6) with() 17 | 04541127 | 0,2007417 ML(N)_lasso_(6) with(out) 17 | 0,1422967 | 0,2030001 ML(F)_linear_(6) with() w 01481228 | 0,1977458 ML(F)_linear_(6) with()
18 0,1592661 0,2044745 | ML(N) ridge_(3) with(out) 18 | 01542256 | 0,2007720 ML(N) lasso_(3) with(out) 18 | 01547154 | 0,2039169 ML(N) lasso_(6) with(out) 18 0,1478164 | 0,1987595 ARXF(3) without
19 0,1559610 0,2046917 ML(F)_lasso_(6) with(out) 19 | 01423036 | 0,2010093 | ML(F)_elastic_(3) with(out) 19 | 0,1482526 | 0,2056108 ML(F)_elastic_(3) with(out) 19 01475295 | 0,1989769 ML(F)_linear_(3) with()
20 0,1528427 0,2049887 ML(F)_ridge (3) with(out) 20 | 01557776 | 0,2014184 ML(N) ridge (3) with(out) 20 | 01531122 | 0,2061683 ML(F)_linear_(6) with(out) 20 0,1512451 | 0,2017072 ARXF(6) without
21 0,1541997 0,2057477_| ML(F)_elastic_(6) with(out) 21 | 01435687 | 0,2015389 | ML(F) linear_(3) with(out) 21 | 0,1563580 | 0,2073412 ML(N)_elastic_(6) with() 21 01517348 | 0,2028496 ML(F)_lasso_(3) with()
22 0,1561486 0,2064443 | ML(F) linear_(6) with(out) 22 | 01450150 | 0,2015437 ARXF(3) without 22 | 01563572 | 0,2073510 ML(F)_elastic_(6) with() 22 0,1565597 | 0,2075334 ML(F)_elastic_(6) with()
23 0,1518341 0,2065729 | ML(F)_elastic_(3) with(out) 28 | 01475364 | 0,2039818 ML(N)_linear (3) with() 23 | 0,1460725 | 0,2075294 ML(F) linear_(3) with() 23 01571570 | 0,2079804 ML(N)_elastic_(6) with()
2 0,1559172 0,2066057 ML(F)_lasso_(3)_with() 24 | 01434968 | 0,2059094 ML(F)_linear_(6) with() 24 | 01535437 | 0,2075930 ARXF(3) without 24 0,1587945 | 0,2097839 ML(F)_lasso_(6) with()
2 0,1530413 0,2066644 | ML(F) linear (3) with(out) 2 | 01541916 | 0,2063332 | ML(N)_linear_(3) with(out) 2 | 01491237 | 0,2087355 ML(N)_linear_(6)_with() 3 01622092 | 0,2106411 ML(N)_lasso_(6)_with(out)
26 0,1571688 0,2072725 | ML(N)_linear (6) with(out) 26 | 01500764 | 0,2063595 | ML(N) elastic_(6) with(out) 26 | 01546560 | 0,2093498 ML(F)_linear (3) with(out) 2 01629928 | 0,2113679 ML(N) lasso_(3) with(out)
a 0,1563565 0,2073388 ML(N)_elastic_(6) with() 27 | 01563554 | 0,2071479 | ML(N)_elastic_(3) with(out) 27 | 01496223 | 0,2103470 ML(N)_linear_(3)_with() a 01587754 | 0,2122840 ML(N)_linear_(3) with()
28 0,1563582 0,2073496 ML(F)_elastic_(6)_with() 28 | 01588596 | 0,2072890 | ML(N) linear (6) with(out) 28 | 01605349 | 0,2110334 ML(F)_lasso_(3) with() 28 01637458 | 0,2128718 ML(F)_elastic_(3) with()
29 0,1589698 0,2074371 ARXF(6) without 29 | 01563682 | 0,2073456 ML(N)_elastic_(6) with() 29 | 0,1555522 | 0,2116323 ML(N)_elastic_(3) with(out) 29 01641782 | 0,2131954 ML(N)_elastic_(3) with()
30 0,1595479 02075873 | ML(N)_elastic_(3)_with(out) 30 | 01572706 | 0,2085365 ML(F)_elastic_(6)_with() 30 | 01634753 | 0,2126627 ML(F)_elastic_(3) with() 30 01620229 | 0,2134104 ML(N) linear_(6) with()
31 0,1560374 0,2085505 ML(N)_linear (3) with() 31 | 01604840 | 0,2090453 ARXN(3) without 31 | 01645255 | 0,2138368 ML(N)_elastic_(3) with() 31 01601784 | 0,2152387 ARXN(3) without
32 0,1611228 0,2090288 | ML(N) linear (3) with(out) 32 | 01576406 | 0,2106104 ARXF(6) without 32 | 01599743 | 02146211 ML(N) linear_(3) with(out) 32 0,1591221 | 0,2159986 ML(N)_elastic_(3) with(out)
33 0,1568831 0,2122769 ARXF(3) without 33 | 01509564 | 0,2117593 ML(F) linear_(3) with() 33 | 0,1638794 | 0,2156078 ARXF(6) without 33 01581793 | 0,2165425 ML(N)_linear (3) with(out)
34 0,1604894 0,2125055 ARXN(3) without 34 | 01634868 | 0,2126629 ML(N) elastic_(3) with() 34 | 01629979 | 02167640 ARXN(3) without 34 0,1687441 | 0,2200596 ML(F) ridge (3) with()
35 0,1634752 0,2126530 ML(N)_elastic_(3) with() 35 | 01634805 | 02126794 ML(F)_elastic_(3)_with() 35 | 01624915 | 0,2184674 ML(N)_elastic_(6) with(out) 35 01744795 | 0,2236018 ML(N)_ridge_(3) with(out)
36 0,1634772 0,2126603 ML(F) elastic_(3) with() 36 | 01724442 | 0,2211995 ARXN(6) without 36 | 01718382 | 02267544 ML(N) linear (6) with(out) 36 0,1744795 | 0,2236018 ML(N) ridge (6) with(out)
37 0,1614385 0,2136133 ARXN(6) without 37 | 01757873 | 0,2306222 ARF(1) without 37 | 01757873 | 02306222 ARF(1) without 37 0,1749440 | 0,2280705 ML(N) elastic_(6) with(out)
38 0,1658985 0,2176349 ML(F) ridge (6) with() 38 | 01757873 | 0,2306222 ARN(1) without 38 | 01757873 | 02306222 ARN(L) without 38 0,1766348 | 0,2304002 ML(F) ridge (6) with()
39 0,1750230 0,2278948 ML(F)_ridge_(3) with() 39 | 01755297 | 0,2341281 ARF(1) with 39 | 01768057 | 02311377 ARXN(6) without 39 0,1757873 | 0,2306222 ARF(1) without
40 0,1757873 0,2306222 ARF(1) without 40 | 01755207 | 0,2341281 ARN(L) with 40 | 01755207 | 0,2341281 ARF(1) with 40 01757873 | 0,2306222 ARN(L) without
4 0,1757873 0,2306222 ARN(1) without 41 | 01802893 | 0,2352196 ML(N) lasso_(1) with(out) 41 | 01755297 | 0,2341281 ARN() with 41 01785721 | 0,2326792 ML(N) linear (6) with(out)
42 0,1755297 0,2341281 ARF(1) with 42 | 01780818 | 0,2357487 ML(N)_elastic_(1) with() 42 | 01798745 | 02343418 ML(F)_ridge_(6) with() 42 01755297 | 0,2341281 ARF(1) with
43 0,1755297 0,2341281 ARN(L) with 43 | 01780777 | 0,2357695 ML(F)_elastic_(1) with() 43 | 01788913 | 0,2346064 ML(N) lasso_(1) with(out) 43 0,1755297 | 0,2341281 ARN(L) with
44 0,1780718 0,2357349 ML(N)_elastic_(1) with() 44 | 01824441 | 02376499 ML(N)_ridge (1) with(out) 44 | 01780733 | 0,2357409 ML(N)_elastic_(1) with() 44 01782347 | 0,2362061 ML(F)_elastic_(1) with()
45 0,1780789 0,2357459 ML(F) elastic_(1) with() 45 | 01830228 | 0,2387129 ML(F) ridge _(6) with() 45 | 01780758 | 0,2357488 ML(F)_elastic_(1) with() 45 0,1726120 | 0,2364019 ML(F) forest (3) with(out)
46 0,1814973 0,2377095 ML(F)_lasso_(1) with(out) 46 | 01830641 | 02387763 ML(F)_ridge (3) with() 46 | 01802380 | 02357524 ML(N)_ridge (1) with(out) 46 01788072 | 0,2364231 ML(N)_elastic_(1) with()
47 0,1816392 0,2385112 ML(N) lasso_(1) with(out) 47 | 01831995 | 0,2389542 ML(N) ridge (3) with() 47 | 01822696 | 0,2385615 ML(N) forest_(6) with(out) 47 0,1738826 | 0,2369653 ML(F) forest_(6) with(out)
48 0,1774229 0,2388781 ML(N)_boost_(3) with() 48 | 01832234 | 02389726 ML(N)_ridge_(6) with() 48 | 01828937 | 0,2385995 ML(F) ridge (3) with() 48 01838550 | 0,2398486 ML(N)_lasso_(1)_with(out)
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49

49

49
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0,1831995 0,2389542 ML(N)_ridge_(3)_with() 01830299 | 0,2401153 ML(F)_lasso_(1)_with(out) 0,1830856_| 0,2387927 ML(N)_ridge_(6)_with() 0,1832500 | 0,2400766 ML(F)_lasso_(1) with(out)
50 0,1832234 0,2389726 ML(N) ridge (6) with() 50 | 01839086 | 0,2417826 | ML(F) forest (6) with(out) 50 | 01831995 | 0,2389542 ML(N) ridge_(3) with() 50 0,1804959 | 0,2409232 ML(F)_elastic_(1) with(out)
51 0,1837665 0,2399180 | ML(N) ridge (1) with(out) 51 | 01853961 | 0,2418381 ML(F)_forest_(3) with(out) 51 | 01807422 | 0,2393310 ML(F) forest_(3) with(out) 51 0,1801763 | 0,2409684 ML(F) linear (1) with(out)
52 0,1942969 0,2403889 | ML(N) forest (3) with(out) 52 | 01837698 | 0,2426249 | ML(N) forest_(3) with(out) 52 | 01826639 | 0,2397040 ML(F)_lasso_(1) with(out) 52 0,1870935 | 0,2431186 ML(N)_ridge_(1) with(out)
53 0,1832651 0,2403941 | ML(F) forest (3) with(out) 53 | 01874641 | 0,2428802 ML(F)_forest (1) with(out) 53 | 01801048 | 0,2402201 ML(N) forest_(3) with(out) 53 0,1838318 | 0,2440409 ARXF(1) without
54 0,1826599 0,2405999 | ML(F) forest_(6) with(out) 54 | 01865723 | 0,2438873 ML(F)_ridge (1) with(out) 54 | 01822423 | 0,2407577 ML(F)_forest (1) with(out) 54 0,1868228 | 0,2440418 ML(F) ridge (1) with(out)
55 0,1842257 0,2407766 ML(F) ridge (1) with(out) 55 | 01848698 | 0,2439999 | ML(N) forest (6) with(out) 55 | 01853061 | 0,2418729 ML(F) lasso_(6) with() 55 01754316 | 0,2444211 ML(F) boost_(3) with()
56 0,1864601 0,2423230 ML(N) linear (1) with() 56 | 01858974 | 0,2462552 | ML(F) elastic_(1) with(out) 56 | 01849132 | 0,2420731 ML(F)_forest_(6) with(out) 56 0,1860826 | 0,2448501 ML(N) forest_(6) with(out)
57 0,1941390 0,2426898 | ML(N) forest (6) with(out) 57 | 01855871 | 0,2464739 ARXF(L) without 57 | 01760291 | 0,2432364 ML(F)_boost_(3) with(out) 57 01773922 | 0,2449699 ML(N) boost_(3) with(out)
58 0,1909537 0,2438128 | ML(N) elastic_(1) with(out) 58 | 01862201 | 0,2467444 ML(F)_linear_(1) with(out) 58 | 01837035 | 0,2432417 ML(F)_elastic_(1) with(out) 58 0,1746498 | 0,2454528 ML(F)_boost _(3) with(out)
59 0,1917572 0,2444805 | ML(N) linear (1) with(out) 59 | 01801269 | 0,2491821 | ML(N) forest (1) with(out) 59 | 01813105 | 0,2434601 ML(N) elastic_(1) with(out) 59 0,1839163 | 0,2469553 ML(F) forest (1) with(out)
60 0,1932928 0,2446881 ARXN(1) without 60 | 01902985 | 0,2508408 ML(N) lasso_(3) with() 60 | 01855602 | 0,2438835 ARXF(1) without 60 0,1787177 | 0,2470575 ML(F)_boost_(6) with(out)
61 0,1820910 0,2450235 ML(N)_boost_(6) with() 61 | 01909066 | 0,2521112 ML(F)_lasso_(3) with() 61 | 0,1865723 | 0,2438873 ML(F)_ridge_(1)_with(out) 61 01783144 | 0,2473718 ML(N)_boost_(6) with(out)
62 0,1954035 0,2474319 | ML(F)_elastic_(1) with(out) 62 | 01909066 | 0,2521112 ML(N)_lasso_(6) with() 62 | 01852074 | 0,2441097 ML(F)_linear_(1) with(out) 62 0,1930945 | 0,2484412 ARXN(6) without
63 0,1926761 0,2479802 | ML(F) forest (1) with(out) 63 | 01909066 | 0,2521112 ML(F)_lasso_(6) with() 63 | 0,1822585 | 0,2443978 ML(N)_linear_(1) with(out) 63 01846898 | 0,2496446 ML(F)_linear_(1) with()
64 0,1947595 0,2480904 | ML(N) boost_(6) with(out) 64 | 01767455 | 0,2522797 | ML(N) boost (6) with(out) 64 | 01843195 | 0,2460391 ARXN(1) without 64 0,1897874 | 0,2513410 ML(N) forest (3) with(out)
65 0,1913808 0,2481137 ML(F) linear_(1) with() 65 | 01849516 | 0,2523452 ML(F)_boost_(3) with(out) 65 | 0,1820941 | 0,2460700 ML(F)_linear_(1) with() 65 01922272 | 0,2533156 ML(N)_forest_(1) with(out)
66 0,1973888 0,2483175 ARXF(L) without 66 | 01920047 | 0,2524123 ML(N) linear (1) with() 66 | 01768146 | 0,2466522 ML(F)_boost_(6) with(out) 66 0,1830292 | 0,2539520 ML(F)_boost_(1) with(out)
67 0,1973397 0,2484040 | ML(F)_linear (1) with(out) 67 | 01992134 | 0,2531863 | ML(N)_elastic_(1) with(out) 67 | 01874823 | 0,2488130 ML(N)_forest_(1)_with(out) 67 01917305 | 0,2548092 ML(N)_linear_(1) with()
68 0,1975055 0,2492913 | ML(N) forest (1) with(out) 68 | 01829170 | 0,2531947 ML(F)_linear_(1) with() 68 | 01906388 | 0,2497650 ML(F)_boost_(1) with(out) 68 0,1892078 | 0,2554404 ML(F)_boost_(1) with()
69 0,1946772 0,2497915 | ML(N) boost (3) with(out) 69 | 01999750 | 0,2539573 | ML(N) linear_(1) with(out) 69 | 0,1823357 | 0,2502534 ML(N)_forest_(6) with() 69 01913211 | 0,2554901 ML(N)_boost (1) with(out)
70 0,1902985 0,2508408 ML(N)_lasso_(3)_ with() 70 | 01912872 | 02546200 | ML(N) boost (1) with(out) 70 | 01846022 | 0,2518182 ML(N) linear_(1) with() 70 0,1849717 | 0,2560306 ML(N) boost_(3) with()
7 0,1902985 0,2508408 ML(N)_lasso_(6) with() 7 | 01853792 | 0,2548755 ML(F)_boost_(6) with(out) 71 | 01876960 | 0,2520576 ML(N) boost_(3) with(out) n 01821436 | 0,2561902 ML(N)_forest_(6) with()
2 0,1851563 0,2509893 ML(N) forest_(6) with() 72 | 02045444 | 0,2556025 ARXN(L) without 72 | 01783251 | 0,2520963 ML(F)_boost_(6) with() 72 0,1972565 | 0,2579283 ARXN(1) without
3 0,1873953 0,2544911 ML(N)_forest_(3) with() 73 | 01833433 | 0,2560428 ML(F)_forest_(1) with() 73 | 01884256 | 0,2525360 ML(N)_boost_(6) with(out) 7 01953264 | 0,2579687 ML(N)_elastic_(1) with(out)
7 0,1838712 0,2565794 | ML(F)_boost_(3) with(out) 74 | 01923355 | 02560505 ML(N)_lasso_(1)_with() 74 | 01823945 | 02527514 ML(N)_boost_(6)_with() 74 0,1906478 | 0,2580180 ML(N)_boost_(1) with()
s 0,1859296 0,2569857 ML(F)_boost_(6) with(out) 75 | 01803546 | 0,2570605 ML(F)_boost_(6) with() 75 | 01858039 | 02534714 ML(N) forest_(3) with() s 0,1958483 | 0,2590312 ML(N) linear_(1) with(out)
6 0,1941816 0,2585818 ML(F)_lasso_(6)_with() 76 | 01798543 | 02571159 ML(F)_boost_(3)_with() 76 | 01834146 | 0,2548537 ML(N)_boost_(3)_with() 6 01957683 | 0,2609743 ML(N)_lasso_(6)_with()
77 0,1966359 0,2590148 ML(N) forest (1) with() 77 | 01808314 | 0,2588706 ML(F) forest_(6) with() 77 | 01929706 | 0,2564090 ML(N)_lasso_(3) with() m 01812116 | 0,2611472 ML(F)_boost_(6) with()
8 0,1981981 0,2603697 | ML(N) boost_(1) with(out) 78 | 01842422 | 0,2590541 ML(N) forest_(6) with() 78 | 01863188 | 0,2599727 ML(F) forest (6) with() 78 0,1792262 | 0,2613748 ML(F) forest_(6) with()
I 0,1968789 02611662 | ML(F)_boost_(1) with(out) 79 | 01955161 | 0,2608935 | ML(F) boost_(1)_with(out) 7 | 01957683 | 0,2609743 ML(N)_lasso_(6)_with() 9 0,1974847 | 0,2635766 ML(N)_lasso_(3)_with()
80 0,1948443 0,2631978 ML(N) boost (1) with() 80 | 01909741 | 0,2619704 ML(N) forest_(3) with() 80 | 01891878 | 0,2631209 ML(F) forest (3) with() 80 0,1800915 | 0,2639191 ML(F) forest (3) with()
8l 0,1856116 0,2638665 ML(F)_forest_(6) with() 81 | 01814728 | 02622632 | ML(N) boost_(3) with(out) 81 | 02001782 | 0,2651675 ML(N)_forest_(1) with() 81 0,1874005 | 0,2652692 ML(N)_boost_(6) with()
82 0,2000876 0,2641976 ARXN(L) with 82 | 01865161 | 0,2629416 ML(F) forest (3) with() 82 | 01978343 | 0,2661385 ML(F) boost (1) with() 82 0,2030904 | 0,2662301 ARXF(1) with
83 0,1867109 0,2645676 ML(F)_boost_(6) with() 83 | 01998677 | 0,2643842 ARXN(D) with 83 | 0,2049635 | 0,2663082 ML(N)_boost (1) with(out) 83 01924926 | 0,2694652 ML(N)_forest_(1) with()
84 0,1894740 0,2646379 ML(F)_forest_(3)_with() 84 | 01976859 | 02700128 ML(F)_boost_(1)_with() 84 | 01878282 | 0,2663154 ML(F) forest (1) with() 84 0,2057203 | 0,2713167 ARXN(L) with
85 0,1903580 0,2650222 ML(F)_boost_(3) with() 85 | 02111618 | 0,2700757 ML(N)_boost_(1) with() 85 | 0,1866055 | 0,2674542 ML(F)_boost_(3) with() 85 01965552 | 0,2738369 ML(N) forest_(3) with()
86 0,1976421 0,2722514 ML(F) forest (1) with() 86 | 01981349 | 0,2715240 ML(N)_boost_(6) with() 86 | 02031773 | 0,2685306 ML(N)_boost (1) with() 86 0,1857606 | 0,2739016 ML(F)_forest (1) with()
87 0,2056071 0,2726305 ML(F)_boost_(1) with() 87 | 02009363 | 0,2736913 ML(N) boost_(3) with() 87 | 02161342 | 0,2780109 ARXN(1) with 87 0,2200861 | 0,2960982 ML(N) ridge_(3) with()
88 0,2277514 0,2888737 ARXF(L) with 88 | 02101650 | 0,2744418 ML(N) forest (1) with() 88 | 02167941 | 0,2803242 ARXF(1) with 88 0,2200861 | 0,2960982 ML(N) ridge (6) with()
89 0,2261020 0,3029175 ML(F)_lasso_(1) with() 89 | 02320053 | 0,2924374 ARXF(1) with 89 | 02143747 | 02874132 ML(N) lasso_(1) with() 89 0,2261020 | 0,3029175 ML(N)_lasso_(1) with()
90 0,2301251 0,3094289 ML(N) lasso_(1) with() 90 | 02200861 | 0,2960982 ML(N) ridge (1) with() 90 | 02200861 | 0,2960982 ML(N) ridge (1) with() 90 0,2304631 | 0,3103277 ML(N) ridge_(1) with()
91 0,2304631 0,3103277 ML(N) ridge (1) with() 91 | 02484410 | 0,3131631 ARXN(3) with 91 | 02320282 | 0,3128605 ML(F) lasso_(1) with() 91 0,2320282 | 0,3128605 ML(F) lasso_(1) with()
92 0,2304631 0,3103277 ML(F) ridge (1) with() 92 | 02327066 | 0,3141482 ML(F) lasso_(1) with() 92 | 02519200 | 0,3164583 ARXN(3) with 92 0,2569688 | 0,3171967 ARXF(6) with
9 0,2587863 0,3203445 ARXN(3) with 93 | 02361682 | 0,3191008 ML(F) ridge (1) with() 93 | 02584356 | 0,3172413 ARXF(3) with 93 0,2361682 | 0,3191008 ML(F) ridge (1) with()
94 0,2698372 0,3291733 ARXN(6) with 94 | 02623945 | 0,3239346 ARXN(6) with 94 | 0,2620607 | 0,3183478 ARXF(6) with 94 02610912 | 0,3210169 ARXF(3) with
9% 0,3043080 0,3598209 ARXF(6) with 95 | 02728076 | 0,3296988 ARXF(3) with 95 | 02361682 | 0,3191008 ML(F) ridge (1) with() 95 0,2816428 | 0,3428850 ARXN(3) with
9% 0,3120741 0,3646011 ARXF(3) with 96 | 0,2801333 | 0,3356103 ARXF(6) with 96 | 0,2675914 | 0,3284109 ARXN(6) with 96 03016515 | 0,3618299 ARXN(6) with
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Appendix H2.CCI models

Frequency Index [Basic]

Frequency Index [Full]

Frequency Index [Optimal]

Sentiment Index

MAE RMSE model MAE RMSE model
1 0,0692149 | 0,1006574 ML(F)_elastic_(6) with(out) 1 | 00622175 | 0,1029906 ML(N)_elastic_(6) with()
2 0,0698531 0,1012909 ML(F)_linear_(6)_with(out) 2 | 00613125 | 0,1037349 ARF(6) with
3 0,0698753 | 0,1013117 ML(F)_lasso_(6) with(out) 3 | 00613125 | 0,1037349 ARN(6) with
4 0,0609347 | 0,1021340 ML(F)_elastic_(6) with() 4 | 00676006 | 0,1045960 ARF(6) without
5 0,0610956 | 0,1022166 ML(N)_elastic_(6)_with() 5 | 00676006 | 0,1045960 ARN(6) without
6 00613125 | 0,1037349 ARN(6) with 6 | 00654805 | 0,1049537 ML(F)_elastic_(6)_with()
7 00613125 | 0,1037349 ARF(6) with 7 | 00733196 | 01106140 ML(F)_lasso_(6)_with()
8 00723561 | 0,1042370 ARXF(6) without 8 | 00694958 | 0,1109626 ML(N)_linear_(6) with()
9 0,0676006 | 0,1045960 ARN(6) without 9 | 00734755 | 0,1109639 ML(F)_linear_(6) with()
10 0,0676006 0,1045960 ARF(6) without 10 | 00709725 | 01112341 ML(N)_lasso_(6)_with()
11 0,0727375 0,1059782 ML(N)_lasso_(6)_with(out) 11 | 00769595 | 0,1144661 | ML(N)_elastic_(6) with(out)
12 0,0727612 0,1060770 ML(N)_linear (6) with(out) 12 | 00766986 | 0,1151599 ML(N)_lasso_(6)_with(out)
13 0,0732262 0,1062153 ML(N)_elastic_(6)_with(out) 13 | 00807476 | 01163361 ML(F)_lasso_(6)_with(out)
14 0,0710071 0,1063050 ML(F)_lasso_(6)_with() 14 | 00812174 | 01170295 | ML(F) elastic_(6) with(out)
15 0,0711801 0,1064247 ML(F)_linear_(6)_with() 15 | 00813538 | 0,1172094 | ML(F)_linear_(6) with(out)
16 0,0676693 0,1066081 ML(N)_lasso_(6)_with() 16 | 00786508 | 0,1184912 ARXN(6) without
7 0,0677251 0,1067181 ML(N)_linear_(6)_with() 17 | 00712860 | 01198517 ARF(3) with
18 0,0776812 0,1127331 ARXN(6) without 18 | 00712860 | 0,1198517 ARN(3) with
19 0,0712860 0,1198517 ARN(3) with 19 | 00844082 | 0,1199402 ARXF(6) without
20 0,0712860 0,1198517 ARF(3) with 20 | 00757638 | 0,1200731 ARF(3) without
21 0,0757638 0,1200731 ARN(3) without 21 | 00757638 | 0,1200731 ARN(3) without
22 0,0757638 0,1200731 ARF(3) without 22 | 00821154 | 01223579 | ML(N) linear (6) with(out)
23 0,0787040 0,1211266 ML(N)_linear_(3)_with() 23 | 0,0805853 | 0,1242001 ML(N)_linear_(3)_with()
24 00787040 | 0,1211266 ML(N)_elastic_(3)_with() 24 | 0,0805853 | 0,1242001 ML(N)_elastic_(3) with()
25 0,0787040 0,1211266 ML(N)_lasso_(3)_with() 25 | 0,0805853 | 0,1242001 ML(N)_lasso_(3)_with()
26 00767349 | 01227407 ML(F)_lasso_(3)_with(out) 26 | 0,0798692 | 0,1272780 ML(F)_linear_(3)_with()
2 00767349 | 0,1227407 ML(F)_elastic_(3)_with(out) 21 | 0,0798692 | 0,1272780 ML(F)_elastic_(3)_with()
28 00767349 | 01227407 ML(F)_linear_(3)_with(out) 28 | 0,0798692 | 0,1272780 ML(F)_lasso_(3)_with()
29 0,0749053 | 0,1237051 ML(F)_linear_(3)_with() 29 | 00865218 | 0,1296880 | ML(N)_lasso_(3) with(out)
30 0,0749053 | 01237051 ML(F)_elastic_(3)_with() 30 | 0,0865218 | 0,1296880 | ML(N)_linear_(3) with(out)
31 0,0749053 | 0,1237051 ML(F)_lasso_(3)_with() 31 | 00865218 | 01296880 | ML(N)_elastic_(3) with(out)
32 0,0856974 | 01241003 ML(N)_linear_(3)_with(out) 32 | 0,0861874 | 0,1311503 ARXN(3) without
33 0,0856974 0,1241003 ML(N)_elastic_(3)_with(out) 33 | 00858548 | 0,1316899 ML(F)_lasso_(3)_with(out)
34 0,0856974 0,1241003 ML(N)_lasso_(3)_with(out) 34 | 00858548 | 0,1316899 | ML(F)_elastic_(3) with(out)
35 0,0769466 0,1244815 ARXF(3) without 35 | 00858548 | 0,1316899 | ML(F)_linear (3) with(out)
36 0,0886093 0,1269259 ARXN(3) without 36 | 00861990 | 0,1321033 ARXF(3) without
37 0,0849466 0,1355441 ML(N)_ridge_(6)_with() 37 | 00849718 | 0,1355858 ML(N)_ridge_(6)_with()
38 01005973 | 0,1430010 ML(N)_ridge_(6)_with(out) 38 | 00977740 | 01437483 | ML(N)_ridge_(6) with(out)
39 0,0916675 0,1453832 ML(F)_ridge_(6)_with() 39 | 0,0915563 | 0,1451308 ML(F)_ridge_(6)_with()
40 0,0975559 0,1475385 ML(F)_ridge_(6)_with(out) 40 | 00977134 | 0,1533111 ML(N)_ridge_(3)_with()
41 0,0977134 0,1533111 ML(F)_ridge_(3)_with() 41 | 00977134 | 0,1533111 ML(F)_ridge_(3)_with()
42 0,0978535 0,1534096 ML(N)_ridge_(3)_with() 42 | 01044811 | 0,1555137 ML(F)_ridge_(6)_with(out)
43 0,1025441 0,1575136 ML(F)_ridge_(3) with(out) 43 | 01021172 | 0,1560620 ML(N)_ridge_(3)_with(out)
44 0,1079624 0,1590070 ML(N)_ridge_(3)_with(out) 44 | 01106441 | 0,1662711 ML(F)_ridge_(3)_with(out)
45 0,1155155 0,1790597 ML(N)_boost_(3) with(out) 45 | 01215195 | 0,1782635 | ML(N) boost (3) with(out)
46 0,1286210 0,1892804 ML(F)_boost_(3)_with() 46 | 01308584 | 0,1895177 | ML(N)_boost (6) with(out)
47 0,1267246 0,1906703 ML(N)_boost_(3) with() 47 | 01373638 | 0,1895561 ML(F)_boost_(6)_with(out)
48 0,1300381 0,1971419 ML(N)_boost_(6)_with(out) 48 | 01303234 | 0,1912130 ML(F)_boost_(3)_with(out)
49 0,1320455 0,2021981 ML(N)_hoost_(6) with() 49 | 01344057 | 0,2003482 ML(F)_boost_(3) with()
50 0,1356957 0,2080955 ML(F)_boost_(6)_with() 50 | 01303196 | 0,2016589 ML(F)_boost_(6)_with()
51 0,1326881 0,2097027 ML(F)_boost_(3)_with(out) 51 | 01371534 | 0,2107320 ML(F)_boost_(1) with()

MAE RMSE model MAE RMSE model
1 | 00615879 | 01021729 ML(N)_elastic_(6) with() 1 | 00613125 | 0,1037349 ARF(6) with
2 | 00611102 | 0,1022590 ML(F)_elastic_(6)_with() 2 | 00613125 | 0,1037349 ARN(6) with
3 | 00613125 | 0,1037349 ARF(6) with 3 | 00676006 | 0,1045960 ARF(6) without
4 | 00613125 | 0,1037349 ARN(6) with 4 | 0,0676006 | 0,1045960 ARN(6) without
5 | 0,0676006 | 0,1045960 ARF(6) without 5 | 00665907 | 01054222 ML(F)_elastic_(6) with()
6 | 0,0676006 | 0,1045960 ARN(6) without 6 | 00677910 | 0,1062144 ML(F)_linear_(6) with()
7 | 00725763 | 0,1061663 ML(N)_lasso_(6)_with(out) 7 | 00719480 | 01065115 | ML(N) lasso_(6)_with(out)
8 | 00725764 | 0,1063253 ML(N)_elastic_(6)_with(out) 8 | 00719410 | 0,1065931 | ML(N)_linear (6) with(out)
9 | 00725698 | 0,1064635 ML(N)_linear_(6) with(out) 9 | 00719410 | 01065931 | ML(N)_elastic_(6)_with(out)
10 | 0,0700910 | 0,1079702 ML(N)_lasso_(6)_with() 10 | 00689751 | 0,1069002 ML(F)_lasso_(6)_with()
11 | 0,0704953 | 0,1084127 ML(N)_linear_(6)_with() 11 | 0,0678772 | 0,1089263 ML(N)_lasso_(6)_with()
12 | 0,0718939 | 0,1086481 ML(F)_lasso_(6)_with() 12 | 00678147 | 0,1000162 ML(N)_linear (6) with()
13 | 0,0721672 | 0,1090911 ML(F)_linear_(6)_with() 13 | 00678147 | 01090162 ML(N)_elastic_(6)_with()
14 | 00770181 | 0,1097839 ML(F)_elastic_(6)_with(out) 14 | 00768131 | 0,1100809 ML(F)_lasso_(6) with(out)
15 | 0,0772526 | 0,1101724 ML(F)_lasso_(6)_with(out) 15 | 00774658 | 0,1104620 | ML(F)_elastic_(6) with(out)
16 | 0,0755670 | 0,1106276 ARXN(6) without 16 | 00756434 | 0,1108848 ARXN(6) without
17 | 0,0777892 | 0,1109828 ML(F)_linear_(6)_with(out) 17 | 0,0797537 | 0,1139560 ARXF(6) without
18 | 0,0806598 | 0,1130209 ARXF(6) without 18 | 00772103 | 0,1164551 | ML(F)_linear (6) with(out)
19 | 0,0803376 | 0,1171319 ML(N)_elastic_(3)_with(out) 19 | 00712860 | 01198517 ARF(3) with
20 | 00800515 | 0,1171925 ML(N)_lasso_(3)_with(out) 20 | 00712860 | 0,1198517 ARN(3) with
21 | 0,0800515 | 0,1171925 ML(N)_linear_(3)_with(out) 21 | 00757638 | 0,1200731 ARF(3) without
22 | 00780091 | 0,1183755 ML(N)_linear (3) with() 22 | 00757638 | 0,1200731 ARN(3) without
23 | 0,0780091 | 0,1183755 ML(N)_lasso_(3)_with() 23 | 00798734 | 0,1242592 ML(F)_linear_(3)_with()
24 | 0,0803077 | 01185814 ARXN(3) without 24 | 0,0798734 | 0,1242592 ML(F)_elastic_(3) with()
25 | 00726413 | 0,1193046 ML(N)_elastic_(3) with() 25 | 00798734 | 0,1242592 ML(F)_lasso_(3)_with()
26 | 00725760 | 0,1197472 ML(F)_elastic_(3)_with() 26 | 00766902 | 01243212 ML(N)_elastic_(3)_with()
21 | 0,0712860 | 0,1198517 ARF(3) with 27 | 0,0793064 | 0,1267324 ML(N)_linear_(3) with()
28 | 00712860 | 0,1198517 ARN(3) with 28 | 00855710 | 0,1281417 | ML(N)_linear_(3) with(out)
29 | 0,0757638 | 0,1200731 ARF(3) without 29 | 0,0846117 | 0,1282401 ARXN(3) without
30 | 00757638 | 0,1200731 ARN(3) without 30 | 00860184 | 0,1283909 | ML(N)_elastic_(3) with(out)
31 | 00780679 | 01258706 ML(F)_linear_(3) with() 31 | 00898341 | 01329240 | ML(N) lasso_(3) with(out)
32 | 00780679 | 0,1258706 ML(F)_lasso_(3)_with() 32 | 009015114 | 01331817 ML(F)_lasso_(3)_with(out)
33 | 0,0805154 | 0,1265854 ML(F)_lasso_(3)_with(out) 33 | 00915114 | 01331817 | ML(F) elastic_(3) with(out)
34 | 00805154 | 0,1265854 ML(F)_linear_(3) with(out) 34 | 0,0915114 | 0,1331817 | ML(F)_linear (3) with(out)
35 | 0,0810897 | 0,1265879 ML(F)_elastic_(3)_with(out) 35 | 0,0928907 | 0,1351500 ARXF(3) without
36 | 00817777 | 01275672 ARXF(3) without 36 | 0,0880930 | 0,1367952 ML(N)_lasso_(3)_with()
37 | 00849649 | 0,1356357 ML(F)_ridge_(6)_with() 37 | 0,0856345 | 0,1370491 ML(N)_ridge_(6)_with()
38 | 00957028 | 01422805 ML(N)_ridge_(6)_with(out) 38 | 0,0858573 | 0,1371011 ML(F)_ridge_(6)_with()
39 | 0,0002660 | 0,1431240 ML(N)_ridge_(6)_with() 39 | 00977134 | 01533111 ML(F)_ridge_(3)_with()
40 | 0,0086944 | 0,1460818 ML(F)_ridge_(6)_with(out) 40 | 00977774 | 01533592 ML(N)_ridge_(3)_with()
41 | 02009061 | 0,1524261 ML(N)_ridge_(3)_with(out) 41 | 01045735 | 0,1534589 ML(F)_ridge_(6) with(out)
42 | 00977134 | 0,1533111 ML(N)_ridge_(3)_with() 42 | 01031036 | 0,1544648 ML(N)_ridge_(6)_with(out)
43 | 0,0083398 | 0,1537752 ML(F)_ridge_(3)_with() 43 | 01124717 | 0,1677666 ML(F)_ridge_(3)_with(out)
44 | 0,2085627 | 0,1618931 ML(F)_ridge_(3)_with(out) 44 | 01099867 | 0,1679454 ML(N)_ridge_(3)_with(out)
45 | 0,1155037 | 0,1800699 ML(N)_boost_(3) with(out) 45 | 01256099 | 0,1870522 ML(F)_boost_(3) with()
46 | 01187729 | 0,1851163 ML(F)_boost_(3)_with(out) 46 | 01256384 | 0,1871892 ML(F)_boost_(3)_with(out)
47 | 01272385 | 0,1870829 ML(F)_boost_(6)_ with(out) 47 | 01272363 | 0,1884027 ML(F)_boost_(6) with()
48 | 0302511 | 0,1970497 ML(N)_boost_(6)_with(out) 48 | 01348819 | 0,1908419 ML(F)_boost_(6)_with(out)
49 | 01464104 | 0,2131071 ML(F)_boost_(1)_ with(out) 49 | 01259944 | 0,1917389 | ML(N) boost (3) with(out)
50 | 0,1316566 | 0,2171206 ML(F)_forest_(3)_with() 50 | 01300256 | 0,1951441 ML(N)_boost_(3)_with()
51 | 0,1343880 | 0,2231864 ML(N) forest (3) with(out) 51 | 01339064 | 0,2041074 ML(N)_boost_(6) with()
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52

52

52
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01279993 | 02162508 ML(F)_forest_(3)_with() 01324113 | 0,2121669 ML(F) forest (3) with()
53 01444582 |  0,2230377 ML(N)_linear_(1) with(out) 53 | 01320492 | 02246703 | ML(N)_forest (3) with(out)
54 01444582 |  0,2230377 ML(N)_elastic_(1) with(out) 54 | 01361597 | 0,2255904 ML(F)_forest_(6)_with()
55 0,1436789 | 02232174 ML(N) ridge (1) with(out) 55 | 0,1413698 | 0,2278964 | ML(N) lasso_(1) with(out)
56 0,1432794 0,2235322 ML(N)_lasso_(1) with(out) 56 | 0,1443073 | 0,2290812 ML(N)_ridge (1) with(out)
s7 0,1451580 |  0,2236520 ARXN(1) without 57 | 01455619 | 0,2295815 | ML(N) elastic_(1) with(out)
58 0,1394261 | 0,2239526 ML(N) forest_(3) with() 58 | 01457249 | 02297062 | ML(N) linear (1) with(out)
59 0,1413467 | 02253015 ML(F) elastic_(1) with(out) 59 | 01467524 | 02297452 | ML(F) boost (1) with(out)
60 0,1427195 | 0,2262700 ML(F)_linear (1) with(out) 60 | 0,1460075 | 0,2301246 ARXN(1) without
61 0,1369402 |  0,2264904 ML(F)_ridge (1) with(out) 61 | 0,1423476 | 0,2302558 ML(F) lasso_(1) with(out)
62 0,1370811 | 0,2266787 ML(F) lasso_(1) with(out) 62 | 01347826 | 0,2303574 ML(N) boost_(6) with()
63 01431912 | 0,2269438 ARXF(1) without 63 | 0,1358767 | 0,2303859 ARF(1) without
64 01440835 | 0,2272358 ML(N)_linear_(1) with() 64 | 01358767 | 02303859 ARN(1) without
65 0,1440835 | 0,2272358 ML(N) elastic_(1) with() 65 | 01362491 | 02308765 | ML(F) forest (3) with(out)
66 01357878 | 0,2283875 ML(N)_forest_(3) with(out) 66 | 01368640 | 02310523 ML(F)_lasso_(1) with()
67 0,1297771 |  0,2292097 ML(F)_forest_(6) with() 67 | 01332968 | 0,2316837 | ML(N) forest (6) with(out)
68 01360860 | 0,2300889 ML(F)_ridge (1) with() 68 | 01373073 | 02316907 ML(N)_lasso_(1) with()
69 0,1358767 | 0,2303859 ARN(1) without 69 | 0,1448585 | 0,2320424 ML(F) ridge (1) with(out)
70 01358767 |  0,2303859 ARF(1) without 70 | 01451051 | 02323454 | ML(F)_elastic_(1) with(out)
n 01359770 | 0,2303944 ML(F)_elastic_(1) with() 71 | 01378622 | 02323587 | ML(F)_forest (6) with(out)
2 01364909 | 0,2305594 ML(F)_lasso_(1) with() 72 | 01377218 | 02323847 ML(N)_elastic_(1) with()
3 01348087 | 0,2314636 ML(N)_forest_(6) with(out) 73 | 01378247 | 02324762 ML(N) ridge_(1) with()
i 0,1375650 |  0,2320640 ML(N)_lasso_(1) with() 74 | 01378247 | 0,2324762 ML(F) ridge_(1) with()
s 01430611 | 0,2324556 ML(F)_linear_(1) with() 75 | 01452112 | 02324950 | ML(F)_linear (1) with(out)
76 01378247 | 0,2324762 ML(N)_ridge_(1)_with() 76 | 01379267 | 02326351 ML(F)_elastic_(1) with()
m 01381476 | 0,2320841 ARN(1) with 77 | 01381476 | 02329841 ARF(1) with
8 01381476 | 0,2320841 ARF(1) with 78 | 01381476 | 02329841 ARN(L) with
n 01328476 | 02337145 ML(F)_forest_(3) with(out) 79 | 01453986 | 0,2330563 ARXF(1) without
80 0,1500010 | 0,2375372 ML(F) forest (1) with() 80 | 01460170 | 0,2345305 ML(N)_linear_(1) with()
81 01344292 |  0,2380665 ML(F)_forest_(6) with(out) 81 | 0,1397234 | 0,2360607 ML(N)_forest_(3)_with()
82 01550819 | 0,2385443 ML(F)_boost_(6) with(out) 82 | 01394925 | 0,2369655 ML(N)_boost_(3) with()
83 01446818 | 0,2451454 ML(N) forest_(6) with() 83 | 0,1484096 | 0,2384275 | ML(N) boost (1) with(out)
84 0,1563565 | 0,2494673 ML(F) forest (1) with(out) 84 | 0,1558868 | 0,2388601 ML(F) forest (1) with()
85 01582642 | 02508043 ML(N) forest_(1) with() 85 | 01496012 | 02417975 ML(F)_linear_(1) with()
86 0,1586906 | 0,2528870 ML(N) forest (1) with(out) 86 | 01671132 | 0,2432847 | ML(N) forest (1) with(out)
87 0,1653528 | 0,2613822 ML(N)_boost_(1) with(out) 87 | 0,1415029 | 0,2435399 ML(N) forest_(6) with()
88 01780914 | 0,2769000 ML(N)_boost_(1) with() 88 | 01637170 | 02476795 | ML(F)_forest (1) with(out)
89 0,2306344 | 0,2822930 ARXF(1) with 89 | 0,1659679 | 0,2597966 ML(N) boost (1) with()
90 0,1956478 | 0,2016382 ML(F)_boost_(1) with() 90 | 0,1688679 | 0,2609959 ML(N) forest (1) with()
91 02507721 | 0,3021195 ARXN(L) with 91 | 0,2154088 | 0,2715914 ARXF(L) with
92 02197133 | 0,3457578 ML(F)_boost_(1) with(out) 92 | 0,2658796 | 0,3142388 ARXN(1) with
93 0,4349076 | 0,4882395 ARXN(3) with 93 | 04656579 | 05174317 ARXN(3) with
94 0,4938061 | 05482906 ARXF(3) with 94 | 04915227 | 0,5455303 ARXF(3) with
9% 0,4812675 | 05486863 ARXN(6) with 95 | 05122442 | 05777158 ARXN(6) with
96 0,5363939 | 0,6074102 ARXF(6) with 9% | 05407767 | 0,6088765 ARXF(6) with

01308377 | 0,2237436 ML(F)_forest_(3)_with(out) 01456791 | 0,2052942 | ML(F)_boost_(1)_with(out)
53 | 01420217 | 0,2238920 ML(N)_elastic_(1) with(out) 53 | 01491253 | 02170123 | ML(N) boost_(6) with(out)
54 | 01456318 | 0,2241672 ML(N) boost_(1) with(out) 54 | 01306444 | 02210387 | ML(N)_forest (3) with(out)
55 | 01422500 | 0,2245394 ML(N) lasso_(1) with(out) 55 | 01483927 | 0,2238496 ML(F) boost (1) with()
56 | 01435114 | 02246593 ML(N)_ridge_(1) with(out) 56 | 01388000 | 0,2244516 ML(F)_forest_(3) with()
57 | 01445228 | 0,2248035 ML(N) linear (1) with(out) 57 | 01341358 | 0,2252369 | ML(F) forest (3) with(out)
58 | 01454277 | 0,2252447 ARXN(1) without 58 | 01395400 | 0,2293677 | ML(N) forest (6) with(out)
59 | 01312976 | 0,2261243 ML(N) boost_(6) with() 59 | 01358767 | 0,2303859 ARF(1) without
60 | 01369520 | 0,2262145 ML(N) boost_(3) with() 60 | 01358767 | 0,2303859 ARN(L) without
61 | 01336195 | 0,2275898 ML(F) forest_(6) with(out) 61 | 01370363 | 0,2306977 ML(F) forest_(6) with()
62 | 01350504 | 0,2303767 ML(N) elastic_(1) with() 62 | 01373073 | 0,2316907 ML(N)_lasso_(1) with()
63 | 01316988 | 0,2303779 ML(F) boost_(6) with() 63 | 01373073 | 0,2316907 ML(F) lasso_(1) with()
64 | 01358767 | 02303859 ARF(1) without 64 | 01378247 | 0,2324762 ML(N)_ridge (1) with()
65 | 01358767 | 0,2303859 ARN(1) without 65 | 01378247 | 02324762 ML(F) ridge (1) with()
66 | 01452619 | 02305812 ML(F)_elastic_(1) with(out) 66 | 01381476 | 0,2329841 ARF(1) with
67 | 01454068 | 0,2307482 ML(F)_linear_(1) with(out) 67 | 01381476 | 0,2329841 ARN(L) with
68 | 01451897 | 02308871 ML(F)_ridge (1) with(out) 68 | 01381906 | 0,2341854 ML(N)_elastic_(1) with()
69 | 01451779 | 0,2309194 ML(F) lasso_(1) with(out) 69 | 01381501 | 0,2355511 ML(F)_elastic_(1) with()
70 | 01454332 | 02310680 ARXF(L) without 70 | 01374109 | 0,2355902 | ML(F)_forest_(6)_with(out)
71 | 01435781 | 02319967 ML(N) linear_(1) with() 71 | 01456986 | 0,2361079 ML(N) forest_(3) with()
72 | 01375650 | 0,2320640 ML(N)_lasso_(1)_with() 72 | 01389438 | 0,2367465 | ML(F) lasso_(1) with(out)
73 | 01378228 | 02324732 ML(F)_lasso_(1)_with() 73 | 01420103 | 0,2387316 | ML(F) ridge_(1) with(out)
74 | 01378247 | 0,2324762 ML(F)_ridge (1) with() 74 | 01435678 | 0,2398093 | ML(F)_ elastic_(1) with(out)
7S | 01378267 | 02324791 ML(N) ridge_(1) with() 75 | 01437813 | 02399759 | ML(F)_linear (1) with(out)
76 | 01378954 | 02325627 ML(F)_elastic_(1) with() 76 | 01487516 | 0,2401411 | ML(N) lasso_(1) with(out)
77 | 01381476 | 02329841 ARF(1) with 71 | 01444536 | 0,2401441 ML(N) forest_(6) with()
78 | 01381476 | 0,2329841 ARN(L) with 78 | 01449531 | 0,2404474 ARXF(1) without
79 | 01369615 | 0,2335257 ML(F) boost (3) with() 79 | 01540647 | 0,2427948 | ML(N) forest (1) with(out)
80 | 0,1366604 | 02338177 ML(N)_forest_(6) with() 80 | 0,1529087 | 0,2437781 | ML(N) ridge (1) with(out)
81 | 01498742 | 0,2353746 ML(N) forest_(1) with(out) 81 | 01489388 | 0,2444779 ML(N) linear_(1) with()
82 | 01408962 | 0,2356643 ML(N)_forest_(6) with(out) 82 | 01551592 | 0,2453553 ARXN(L) without
83 | 01502614 | 0,2365667 ML(F) forest (1) with() 83 | 01546687 | 0,2453923 | ML(N) elastic (1) with(out)
84 | 01468729 | 02365760 ML(F)_linear_(1) with() 84 | 01548862 | 0,2455910 | ML(N)_linear (1) with(out)
85 | 01356824 | 0,2368036 ML(F) forest (6) with() 85 | 01447866 | 0,2485015 ML(F) linear (1) with()
86 | 01430064 | 02373661 ML(N) forest_(3) with() 86 | 01603598 | 0,2500205 ML(F) forest (1) with()
87 | 01541747 | 0,2381602 ML(F) forest (1) with(out) 87 | 01646500 | 02507100 | ML(F) forest (1) with(out)
88 | 01574214 | 0,2539296 ML(N) forest_(1) with() 88 | 01501563 | 0,2543344 ML(N) forest_(1) with()
89 | 01679716 | 0,2643944 ML(F)_boost_(1)_with() 89 | 01897728 | 02816105 | ML(N)_boost (1) with(out)
90 | 02093401 | 0,2666824 ARXF(1) with 90 | 02476949 | 0,2987175 ARXF(1) with
91 | 01620153 | 0,2681077 ML(N) boost (1) with() 91 | 02062792 | 0,3131555 ML(N) boost (1) with()
92 | 02625896 | 0,3106363 ARXN(1) with 92 | 03130812 | 0,3545393 ARXN(1) with
93 | 04552479 | 0,5059021 ARXN(3) with 93 | 04667775 | 05188056 ARXF(3) with
94 | 04979310 | 0,5508216 ARXF(3) with 94 | 04900521 | 0,5536940 ARXF(6) with
95 | 04987729 | 05643657 ARXN(6) with 95 | 05044536 | 0,5549341 ARXN(3) with
9 | 05416529 | 0,6085186 ARXF(6) with 9% | 05537823 | 0,6175301 ARXN(6) with
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Appendix H3.CPI models

Frequency Index [Basic]

Frequency Index [Full]

Frequency Index [Optimal]

Sentiment Index

MAE RMSE model MAE RMSE model
1 01891502 | 0,2348348 ARF(1) without 1 | 01891502 | 0,2348348 ARF(1) without
2 0,1891502 0,2348348 ARN(1) without 2 | 0,1891502 | 0,2348348 ARN(L) without
3 01898104 | 02349820 ML(N)_elastic_(1)_with() 3 | 04898179 | 0,2350060 ML(F)_elastic_(1) with()
4 0,1898137 | 0,2349906 ML(F)_elastic_(1) with() 4 | 01898152 | 0,2350277 ML(N)_elastic_(1) with()
5 01898065 | 0,2362562 ARF(1) with 5 | 01846556 | 02351549 | ML(N)_lasso_(6)_with(out)
6 0,1898065 | 0,2362562 ARN(1) with 6 | 01898065 | 0,2362562 ARF(1) with
7 0,1905710 | 0,2365035 ML(F)_lasso_(1) with(out) 7 | 01898065 | 0,2362562 ARN(1) with
8 0,1905710 | 0,2365035 ML(F)_lasso_(3)_with(out) 8 | 01916471 | 02363225 ML(N)_lasso_(6)_with()
9 0,1905710 | 0,2365035 ML(F)_lasso_(6) with(out) 9 | 01904832 | 02364326 | ML(N) lasso_(1)_with(out)
10 01949122 | 0,2375483 ML(F)_ridge_(1)_with(out) 10 | 0,1904832 | 0,2364326 | ML(N)_lasso_(3)_with(out)
11 0,1946828 0,2377414 ML(F)_ridge_(3)_with(out) 11 | 01940457 | 02373444 ML(F)_ridge_(1)_with(out)
12 0,1946367 0,2378780 ML(F)_ridge_(6) with(out) 12 | 01940457 | 02373444 ML(F)_ridge_(3)_with(out)
13 0,1934927 0,2386463 ML(F)_lasso_(1)_with() 13 | 01940457 | 02373444 ML(F)_ridge_(6)_with(out)
14 0,1934927 0,2386463 ML(F)_lasso_(3)_with() 14 | 01919889 | 0,2378900 ML(F)_lasso_(1) with(out)
15 0,1934927 0,2386463 ML(F)_lasso_(6)_with() 15 | 01919889 | 0,2378900 ML(F)_lasso_(3)_with(out)
16 0,1942709 0,2396504 ML(F)_ridge_(3)_with() 16 | 01921218 | 02380033 ML(F)_lasso_(6) with(out)
7 0,1942772 0,2396542 ML(F)_ridge_(6)_with() 17 | 01933947 | 0,2384592 ML(N)_lasso_(1)_with()
18 0,1942164 0,2396562 ML(F)_ridge_(1)_with() 18 | 01933947 | 0,2384592 ML(N)_lasso_(3)_with()
19 0,1947682 0,2397629 ML(N)_ridge_(6)_with() 19 | 01938162 | 02389834 ML(N)_ridge_(1)_with()
20 0,1944254 0,2402476 ML(N)_lasso_(1) with(out) 20 | 0,1902665 | 0,2391752 ML(N)_ridge_(6) with(out)
21 0,1944254 0,2402476 ML(N)_lasso_(3)_with(out) 21 | 01944656 | 0,2394526 ML(N)_ridge_(3)_with()
22 01944254 | 02402476 ML(N)_lasso_(6)_with(out) 22 | 01943392 | 0,2394755 ML(N)_ridge_(6)_with()
23 0,1952577 0,2409032 ML(N)_ridge_(1)_with() 23 | 01952577 | 0,2409032 ML(F)_ridge_(1)_with()
24 01952577 |  0,2409032 ML(N)_ridge_(3)_with() 24 | 0952577 | 0,2409032 ML(F)_ridge_(3)_with()
25 0,1982516 0,2437943 ML(N)_lasso_(1)_with() 25 | 01952577 | 0,2409032 ML(F)_ridge_(6)_with()
26 01982516 | 02437943 ML(N)_lasso_(3)_with() 26 | 0,1966098 | 0,2418856 ML(F)_lasso_(1)_with()
2 01982516 | 0,2437943 ML(N)_lasso_(6)_with() 21 | 01966098 | 0,2418856 ML(F)_lasso_(3)_with()
28 01923162 | 02453611 ML(N)_elastic_(3)_with() 28 | 0,1968435 | 0,2421448 ML(F)_lasso_(6)_with()
29 01923239 | 0,2453614 ML(F)_elastic_(3)_with() 29 | 01940826 | 0,2453499 | ML(N)_ridge_(3)_with(out)
30 01941563 | 02469871 ML(F)_elastic_(6)_with() 30 | 0,1923242 | 0,2453900 ML(N)_elastic_(3)_with()
31 01941435 | 0,2469883 ML(N)_elastic_(6)_with() 31 | 01923548 | 0,2453915 ML(F)_elastic_(3)_with()
32 01934791 | 0,2490736 ARF(3) without 32 | 0,1956556 | 0,2483367 ML(F)_elastic_(6)_with()
33 0,1934791 0,2490736 ARN(3) without 33 | 01956179 | 0,2483381 ML(N)_elastic_(6) with()
34 0,1936887 0,2493171 ARF(3) with 34 | 01934791 | 0,2490736 ARF(3) without
35 0,1936887 | 0,2493171 ARN(@3) with 35 | 01934791 | 0,2490736 ARN(3) without
36 0,2044008 0,2504418 ML(N)_ridge_(1)_with(out) 36 | 01936887 | 02493171 ARF(3) with
31 0,2044008 | 0,2504418 ML(N)_ridge_(3)_with(out) 37 | 01936887 | 0,2493171 ARN(3) with
38 02028996 | 0,2539566 ARF(6) with 38 | 01999064 | 0,2529657 | ML(N)_ridge_(1)_with(out)
39 0,2028996 0,2539566 ARN(6) with 39 | 02028996 | 0,2539566 ARF(6) with
40 0,2031357 0,2546284 ARF(6) without 40 | 0,2028996 | 0,2539566 ARN(6) with
41 0,2031357 0,2546284 ARN(6) without 41 | 02031357 | 0,2546284 ARF(6) without
42 0,2275582 0,2650836 ML(F)_linear_(1)_with() 42 | 02031357 | 0,2546284 ARN(6) without
43 0,2171327 0,2704343 ML(N)_ridge_(6) with(out) 43 | 02124742 | 0,2604005 ML(N)_linear (3) with()
44 0,2328373 0,2723139 ML(F)_elastic_(1)_with(out) 44 | 02247103 | 0,2703835 ARXF(1) with
45 0,2325846 0,2728794 ARXF(1) without 45 | 02027971 | 0,2739006 ML(N)_linear (6) with()
46 0,2343741 0,2741318 ML(F)_linear_(1)_with(out) 46 | 02082671 | 0,2789778 ML(N)_linear_(1)_with()
47 0,2221885 0,2760175 ARXF(L) with 47 | 02296948 | 0,2855695 | ML(N) forest (1) with(out)
48 0,2335214 0,2775314 ML(F)_linear_(6)_with() 48 | 0,2348825 | 0,2882371 | ML(N)_elastic_(6) with(out)
49 0,2375579 0,2797878 ML(F)_linear (3) with() 49 | 02301054 | 0,2895937 ML(N) forest (1) with()
50 0,2282585 0,2802854 ARXN(3) with 50 | 0,2325620 | 0,2933693 ML(N)_forest_(3)_with()
51 0,2349184 0,2804511 ML(F)_elastic_(6) with(out) 51 | 02383696 | 0,2936979 | ML(N) linear (6) with(out)

MAE RMSE model MAE RMSE model
1 | 01891502 | 0,2348348 ARF(1) without 1 | 01891502 | 02348348 ARF(1) without
2 | 01891502 | 0,2348348 ARN(L) without 2 | 0891502 | 0,2348348 ARN(1) without
3 | 01898151 | 0,2349810 ML(N)_elastic_(1)_ with( 3 | 01892868 | 0,2350908 | ML(N)_elastic_(1)_with()
4 | 01898065 | 0,2362562 ARF(1) with 4 | 01903251 | 02358214 ML(F)_elastic_(1)_with()
5 | 01898065 | 0,2362562 ARN(1) with 5 | 0,1910185 | 0,2360421 ML(N)_lasso_(6)_with()
6 | 01909220 | 0,2363085 ML(F)_elastic_(1) with() 6 | 0,1898065 | 0,2362562 ARF(1) with
7 | 01907437 | 02366661 | ML(N)_lasso_(1) with(out) 7 | 01898065 | 02362562 ARN(1) with
8 | 01907437 | 02366661 | ML(N)_lasso_(3)_with(out) 8 | 01923704 | 0,2367763 ML(F)_lasso_(6)_with()
9 | 01908301 | 02367509 | ML(N)_lasso_(6) with(out) 9 | 01913913 | 0,2373576 ML(F)_lasso_(1)_with(out)
10 | 01940457 | 02373444 | ML(F)_ridge_(1) with(out) 10 | 01913913 | 0,2373576 ML(F)_lasso_(3)_with(out)
11 | 01940457 | 0,2373444 ML(F)_ridge_(3)_with(out) 11 | 01916286 | 0,2377188 ML(N)_lasso_(1)_with(out)
12 | 01940457 | 0,2373444 ML(F)_ridge_(6) with(out) 12 | 01916286 | 0,2377188 ML(N)_lasso_(3)_with(out)
13 | 01989817 | 0,2374677 ML(N)_ridge_(6)_with(out) 13 | 0,1936244 | 0,2386878 ML(F)_ridge_(1)_with()
14 | 01917230 | 0,2376702 ML(F)_lasso_(1)_with(out) 14 | 01940135 | 0,2393055 ML(N)_ridge_(1)_with()
15 | 01917230 | 0,2376702 ML(F)_lasso_(3)_with(out) 15 | 0,1942704 | 0,2394208 ML(N)_ridge_(3)_with()
16 | 01917230 | 0,2376702 ML(F)_lasso_(6)_with(out) 16 | 0,1944579 | 0,2394451 ML(F)_ridge_(3)_with()
17 | 01932564 | 0,2381685 ML(N)_ridge_(1)_with() 17 | 0,1943392 | 0,2394755 ML(N)_ridge_(6)_with()
18 | 01937569 | 0,2390347 ML(N)_lasso_(1)_with() 18 | 01942772 | 0,2396542 ML(F)_ridge_(6)_with()
19 | 01937569 | 0,2390347 ML(N)_lasso_(3)_with() 19 | 0,1947402 | 0,2399775 ML(N)_lasso_(1)_with()
20 | 0,1939266 | 0,2392360 ML(N)_lasso_(6) with() 20 | 01047402 | 0,2399775 ML(N)_lasso_(3)_with()
21 | 01947462 | 0,2397475 ML(N)_ridge_(6)_with() 21 | 01954413 | 0,2406585 ML(F)_lasso_(1)_with()
22 | 0,1952577 | 0,2409032 ML(F)_ridge_(1)_ with() 22 | 01954413 | 0,2406585 ML(F)_lasso_(3) with()
23 | 01952577 | 0,2409032 ML(F)_ridge_(3)_with() 23 | 01921383 | 0,2451218 ML(N)_elastic_(3) with()
24 | 01952577 | 0,2409032 ML(F)_ridge_(6)_with() 24 | 01930377 | 0,2463249 ML(F)_elastic_(3)_with()
25 | 01961424 | 0,2413810 ML(F)_lasso_(1)_with() 25 | 01936647 | 0,2465369 ML(N)_elastic_(6) with()
26 | 01961424 | 0,2413810 ML(F)_lasso_(3)_with() 26 | 01965039 | 0,2490455 ML(F)_elastic_(6)_with()
27 | 01961424 | 0,2413810 ML(F)_lasso_(6)_with() 27 | 01934791 | 0,2490736 ARF(3) without
28 | 01925649 | 0,2439611 ML(N)_ridge_(3)_with() 28 | 01934791 | 0,2490736 ARN(3) without
29 | 01923320 | 0,2453589 ML(N)_elastic_(3)_with() 29 | 01936887 | 02493171 ARF(3) with
30 | 0,1935077 | 0,2467769 ML(F)_elastic_(3)_with() 30 | 01936887 | 0,2493171 ARN(3) with
31 | 01941559 | 0,2469780 ML(N)_elastic_(6)_with() 31 | 01946043 | 0,2498188 | ML(N)_ridge_(3) with(out)
32 | 0,1956523 | 0,2483251 ML(F)_elastic_(6)_with() 32 | 01936258 | 0,2501179 | ML(N)_ridge (1) with(out)
33 | 01934791 | 0,2490736 ARF(3) without 33 | 0,1946511 | 0,2502605 ML(N)_ridge_(6)_with(out)
34 | 01934791 | 0,2490736 ARN(@3) without 34 | 01967407 | 02508911 | ML(N)_lasso_(6)_with(out)
35 | 0,1936887 | 0,2493171 ARF(3) with 35 | 01980991 | 0,2536174 ML(F)_lasso_(6)_with(out)
36 | 01936887 | 0,2493171 ARN(3) with 36 | 02028996 | 0,2539566 ARF(6) with
37 | 0,2028996 | 0,2539566 ARF(6) with 37 | 02028996 | 0,2539566 ARN(6) with
38 | 02028996 | 0,2539566 ARN(6) with 38 | 02031357 | 02546284 ARF(6) without
39 | 02031357 | 0,2546284 ARF(6) without 39 | 02031357 | 0,2546284 ARN(6) without
40 | 02031357 | 0,2546284 ARN(6) without 40 | 0,2037438 | 0,2596033 ML(F)_ridge_(6)_with(out)
41 | 02202431 | 02569118 ML(N)_linear (1) with() 41 | 02044841 | 0,2727839 ARXF(1) with
42 | 02222192 | 0,2585630 ML(N)_ridge_(1)_with(out) 42 | 02224885 | 0,2832059 ML(F)_ridge_(3)_with(out)
43 | 02299377 | 02677190 ML(N)_ridge_(3)_ with(out) 43 | 02410774 | 0,2908876 ARXN(1) with
44 | 0,2344954 | 0,2679936 ARXN(L) without 44 | 0,2355289 | 0,2972742 ML(F)_ridge_(1)_with(out)
45 | 02321651 | 0,2699021 ML(N)_linear (3) with() 45 | 02448362 | 0,3017053 ML(N)_boost () with()
46 | 02331682 | 0,2735021 ML(N)_linear_(6)_with() 46 | 0,2289575 | 0,3072650 ML(N)_linear_(1)_with()
47 | 02410440 | 02763432 | ML(N) elastic (1) with(out) 47 | 0,2630757 | 0,3072687 ARXF(3) with
48 | 02418381 | 02772778 | ML(N)_linear (1) with(out) 48 | 0,2623059 | 0,3123181 ARXF(6) with
49 | 02246311 | 02774719 ML(F)_linear_(1) with() 49 | 02510818 | 0,3166992 ML(N)_linear (3) with()
50 | 0,2416609 | 0,2801585 ARXN(3) without 50 | 0,2610597 | 0,3172771 ML(F)_linear_(1)_ with()
51 | 0,2358500 | 0,2801897 | ML(N) elastic_(6) with(out) 51 | 02613861 | 0,3195628 ML(N) forest (3) with()
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0,2396195 |  0,2859070 ML(F)_elastic_(3) with(out) 0,2394340 | 0,2995681 | ML(N)_forest_(3)_with(out)
53 02371379 | 0,2865720 ML(N)_boost_(3)_ with(out) 53 | 02461782 | 0,3014338 | ML(N)_linear (3) with(out)
54 0,2371379 | 0,2865720 ML(N)_boost_(6) with(out) 54 | 0,2461385 | 0,3014558 ARXN(3) without
55 0,2388382 | 0,2867699 ML(F)_linear_(6) with(out) 55 | 0,2402516 | 0,3038361 ML(N) forest_(6) with()
56 0,2373254 | 0,2868414 ML(N)_boost_(3)_with() 56 | 0,2479719 | 03043042 | ML(N)_elastic_(3) with(out)
s7 0,2388904 | 0,2872208 ML(N) boost_(6) with() 57 | 0,2558228 | 0,3087164 ML(F) linear_(1) with()
58 0,2401706 | 0,2001222 ML(N) boost (1) with(out) 58 | 0,2468659 | 0,3102964 ARXN(6) without
59 0,2376052 |  0,2005283 ML(N) linear_(1) with() 59 | 0,2450015 | 0,3103465 | ML(N) forest (6) with(out)
60 02327901 | 0,2911635 ML(N) forest (1) with() 60 | 02602177 | 0,3171343 ARXF(6) with
61 0,2435743 | 0,2928179 ML(F)_linear_(3) with(out) 61 | 02601611 | 0,3185221 ARXF(3) with
62 02412182 | 0,2931009 ML(N) boost (1) with() 62 | 02529333 | 0,3212987 ML(N) boost_(6) with()
63 0,2246150 |  0,2934365 ML(N) linear_(3) with() 63 | 0,2587788 | 0,3227602 | ML(N) boost (6) with(out)
64 02408094 | 0,2936223 ARXN(6) with 64 | 02759555 | 0,3300336 ML(F)_linear_(3) with()
65 0,2501862 | 0,2939116 ARXF(3) with 65 | 0,2763645 | 0,3329021 ML(F) linear_(6) with()
66 02462156 |  0,2943541 ARXF(3) without 66 | 02698867 | 0,3336439 ML(F)_forest_(1) with()
67 0,2301502 |  0,2975559 ML(N) linear_(6) with() 67 | 0,2763259 | 0,3417423 ML(F) forest (3) with()
68 02322451 | 0,3050863 ML(N)_elastic_(3) with(out) 68 | 02734450 | 0,3418141 ARXN(L) with
69 0,2286860 | 0,3052133 ML(N) elastic_(6) with(out) 69 | 0,2729216 | 0,3427386 ARXN(1) without
70 02401935 | 0,3071718 ML(N)_forest_(6)_with() 70 | 02832266 | 0,3440156 ML(F)_boost_(3)_with()
n 0,2338202 |  0,3084314 ML(N)_linear (3) with(out) 71 | 02764822 | 03442965 | ML(N) elastic_(1) with(out)
2 02441778 |  0,3085272 ML(N)_forest_(3)_with() 72 | 02792467 | 0,3476989 | ML(N)_linear (1) with(out)
3 02349224 | 0,3119672 ML(N)_linear_(6) with(out) 73 | 02807071 | 0,3482160 ML(F) forest_(6) with()
i 0,2476064 | 0,3137886 ML(N)_elastic_(1) with(out) 74 | 0,2868386 | 0,3508853 | ML(F) boost_(3) with(out)
s 02432394 | 0,3146710 ML(N)_forest_(1) with(out) 75 | 02909490 | 0,3582688 | ML(F)_forest (6) with(out)
76 02558371 |  0,3151010 ML(F)_forest_(3) with() 76 | 02991165 | 0,3620358 | ML(F)_forest_(3)_with(out)
77 0,2650370 |  0,3161290 ARXF(6) without 77 | 0,2059294 | 03645125 ML(F)_boost_(6)_with()
8 02498022 | 0,3170774 ML(N)_linear_(1) with(out) 78 | 03020208 | 0,3655518 | ML(F) boost_(6) with(out)
n 0,2626081 | 0,3184647 ML(F)_forest_(6)_with() 7 | 0,3032029 | 03683745 | ML(F)_forest (1) with(out)
80 0,2564037 | 0,3222465 ML(N)_forest_(6) with(out) 80 | 0,3095629 | 0,3723467 ML(F)_boost_(1) with()
81 0,2664990 | 03225115 ARXF(6) with 81 | 03030735 | 0,3801481 | ML(N)_boost_(3)_with(out)
82 02532216 | 0,3265557 ML(N)_forest_(3) with(out) 82 | 03032738 | 0,3804422 | ML(N) boost (1) with(out)
83 0,2558415 |  0,3309869 ARXN(3) without 83 | 03076493 | 0,3846714 ARXN(3) with
84 0,2654204 | 0,3327086 ML(F) forest (1) with() 84 | 0,3123563 | 0,3874441 ML(N) boost_(3) with()
85 0,2599650 | 0,3343079 ARXN(6) without 85 | 0,3165394 | 0,3908594 ML(N) boost (1) with()
86 0,2776195 |  0,3345903 ML(F)_boost_(6) with() 86 | 0,3383158 | 0,4055037 | ML(F) boost (1) with(out)
87 0,2698229 | 0,3350231 ML(F) hoost_(1) with() 87 | 03204461 | 04074036 | ML(F)_elastic_(1) with(out)
88 02652842 |  0,3355257 ARXN(L) without 88 | 03285601 | 0,4082884 ARXF(1) without
89 0,2786392 | 0,3453729 ML(F) forest (3) with(out) 89 | 03380900 | 04194616 | ML(F) linear (1) with(out)
90 0,2885456 |  0,3653998 ML(F)_boost_(6) with(out) 90 | 03507161 | 04401415 | ML(F) elastic_(6) with(out)
91 0,2031072 | 0,3663387 ML(F) forest (1) with(out) 91 | 0,3650208 | 04474122 | ML(F)_ elastic_(3) with(out)
92 0,2049881 |  0,3672040 ML(F) forest (6) with(out) 92 | 03772878 | 04575286 | ML(F) linear (6) with(out)
93 0,3153515 | 0,3723706 ARXN(L) with 93 | 0,3730646 | 04603945 ARXF(3) without
94 0,3070178 | 0,3730202 ML(F)_boost_(3) with() 94 | 03788895 | 04642662 | ML(F) linear (3) with(out)
9% 0,3031030 | 0,3859534 ML(F)_boost_(1) with(out) 95 | 0,3878374 | 04656798 ARXF(6) without
96 0,3292090 | 0,4034857 ML(F)_boost_(3) with(out) 9 | 04628649 | 05414038 ARXN(6) with

0,2407791 | 0,2802591 | ML(N)_elastic_(3)_with(out) 02733328 | 0,3208962 ARXN(6) with
53 | 02345833 | 02830923 ARXF(1) with 53 | 0,2609207 | 0,3210336 ML(F)_linear_(6) with()
54 | 02459140 | 02857787 | ML(N) linear (3) with(out) 54 | 02645874 | 03217811 | ML(N) boost (6) with(out)
55 | 0,2406645 | 0,2898786 | ML(N) linear (6) with(out) 55 | 02569747 | 0,3223477 ML(N) linear_(6) with()
56 | 0,2394133 | 0,2033175 ARXN(L) with 56 | 02520525 | 0,3225567 ML(N) forest_(1) with()
57 | 0,2402222 | 0,2977817 ARXF(L) without 57 | 02684184 | 0,3271604 ML(F) boost (1) with()
58 | 0,2413807 | 0,3037598 ML(N) forest (1) with() 58 | 02689519 | 0,3287018 ML(F) boost_(3) with()
59 | 0,2451429 | 0,3046145 ML(F)_linear_(3) with() 59 | 02708704 | 0,3324736 ML(F) boost_(6) with()
60 | 02444254 | 03048049 | ML(F) elastic (1) with(out) 60 | 02803283 | 0,3346442 ARXN(3) with
61 | 0,2470177 | 0,3063359 ML(N) forest_(3) with() 61 | 02696901 | 0,3351827 | ML(N) forest (6) with(out)
62 | 02491843 | 0,3077632 ML(F)_linear (6) with() 62 | 02663684 | 0,3383229 ML(F) linear_(3) with()
63 | 02473417 | 0,3083437 | ML(F) linear (1) with(out) 63 | 02695740 | 0,3388829 | ML(N) forest (3) with(out)
64 | 02502646 | 03122293 ML(N)_forest_(6) with() 64 | 02701244 | 03401183 ML(N)_forest_(6) with()
65 | 02611500 | 0,3143965 | ML(F) boost (6) with(out) 65 | 02820575 | 0,3444097 ML(F) forest (3) with()
66 | 02440464 | 0,3156660 ML(F) forest_(1) with() 66 | 02633506 | 0,3477660 ML(F)_forest_(1) with()
67 | 0,2633301 | 0,3159648 ML(F) boost (1) with() 67 | 02728862 | 0,3492413 ARXN(1) without
68 | 02626064 | 03167992 | ML(F) boost (1) with(out) 68 | 02754464 | 03539413 | ML(N) elastic (1) with(out)
69 | 02645881 | 0,3178194 | ML(F) boost (3) with(out) 69 | 02756728 | 0,3555095 ML(F) forest (6) with()
70 | 02659707 | 0,3193576 ML(F)_boost_(3) with() 70 | 0,2000202 | 03556434 | ML(N)_elastic_(3) with(out)
71 | 02491573 | 03194834 | ML(N) forest (1) with(out) 71 | 02772883 | 03561376 | ML(F) forest (6) with(out)
72 | 02683823 | 0,3199088 ARXN(3) with 72 | 0,2936957 | 0,3568659 | ML(F)_boost (1) with(out)
73 | 02588501 | 03206154 | ML(N) forest (6) with(out) 73 | 0,2845899 | 03501103 | ML(N) forest (1) with(out)
74 | 0,2669841 | 0,3228557 ML(F)_boost_(6)_with() 74 | 02837740 | 0,3596649 ML(N) boost_(3) with()
75 | 02624520 | 0,3252083 ML(N) boost_(6) with() 75 | 02940157 | 03601436 ARXN(3) without
76 | 02625481 | 03273495 | ML(N)_forest (3) with(out) 76 | 0,2044716 | 03609151 | ML(F) forest (3) with(out)
77 | 0,2519687 | 0,3274656 ML(F) forest (6) with() 77 | 02818341 | 0,3612390 | ML(N) linear (1) with(out)
78 | 02823465 | 0,3290697 ARXF(6) with 78 | 0,2899540 | 0,3621831 | ML(F)_elastic_(6) with(out)
79 | 02622675 | 0,3200724 ML(N)_boost_(1)_with() 79 | 0,3006718 | 0,3633838 | ML(F)_boost (6) with(out)
80 | 02637266 | 0,3330956 | ML(F) elastic_(3) with(out) 80 | 03003709 | 0,3656940 | ML(N) linear (3) with(out)
81 | 0,2686448 | 0,3345004 | ML(F)_elastic_(6) with(out) 81 | 02968357 | 0,3668013 | ML(N)_elastic_(6)_with(out)
82 | 02656218 | 0,3356002 ML(N)_boost_(3) with() 82 | 03023665 | 03688885 | ML(F) boost (3) with(out)
83 | 0,2844417 | 0,3398929 ARXF(3) with 83 | 02090455 | 0,3722968 | ML(F) linear (6) with(out)
84 | 02693114 | 0,3407198 ARXF(3) without 84 | 0,3044995 | 0,3761899 ARXF(6) without
85 | 0,2761555 | 0,3408077 ARXF(6) without 85 | 03140006 | 0,3787279 ARXF(1) without
86 | 02718249 | 03425649 | ML(F)_linear (3) with(out) 86 | 0,2065501 | 0,3798982 | ML(F) forest (1) with(out)
87 | 02647490 | 0,3433859 | ML(F) forest (1) with(out) 87 | 03133006 | 0,3801252 | ML(F) elastic (1) with(out)
88 | 02589242 | 03444622 ML(F)_forest_(3) with() 88 | 0,3087215 | 0,3815843 | ML(N)_linear (6) with(out)
89 | 02755809 | 0,3459336 | ML(N) boost (6) with(out) 89 | 03169500 | 0,3841860 | ML(F) linear (1) with(out)
90 | 02794242 | 0,3463243 | ML(F) linear (6) with(out) 90 | 03023208 | 0,3859924 ML(N) boost_(1) with()
91 | 02785283 | 0,3491480 | ML(F) forest (6) with(out) 91 | 02895280 | 0,3896717 | ML(N) boost (1) with(out)
92 | 02782144 | 03501902 | ML(N) boost (1) with(out) 92 | 03236142 | 0,3903171 ARXN(6) without
93 | 02762727 | 0,3538389 | ML(N) boost (3) with(out) 93 | 03018779 | 0,3910608 | ML(N) boost (3) with(out)
94 | 0,2974420 | 0,3627323 ARXN(6) without 94 | 03115958 | 0,3938580 | ML(F) elastic_(3) with(out)
95 | 0,2868456 | 0,3718469 | ML(F) forest (3) with(out) 9 | 03153818 | 0,3976573 ARXF(3) without
9 | 03185174 | 0,3878411 ARXN(6) with 96 | 03211444 | 04060471 | ML(F) linear (3) with(out)
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Appendix H4. EX models

Frequency Index [Basic]

Frequency Index [Full]

Frequency Index [Optimal]

Sentiment Index

MAE RMSE model MAE RMSE model
1 1,132427 1,409377 ML(F)_boost_(3) with() 1 | 1167817 | 1450216 ML(N)_lasso_(6)_with()
2 1,127618 1,419056 ML(F)_boost_(6) with() 2 | 1,167434 | 1450494 ML(F)_lasso_(6)_with()
3 1,107894 1,420990 ML(F)_boost_(1)_with(out) 3 | 1,172009 | 1452545 ML(F)_lasso_(3)_with()
4 1,124517 1,425513 ML(F)_boost_(1) with() 4 | 1172059 | 1452562 ML(N)_lasso_(3)_with()
5 1,201777 1,435941 ML(F)_forest_(3)_with() 5 | 1173475 | 1453352 ML(F)_lasso_(6)_with(out)
6 1,199803 1,439757 ML(F)_forest_(6)_with() 6 | 1,175679 | 1457067 | ML(N)_lasso_(6)_with(out)
7 1,194405 1,439928 ML(F)_forest_(3)_with(out) 7 | 1176587 | 1458721 ML(F)_lasso_(3)_with(out)
8 1,170353 1,444595 ML(F)_boost_(3)_with(out) 8 | 1176912 | 1459328 | ML(N)_lasso_(3) with(out)
9 1,196304 1,446442 ML(F)_linear_(3) with() 9 | 1,179842 | 1460396 ML(N)_ridge_(6)_with()
10 1,176439 1,447547 ML(F)_boost_(6)_with(out) 10 | 1183731 | 1,463047 ML(N)_ridge_(3)_with()
11 1,167845 1,450207 ML(F)_lasso_(6)_with() 11 ] 1188694 | 1,467924 ML(N)_ridge_(6)_with(out)
12 1,168287 1,450318 ML(N)_lasso_(6) with() 12 | 1188800 | 1,468302 ML(N)_ridge_(3)_with(out)
13 1,224480 1,451118 ML(F)_elastic_(3)_with(out) 13 | 1186569 | 1,479160 ML(F)_lasso_(1)_with()
14 1,184407 1,452495 ML(F)_ridge_(6) with(out) 14 | 1186569 | 1,479160 ML(N)_lasso_(1)_with(out)
15 1,171973 1,452535 ML(F)_lasso_(3)_with() 15 | 1186569 | 1,479160 ML(F)_lasso_(1)_with(out)
16 1,216030 1,452684 ML(F)_forest_(1)_with() 16 | 1201606 | 1,479238 ML(F)_ridge_(1) with(out)
7 1,227103 1,452776 ML(F)_linear_(3)_with(out) 17 | 1197083 | 1,480485 ML(F)_ridge_(3)_with()
18 1,172812 1,453143 ML(N)_lasso_(3)_with() 18 | 1189336 | 1,481561 ML(N)_lasso_(1)_with()
19 1,179487 1,453204 ML(F)_forest_(6)_with(out) 19 | 1212714 | 1484391 ML(F)_elastic_(3)_with()
20 1,175809 1,457299 ML(F)_lasso_(6)_with(out) 20 | 1212871 | 1,484689 ML(N)_elastic_(3) with()
21 1,193172 1,458218 ML(F)_ridge_(3)_with(out) 21 | 1176924 | 1,487958 ARXF(1) with
22 1,176328 1,458241 ML(F)_lasso_(3) with(out) 22 | 1212571 | 1,488480 ARF(3) without
23 1,177430 1,460320 ML(N)_lasso_(6)_with(out) 23 | 1212571 | 1,488480 ARN(3) without
24 1,179842 1,460395 ML(N)_ridge_(6)_with() 24 | 1207062 | 1,488503 ML(F)_ridge_(6)_with()
25 1,184777 1,464437 ML(N)_ridge_(3)_with() 25 | 1202610 | 1,489304 ML(N)_ridge_(1)_with(out)
26 1,180024 1,465625 ML(N)_lasso_(3)_with(out) 26 | 1201695 | 1,490782 ML(N)_ridge_(1)_with()
21 1,188694 1,467924 ML(N)_ridge_(6)_with(out) 27 | 1,232083 | 1495558 | ML(F)_ridge_(3)_with(out)
28 1,177218 1,468823 ML(F)_ridge_(6)_with() 28 | 1200616 | 1,499860 ML(F)_ridge_(1)_with()
29 1,186012 1,469993 ML(F)_ridge_(3)_with() 29 | 1244430 | 1,500720 | ML(F)_ridge_(6) with(out)
30 1,195440 1,477558 ML(N)_ridge_(3)_with(out) 30 | 1232061 | 1,502988 ARF(3) with
31 1,186569 1,479160 ML(N)_lasso_(1) with(out) 31 | 1232061 | 1502988 ARN(3) with
32 1,189510 1,481278 ML(N)_lasso_(1)_with() 32 | 1209037 | 1,503346 ML(F)_boost_(6)_with()
33 1,196035 1,481569 ML(F)_ridge_(1) with(out) 33 | 1220935 | 15504005 | ML(N)_boost_(3)_with(out)
34 1,246728 1,483125 ARXF(3) without 34 | 1242179 | 1,509228 ARXN(@3) with
35 1,212922 1,484695 ML(N)_elastic_(3)_with() 35 | 1240438 | 1511436 ML(F)_elastic_(6)_with()
36 1,212571 1,488480 ARF(3) without 36 | 1240496 | 1,511734 ML(N)_elastic_(6)_with()
37 1,212571 1,488480 ARN(3) without 37 | 1207065 | 1523360 | ML(N) boost (6) with(out)
38 1,202610 1,489304 ML(N)_ridge_(1)_with(out) 38 | 1214916 | 1,523693 ML(N)_boost_(1)_with()
39 1,201695 1,490782 ML(N)_ridge_(1) with() 39 | 1232820 | 1525497 ARXF(3) with
40 1,225520 1,494650 ML(F)_elastic_(3)_with() 40 | 1218241 | 1526211 ARXN(1) with
41 1,209616 1,499860 ML(F)_ridge_(1)_with() 41 | 1265023 | 15527250 ARF(6) without
42 1,221019 1,500921 ML(F)_lasso_(1)_with(out) 42 | 1265023 | 1527250 ARN(6) without
43 1,232061 1,502988 ARF(3) with 43 | 1248260 | 1527287 ARF(6) with
44 1,232061 1,502988 ARN(3) with 44 | 1248260 | 1527287 ARN(6) with
45 1,202562 1,504703 ML(F)_lasso_(1)_with() 45 | 1952552 | 1527369 ML(F)_boost_(6)_with(out)
46 1,233326 1,506211 ARXN(3) with 46 | 1223353 | 1527857 ML(N)_forest_(1)_with()
47 1,250133 1,507134 ARXF(3) with 47 | 1243161 | 1,530010 ML(N)_boost_(3) with()
48 1,240559 1,511749 ML(N)_elastic_(6)_with() 48 | 1239849 | 1531712 ARXN(6) with
49 1,217081 1,516494 ML(F)_linear_(6)_ with() 49 | 1253039 | 1,534090 ML(F)_boost_(1) with()
50 1,235652 1,520107 ML(F)_linear_(1)_with() 50 | 1256289 | 1,543284 ARXF(6) with
51 1,249239 1,521939 ML(F)_elastic_(6)_with() 51 | 1239952 | 1,548442 ML(N)_boost () with()

MAE RMSE model MAE RMSE model
1 1167817 | 1450216 ML(F)_lasso_(6)_with() 1 | 1149102 | 1447485 | ML(N) boost_(6) with(out)
2 1,167390 |  1,450477 ML(N)_lasso_(6)_with() 2 | 1,068075 | 1450251 ML(F)_lasso_(6)_with()
3 1182570 | 1451362 ML(F)_boost_(6) with() 3 | 1172144 | 1,452618 ML(F)_lasso_(3) with()
4 1186524 | 1452207 |  ML(F)_ridge_(6)_with(out) 4 | 1173853 | 1,456294 ML(N)_lasso_(6)_with()
5 1172144 | 1452618 ML(F)_lasso_(3)_with() 5 | 1176111 | 1,457947 ML(N)_lasso_(3)_with()
6 1171881 | 1452677 ML(N)_lasso_(3)_with() 6 | 1176587 | 1458721 ML(F)_lasso_(6)_with(out)
7 1173345 | 1453147 | ML(N)_lasso_(6)_with(out) 7 | 1177236 | 1459945 ML(F)_lasso_(3)_with(out)
8 1175031 | 1455931 | ML(N)_lasso_(3)_with(out) 8 | 1,179842 | 1,460396 ML(F)_ridge_(6)_with()
9 1175679 |  1,457067 ML(F)_lasso_(6)_with(out) 9 | 1143583 | 1,460410 | ML(N) boost_(3) with(out)
10 | 1175893 | 1,458392 | ML(N)_ridge_(6) with(out) 10 | 1121626 | 1,461950 | ML(N)_ridge_(6) with(out)
11 1,177236 1,459945 ML(F)_lasso_(3)_with(out) 11 | 1183731 | 1463047 ML(F)_ridge_(3)_with()
12 1,178303 1,460825 ML(N)_ridge_(6)_with() 12 | 1121486 | 1,466509 ML(N)_ridge_(3)_with(out)
13 1,185590 1,461644 ML(F)_ridge_(3)_with(out) 13 | 1188694 | 1467924 ML(F)_ridge_(6)_with(out)
14 1,183731 1,463047 ML(N)_ridge_(3)_with() 14 | 1188800 | 1,468302 ML(F)_ridge_(3)_with(out)
15 1,183247 1,463739 ML(F)_ridge_(3)_with() 15 | 1174341 | 1,470901 ML(F)_boost_(1)_with()
16 1,178195 1,464443 ML(F)_ridge_(6)_with() 16 | 1192667 | 1,476862 ML(N)_ridge_(3)_with()
7 1,188784 1,468298 ML(N)_ridge_(3)_with(out) 17 | 1149571 | 1477925 | ML(N)_forest_(6)_with(out)
18 1,225179 1,478975 ML(F)_boost_(1)_with() 18 | 1104620 | 1,478271 ML(N)_ridge_(6) with()
19 1,186493 1,479139 ML(F)_lasso_(1)_with() 19 | 1186569 | 1,479160 ML(N)_lasso_(1)_with(out)
20 1,186569 1,479160 ML(N)_lasso_(1) with(out) 20 | 1186569 | 1,479160 ML(F)_lasso_(1)_with(out)
21 1,186569 1,479160 ML(F)_lasso_(1)_with(out) 21 | 1186569 | 1,479160 ML(N)_lasso_(3)_with(out)
22 1,189716 1,481035 ML(N)_lasso_(1) with() 22 | 1186569 | 1,479160 ML(N)_lasso_(6)_ with(out)
23 1,230629 1,481087 ML(F)_boost_(6)_with(out) 23 | 1176128 | 1,479907 | ML(N) forest (3) with(out)
24 | 1,057016 | 1,482269 | ML(F)_forest (6) with(out) 24 | 1188529 | 1480799 ML(N)_lasso_(1)_with()
25 1,212779 1,484455 ML(F)_elastic_(3)_with() 25 | 1189510 | 1481278 ML(F)_lasso_(1)_with()
26 | 1212043 | 1484721 ML(N)_elastic_(3)_with() 26 | 1210804 | 1,482889 ML(F)_elastic_(3)_with()
27 1,212571 1,488480 ARF(3) without 27 | 1207351 | 1,483138 ML(N)_elastic_(3)_with()
28 | 1212571 | 1488480 ARN(3) without 28 | 1212571 | 1,488480 ARF(3) without
29 1,202610 1,489304 ML(N)_ridge_(1)_with(out) 29 | 1212571 | 1,488480 ARN(3) without
30 | 1202610 | 1489304 ML(F)_ridge_(1)_with(out) 30 | 1202610 | 1,489304 | ML(N)_ridge (1) with(out)
31 | 10203424 | 1492148 ML(N)_ridge_(1)_with() 31 | 1202610 | 1489304 | ML(F)_ridge (1) with(out)
32 | 1203424 | 1492148 ML(F)_ridge_(1)_with() 32 | 1201695 | 1,490782 ML(N)_ridge_(1)_with()
33 | 1171856 | 1,502802 | ML(N)_boost (1) with(out) 33 | 1201695 | 1490782 ML(F)_ridge_(1)_with()
34 1,232061 1,502988 ARF(3) with 34 | 1165489 | 1,497839 ML(F)_boost_(6)_with(out)
35 1,232061 1,502988 ARN(3) with 35 | 1107037 | 1,502365 ML(N)_boost_(1)_with()
36 1,255531 1,504768 ML(F)_forest_(1)_with() 36 | 1232061 | 1,502988 ARF(3) with
37 | 1237768 | 1,506056 ML(F)_linear_(3)_with() 37 | 1232061 | 15502988 ARN(3) with
38 | 1240547 | 1511761 ML(N)_elastic_(6)_with() 38 | 1167798 | 1503052 | ML(N)_boost (1) with(out)
39 1,247305 1,516422 ML(F)_forest_(6)_with() 39 | 1189333 | 1,503752 ML(N)_boost_(6)_with()
40 1,181882 1,516945 | ML(N)_boost_(6)_with(out) 40 | 1188221 | 1,509783 ML(F)_boost_(6)_with()
41 1,272628 1,518041 ML(F)_boost_(1)_with(out) 41 | 1172855 | 1,515576 ML(N)_forest (1) with()
42 1,249271 1,521884 ML(F)_elastic_(6)_with() 42 | 1245892 | 1,520418 ML(N)_elastic_(6)_with()
43 1,286886 1,522597 ML(F)_linear_(1) with() 43 | 1248296 | 1,520999 ML(F)_elastic_(6)_with()
44 1,299336 1,524179 | ML(F)_forest_(3)_with(out) 44 | 1265023 | 1,527250 ARF(6) without
45 1,265023 1,527250 ARF(6) without 45 | 1265023 | 1,527250 ARN(6) without
46 1,265023 1,527250 ARN(6) without 46 | 1248260 | 1,527287 ARF(6) with
47 1,248260 1,527287 ARF(6) with 47 | 1248260 | 1,527287 ARN(6) with
48 1,248260 1,527287 ARN(6) with 48 | 1207241 | 1,531239 ML(F)_boost_(3)_with(out)
49 1,200616 1,532331 ML(N)_boost_(6) with() 49 | 1200338 | 1,533530 ML(F)_boost_(1) with(out)
50 1,278635 1,535887 ML(F)_boost_(3)_with() 50 | 1206338 | 1,538531 ML(N)_elastic_(1)_with()
51 1,197931 1,537182 ML(N)_boost (1) with() 51 | 1206339 | 1,544431 | ML(N) forest (1) with(out)
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1,265023 1,527250 ARF(6) without 1,233550 | 1554671 ML(F)_elastic_(1) with()
53 1,265023 1,527250 ARN(6) without 53 | 1279932 | 1554784 | ML(F) boost_(3) with(out)
54 1,248260 1,527287 ARF(6) with 54 | 1233750 | 1555222 ML(N)_elastic_(1)_with()
55 1,248260 1,527287 ARN(6) with S5 | 1234333 | 1555683 ARF(1) with
56 1,206472 1,534333 ARXF(L) with 56 | 1234333 | 1,555683 ARN(L) with
s7 1,229144 1,536154 ML(N) boost_(1) with() 57 | 1278420 | 1565794 ML(F) boost_(3) with()
58 1,213635 1,540727 ML(N) elastic_(1) with() 58 | 10287116 | 1,575109 ML(F) forest (6) with()
59 1,252696 1,544174 ML(F) elastic_(6) with(out) 59 | 1236332 | 1575526 ARF(1) without
60 1,230881 1,545068 ML(N) boost (1) with(out) 60 | 1236332 | 1,575526 ARN(L) without
61 1,222815 1,546896 ML(N) boost_(6) with() 61 | 1276600 | 1,582997 | ML(F) forest (3) with(out)
62 1,245305 1,549661 ML(N) boost_(3) with() 62 | 1234183 | 1,583563 | ML(N) forest (1) with(out)
63 1,299499 1,554889 ML(F) elastic_(1) with(out) 63 | 1208588 | 1,583578 | ML(F) forest (6) with(out)
64 1,233655 1,554957 ML(F)_elastic_(1) with() 64 | 1203255 | 1,584634 | ML(F) boost (1) with(out)
65 1,261695 1,555201 ML(F)_linear_(6) with(out) 65 | 1264029 | 1,590903 | ML(N) forest (3) with(out)
66 1,234333 1,555683 ARF(1) with 66 | 1088686 | 1,595469 ML(N)_forest_(3) with()
67 1,234333 1,555683 ARN(L) with 67 | 1250138 | 1,602851 | ML(N) boost (1) with(out)
68 1,270226 1,556798 ML(N)_boost_(3)_with(out) 68 | 1329207 | 1,608074 ML(F) linear_(3) with()
69 1,301356 1,557732 ML(F)_linear_(1) with(out) 69 | 1204436 | 1,610827 ML(N) forest_(6) with()
70 1,257727 1,559228 ARXN(L) with 70 | 1349936 | 1616718 ML(F)_linear_(1) with()
n 1,312389 1,565300 ML(N)_linear (3) with() 71| 1209260 | 1,620935 ML(N)_linear_(3) with()
2 1,269238 1,571873 ML(N)_boost_(6)_with(out) 72 | 1,323033 | 1629077 ML(N)_linear_(6)_with()
73 1,236332 1,575526 ARF(1) without 73 | 1358530 | 1,637375 ML(F)_linear_(6) with()
i 1,236332 1,575526 ARN(1) without 74 | 1287342 | 1,648334 | ML(N)_forest (6) with(out)
7% 1,267335 1,576898 ARXF(6) with 75 | 1284115 | 1,671458 ML(N) linear (1) with()
76 1,299259 1,578379 ARXN(6) with 76 | 1,340450 | 1693701 | ML(N)_ elastic_(3) with(out)
77 1,328539 1,578736 ML(N)_elastic_(3)_with(out) 77 | 1347143 | 1,702787 | ML(N) linear (3) with(out)
8 1,318578 1,579425 ML(N)_linear_(6)_with() 78 | 1,321165 | 1,715454 | ML(N)_ elastic_(1) with(out)
79 1,331493 1,580231 ML(N)_linear_(3) with(out) 79 | 1416006 | 1,715649 ML(F)_forest_(3) with()
80 1,319762 1,581197 ARXF(1) without 80 | 1325571 | 1,720670 | ML(N) linear (1) with(out)
81 1,312538 1,592887 ML(F)_forest_(1) with(out) 81 | 1425697 | 1,721469 | ML(N)_elastic_(6) with(out)
82 1,327353 1,596856 ARXF(6) without 82 | 1432962 | 1,729232 | ML(N) linear (6) with(out)
83 1,377821 1,605042 ML(N)_elastic_(6)_with(out) 83 | 1435084 | 1,734791 | ML(F)_elastic_(6)_with(out)
84 1,383859 1,609551 ML(N)_linear_(6) with(out) 84 | 1304228 | 1,737473 | ML(F) elastic_(3) with(out)
85 1,364962 1,624180 ARXN(3) without 85 | 1376721 | 1,739377 ARXN(3) without
86 1,435699 1,672915 ARXN(6) without 86 | 1448791 | 1741249 | ML(F) elastic_(1) with(out)
87 1,349619 1,677371 ML(N)_linear_(1) with() 87 | 1348081 | 1,741602 ARXN(1) without
88 1,430035 1,737350 ML(N)_elastic_(1) with(out) 88 | 1403604 | 1749376 | ML(F) linear (3) with(out)
89 1,433352 1,741421 ML(N)_linear_(1)_with(out) 89 | 1449600 | 1,750513 | ML(F)_linear (6) with(out)
90 1,410095 1,742075 ML(N) forest_(3) with() 9 | 1455821 | 1,752770 | ML(F)_linear (1) with(out)
91 1,474656 1,774815 ARXN(L) without 91 | 1432823 | 1,758016 ARXF(3) without
92 1,458883 1,793489 ML(N) forest (1) with() 92 | 1430073 | 1,760204 ML(F) forest (1) with()
93 1,504357 1,799137 ML(N)_forest_(3) with(out) 9 | 1477100 | 1775252 ARXF(L) without
94 1,582487 1,855586 ML(N) forest_(6) with() 94 | 1487104 | 1,788117 ARXF(6) without
9% 1,578126 1,907448 ML(N)_forest_(1) with(out) 9 | 1523006 | 1832615 ARXN(6) without
96 1,605237 1,946544 ML(N) forest_(6) with(out) 96 | 1540806 | 1,876092 | ML(F) forest (1) with(out)

1,280181 | 1,548688 ML(F)_forest_(3) with() 1,222058 | 1,551307 ML(N)_forest_(6) with()
53 | 1282717 | 1,549501 ML(F)_linear_(6) with() 53 | 1232086 | 1551477 ML(F)_elastic_(1) with()
54 | 1336363 | 1550091 | ML(F) boost (3) with(out) 54 | 1265365 | 1,555020 ARXN(6) with
55 | 1233502 | 1,554802 ML(F)_elastic_(1) with() 55 | 1234333 | 1,555683 ARF(1) with
56 | 1233823 | 1,555234 ML(N)_elastic_(1) with() 56 | 1234333 | 1555683 ARN(1) with
ST | 1246636 | 1555279 ARXN(6) with 57 | 1,256019 | 1,559881 ARXN(3) with
58 | 1234333 | 1555683 ARF(1) with 58 | 1213122 | 1,563607 ML(F) boost_(3) with()
59 | 1234333 | 1555683 ARN() with 59 | 1255635 | 1,569203 ML(N) boost_(3) with()
60 | 1218547 | 1567888 ARXN(L) with 60 | 1258086 | 1,569329 ML(N) forest_(3) with()
61 | 1236332 | 1575526 ARF(1) without 61 | 1236332 | 1,575526 ARF(1) without
62 | 1236332 | 1575526 ARN(L) without 62 | 1236332 | 1,575526 ARN(L) without
63 | 1345435 | 1581289 | ML(F) forest (1) with(out) 63 | 1271600 | 1,582446 ML(F) forest (1) with()
64 | 1078363 | 1582124 ARXF(1) with 64 | 1281042 | 1594384 ML(F) linear_(3) with()
65 | 1280856 | 1,585060 ARXN(3) with 65 | 1234589 | 1,606042 | ML(N) elastic_(6) with(out)
66 | 1300578 | 1,586402 ARXF(3) with 66 | 1288555 | 1612672 | ML(F) forest (6) with(out)
67 | 1306951 | 1,504972 ARXF(6) with 67 | 1245208 | 1,616076 | ML(N) linear (6) with(out)
68 | 10242189 | 1,600332 ML(N)_forest_(1) with() 68 | 19265191 | 1616266 ML(N)_linear_(3) with()
69 | 1287486 | 1,606332 ML(N) linear_(3) with() 69 | 1201272 | 1,623074 ML(N) linear_(6) with()
70 | 1279263 | 1,611219 ML(N)_forest_(6)_with() 70 | 1154530 | 1,627723 | ML(N)_elastic_(1) with(out)
71| 1253689 | 1,615093 ML(N) boost_(3) with() 71 | 1325630 | 1631455 ML(F)_forest_(6) with()
72 | 1303210 | 1,623499 ML(N)_linear_(6)_with() 72 | 1157322 | 1,632408 | ML(N)_linear_(1) with(out)
7 | 127105 | 1,631018 | ML(N)_boost (3) with(out) 73 | 1,321390 | 1633827 | ML(F)_forest_(3) with(out)
74 | 1368730 | 1,641387 | ML(F) elastic_(3) with(out) 74 | 1241069 | 1,639846 | ML(N) elastic_(3) with(out)
75 | 1375607 | 1,650290 | ML(F)_linear (3) with(out) 75 | 1167882 | 1,640647 ML(N) linear (1) with()
76 | 1325069 | 1,666256 | ML(N)_forest (6) with(out) 76 | 1,206597 | 1,648926 ML(F)_linear_(1) with()
77 | 1404770 | 1,667047 | ML(F) linear (1) with(out) 77 | 1250805 | 1651416 | ML(N)_linear_(3) with(out)
78 | 1404870 | 1,669745 | ML(F)_elastic_(1) with(out) 78 | 1,348574 | 1654141 ML(F)_forest_(3) with()
7 1,289771 1,670485 ML(N)_linear (1) with() 79 | 1202603 | 1,655689 | ML(F) elastic_(3) with(out)
80 | 1351800 | 1,675044 ML(N)_forest_(3) with() 80 | 1302580 | 1657132 ARXF(3) without
81 | 1318736 | 1,677362 | ML(N)_forest (1) with(out) 81 | 1350840 | 1,658244 ML(F)_linear_(6) with()
82 | 1320956 | 1,686803 | ML(N) elastic (3) with(out) 82 | 1350353 | 1662516 ARXF(3) with
83 | 1418898 | 1,687735 ARXF(3) without 83 | 1,302195 | 1,668458 | ML(F)_linear_(3) with(out)
84 | 1355200 | 1,688039 | ML(N) forest (3) with(out) 84 | 1250122 | 1,682730 ARXN(1) without
85 1,327512 1,693737 | ML(N) linear (3) with(out) 85 | 1389816 | 1,685332 ARXF(6) with
86 | 1440855 | 1,715517 ARXF(1) without 86 | 1385364 | 1695487 ARXN(L) with
87 | 1422806 | 1,721793 | ML(N) elastic_(6) with(out) 87 | 1401086 | 1,701270 ARXF(1) with
88 | 1384204 | 1,726424 ARXN(3) without 88 | 1363722 | 1,710341 ARXF(6) without
89 1,428436 1,728018 | ML(F) elastic_(6) with(out) 89 | 1320308 | 1,720751 ARXN(3) without
% | 1431889 | 1720984 | ML(N) linear (6) with(out) 90 | 1360988 | 1,724785 | ML(F) elastic (1) with(out)
91 | 1436429 | 1730400 | ML(F) linear (6) with(out) 91 | 1364809 | 1731412 | ML(F) linear (1) with(out)
92 | 1366305 | 1745235 | ML(N) elastic_(1) with(out) 92 | 1400418 | 1,733329 | ML(F) elastic_(6) with(out)
93 | 1370418 | 1751100 | ML(N) linear (1) with(out) 93 | 1412884 | 1745694 | ML(F) linear (6) with(out)
94 | 13905279 | 1769152 ARXN(1) without 94 | 13396307 | 1,758819 ARXF(1) without
9 | 1500105 | 1814681 ARXF(6) without 9 | 1379594 | 1,791431 ARXN(6) without
9% | 1531049 | 1,818040 ARXN(6) without 9 | 1450946 | 1.837701 | ML(F) forest (1) with(out)
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Appendix H5. IM models

Frequency Index [Optimal]

Sentiment Index

Frequency Index [Basic] Frequency Index [Full]

MAE RMSE model MAE RMSE model
1 0,406205 0,632387 ML(F)_boost_(6)_with(out) 1 | 04026233 | 0,6226804 | ML(N) boost (3) with(out)
2 0,407414 0,634332 ML(F)_boost_(3)_with(out) 2 | 04026233 | 0,6226804 | ML(N)_boost_(6)_with(out)
3 0,420058 0,639366 ML(F)_elastic_(1) with() 3 | 04536021 | 0,6340633 | ML(F)_forest_(3) with(out)
4 0,420074 0,639377 ML(N)_elastic_(1)_with() 4 | 04091087 | 0,6358065 ML(N)_boost_(3)_with()
5 0,426621 0,639718 ML(N)_lasso_(3)_with(out) 5 | 04091827 | 0,6359098 ML(N)_boost_(6)_with()
6 0,426621 0,639718 ML(F)_lasso_(3)_with(out) 6 | 04352437 | 0,6360337 | ML(N)_forest_(3) with(out)
7 0,426621 0,639718 ML(N)_lasso_(6)_with(out) 7 | 04359503 | 0,6367039 | ML(N)_forest_(6) with(out)
8 0,426621 0,639718 ML(F)_lasso_(6)_ with(out) 8 | 04172284 | 0,6389266 | ML(F)_boost_(3) with(out)
9 0,428976 0,641126 ML(N)_lasso_(1)_with() 9 | 04200838 | 06393286 ML(F)_elastic_(1)_with()
10 0,428976 0,641126 ML(F)_lasso_(1)_with() 10 | 04201084 | 0,6394953 ML(N)_elastic_(1)_with()
11 0,428976 0,641126 ML(N)_lasso_(1)_with(out) 11 | 04266212 | 0,6397183 ML(N)_lasso_(3)_with(out)
12 0,428976 0,641126 ML(F)_lasso_(1)_with(out) 12 | 04266212 | 0,6397183 ML(F)_lasso_(3) with(out)
13 0,428976 0,641126 ML(N)_lasso_(3)_with() 13 | 04266212 | 0,6397183 ML(N)_lasso_(6)_with(out)
14 0,428976 0,641126 ML(F)_lasso_(3) with() 14 | 04266212 | 0,6397183 ML(F)_lasso_(6) with(out)
15 0,428976 0,641126 ML(N)_lasso_(6)_with() 15 | 04346408 | 0,6408681 ML(N)_forest_(6) with()
16 0,428976 0,641126 ML(F)_lasso_(6)_with() 16 | 04289758 | 0,6411265 ML(N)_lasso_(1)_with()
17 0,405220 0,641250 ML(N)_boost_(3)_with(out) 17 | 04289758 | 0,6411265 ML(F)_lasso_(1)_with()
18 0,410442 0,641491 ML(N)_forest_(3) with(out) 18 | 04289758 | 06411265 | ML(N)_lasso_(1)_with(out)
19 0,409567 0,643126 ML(N)_boost_(1)_with() 19 | 04289758 | 06411265 ML(F)_lasso_(1)_with(out)
20 0,429613 0,644347 ML(N)_ridge_(3)_with() 20 | 04289758 | 0,6411265 ML(N)_lasso_(3)_with()
21 0,429613 0,644347 ML(F)_ridge_(3)_with() 21 | 04280758 | 0,6411265 ML(F)_lasso_(3)_with()
22 0,429613 0,644347 ML(N)_ridge_(6)_with() 22 | 04289758 | 06411265 ML(N)_lasso_(6)_with()
23 0,429613 0,644347 ML(F)_ridge_(6)_with() 23 | 04280758 | 0,6411265 ML(F)_lasso_(6)_with()
24 0,412631 0,646267 ML(N)_boost_(6)_with(out) 24 | 04327437 | 06419509 | ML(F) boost (6)_with(out)
25 0,419509 0,646669 ML(F)_boost_(3)_with() 25 | 04227845 | 0,6426367 ML(F)_ridge_(3)_with()
26 0,420937 0,646950 ML(F)_boost_(6) with() 26 | 04250200 | 0,6434533 ML(F)_boost_(6) with()
27 0,435827 0,647956 ML(F)_ridge_(3)_with(out) 27 | 04296135 | 0,6443474 ML(N)_ridge_(3)_with()
28 0,435827 0,647956 ML(F)_ridge_(6)_with(out) 28 | 04296135 | 0,6443474 ML(N)_ridge_(6)_with()
29 0,435527 0,648329 ML(N)_ridge_(1)_with() 29 | 04296135 | 0,6443474 ML(F)_ridge_(6)_with()
30 0,435527 0,648329 ML(F)_ridge_(1)_with() 30 | 04360426 | 0,6468003 ML(F)_ridge_(6)_with(out)
31 0,416601 0,648337 ML(N)_forest_(6) with(out) 31 | 04355270 | 0,6483290 ML(N)_ridge_(1)_with()
32 0,436260 0,649993 ML(N)_ridge_(3)_with(out) 32 | 04355270 | 0,6483290 ML(F)_ridge_(1)_with()
33 0,436233 0,650009 ML(N)_ridge_(6)_with(out) 33 | 04346134 | 0,6484941 ML(F)_ridge_(3)_with(out)
34 0,434216 0,651416 ARF(1) with 34 | 04361109 | 0,6488992 ML(N)_ridge_(3)_with(out)
35 0,434216 0,651416 ARN(L) with 35 | 04360990 | 0,6489703 ML(N)_ridge_(6)_with(out)
36 0,442200 0,654006 ML(N)_forest_(1)_with() 36 | 04268005 | 0,6508852 ML(F)_boost_(3)_with()
37 0,451781 0,655697 ML(F)_ridge_(1) with(out) 37 | 04342156 | 0,6514161 ARF(1) with
38 0,451997 0,655781 ML(N)_ridge_(1)_with(out) 38 | 04342156 | 06514161 ARN(L) with
39 0,422744 0,658447 ML(N)_bhoost_(3)_with() 39 | 04549391 | 0,6533133 ML(F)_ridge_(1) with(out)
40 0,454777 0,658524 ARF(1) without 40 | 04548693 | 0,6552319 ML(N)_forest_(1)_with()
41 0,454777 0,658524 ARN(L) without 41 | 04423583 | 0,6553626 ML(N)_forest_(3) with()
42 0,427893 0,663238 ML(N)_boost_(6)_with() 42 | 04519967 | 0,6557805 ML(N)_ridge_(1)_with(out)
43 0,454854 0,672791 ML(N)_forest_(3)_ with() 43 | 04547766 | 0,6585241 ARF(1) without
44 0,416898 0,674143 ARF(3) without 44 | 04547766 | 0,6585241 ARN(1) without
45 0,416898 0,674143 ARN(3) without 45 | 04140461 | 0,6615187 | ML(N) boost (1) with(out)
46 0,448624 0,676304 ML(N)_boost_(1)_with(out) 46 | 04379785 | 0,6731596 ML(F)_boost_(1)_with()
47 0,424178 0,681047 ML(F)_elastic_(3)_with() 47 | 04271287 | 06732541 ML(N)_boost_(1) with()
48 0,424149 0,681068 ML(N)_elastic_(3)_with() 48 | 04168976 | 0,6741430 ARF(3) without
49 0,451988 0,685166 ML(N)_forest_(6) with() 49 | 04168976 | 0,6741430 ARN(3) without
50 0,429979 0,601614 ARF(3) with 50 | 04595990 | 0,6758944 | ML(F) boost (1)_with(out)
51 0,429979 0,691614 ARN(3) with S1 | 04776472 | 06766131 ML(F)_forest (1) with()

MAE RMSE model MAE RMSE model
1 | 0384419 | 0,608980 ARXF(1) with 1 | 04121630 | 06352807 | ML(F)_boost_(6) with(out)
2 | 0404268 | 0627349 | ML(N)_boost_(6) with(out) 2 | 04312737 | 06391794 | ML(N)_forest (6)_with(out)
3 | 0410699 | 0629522 | ML(F)_boost_(6) with(out) 3 | 04266212 | 06397183 | ML(N)_lasso_(3) with(out)
4 | 0431072 | 0630478 ML(F)_boost_(3)_with() 4 | 04266212 | 06397183 | ML(F)_lasso_(3)_with(out)
5 | 0430836 | 0636497 | ML(N)_forest_(3) with(out) 5 | 04266212 | 06397183 | ML(N)_lasso_(6) with(out)
6 | 0409330 | 0636728 | ML(N)_boost_(3) with(out) 6 | 04266212 | 06397183 ML(F)_lasso_(6)_with(out)
7 | 0420039 | 0639322 ML(F)_elastic_(1)_with() 7 | 04206703 | 06410272 ML(N)_elastic_(1)_with()
8 | 0420085 | 0639411 ML(N)_elastic_(1)_with() 8 | 04207063 | 0,6410765 ML(F)_elastic_(1) with()
9 | 0426621 | 0,639718 | ML(N)_lasso_(3)_with(out) 9 | 04280758 | 06411265 ML(N)_lasso_(1)_with()
10 | 0426621 | 0639718 ML(F)_lasso_(3)_with(out) 10 | 04289758 | 0,6411265 ML(F)_lasso_(1)_with()
11 | 0426621 | 0639718 ML(N)_lasso_(6)_with(out) 11 | 04289758 | 0,6411265 ML(N)_lasso_(1)_with(out)
12 | 0426621 | 0639718 ML(F)_lasso_(6)_with(out) 12 | 04289758 | 0,6411265 ML(F)_lasso_(1)_with(out)
13 | 0428976 | 0,641126 ML(N)_lasso_(1)_with() 13 | 04289758 | 0,6411265 ML(N)_lasso_(3)_with()
14 | 0428976 | 0641126 ML(F) lasso_(1) with() 14 | 04289758 | 0,6411265 ML(F) lasso_(3) with()
15 | 0428976 | 0,641126 ML(N)_lasso_(1)_with(out) 15 | 04289758 | 0,6411265 ML(N)_lasso_(6)_with()
16 | 0428976 | 0641126 ML(F)_lasso_(1)_with(out) 16 | 04289758 | 0,6411265 ML(F)_lasso_(6)_with()
17 | 0428976 | 0641126 ML(N)_lasso_(3)_with() 17 | 04183519 | 0,6412840 ML(F)_boost_(6)_with()
18 | 0428976 | 0641126 ML(F)_lasso_(3)_with() 18 | 04296135 | 0,6443474 ML(N)_ridge_(3)_with()
19 | 0428076 | 0641126 ML(N)_lasso_(6)_with() 19 | 04296135 | 0,6443474 ML(F)_ridge_(3)_with()
20 | 0428976 | 0641126 ML(F)_lasso_(6)_with() 20 | 04296135 | 0,6443474 ML(N)_ridge_(6)_with()
21 | 0439671 | 0,644019 ML(N)_forest_(1)_with() 21 | 04296135 | 06443474 ML(F)_ridge_(6)_with()
22 | 0418863 | 0,644242 ML(F)_boost_(6)_with() 22 | 04171365 | 06457150 | ML(F)_boost_(3) with(out)
23 | 0429613 | 0,644347 ML(N)_ridge_(3)_with() 23 | 04254619 | 06460223 | ML(N)_boost_(3) with(out)
24 | 0429613 | 0,644347 ML(F)_ridge_(3)_with() 24 | 04298950 | 0,6481575 ARXF(1) with
25 | 0429613 | 0,644347 ML(N)_ridge_(6)_with() 25 | 04355270 | 0,6483290 ML(N)_ridge_(1)_with()
26 | 0420613 | 0,644347 ML(F)_ridge_(6)_with() 26 | 04355270 | 0,6483290 ML(F)_ridge_(1)_with()
27 | 0435527 | 0,648329 ML(N)_ridge_(1)_with() 27 | 04360487 | 0,6484079 ML(F)_ridge_(3)_with(out)
28 | 0435527 | 0,648329 ML(F)_ridge_(1)_with() 28 | 04360112 | 0,6484567 ML(F)_ridge_(6)_with(out)
29 | 0436049 | 0,648408 ML(N)_ridge_(3)_with(out) 29 | 04364831 | 0,6493329 ML(N)_ridge_(3)_with(out)
30 | 0436011 | 0,648457 ML(N)_ridge_(6)_with(out) 30 | 04364594 | 0,6493554 ML(N)_ridge_(6)_with(out)
31 | 0436273 | 0,648616 ML(F)_ridge_(3)_with(out) 31 | 04251952 | 0,6495321 | ML(N) forest (3) with(out)
32 | 0436273 | 0,648616 ML(F)_ridge_(6)_with(out) 32 | 04342156 | 0,6514161 ARF(1) with
33 | 0480644 | 0,651023 ML(F)_boost_(1)_with(out) 33 | 04342156 | 0,6514161 ARN(1) with
34 | 0440633 | 0,651270 ML(N)_forest_(3)_with() 34 | 04238117 | 0,6527138 | ML(N)_boost_(6)_with(out)
35 | 0434216 | 0,651416 ARF(1) with 35 | 04271821 | 0,6543788 ML(N)_boost_(3)_with()
36 | 0434216 | 0651416 ARN(1L) with 36 | 04276900 | 0,6556863 ML(F)_boost_(3)_with()
37 | 0420464 | 0,651749 ML(N)_boost_(6)_with() 37 | 04519967 | 0,6557805 ML(F)_ridge_(1)_with(out)
38 | 0459926 | 0652350 | ML(F)_forest (6) with(out) 38 | 04525089 | 0,6570268 ML(N)_ridge_(1)_with(out)
39 | 0462580 | 0,652800 | ML(F) forest (3) with(out) 39 | 04547766 | 0,6585241 ARF(1) without
40 | 0451997 | 0,655781 ML(N)_ridge_(1)_with(out) 40 | 04547766 | 0,6585241 ARN(1) without
41 | 0451365 | 0,656113 ML(F)_ridge_(L)_with(out) 41 | 04528835 | 0,6603872 ML(N)_forest_(1)_ with()
42 | 0460042 | 0656226 ML(F)_boost_(1)_with() 42 | 04361189 | 0,6651309 ML(N)_boost_(6)_with()
43 | 0449159 | 0,657163 ML(F)_forest_(3) with() 43 | 04510229 | 0,6733655 ML(N)_forest_(6)_with()
44 | 0479795 | 0,657950 ML(F)_forest_(1)_with() 44 | 04168976 | 0,6741430 ARF(3) without
45 | 0442607 | 0,658044 ML(F)_forest (6) with() 45 | 04168976 | 0,6741430 ARN(3) without
46 | 0454777 | 0,658524 ARF(1) without 46 | 04431948 | 0,6786021 ML(N)_forest_(3)_with()
47 | 0454777 | 0,658524 ARN(1) without 47 | 04243836 | 0,6821399 ML(F)_elastic_(3) with()
48 | 0425828 | 0,658632 ML(N)_boost_(3)_with() 48 | 04258098 | 0,6825982 ML(N)_elastic_(3) with()
49 | 0460643 | 0,661890 | ML(N)_forest (1) with(out) 49 | 04540476 | 0,6875064 ML(N)_boost_(1)_with()
50 | 0467268 | 0,663220 | ML(F)_boost_(3) with(out) 50 | 04299793 | 0,6916137 ARF(3) with
51 | 0430426 | 0,665856 ML(N)_boost_(1)_ with() 51 | 04299793 | 0,6916137 ARN(3) with

55



52

52

52

52

0,473940 0,695667 ML(F)_boost_(1) with() 05117416 | 0,6795394 | ML(F)_forest_(6)_with(out) 0428222 | 0,667046 | ML(N) boost_(1) with(out) 0,4300352 | 0,6972369 ARF(6) without
53 0,430035 0,697237 ARF(6) without 53 | 04242136 | 0,6810351 ML(F)_elastic_(3) with() 53 | 0500690 | 0,671164 ML(F) linear_(1) with() 53 | 04300352 | 0,6972369 ARN(6) without
54 0,430035 0,697237 ARN(6) without 54 | 04242288 | 06811042 ML(N) elastic_(3) with() 54 | 0443369 | 0672952 ARXF(6) with 54 | 04523484 | 06981316 | ML(F) boost (1) with(out)
55 0,471855 0,698241 ML(F)_forest_(3) with(out) 55 | 04617102 | 0,6822067 | ML(N) forest (1) with(out) 55 | 0416898 | 0,674143 ARF(3) without 55 | 04728498 | 0,6984056 ML(N) linear (1) with()
56 0,444862 0,702930 ML(F) elastic_(6) with() 56 | 04299793 | 0,6916137 ARF(3) with 56 | 0416898 | 0674143 ARN(3) without 56 | 04448910 | 0,7039327 ML(F) elastic_(6) with()
S7 0,444836 0,702965 ML(N) elastic_(6) with() 57 | 04299793 | 0,6916137 ARN(3) with 57 | 0511504 | 0,675510 | ML(F) forest (1) with(out) 57 | 04466002 | 0,7042158 ML(N) elastic_(6) with()
58 0,472411 0,705253 ML(F)_forest_(6) with(out) 58 | 05168510 | 0,6933958 | ML(F) forest (1) with(out) 58 | 0464214 | 0678694 | ML(N) forest (6) with(out) 58 | 04386536 | 0,7080858 ARXF(3) with
59 0,496213 0,709522 ML(N) forest (1) with(out) 59 | 04300352 | 0,6972369 ARF(6) without 59 | 0424201 | 0,681024 ML(F) elastic_(3) with() 59 | 04690431 | 0,7109220 | ML(F) forest (6) with(out)
60 0,510014 0,709598 ML(N)_linear_(1) with() 60 | 04300352 | 0,6972369 ARN(6) without 60 | 0424151 | 0,681094 ML(N)_elastic_(3) with() 60 | 04484193 | 07131703 ARF(6) with
61 0,456531 0,710106 ML(F)_forest_(3) with() 61 | 04793928 | 0,6982061 ML(F) forest (3) with() 61 | 0458444 | 0,681519 ARXF(3) with 61 | 04484103 | 0,7131703 ARN(6) with
62 0,448419 0,713170 ARF(6) with 62 | 04923485 | 0,7004591 ML(F)_forest_(6) with() 62 | 0429979 | 0,691614 ARF(3) with 62 | 04812269 | 07210908 | ML(N) forest (1) with(out)
63 0,448419 0,713170 ARN(6) with 63 | 04448646 | 0,7028852 ML(F)_elastic_(6) with() 63 | 0420979 | 0,691614 ARN(3) with 63 | 04825236 | 0,7228980 ML(F)_linear_(1) with()
64 0495223 0,713478 ML(F)_boost_(1) with(out) 64 | 0,4449159 | 0,7030796 ML(N)_elastic_(6) with() 64 | 0454747 | 0694040 ML(N)_linear_(1) with() 64 | 04549508 | 0,7245360 ML(F)_forest_(6) with()
65 0467718 0,719320 ARXF(3) with 65 | 05009219 | 0,7074232 ML(F)_linear_(1) with() 65 | 0430035 | 0697237 ARF(6) without 65 | 04561530 | 07258171 ML(F)_boost_(1) with()
66 0,498590 0,724048 ML(F)_linear_(1) with() 66 | 04484193 | 0,7131703 ARF(6) with 66 | 0430035 | 0,697237 ARN(6) without 66 | 04641214 | 07293116 ML(F)_linear_(3) with()
67 0520347 0,727381 ARXF(1) with 67 | 04484193 | 0,7131703 ARN(6) with 67 | 0451102 | 0700597 | ML(N) elastic_(1) with(out) 67 | 04656926 | 0,7302460 ML(N)_linear (3) with()
68 0,494589 0,729877 ML(F)_linear_(3) with() 68 | 05543255 | 07296641 | ML(F) elastic (1) with(out) 68 | 0451538 | 0,701523 | ML(N) linear (1) with(out) 68 | 04497287 | 07322701 ML(F) forest_(3) with()
69 0,506511 0,732710 ML(F)_elastic_(3) with(out) 69 | 05587813 | 0,7353317 | ML(F)_linear (1) with(out) 69 | 0503103 | 0,702676 ML(F)_linear_(3) with() 69 | 04816077 | 07362258 | ML(F) forest (3) with(out)
70 0510174 0,736934 ML(F)_linear_(3) with(out) 70 | 0,5013147 | 0,7369357 ML(F)_linear_(6) with() 70 | 0444885 | 0,702898 ML(F)_elastic_(6) with() 70 | 04785982 | 07408451 | ML(F)_elastic_(3) with(out)
71 0,526646 0,739757 ML(F)_elastic_(6) with(out) 71 | 05137362 | 0,7387956 ML(F) linear_(3) with() 71 | 0444840 | 0,702991 ML(N) elastic_(6) with() 71 | 04802512 | 0,7416181 | ML(N) boost (1) with(out)
2 0505218 0,742648 ML(F)_forest_(6) with() 72 | 04873818 | 0,7413726 ML(N)_linear_(1) with() 72 | 0448419 | 0,713170 ARF(6) with 72 | 04808171 | 07427842 | ML(F)_linear (3) with(out)
& 0,489955 0,742933 ARXF(6) with 73 | 05404665 | 07435484 ARXF(L) with 73 | 0448419 | 0713170 ARN(6) with 73 | 04868180 | 0,7458306 ML(N)_linear (6) with()
7 0,531745 0,744887 ML(F)_linear_(6) with(out) 74 | 05711673 | 0,7501260 | ML(F)_elastic_(6) with(out) 74 | 0514788 | 0717595 ML(F)_linear_(6) with() 74 | 04849998 | 0,7465259 | ML(F) elastic_(6) with(out)
s 0,503021 0,746112 ML(F)_linear_(6) with() 7S | 05747577 | 07556997 ARXF(1) without 75 | 0491526 | 0,721994 ML(N) forest_(6) with() 75 | 04636203 | 0,7469687 ARXF(6) with
76 0,516056 0,749629 ML(F)_elastic_(1) with(out) 76 | 05780019 | 0,7571499 | ML(F)_linear_(6) with(out) 76 | 0449686 | 0,724516 ARXN(6) with 76 | 05164080 | 07506321 | ML(N)_elastic_(1) with(out)
7 0,517132 0,753306 ML(F) forest (1) with() 77 | 05770296 | 0,7637942 ARXF(6) without 77 | 0483836 | 0,735857 ARXN(3) with 77 | 04955724 | 0,7552106 | ML(F) linear (6) with(out)
8 0520209 0,754806 ML(F)_linear (1) with(out) 78 | 05911223 | 0,7651704 | ML(F) elastic_(3) with(out) 78 | 0574081 | 0737228 | ML(F) elastic_(1) with(out) 78 | 05207235 | 07553559 | ML(N)_linear (1) with(out)
7 0,541120 0,755297 ML(N)_elastic_(1)_with(out) 79 | 05540560 | 0,7664581 ARXF(6) with 79 | 0466797 | 0739502 | ML(N) elastic_(3) with(out) 79 | 04834067 | 0,7584576 ML(F)_linear_(6) with()
80 0,544587 0,759169 ML(N)_linear_(1) with(out) 80 | 05087392 | 07727767 | ML(F) linear (3) with(out) 80 | 0580560 | 0,744133 | ML(F) linear (1) with(out) 80 | 04902022 | 0,7654611 | ML(N) elastic (3) with(out)
81 0,532675 0,762683 ARXF(3) without 81 | 05996935 | 07750829 ARXF(3) without 81 | 0470345 | 0744721 | ML(N)_linear_(3) with(out) 81 | 04973345 | 0,7666826 ML(F)_forest_(1) with()
82 0,536891 0,771907 ARXF(6) without 82 | 05028604 | 07782968 | ML(N) elastic_(1) with(out) 82 | 0487734 | 0,745077 ML(N)_linear_(3) with() 82 | 05044996 | 0,7682161 ARXF(3) without
83 0,526639 0,779216 ML(N) linear (3) with() 83 | 05051077 | 0,7822601 | ML(N) linear (1) with(out) 83 | 0562163 | 0,745332 | ML(F) elastic_(6) with(out) 83 | 05144301 | 0,7697836 | ML(N) elastic_(6) with(out)
84 0,540387 0,782393 ML(F)_forest_(1) with(out) 84 | 05006329 | 0,7836862 ARXN(1) with 84 | 0579669 | 0,756861 | ML(F) linear (6) with(out) 84 | 04940704 | 0,7704399 | ML(N) linear (3) with(out)
85 0,576478 0,792424 ARXN(L) without 85 | 05321625 | 0,7860700 ARXN(3) with 85 | 0581198 | 0,761479 | ML(F) elastic_(3) with(out) 85 | 05209245 | 0,7761109 | ML(N) linear (6) with(out)
86 0,563256 0,797531 ARXF(L) without 86 | 05520875 | 0,8207894 ARXN(6) with 86 | 0489231 | 0762077 ARXN(3) without 86 | 05051981 | 0,7804642 | ML(F) elastic_(1) with(out)
87 0,532023 0,798615 ML(N) linear_(6) with() 87 | 05586316 | 08221608 ARXN(1) without 87 | 0485369 | 0,769183 | ML(N) elastic_(6) with(out) 87 | 05248308 | 0,7837537 ARXN(3) without
88 0,546448 0,808310 ARXN(6) with 88 | 05316134 | 08238451 ML(N) linear _(3) with() 88 | 0609004 | 0769232 ARXF(1) without 88 | 05075538 | 0,7843113 | ML(F) linear (1) with(out)
89 0,585805 0,830813 ARXN(3) with 89 | 05442560 | 0,8253489 ML(N) linear (6) with() 89 | 0588785 | 0,769712 | ML(F) linear (3) with(out) 89 | 05463065 | 0,7911624 ARXN(3) with
%0 0,577595 0,833841 ML(N) elastic_(3) with(out) 90 | 06297902 | 0,8264200 ARXF(3) with 90 | 0503280 | 0,773460 ML(N) linear_(6) with() 90 | 05323999 | 0,7915495 ARXF(6) without
91 0,602864 0,838976 ARXN(3) without 91 | 05643644 | 08484350 | ML(N)_elastic_(6) with(out) 91 | 0489170 | 0,776805 | ML(N) linear_(6) with(out) 91 | 05555654 | 08042903 | ML(F) forest (1) with(out)
92 0,585901 0,841812 ML(N)_linear_(3) with(out) 92 | 05601789 | 0,8550748 | ML(N)_elastic_(3) with(out) 92 | 0530497 | 0777233 ARXN(1) without 92 | 0,6255703 | 0,8184053 ARXN(1) with
93 0,577245 0,847609 ML(N)_elastic_(6)_with(out) 93 | 05706314 | 08583912 | ML(N) linear (6) with(out) 93 | 0598406 | 0,784635 ARXF(3) without 93 | 06088911 | 0,8192401 ARXN(L) without
94 0,619378 0,855971 ARXN(6) without 94 | 05688344 | 0,8683992 | ML(N) linear (3) with(out) 94 | 0491355 | 0,784978 ARXN(6) without 94 | 05827710 | 0,8253804 ARXF(L) without
9% 0,587800 0,857573 ML(N)_linear_(6) with(out) 9 | 05863600 | 0,8813325 ARXN(3) without 9 | 0597394 | 0,787436 ARXN(1) with 95 | 06337458 | 08714645 ARXN(6) with
96 0,741916 0,914032 ARXN(L) with 96 | 05873234 | 0,8846536 ARXN(6) without 9% | 0607858 | 0,788278 ARXF(6) without 96 | 0,6458582 | 0,8879052 ARXN(6) without




Appendix H6. NX models

Frequency Index [Basic]

Frequency Index [Full]

Frequency Index [Optimal]

Sentiment Index

MAE RMSE model MAE RMSE model
1 1,085830 1,327868 ML(F)_forest_(3)_with() 1 | 1075282 | 1,332195 | ML(F)_ridge (3) with(out)
2 1,070187 1,331696 ML(F)_ridge_(3)_with(out) 2 | 1,070620 | 1,334002 ML(F)_ridge_(3)_with()
3 1,070620 1,334002 ML(F)_ridge_(3)_with() 3 | 1,060007 | 1,334712 | ML(N)_ridge_(6) with(out)
4 1,070620 1,334002 ML(N)_ridge_(3)_with() 4 | 1074212 | 1,335091 | ML(F)_ridge_(6) with(out)
5 1,074335 1,334914 ML(N)_ridge_(3)_with(out) 5 | 1,080039 | 1,337086 | ML(N)_lasso_(1)_with(out)
6 1,082651 1,335253 ML(N)_lasso_(1)_with(out) 6 | 1,069756 | 1,339763 ML(F)_ridge_(6)_with()
7 1,072756 1,337415 ML(N)_ridge_(6)_with(out) 7 | 1,069756 | 1,339763 ML(N)_ridge_(6)_with()
8 1,069756 1,339763 ML(N)_ridge_(6)_with() 8 | 1,085879 | 1,341725 ML(N)_lasso_(1)_with()
9 1,078244 1,344338 ML(N)_lasso_(3)_with() 9 | 1078244 | 1,344338 ML(F)_lasso_(1)_with()
10 1,078244 1,344338 ML(F)_lasso_(3)_with() 10 | 1078244 | 1,344338 ML(F)_lasso_(1)_with(out)
11 1,078244 1,344338 ML(N)_lasso_(3)_with(out) 11 | 1078244 | 1,344338 ML(N)_lasso_(3)_with()
12 1,078244 1,344338 ML(F)_lasso_(3) with(out) 12 | 1078244 | 1,344338 ML(F)_lasso_(3)_with()
13 1,078244 1,344338 ML(N)_lasso_(6)_with() 13 | 1078244 | 1,344338 ML(N)_lasso_(3)_with(out)
14 1,078244 1,344338 ML(F)_lasso_(6)_with() 14 | 1078244 | 1,344338 ML(F)_lasso_(3)_with(out)
15 1,078244 1,344338 ML(N)_lasso_(6)_with(out) 15 | 1078244 | 1,344338 ML(N)_lasso_(6)_with()
16 1,078244 1,344338 ML(F)_lasso_(6)_with(out) 16 | 1078244 | 1,344338 ML(F)_lasso_(6)_with()
7 1,077053 1,344564 ML(N)_ridge_(1)_with(out) 17 | 1078244 | 1,344338 ML(N)_lasso_(6)_with(out)
18 1,089204 1,344866 ML(N)_lasso_(1)_with() 18 | 1078244 | 1,344338 ML(F)_lasso_(6)_with(out)
19 1,123317 1,345729 ML(F)_forest_(6)_with(out) 19 | 1077053 | 1,344564 ML(N)_ridge_(1)_with(out)
20 1,084054 1,351401 ML(N)_ridge (1) with() 20 | 1077053 | 1,344564 ML(F)_ridge_(1) with(out)
21 1,085141 1,351917 ML(F)_ridge_(1)_with(out) 21 | 1077053 | 1,344564 ML(N)_ridge_(3)_with(out)
22 1,134821 1,352868 ML(F)_forest_(1)_ with() 22 | 1000436 | 1,349552 ML(N)_ridge_(3) with()
23 1,099912 1,354918 ML(F)_ridge_(1)_with() 23 | 1084054 | 1,351401 ML(N)_ridge_(1)_with()
24 1,090229 1,355007 ML(F)_ridge_(6)_with(out) 24 | 1,084054 | 1,351401 ML(F)_ridge_(1)_with()
25 1,082148 1,356481 ML(F)_elastic_(3)_with() 25 | 1,082059 | 1,356395 ML(F)_elastic_(3)_with()
26 1,082214 1,356567 ML(N)_elastic_(3)_with() 26 | 1082135 | 1,356491 ML(N)_elastic_(3)_with()
27 1,089663 1,357243 ML(F)_boost_(1)_with() 27 | 1088751 | 1,362812 ARF(3) without
28 1,097954 1,357832 ML(F)_forest_(6)_with() 28 | 1088751 | 15362812 ARN(3) without
29 1,004524 1,358474 ML(F)_lasso_(1)_with() 29 | 1094611 | 1,368039 ARF(3) with
30 1,084704 1,359827 ML(F)_boost_(1)_with(out) 30 | 1094611 | 1,368039 ARN(3) with
31 1,088381 1,361075 ML(F)_ridge_(6)_with() 31 | 1108295 | 1,369447 ARXF(1) with
32 1,088751 1,362812 ARF(3) without 32 | 1080117 | 1,369820 | ML(N)_forest (3) with(out)
33 1,088751 1,362812 ARN(3) without 33 | 1105309 | 1,378719 ML(F)_elastic_(1)_with()
34 1,081052 1,363072 ML(F)_boost_(3)_with(out) 34 | 1142872 | 1,385776 ML(N)_boost_(1)_with()
35 1,142391 1,363109 ML(F)_forest (3)_with(out) 35 | 1111844 | 1,386549 ML(N)_elastic_(1)_with()
36 1,094611 1,368039 ARF(3) with 36 | 1113627 | 1,390247 ARF(1) with
37 1,094611 1,368039 ARN(3) with 37 | 1113627 | 1,390247 ARN(L) with
38 1,096762 1,369455 ML(F)_boost_(3) with() 38 | 1137517 | 1,392489 | ML(F)_boost_(3) with(out)
39 1,105439 1,378936 ML(N)_elastic_(1)_with() 39 | 1136030 | 1,392879 ML(F)_boost_(6)_with(out)
40 1,150078 1,379816 ML(F)_forest_(1)_with(out) 40 | 1131663 | 1,394018 | ML(N)_forest_(6)_with(out)
41 1,127952 1,381774 ML(N)_boost_(3)_with(out) 41 | 1117680 | 1,396834 ARF(1) without
42 1,125229 1,382106 ML(N)_boost_(6)_with(out) 42 | 1117680 | 1,396834 ARN(1) without
43 1,103552 1,383054 ML(F)_lasso_(1)_with(out) 43 | 1139451 | 1,400566 ML(N)_forest_(3)_ with()
44 1,111844 1,386526 ML(F)_elastic_(1)_with() 44 | 1139769 | 1,400703 ML(F)_boost_(1)_with(out)
45 1,124966 1,388603 ML(F)_boost_(6)_ with() 45 | 1157087 | 1,409865 | ML(N) boost (1) with(out)
46 1,128701 1,389588 ML(F)_linear_(3)_with() 46 | 1152608 | 1,414008 ML(F)_elastic_(6)_with()
47 1,113627 1,390247 ARF(1) with 47 | 1152754 | 1,414109 ML(N)_elastic_(6) with()
48 1,113627 1,390247 ARN(L) with 48 | 1134544 | 1,415435 ML(F)_boost_(3)_with()
49 1,116177 1,391076 ML(N)_elastic_(3)_with(out) 49 | 1133282 | 1417732 ML(F)_boost_(6)_ with()
50 1,135096 1,392478 ML(F)_boost_(6)_with(out) 50 | 1159673 | 1,423739 ARF(6) with
51 1,117347 1,392613 ML(N)_linear (3) with(out) 51 | 1150673 | 1,423739 ARN(6) with

MAE RMSE model MAE RMSE model
1 | 10706204 | 1,3340022 ML(F)_ridge_(3)_with() 1 | 10720933 | 1,3108964 ML(N)_forest_(1) with()
2 | 1,0805504 | 1,3391428 ML(F)_ridge_(3)_with(out) 2 | 1,0471170 | 1,3160604 ARXN(3) with
3 | 1,0697564 | 1,3397633 ML(F)_ridge_(6)_with() 3 | 1,0548208 | 1,3196000 | ML(N) ridge (3) with(out)
4 | 1,0793003 | 1,3414621 | ML(F)_ridge_(6)_with(out) 4 | 1,0542433 | 1,3222341 | ML(N)_ridge_(6)_with(out)
5 | 1,0015491 | 1,3420009 ML(F)_boost_(3) with() 5 | 1,0662981 | 1,3251335 | ML(F)_ridge_(3) with(out)
6 | 1,0876910 | 1,3442026 ML(F)_ridge_(1)_with() 6 | 1,0646152 | 1,3275710 | ML(F)_ridge_(6)_with(out)
7 | 1,0782440 | 1,3443378 | ML(N)_lasso_(1)_with(out) 7 | 1,0745214 | 1,3288785 ARXN(L) with
8 | 10782440 | 1,3443378 ML(F)_lasso_(1)_with(out) 8 | 1,0408815 | 1,3289607 | ML(N)_forest (1)_with(out)
9 | 1,0782440 | 1,3443378 | ML(N)_lasso_(3) with(out) 9 | 1,0820367 | 1,3293092 | ML(N) boost (3)_with(out)
10 | 10782440 | 1,3443378 ML(F)_lasso_(3)_with(out) 10 | 1,0552668 | 1,3302081 | ML(N)_forest (3) with(out)
11| 10782440 | 1,3443378 ML(N)_lasso_(6)_with(out) 11| 10706132 | 1,3339945 ML(N)_ridge_(3)_with()
12 | 10782440 | 1,3443378 ML(F)_lasso_(6)_with(out) 12 | 10706202 | 1,3339977 ML(F)_ridge_(3)_with()
13 | 10770525 | 1,3445636 ML(N)_ridge_(1)_with(out) 13 | 10819653 | 1,3347281 ML(F)_lasso_(1)_with(out)
14 | 10770525 | 1,3445636 ML(N)_ridge_(3)_with(out) 14 | 10378017 | 1,3376492 | ML(N) forest (6) with(out)
15 | 10770525 | 1,3445636 ML(N)_ridge_(6)_with(out) 15 | 10524172 | 1,3393047 ML(N)_forest_(6)_with()
16 | 10772823 | 1,3446283 ML(F)_lasso_(3)_with() 16 | 10697496 | 1,3397559 ML(N)_ridge_(6)_with()
17 | 10772823 | 1,3446283 ML(F)_lasso_(6)_with() 17 | 10697561 | 1,3397590 ML(F)_ridge_(6)_with()
18 | 10887716 | 1,3448072 ML(F)_ridge_(1)_with(out) 18 | 10883312 | 1,3436393 ML(F)_lasso_(1)_with()
19 | 10780193 | 1,3454595 ML(N)_lasso_(1)_with() 19 | 10782440 | 1,3443378 ML(N)_lasso_(1)_with()
20 | 10781960 | 1,3454859 ML(F)_lasso_(1)_with() 20 | 10782440 | 1,3443378 ML(N)_lasso_(1) with(out)
21 | 10785475 | 1,3456262 ML(N)_lasso_(3)_with() 21 | 10782440 | 1,3443378 ML(N)_lasso_(3)_with()
22 | 10785475 | 1,3456262 ML(N)_lasso_(6) with() 22 | 10782440 | 1,3443378 ML(F)_lasso_(3)_with()
23 | 11014302 | 1,3481484 ML(F)_boost_(3)_with(out) 23 | 10782440 | 1,3443378 ML(N)_lasso_(3)_with(out)
24 | 10876145 | 1,3511611 ML(N) ridge_(3)_with() 24 | 10782440 | 1,3443378 ML(F)_lasso_(3)_with(out)
25 | 10876145 | 1,3511611 ML(N)_ridge_(6)_with() 25 | 10782440 | 1,3443378 ML(N)_lasso_(6)_with()
26 | 10845062 | 1,3514316 ML(N)_ridge_(1)_with() 26 | 10782440 | 1,3443378 ML(F)_lasso_(6)_with()
27 | 11079970 | 1,3563623 ML(F)_boost_(1)_with() 27 | 1,0782440 | 1,3443378 | ML(N)_lasso_(6)_with(out)
28 | 10821115 | 1,3564354 ML(F)_elastic_(3)_with() 28 | 10782440 | 1,3443378 ML(F)_lasso_(6)_with(out)
29 | 10822139 | 1,3565777 ML(N)_elastic_(3)_with() 29 | 10770525 | 1,3445636 | ML(N)_ridge_(1) with(out)
30 | 1,1011033 | 1,3572515 ML(F)_boost_(6)_with() 30 | 10770525 | 1,3445636 ML(F)iridgei(l)iwith(out)
31 | 11154847 | 1,3606373 | ML(F)_boost_(6) with(out) 31 | 10695701 | 1,3464928 ML(N)_boost_(3)_with()
32 | 11183630 | 1,3622829 ML(F)_boost_(1)_with(out) 32 | 1,0840539 | 1,3514006 ML(N)_ridge_(1)_with()
33 | 10887513 | 1,3628118 ARF(3) without 33 | 10840539 | 1,3514006 ML(F)_ridge_(1)_with()
34 | 10887513 | 1,3628118 ARN(@3) without 34 | 11047411 | 1,3514566 ARXN(6) with
35 | 10046113 | 1,3680387 ARF(3) with 35 | 10783859 | 1,3520796 ML(N)_elastic_(3)_with()
36 | 1,0046113 | 1,3680387 ARN(@3) with 36 | 10818418 | 1,3551079 ML(F)_elastic_(3) with()
37 | 1,1026844 | 1,3697605 | ML(N)_boost_(6) with(out) 37 | 11019368 | 1,3562192 ML(N)_boost_(1)_with()
38 | 11053257 | 1,3787728 ML(F)_elastic_(1) with() 38 | 1055162 | 1,3568371 | ML(N)_boost (6) with(out)
39 | 11054322 | 1,3789440 ML(N)_elastic_(1)_with() 39 | 10615290 | 1,3583775 | ML(N)_ elastic_(3) with(out)
40 | 11136270 | 1,3902469 ARF(1) with 40 | 10887513 | 1,3628118 ARF(3) without
41 | 11136270 | 1,3902469 ARN(L) with 41 | 10887513 | 1,3628118 ARN(3) without
42 | 11364992 | 1,3963732 ML(N)_boost_(3)_with() 42 | 10669465 | 1,3628974 | ML(N)_linear (3)_with(out)
43 | 11176804 | 1,3968341 ARF(1) without 43 | 10046113 | 1,3680387 ARF(3) with
44 | 11176804 | 1,3968341 ARN(1) without 44 | 10946113 | 1,3680387 ARN(3) with
45 | 11301241 | 1,3986112 ML(N)_boost (1) with() 45 | 11017220 | 1,3714686 ML(N)_boost_(6) with()
46 | 11306396 | 1,3990285 | ML(N) boost (3) with(out) 46 | 11054524 | 1,3730752 ML(F)_boost_(3)_with()
47 | 11239331 | 1,4006688 | ML(N) boost (1) with(out) 47 | 11106816 | 1,3732481 | ML(N) boost (1) with(out)
48 | 10868078 | 1,4044763 | ML(N) forest (3) with(out) 48 | 11003873 | 1,3743971 ML(N)_elastic_(1)_with()
49 | 11360164 | 1,4045080 ML(N)_hoost_(6) with() 49 | 11205559 | 1,3779992 ML(F)_boost_(3)_with(out)
50 | 11527677 | 1,4141710 ML(N)_elastic_(6)_with() 50 | 11033849 | 1,3787264 ARXF(1) with
51 | 11625179 | 1,4234902 ML(F)_elastic_(6)_with() 51 | 11331282 | 1,3834007 | ML(F)_boost_(1) with(out)
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1,117680 1,396834 ARF(1) without 1130999 | 1427416 ML(N)_linear_(3) with()
53 1,117680 1,396834 ARN(L) without 53 | 1132623 | 1,431493 | ML(N) forest (1) with(out)
54 1,137719 1,400741 ML(N)_boost_(3) with() 54 | 1186307 | 1433247 ARF(6) without
55 1,116162 1,402607 ML(N) linear_(3) with() S5 | 1186397 | 1433247 ARN(6) without
56 1,144248 1,406940 ML(N)_boost_(6) with() 56 | 1180201 | 1437334 ARXN(3) with
s7 1,148920 1,407908 ARXN(3) without 57 | 1206490 | 1,446048 | ML(F)_forest (3) with(out)
58 1,152705 1,414099 ML(F) elastic_(6) with() 58 | 1144883 | 1446957 ML(N) linear (1) with()
59 1,152774 1,414172 ML(N) elastic_(6) with() 59 | 1213467 | 1451172 ML(N) boost_(3) with()
60 1,153692 1,417457 ML(N) boost (1) with() 60 | 1151628 | 1454092 ML(N) forest_(6) with()
61 1,159673 1,423739 ARF(6) with 61 | 1179579 | 1456388 ML(F) boost (1) with()
62 1,159673 1,423739 ARN(6) with 62 | 1192925 | 1456631 ML(N) forest (1) with()
63 1,139056 1,425703 ML(F)_linear_(1) with() 63 | 1167326 | 1457147 | ML(N)_boost (6) with(out)
64 1,161269 1,427084 ML(F)_elastic_(3) with(out) 64 | 1197742 | 1464014 ARXN(3) without
65 1,164271 1,430909 ML(F)_linear_(3) with(out) 65 | 1185090 | 1464703 | ML(F)_forest (6) with(out)
66 1,186397 1,433247 ARF(6) without 66 | 1198386 | 1465096 | ML(N) elastic_(3) with(out)
67 1,186397 1,433247 ARN(6) without 67 | 1178100 | 1467183 | ML(N)_boost (3) with(out)
68 1,141383 1,434602 ML(N)_linear_(1) with() 68 | 10203825 | 11469021 ML(N)_boost_(6) with()
69 1,184856 1,435084 ML(N) boost_(1) with(out) 69 | 1203033 | 1469296 | ML(N)_linear (3) with(out)
70 1,174095 1,440030 ML(N)_elastic_(1) with(out) 70 | 1200455 | 1,472585 ML(F)_linear_(1) with()
n 1,174914 1,442021 ML(N)_linear_(1) with(out) 7| 1101030 | 1,474855 ARXN(L) without
2 1,192896 1,445654 ARXN(L) without 72 | 1197819 | 1,480645 | ML(N)_elastic_(1) with(out)
73 1,172527 1,446945 ARXF(3) without 73 | 1213908 | 1481745 ML(F)_linear_(3) with()
i 1,198274 1,451606 ARXN(6) with 74 | 1202345 | 1484988 | ML(N)_linear_(1) with(out)
s 1,182650 1,465822 ML(F)_elastic_(1) with(out) 7S | 1206410 | 1488181 ARXN(L) with
76 1,184318 1,469854 ML(N)_forest_(3)_with() 76 | 1190862 | 1,496656 | ML(F) forest (1) with(out)
77 1,186196 1,470113 ML(F)_linear_(1) with(out) 77 | 1231895 | 1501403 ML(N)_linear_(6) with()
8 1,202013 1,474269 ARXN(L) with 78 | 1194058 | 1,502843 ML(F)_forest_(6) with()
79 1,245000 1,478001 ML(N)_elastic_(6)_with(out) 79 | 1218938 | 1518289 ARXF(3) with
80 1,229880 1,480044 ML(N)_linear_(6) with() 80 | 10250187 | 15534251 ARXN(6) with
81 1,214050 1,480107 ARXN(3) with 81 | 1202238 | 1549715 ML(F)_forest_(3) with()
82 1,193428 1,480162 ARXF(1) without 82 | 1272058 | 15550982 ML(F) linear_(6) with()
83 1,255187 1,486377 ML(N) _linear (6) with(out) 83 | 1207910 | 15551088 ML(F)_forest (1) with()
84 1,248578 1,494193 ARXN(6) without 84 | 1273374 | 1558234 ARXF(6) with
85 1,243234 1,496777 ML(F)_linear_(6)_with() 85 | 1310963 | 1596706 | ML(F)_elastic_(1) with(out)
86 1,237804 1,504243 ARXF(3) with 86 | 1324969 | 15507973 | ML(N) elastic_(6) with(out)
87 1,208105 1,510415 ML(N)_forest_(3) with(out) 87 | 1307321 | 1598674 ARXF(1) without
88 1,172030 1,518318 ML(N)_forest_(6) with() 88 | 1336339 | 1,609246 | ML(N) linear_(6) with(out)
89 1,236328 1,534136 ML(N) forest (1) with() 89 | 1321529 | 1609699 | ML(F) linear (1) with(out)
90 1,254459 1,565244 ARXF(1) with 90 | 1327833 | 1,635624 ARXF(3) without
91 1,282073 1,578861 ML(N)_forest_(6) with(out) 91 | 1326244 | 1636779 | ML(F) elastic_(3) with(out)
92 1,337183 1,587539 ML(F) elastic_(6) with(out) 92 | 1338025 | 16529043 | ML(F)_linear (3) with(out)
93 1,304253 1,594349 ARXF(6) with 93 | 1369524 | 1667520 | ML(F) elastic_(6) with(out)
94 1,348428 1,601708 ML(F)_linear_(6) with(out) 94 | 1386305 | 1,686840 | ML(F)_linear (6) with(out)
9% 1,318713 1,602097 ML(N)_forest_(1) with(out) 9 | 1401928 | 1,686985 ARXN(6) without
96 1,357200 1,633264 ARXF(6) without 9% | 1401721 | 1695225 ARXF(6) without

1,1506728 | 1,4237387 ARF(6) with 1,1205726 | 1,3835881 ML(F)_boost_(1) with()
53 | 11596728 | 14237387 ARN(6) with 53 | 10056480 | 13847421 ML(N)_linear (3) with()
54 | 11304511 | 14329186 ML(N) forest (3) with() 54 | 11121368 | 1,3849641 ML(F)_elastic_(1) with()
55 | 1,1863967 | 1,4332474 ARF(6) without 55 | 1,1136270 | 1,3902469 ARF(1) with
56 | 11863067 | 14332474 ARN(6) without 56 | 11136270 | 1,3902469 ARN(L) with
57 | 1,1673525 | 1,4508027 ML(N) linear_(3) with() 57 | 1,0823452 | 1,3940779 | ML(N) elastic_(1) with(out)
58 | 11601813 | 1,4526114 | ML(N) forest (6) with(out) 58 | 11176804 | 1,3968341 ARF(1) without
59 | 11766626 | 1,4540294 ML(F) forest (3) with() 59 | 1,1176804 | 1,3968341 ARN(1) without
60 | 11641789 | 1,4552003 | ML(F) forest (6) with(out) 60 | 11160001 | 1,3980940 ARXN(3) without
61 | 12024587 | 1,4562368 ARXF(1) with 61 | 10866963 | 1,3983095 | ML(N) linear (1) with(out)
62 | 11746619 | 1,4654711 ML(F) forest_(6) with() 62 | 11189306 | 1,4023408 | ML(F) forest (3) with(out)
63 | 11951261 | 1,4655416 ML(F)_linear_(3) with() 63 | 11386686 | 1,4030192 ML(N) forest_(3) with()
64 | 11067961 | 14687282 | ML(F) forest (3) with(out) 64 | 11626749 | 14033430 | ML(F) boost (6) with(out)
65 | 11660076 | 1,4716300 ML(N) linear (1) with() 65 | 11242804 | 14058619 ARXF(3) with
66 | 12148662 | 14721471 ML(F)_linear_(1) with() 66 | 10043956 | 1,4092760 ML(N)_linear_(1) with()
67 | 11818848 | 1,4733095 ML(N) forest (1) with() 67 | 11354904 | 1,4093765 | ML(F) forest (6) with(out)
68 | 11785028 | 14793365 | ML(N) forest (1) with(out) 68 | 11499505 | 1,4099219 ML(N)_elastic_(6) with()
69 | 11945795 | 1,4825607 ML(F) forest (1) with() 69 | 11532063 | 1,4129409 ML(F)_elastic_(6) with()
70 | 12099149 | 14915188 ML(N)_linear_(6)_with() 70 | 11063151 | 1,4132001 ARXN(L) without
71 | 12068217 | 1,4957635 | ML(F) forest (1) with(out) 71 | 11339388 | 1,4189093 | ML(F) forest (1) with(out)
72 | 12090737 | 1,4976305 ARXN(3) without 72 | 11599313 | 14217375 ML(F)_linear_(3) with()
73 | 12208982 | 15037636 ARXF(3) with 73 | 11402822 | 14224199 | ML(N) elastic_(6) with(out)
74 | 1,2204245 | 1,5137196 | ML(N) elastic_(3) with(out) 74 | 11596728 | 14237387 ARF(6) with
75 | 12195705 | 1,5172058 ARXN(L) without 75 | 11506728 | 14237387 ARN(6) with
76 | 102248887 | 155191053 | ML(N)_linear (3) with(out) 76 | 11517553 | 14313019 | ML(N)_linear (6) with(out)
77 | 12004444 | 15321329 | ML(N) elastic (1) with(out) 77 | 11863967 | 14332474 ARF(6) without
78 | 12000049 | 15342734 ML(N)_forest_(6)_with() 78 | 11863967 | 14332474 ARN(6) without
79 | 12323141 | 15377777 | ML(N) linear (1) with(out) 79 | 11464002 | 14441545 ML(N)_linear (6) with()
80 | 12695717 | 15385909 ML(F) linear_(6) with() 80 | 11095480 | 14449268 ARXF(3) without
8l | 12682052 | 15504312 ARXN(6) with 81 | 11818220 | 104498167 ML(F)_linear_(1) with()
82 | 12957183 | 15511160 | ML(N) elastic_(6) with(out) 82 | 11765939 | 14543298 ML(F) forest_(3) with()
83 | 12957644 | 15563795 ARXN(6) without 83 | 11689597 | 14589217 ML(F)_boost_(6) with()
84 | 13030537 | 1,5574170 | ML(N)_linear (6) with(out) 84 | 11808590 | 14610985 ARXF(6) with
85 | 13390352 | 1,5992765 ARXF(6) with 85 | 12078560 | 1,4712788 | ML(F) elastic_(3) with(out)
86 | 13420624 | 1,6268457 ARXN(3) with 86 | 12328650 | 1,4775150 | ML(F)_linear (3) with(out)
87 | 13147104 | 16325398 ARXN(1) with 87 | 11780743 | 14800553 ML(F)_forest_(1)_with()
88 | 13565635 | 1,6341912 ARXF(1) without 88 | 10465627 | 14827237 ARXF(6) without
89 | 13468965 | 1,6351583 | ML(F) elastic_(3) with(out) 89 | 12132332 | 14881754 | ML(F) elastic (1) with(out)
90 | 13634457 | 1,6427973 | ML(F) elastic_(1) with(out) 90 | 11956045 | 1,4886070 ARXN(6) without
91 | 13549161 | 1,6457066 | ML(F) linear (3) with(out) 91 | 12177685 | 1,4941973 | ML(F) linear (1) with(out)
92 | 13712457 | 1,6530436 | ML(F) linear (1) with(out) 92 | 12185376 | 1,4959822 ARXF(L) without
93 | 13678401 | 1,6544306 ARXF(3) without 93 | 12314048 | 1,4985009 ML(F) linear_(6) with()
94 | 13751617 | 1,6830552 | ML(F) elastic_(6) with(out) 94 | 12065257 | 1,5001978 ML(F) forest_(6) with()
95 | 13871484 | 1,6962012 | ML(F) linear (6) with(out) 95 | 12835127 | 1,5441532 | ML(F) elastic_(6) with(out)
96 | 14476574 | 1,7789062 ARXF(6) without
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