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ABSTRACT 

 

Sentiment analysis is an emerging subject which has been growing in popularity and 

applicability with the growth in availability of accurate pre-trained machine learning models 

fine-tuned for a given domain and task (sentiment classification in this case). GDP is one of the 

variables which are attempted to forecast more often. Given its relevance and aggregate scope, 

it makes it both one of the most important to accurately forecast and also one of the hardest to 

do so.  

This research, therefore, attempts to use sentiment analysis of news articles to forecast GDP 

and assess if it produces forecasting accuracy gains. Previous studies have used either news 

articles datasets from single sources or heuristics-based sentiment classification models. Here, 

a dataset composed of thousands of news articles extracted from several sources present in 

Twitter/X will be used and classified with pre-trained context-aware machine learning models.  

An ARIMAX enriched with exogenous variables produced by such sentiment analysis will 

produce rolling forecasts alongside a base ARIMA and both forecasts will be compared to 

assess the existence of forecasting accuracy gains. 

The findings show that this approach does generate statistically significant forecasting accuracy 

gains for the one and four steps-ahead forecasting horizons. Such findings point to the 

possibility of including exogenous variables coming from news articles sentiment classification 

in the models currently in use for GDP forecasting by policy-making agents. Additionally, using 

sources like the one explored in this research allows an easy process of fine-tuning the specific 

type of news articles used as a basis for such a forecast, making this approach very flexible to 

be applied across adjacent scopes.  
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1 Introduction 
 

This thesis seeks to ascertain the extent to which the sentiment analysis of economic news 

article tweets can contribute to forecast GDP. The United States was selected as a case study, 

due to its status as the largest economy in the world and, perhaps even more relevant, due to 

its prominence in economic discourse, ensuring a substantial volume of relevant news articles.  

The selection of Twitter/X as the source of these news articles may appear to be a risky 

decision, given the reputation of social media as an unreliable and sensationalist source of 

information. However, such drawback may be offset by its potential to provide a more accurate 

indication regarding the general tone underlying economic news. Additionally, it provides 

relatively easy access to a large number of news articles from very diverse sources across a 

sufficiently large timeline in one single platform. Furthermore, its use as a source is also often 

cited in suggestions for further work, in literature similar to the research at hand, such as in 

Jiang & Zeng (2023). 

Drawing from the literature gathered, two aspects about similar work became obvious, most of 

it had been concerned with analysing the titles of the news articles and most of them had 

performed sentiment analysis using dictionary-based techniques on a word or a sentence level. 

This research seeks to perform context-aware sentiment analysis, by using pre-trained machine 

learning (ML) models, on the textual corpus (rather small, coming from tweets, nevertheless 

richer in content and less prone to ambiguities in its tone than the title alone). 

The assessment of the relevance of the technique previously described is to be tested 

regarding its ability to generate short-term forecasting power gains. Given a short forecasting 

horizon and the economics field’s familiarity with it, the base ARIMA model will be built for US 

GDP and used as a benchmark. Due to its simple way of incorporating exogenous regressors for 

time series forecasting and its similar nature, ARIMAX will be used as the model to incorporate 

sentiment analysis for GDP forecasting. 

A comparison between the forecasts produced by the base and the sentiment analysis-

enriched approaches is to be performed. In the event of its results indicating a statistically 

significant difference in forecasting power, this thesis aims to both expand the body of research 

suggesting the inclusion of news sentiment analysis for the purposes of forecasting economic 

variables and serve as a framework on how to apply it for professionals who could benefit from 

it. 

The remainder of the document will be organized as follows: Section 2 will go through the 

literature most similar to this research and draw recommendations from it to assist the 

decision making and elaboration of the methodology, Section 3 will present the methodology 

used to achieve the empirical results, Section 4 will present said empirical results and Section 5 

will draw conclusions from those results and make suggestions for further research. 
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2 Literature Review 
 

2.1 General Context Regarding Economic Forecasting 
 

Forecasting economic cycles and accurately detecting turning points is one of the most 

aggregate forecasts attempted, given the variety and number of factors that influence it and 

the variety of components of GDP, especially in modern economies. Its importance is also 

relevant for professional use in the private sector, as it can be crucial for a banker to make 

timely investment decisions or to adjust its lending practice (Lai & Ng, 2020). Policy makers also 

give it vital importance, as they are probably the most interested in accurate forecasts of the 

business cycle to help guide decisions regarding public spending, taxation and monetary policy, 

as described in Urasawa (2014) and Giannone et al. (2008). 

According to both Hawkins (2005) and Bob Namvar (2010), macroeconomic forecasting has had 

a long history. With the first mentions coming from religious texts (namely the Bible) and 

encompassing the prediction of future food production in Ancient Egyptian, Greek and Roman 

times. Although ambiguous and more heavily based on superstition than on data, these 

highlight the relevance macroeconomic forecasting has been given since ancient times. 

Since its initial works from William Petty, Gregory King and Charles Davenant in the 16th 

century (Geweke et al., 2006), however, forecasting of macroeconomic events and tendencies 

based on data has risen to dominance over the field. 

As per Hawkins (2005), the 1910-1930 did see the rise of a forecasting industry in the US, but 

also its demise after failing to foresee the Great Depression of 1929. It was not until the post 

Second World War period that macroeconomic forecast as we know it today came into 

existence, following the Keynesian Revolution. 

 

 

2.2 General Context Regarding Sentiment Analysis 
 

To understand sentiment analysis and sentiment analysis models, it is important to, first, 

understand the algorithm that is the base for all of them, Artificial Neural Networks (ANN’s). 

According to Wang & Raj (2017), Warren McCulloch and Walter Pitts modelled a primitive 

neural network based on their findings after speculating the inner workings of neurons 

(McCulloch & Pitts, 1943). Their model came to be known as the McCullogh-Pitts model (MCP) 

neural model and it resembled the modern perceptron, although the former’s weights 

between neurons were fixed as opposed to the adjustable weights of the latter. Donald O. 

Hebb introduced the Hebbian Learning Rule in Hebb (1949), laying the groundwork for the 

future development of the modern perceptron. 

Still as per Wang & Raj (2017), Frank Rosenblatt further developed the Hebbian Learning Rule 

with the introduction of perceptrons (Rosenblatt, 1958). Unlike Hebb and previous theorists 

who focused on the biological system, Rosenblatt built an electronic device which 

demonstrated the ability to learn in accordance with associativism. 
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The 1970’s were a period of frustration regarding Artificial Neural Networks, as Minsky & 

Papert (2017) described the limitations of single layer perceptrons to solve non-linear 

problems, which kickstarted what some authors call an “AI Winter”.  The book suggested the 

need to use Multi-Layer Perceptrons to address those kinds of problems, although there was 

still no way to train them. The development of backpropagation for Neural Networks (Werbos 

& John, 1974) and its posterior real-world implementation (LeCun et al., 1989) allowed the use 

of multi-layer Perpetrons, which, in turn, put an end to this “winter”. 

As described by Otter et al. (2019), the field of Natural Language Processing (NLP) concerns a 

variety of topics involving computational processing and the understanding of human 

languages. The work in this field can be divided into two main sub-areas: core areas and 

applications. In this research, the emphasis will be put on the sub-area of applications, more 

specifically regarding document classification as in classification of its general sentiment.  

Since the 1980’s the field has increasingly relied on data-driven computation involving 

statistics, probability and ML approaches such as Naive Bayes, K-Nearest Neighbours, decision 

trees and support vector machines. 

Nevertheless, recent increases in computational power and parallelization, consubstantiated by 

Graphical Processing Units (GPU’s) now allow the usage of ANN’s with billions or trillions of 

parameters. These advances have allowed for a transformation in which previously used 

techniques have either been entirely replaced or enhanced by neural models. 

 

 

2.3 State-Of-The-Art Regarding Sentiment Analysis for Economic Forecasting 
 

In this research, we propose to combine the power of previously discussed recent 

developments in NLP for sentiment classification of documents, more specifically news article 

tweets to address the issue of forecasting GDP. 

A rather simple approach to our topic is documented by Ferrari Minesso et al. (2023). It gathers 

articles from major US-based newspapers exclusively from Factiva Analytics and filters it for the 

ones written in English and covering domestic news (from the American perspective). The 

sentiment score for the approach in question is based on an index that tracks the ratio 

between the number of articles discussing a recession (this is achieved by filtering news 

articles for the keywords “recession” and “slowdown”) relative to the total number of articles 

published about the economy. The forecasting framework discussed by Ferrari Minesso et al. 

(2023) is based on probit regressions where the probability of being in a recession at a future 

horizon t + k is explained by the slope of a curve (originally the yield curve), in this case, the 

curve of the newspaper-based index. 

Nowcasting, as suggested by Bańbura et al. (2013) concerns the prediction of the present, very 

near future and very recent past and has recently started to be used in economics. Ashwin et 

al. (2021) attempts to address such issue using daily-frequency sentiment scores (extracted 

from the Factiva database) and monthly indicators such as the Purchasing Manager’s Index 

(PMI), separately, for Euro-Area countries. The news dataset for this approach is derived from 

several European newspapers and processed to be attributed a sentiment metric. Such 

research obtains larger forecasting gains with the textual sentiment metrics at the beginning of 
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each quarter, as compared to the official European Central Bank (ECB) and the PMI-based 

projections, when other indicators are not yet available. The article also hints at a solution for a 

particular obstacle that is raised when attempting to perform news sentiment analysis for 

cross-national and, specifically, non-English speaking geographies. Most of the NLP literature 

and pre-built and pre-trained models for sentiment classification available are built on the 

English language. After trying three different solutions, the one employed by Ashwin et al. 

(2021) is to standardize its article dataset to the English language by making use of the Google 

Translate API for Python. Regarding the classification of the overall sentiment of each news 

article, this article follows through with seven different approaches, some using word level and 

one using sentence level sentiment classification (Hutto & Gilbert, 2014). 

Huang et al. (2018) attempts to assess whether the inclusion of a news sentiment metric is 

useful to improve the performance of current economic downturn forecasts. Two components 

of news are considered. The first and most obvious is the general sentiment (positive or 

negative) of each news article being published. But it also addresses a second and less obvious 

component, the overall concentration of topics in the news. This second consideration comes 

from speculating that during recessions, a majority of news articles will be dedicated to the 

downturn itself, as opposed to when the economy is in an upswing, news stories related to 

financial markets or general economic concerns are sparser.  

Its approach to build a time series is similar to Ashwin et al. (2021), in which it seeks to make a 

daily aggregation of the general sentiment of the news article of that day. For each of the news 

articles themselves, it suggests calculating the overall sentiment (positive or negative), first 

scoring each individual word that composes it as -1, 0, 1(for negative, neutral and positive, 

respectively) and averaging that score over the number of words that composes it. 

Both Huang et al. (2018) and Ashwin et al. (2021) used relatively simple dictionary-based 

methods to measure the sentiment of the news corpuses and build their sentiment score time 

series. A reason for this can be found in Chong et al. (2022), in which the importance of the 

consideration of nuance and context beyond heuristic rules for accurate sentiment 

classification is discussed, but its work still follows through with a dictionary-based approach. It 

mentions several examples of successful applications of ML models trained in large corpus of 

text mapped between textual utterances and human-labelled sentiment rating. Nevertheless, 

these techniques are dismissed as labelling such a large dataset would be very time-consuming 

and expensive. 

A promising alternative can, however, be found in Lukauskas et al. (2022), which leverages pre-

trained ML models to build its sentiment score. Its approach is based on making used of ML 

models from the Hugging Face repository (and taking advantage of its Transformers python 

library) which have already been trained, either on a general corpus or, sometimes already re-

trained in domain-specific corpus. Given that the models in question can be directly deployed 

before further training, they solve the obstacle regarding the costs of labelling large enough 

text datasets and using them for training. 

Jiang & Zeng (2023) attempt to leverage this approach for prediction of Stock Market 

Movement. Despite a relatively different domain, their research provides useful hints. It starts 

by using the pre-trained sentiment analysis model FinBERT (Araci, 2019) (domain specific) to 

classify news from several publicly available financial news datasets and posteriorly build a 

sequence model with a Long-Short Term Memory network (LSTM) with the previous results 

merged with financial price information. As a baseline for the usefulness of the domain specific 
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FinBERT, this research used a Base BERT (Devlin et al., 2019) pre-trained model and a LSTM 

with the same approach. This baseline helped conclude that the power of FinBERT was not 

taken advantage of, as its approach barely outperformed the one using Base BERT, leaving 

them with the suggestion to try the use of full-text news articles and alternative information 

sources like social media (Twitter/X, etc.). For context, domain adaptation is proved effective by 

Peng et al., (2021). 

Nisar & Yeung (2018)  adopt a rather different approach to sentiment analysis, by attempting to 

prove the “Twitter Effect” in the stock market. This Effect corresponds to the possible influence 

social media (in this case Twitter/X) may have over real events, almost as a self-fulfilling 

prophecy. Its approach is based on performing sentiment analysis on common tweets, rather 

than news texts or headlines. The tweets on which the analysis was performed were filtered by 

keywords relevant to the indicators which this study attempted to predict.  

Apart from specific practical examples, a comprehensive overview of the attempt to now- or 

forecast economic and financial variables can be found in Algaba et al. (2020). Three relevant 

topics for the research to be developed are discussed in the referenced literature. The gain in 

performance between lexicon-based and machine learning-based sentiment classification 

approaches is further recognized as the benchmark provided in Ribeiro et al. (2016) justifies. 

Different types of aggregation of sentiment data are discussed. Within-Document or within-

text aggregation is a natural step for lexicon-based approaches, but only relevant for ML-based 

ones if large individual news texts (possible paragraph-level sentiment analysis to further 

aggregate) are used for the analysis. Across documents aggregation at a given frequency will be 

particularly relevant as it is necessary to build a sentiment measure time-series. Across-time 

aggregation aimed at smoothing the obtained time-series after across-document aggregation is 

discussed and justified as a way to remove outliers, especially for high-frequency series (daily 

or weekly). Smoothing the sentiment time-series through a moving average as in Thorsrud 

(2020) or using a Kalman filter is suggested. 

The most relevant insight from the paper above is, nevertheless, about how to model the 

sentiment measure or measures to the variable to be predicted. The simpler way described is 

to use an Ordinary Least Squares (OLS) regression when possible. When not possible, due to 

either multicollinearity or a high ratio of dimensionality relative to sample size, Ridge (Hoerl & 

Kennard, 2000) and LASSO (Tibshirani, 1996) approaches either individually or in combination 

are suggested.  

A promising alternative to incorporate exogenous regressors in GDP forecasting is found in 

Andrianady et al. (2023), which uses the ARIMAX model to incorporate a CRISIS dummy 

variable (referring to existence or lack thereof of a political crisis in a given period) as the 

exogenous regressor into a base ARIMA model of Madagascar’s GDP. In a paper by the same 

author (Andrianady, 2023), an overview of econometric models for the same forecasting goal 

can be found, comparing base ARIMA, VAR and MIDAS. Such overview reaches the conclusion 

that the ARIMA model was superior for forecasting Madagascar’s GDP.  
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3 Materials and Methods 
 

 

3.1 Datasets 
 

The main dataset, used in the context this research, is composed of news article tweets from 

the Twitter/X social network obtained through web scraping, made possible through the use of 

a Python library, Twscrape, proposed by vladkens  (2023).  

The web scraping process was directed towards tweets posted by several reputable American 

newspapers and media outlets focused on economic and financial topics. The following is a list 

of those newspapers and media outlets: Bloomberg, Fox Business, Seeking Alpha, CNN, 

Financial Times, the Wall Street Journal, NBC News, CBS news, CNBC, Barron’s, Reuters, Sky 

News and The Street.  

To further restrict the topics of the tweets scrapped, filtering by Keyword was used, in a similar 

way to Araci (2019), in which the same type of filtering was performed for his financial 

communication training dataset. The Keywords used in this filter were the following: 

“recession”, “economy”, “unemployment”, “stock market”, “GDP”, “inflation”.  The rationale 

behind using “recession”, “economy” and “GDP” is quite obvious, research attempting to 

predict the evolution of GDP based on economic news will inevitably look for news articles 

which mention it more or less directly. Regarding the other three keywords used, those were 

picked as they look for news articles mentioning variables which can in a larger or smaller way 

impact economic performance. Mohseni & Jouzaryan (2016) conduct a test on the effect of 

both unemployment and inflation on the Iranian economy (particularly its GDP), concluding 

both variables did prove relevant both in the short and in the long term. Sa’idu & Muhammad 

(2015) examine the effect of the same variables on the Nigerian economy and find significance 

only for the effect of inflation. 

A date filter was also used, restricting the tweets scrapped from the 1st January of 2007 to the 

31st December of 2021, allowing the dataset to encompass the periods of both the 2008 

Financial Crisis and the 2020 Covid-19 related Crisis, while preventing the capture of periods of 

Twitter’s very early adoption phase, which would have led to very low volumes of news articles 

extracted for those same periods. 

This news dataset suffered several cleaning and formatting operations. These consisted in the 

following: eliminating entries with duplicate news texts, cleaning the news texts from non-

textual noise (links, hashtags, and so on), eliminating news articles extracted from sources or 

by keywords not included in the ones previously mentioned (this only happened for a few 

dozen news articles, so a bug on the part of the extraction library’s code is assumed) and 

restricting the news texts to the relevant geographic scope of this research (the US). The latter 

was implemented by looking for geographical “cue keywords”, which could indicate the 

geographical scope they refer to, specifically: “US”, “U.S.”, “America”, “American”, “United 

States”, “USA”, “U.S.A”. The entries whose news texts contained the keywords mentioned were 

kept as pertaining to the geographical scope appropriate to this research. Figure 1 provides a 

comprehensive flowchart, regarding the filtering and preprocessing performed on the original 

news article dataset and described above. 
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The volume of news, discriminated by source and keyword is provided in Table 1. While the 

volume of news per year and keyword or per year and source can be found in the Appendix 

section. 

 

Table 1: Volume of News Sources vs Keywords 

 

A second important dataset obtained corresponds to a dataset which contains the seasonality-

adjusted real (inflation discounted) quarterly GDP figures for the US and serves as a target 

dataset for this forecasting research. This dataset was obtained from the U.S. Bureau of 

Economic Analysis (1946). Since this indicator is available quarterly since 1947, the complete 

series from 1947 until 2023 has been extracted. 

Sources GDP economy inflation recession stock market unemployment Total

BBC News (World) 5 395 52 85 65 70 672

Barron's 36 379 132 90 268 74 979

Bloomberg 281 3052 1240 669 629 523 6394

CBS News 11 409 31 56 50 186 743

CNBC 199 1773 341 213 614 390 3530

CNN 21 727 39 135 100 249 1271

FOX Business 156 1075 164 54 177 190 1816

Financial Times 144 885 308 109 118 107 1671

MarketWatch 363 1743 730 317 1332 660 5145

NBC News 8 399 17 52 28 239 743

Reuters 291 2511 796 455 309 404 4766

Seeking Alpha 561 1121 744 771 1038 164 4399

Sky News 37 620 108 112 117 82 1076

The Economist 187 971 177 162 68 126 1691

The Wall Street Journal 153 1420 285 189 255 354 2656

TheStreet 115 631 223 84 388 94 1535

Total 2568 18111 5387 3553 5556 3912 39087

Figure 1: Flowchart for News Dataset Preprocessing 
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3.2 Pre-trained Models and the Inference Process  
 

As previously discussed, building on the suggestion from Peng et al. (2021) that domain 

adaptation does generate gains in terms of sentiment classification quality, this research aims 

to use such approach, particularly selecting one of the models examined in said paper (FinBERT 

by Araci (2019)).  FinBERT is a Bidirectional Encoder Representations from Transformers (BERT) 

(Devlin et al., 2019) model further pre-trained in a massive corpus of financial communication 

and fine-tunned for sentiment classification, with the last activation function being SoftMax, 

for multiclassification purposes. 

Another similar model was employed in this research, FinBERT-Tone (Huang et al., 2023). Also a 

BERT model, further pre-trained on three different types of texts: corporate annual and 

quarterly fillings, financial analyst reports and earnings conference call transcripts and fine-

tunned for sentiment classification on 10 000 sentences from analyst reports. This model was 

chosen as an alternative to the first one as it is further pre-trained on the same base (BERT) but 

on a more diverse dataset. 

The inference process was performed with the help of the Transformers library (Wolf et al., 

2020) for Python. It provides easy to use methods such as pipeline, used for inference in the 

research at hand, which allows the user to specify the desired tokenizer, inference model and 

task at hand. It takes a string (our news article text) as input and retrieves a key-value pair, 

corresponding to the sentiment classification (positive, neutral and negative) and respective 

probability. For context, this tokenizer takes a chunk of text and divides it into its smallest 

possible parts and transforms them into their numerical representation, so that they can be 

inputted into the classification model at hand.  

A general idea about the proportions of such classification for the whole period for which 

economic news articles are available can be observed in Table 2, discriminated by the model 

which performed the classification. A significant dissimilarity can be inferred about both 

sentiment analysis models in what regards to sentiment classification, given the significant 

differences in the volume of news classified as neutral and as negative by both. 

 

Table 2: Sentiment Classification for the Whole Period (FinBERT vs FinBERT-tone) 

 

 

Overall, 13603 out of the 39087 news articles have been classified differently by the two 

models used regarding the sentiment tone expressed in them. The level of agreement between 

the two models for each type of classification can be observed on Table 3. A higher level of 

agreement is observed for neutral classifications. However, when disagreement happens in 

case of a neutral classification, it tends to divide itself into the positive and negative categories 

equally, unlike the disagreement in case of a positive or a negative classification, which tends 

much more heavily to flow to a neutral classification. The latter kind of disagreement between 

label_FinBERT count label_FinBERT-Tone count

negative 17021 neutral 18123

neutral 12754 negative 12629

positive 9312 positive 8335
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models can be understood as indicating a lack of certainty regarding the classification, rather 

than a tendency to produce perfectly opposite classifications for the same news article. Given 

this level of disagreement between the models in question, two classifications for each news 

article have been kept, one performed by each sentiment classification model. 

 

Table 3: FinBERT vs FinBERT-Tone Sentiment Classification 

 

An additional feature was created based on the previous classification, a sentiment score. This 

feature is obtained through multiplying the probability of a tweet being the label it was given 

(the value in the key-value pair mentioned above) by 0 if the label is neutral, by -1 if the label is 

negative or by 1 if the label is positive.  

 

 

3.3 Grouping and Feature Engineering 
 

As mentioned on the previous section, the output of the sentiment analysis is a key-value pair 

for each input row of the dataset, in this case for each tweet. However, to be able to build a 

predictive approach for a time series, the processed dataset needs to be standardized for a 

given periodicity, therefore creating a time series to forecast the target one. Datasets 

standardized for a daily, monthly, quarterly and yearly periodicity were created. Such has been 

achieved by calculating the percentage of news tweets classified as negative, neutral or 

positive for each time unit (day, month, quarter or year), for the case of the base features. For 

the case of the sentiment score, all the sentiment scores of all the news articles contained 

within a given time unit have been averaged, being said average the aggregated version of the 

sentiment score feature.   

Some descriptive statistics regarding both sentiment scores can be observed in Table 4. The 

same descriptive statistics, now calculated after excluding neutrally classified news articles 

(classified as such by either one of the two sentiment classification models), are provided in 

Table 5. 

The two models’ disagreement in sentiment classification, inevitably spilled over to the 

distributions of the scores that are built on top of it. Such a discrepancy between the two can 

be further analysed in Tables 4 and 5 through some descriptive statistics of those same 

label_FinBERT label_FinBERT-tone count FinBERT-Tone/FinBERT

negative 10157 59,67%

neutral 5356 31,47%

positive 1508 8,86%

neutral 9892 77,56%

negative 1470 11,53%

positive 1392 10,91%

positive 5435 58,37%

neutral 2875 30,87%

negative 1002 10,76%

positive

negative

neutral
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sentiment scores, consubstantiated by a less dispersed distribution of FinBERT’s version of the 

sentiment score as compared to FinBERT-Tone’s (as can be witnessed by their Quartiles and 

their standard deviations), suggesting a higher degree of conservatism in its predictions. Given 

such differences, two instances of the sentiment score were kept, one for the results of each 

sentiment classification model. 

 

Table 4: Descriptive Statistics for Sentiment Scores before Neutral Exclusion 

 

Table 5: Descriptive Statistics for Sentiment Scores after Neutral Exclusion 

 

Neutrally classified news article tweets compose the majority of the dataset used in this 

research, when looking at FinBERT-Tone’s classification and the second largest cohort when 

looking at FinBERT’s. Since they can undershoot the relevance of positive or negative sentiment 

in percentage-based features and dramatically reduce the value of the sentiment score at a 

given time step, the decision was made to test the effect and relevance of their inclusion in the 

calculation of the features already mentioned. 

Henceforth, removing the neutrally classified news articles, before performing the calculations 

which result in the mentioned features, can tackle such issue. Two datasets which exclude 

neutrally classified news articles have been built (removing the news articles classified as 

neutral by one or the other model), allowing for feature calculation without the mentioned 

adverse effect. Keeping and following along with the transformations of such alternative 

datasets will allow the comparison between forecasting performance resulting from this 

approach and the approach which keeps neutrally classified news articles, therefore providing 

insights to whether this issue significantly impacts forecasting power. 

Given that until this stage, only eight features had been created (and that, in the approaches 

where instances classified as neutral were removed, the negative and positive percentages 

would become highly correlated and so, not very advisable to use together), additional 

features had to be created. A difference variable (which is called diff, for simplicity) was created 

for all the eight previous variables, that represents the difference in percentage points in the 

percentage of news tweets of a given sentiment classification from a time unit 𝑡 and a time 

Descriptive Statistics score_FinBERT-Tone score_FinBERT

count 39087 39087

mean -0,102 -0,180

std 0,689 0,667

min -1,000 -0,977

Quartile 25% -0,940 -0,889

Quartile 50% 0,000 0,000

Quartile 75% 0,000 0,000

max 1,000 0,959

Descriptive Statistics score_FinBERT-Tone score_FinBERT

count 18102 18102

mean -0,218 -0,269

std 0,931 0,820

min -1,000 -0,977

Quartile 25% -1,000 -0,950

Quartile 50% -0,927 -0,804

Quartile  75% 0,997 0,777

max 1,000 0,959
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unit 𝑡 − 1, in the case of percentage based features, or a simple difference between the 

sentiment score observed in time unit t and in time unit 𝑡 − 1, in the case of sentiment score 

features. Given that this research concerns time series forecasting and that lag variables are 

widely used for the task, lag variables for each of the difference variables were created up to 

𝑡 − 5. This means that for every row of the dataset (which represents a time unit 𝑡), diff 

variables pertaining to time units 𝑡 − 1, 𝑡 − 2, … until 𝑡 − 5 are present. 

Given the presence of lag variables, the series was truncated to the third quarter of 2008 at the 

beginning to eliminate the presence of null values. 

 

 

3.4 ARIMA Benchmarking  
 

Naturally, to be able to assess the usefulness of a given new model or of a given set of new 

variables to forecast a given time series variable, one or several benchmark models need to 

exist to compare the goodness of fit and the out-of-sample forecasting performance. 

Given this and following the work developed by Andrianady (2023), in this study, a base ARIMA 

model will be used as the benchmark. 

 

∆𝑑𝑦𝑡 = 𝑐 + 𝜙1𝛥𝑑𝑦(𝑡−1) + ⋯ + 𝜙𝑝𝛥𝑑𝑦(𝑡−𝑝) − 𝜃1𝜀(𝑡−1) − ⋯ − 𝜃𝑞𝜀(𝑡−𝑞) + 𝜀𝑡 (1) 

 

Equation 1 defines the general form of such model, in which 𝑦𝑡 is the original time series, 𝑐 is a 

constant term, 𝜙1, … , 𝜙𝑝 are the coefficients of the autoregressive (AR) terms, 𝜃1, … , 𝜃𝑞 are 

the moving average (MA) terms and 𝜀𝑡 is the error term at time 𝑡. 

Regarding the (p, d, q) terms to be defined by the user, p is the order of the AR terms, q is the 

order of MA terms and d represents the order of differencing. ∆𝑑 represents the differencing 

operator applied 𝑑 times as in ∆𝑑𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1 for 𝑑 = 1. 

The GDP time-series used for this purpose corresponds to the previously mentioned target 

time-series of seasonally adjusted real GDP with quarterly frequency (U.S. Bureau of Economic 

Analysis, 1946). This series has been extracted without null values, so inputting these will not 

be necessary. From this point on, the GDP series used will be the subset between the third 

quarter of 2008 and the last quarter of 2019. The motivation behind the cut in the beginning of 

the series is to match the temporal horizon of the sentiment analysis variables’ series available. 

The GDP series was also truncated at the end as to avoid modelling during the Covid-19 crisis, 

since it introduces too much volatility which led to a situation in which the random walk 

process would be the most significant model (lowest AIC and BIC measures). 

The Box-Jenkins methodology (Box & Jenkins, 1976) is used to specify the benchmark ARIMA 

model. According to said methodology as described by Makridakis & Hibon (1997), five steps 

should be followed before selecting an ARIMA model for forecasting. Firstly, trend and seasonal 

stationarity must be verified in the working time-series. Alternatively, the series should be 

differenced as to obtain said stationarity conditions. 
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After stationarity is verified, model specification should ensue with the differencing (d) 

parameter having presumably been estimated already as to guarantee stationarity. Next, the 

moving average (q) and auto-regressive (p) parameters should be defined. These can be 

inferred from the Autocorrelation and the Partial Autocorrelation Function plots, respectively, 

by selecting the lags which fall outside the boundaries of statistical insignificance. 

Having found a set of possible ARIMA specifications, all of these can be fitted, and diagnostic 

checks should be performed on them. All the models which pass the diagnostic tests should 

then be compared by goodness of fit measures and variables’ significance (through checks of 

the P-Values for the variables which compose them) and the best one should be selected as the 

most accurate ARIMA. This most accurate ARIMA is then used as the base specification for the 

following sentiment analysis-enriched ARIMAX models. The optimal ARIMA will also serve as a 

benchmark against which all sentiment analysis-enriched models explored in this research will 

be compared, in terms of out-of-sample forecasting performance. 

 

 

3.5 Input Filtering by Source and Keyword 
 

Given that the original news dataset used to create the sentiment analysis series was extracted 

from specific sources on the Twitter/X platform and by specific keywords, it is a sensible 

approach to test if all this sources and keywords really worked to extract news article tweets 

relevant to the scope of this research. Such is justified by the fact that including a large volume 

of news articles which reside outside of our scope in the calculation of the time-series of 

sentiment analysis variables can heavily affect the performance of the forecasts produced and, 

therefore, lead us to the wrong conclusions. 

The method used in this research to deal with this issue will consist in creating several different 

groups of datasets (each containing three, corresponding to the different approach explored to 

deal with neutrally classified news articles) consisting in different source and keyword filtering 

combinations performed before the grouping stage and after the news sentiment classification 

stage.  

The following sections will describe an approach to determine the optimal neutral handling 

approach and the optimal combination of exogenous variables for each group of datasets, 

producing an optimal model for each input filtering combination.  

 

The input filtering approaches which will be attempted are the following:  

1. No US scope filtering; 

2. Only US scope filtering (every approach after this one will contain US scope filtering); 

3. Removing news article tweets extracted from Seeking Alpha; 

4. Removing news article tweets extracted by the “stock market” keyword; 

5. Removing news article tweets extracted by the “stock market” or “inflation” keywords; 

6. Removing news article tweets extracted by the “stock market” keyword and/or from a 

group of more generalist sources (“CNN”, “CBS News”, “NBC News” and “Sky News”); 
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7. Removing news article tweets extracted by the “stock market” or “inflation” keywords 

and/or from a group of more generalist sources (“CNN”, “CBS News”, “NBC News” and 

“Sky News”); 

8. Removing news article tweets extracted by the “stock market” or “inflation” or 

“unemployment” keywords; 

9. Removing news article tweets extracted by the “stock market” or “inflation” or 

“unemployment” keywords and/or from a group of more generalist sources (“CNN”, 

“CBS News”, “NBC News” and “Sky News”) 

 

Despite extensive filtering performed in the case of some of the approaches described above, 

the volumes of news articles kept after said filtering are still sizeable and sufficient for 

modelling, as can be observed in Figure 2. 

 

 

Figure 2: Volume of News Articles Kept after Filtering by Approach 

 

 

3.6 Model Comparison and the Diebold-Mariano Test 
 

Having defined a benchmark (ARIMA) for comparing the significance of the sentiment analysis 

exogenous variables in improving the forecast of GDP and aspiring to discriminate between 

several competing models, concerns regarding this comparison itself start to arise. Classically, 

out-of-sample forecasting accuracy measures such as RMSE, MSE, MAE and MAPE could be 

compared between models, but the possibility that one model had produced one such metric 

marginally better than the other purely by chance cannot be discarded, as mentioned by 

Mohammed & Mousa (2020). Therefore, a statistical test is warranted to validate statistically 

different forecasting power between two models, which is where the Diebold-Mariano test 

(Diebold & Mariano, 1995) comes into the picture. 

The DM test provides a null hypothesis of equal out-of-sample accuracy of the forecasts of two 

models and an alternative hypothesis of inequality, in its two-sided version. In its one-sided 
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version, the alternative hypothesis is of the forecasts of one model having greater accuracy 

than the forecasts of the other.  

The DM test allows for the specification of the power of the test, so the power to which errors 

will be raised. In this research, the conventional power of 2 will be used, therefore comparing 

squared errors. 

Equation 2 formulates the DM test: 

 

• Actual values: {𝑦𝑡: 𝑡 = 1, … , 𝑇}  

• Two forecasts: {𝑦̂1,𝑡: 𝑡 = 1, … , 𝑇} and {𝑦̂2,𝑡: 𝑡 = 1, … , 𝑇}  

• Forecast error: 𝑒𝑖,𝑡 = 𝑦̂𝑖,𝑡 − 𝑦𝑡 , 𝑖 = 1, 2   

• Loss function: 𝑔(𝑒𝑖,𝑡) =  𝑒𝑖,𝑡
𝑝

 , 𝑝 = power of the test (2) 

• Difference between forecasts: 𝑑𝑡 = 𝑔(𝑒1,𝑡) − 𝑔(𝑒2,𝑡)  

• Diebold-Mariano two-sided test: 𝐻0: 𝐸(𝑑𝑡) = 0 and 𝐻1: 𝐸(𝑑𝑡) ≠ 0  

• Diebold-Mariano one-sided test:  𝐻0: 𝐸(𝑑𝑡) = 0 and 𝐻1: 𝐸(𝑑𝑡) < 0 or 
𝐻1: 𝐸(𝑑𝑡) > 0 

 

 

This research used the Python implementation for the two-sided DM test proposed by Tsang 

(2017) and the R implementation proposed for the one-sided DM test proposed by Hyndman & 

Khandakar (2008). 

 

 

3.7 ARIMAX 
 

An ARIMAX model, built as an extension of the previous ARIMA enriched with exogenous 

sentiment analysis variables will be used as the model which incorporates the sentiment 

analysis exogenous regressors, in a similar approach to Andrianady et al. (2023). 

 

∆𝑑𝑦𝑡 = 𝑐 + 𝜙1𝛥𝑑𝑦(𝑡−1) + ⋯ + 𝜙𝑝𝛥𝑑𝑦(𝑡−𝑝) − 𝜃1𝜀(𝑡−1) − ⋯ − 𝜃𝑞𝜀(𝑡−𝑞) + 𝛽1𝑥1,𝑡 + ⋯

+ 𝛽𝑘𝑥𝑘,𝑡 + 𝜀𝑡 

(3) 

 

Equation 3 defines the general form of the ARIMAX model and expands Equation 1 with 

exogenous variables 𝑥1,𝑡, … , 𝑥𝑘,𝑡 at time t, 𝛽1, … , 𝛽𝑘 representing the coefficients of such 

exogenous variables, with 𝑘 being the number of exogenous variables. 

For out-of-sample forecasting, both the log-GDP series and the series of the exogenous 

regressors have been divided in a kind of a train-test split, with a cut-off on the second quarter 

of 2017. Out-of-sample forecasting will be performed for up to the four steps-ahead forecasting 

horizon. For each one of these forecasting horizons a rolling window approach will be 

employed with the initial “training set” in which every model will be fitted corresponding to 

the first part of the previous split. The window will then shift forward by one quarter and the 
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models will again be fitted in this new window and perform a new forecast until there are not 

enough records available in the second split of the datasets to perform this process again.  

As discussed previously, several variables and its lags have been created using the original 

sentiment analysis variables as a basis for them and these must be filtered for the statistically 

significant ones, furthermore, feature selection should also be pursued as to create a more 

parsimonious model. Additionally, three different datasets were created for each time unit of 

aggregation, regarding the handling of neutrally classified news article tweets, so one of these 

approaches should also be selected. In this section, only the quarterly aggregation is relevant 

given that the models from the ARIMA family do not support exogenous variables of 

frequencies different from the one of the target variable. 

In this research, this variable filtering and selection is performed in two steps, one in-sample 

step and one out-of-sample step.  

Sentiment analysis exogenous regressors will be included in the ARIMAX model both alone and 

in pairs. 

It is important to note that only lagged exogenous variables can be used. ARIMAX models 

demand observations of the exogenous regressors for the same timestep for which forecasts 

are to be performed. This would require knowing the future observations of the sentiment 

analysis variables, which would not be possible in a typical forecasting scenario, as it would 

imply being able to scrape and classify news tweets which have not yet been posted at the 

time of the forecast. To address this issue, one can restrict the exogenous regressors used in a 

forecasting exercise to the ones whose observations in the future are merely lagged feature 

transformations of base features observed in the present. In the case of a one step-ahead 

forecast, the ARIMAX model would demand the observation of exogenous regressor 𝑥 at 

timestep 𝑡 + 1, which is only problematic if 𝑥 is really an observation at timestep 𝑡 + 1. If x is 

the lagged version of an exogenous variable by 1 timestep, its observation at timestep 𝑡 + 1 

will already exist at timestep t. As proposed by Chu & Qureshi, (2023), forecasts are produced 

for each period 𝑡 + ℎ for up to four quarters ahead (ℎ =  1, 2, 3, 4) and the information used 

to forecast for the period 𝑡 +  ℎ is done exclusively using information available at 𝑡. 

For the in-sample step, the ARIMA model selected as described in the previous sections will be 

enriched with all the possible pair combinations of exogenous variables and with all the same 

variables individually.  

This process will be repeated once for every neutral handling approach (so three times). All the 

possible models described above will be fitted and only the ones whose AIC and BIC metrics 

are inferior to those of the base ARIMA model and whose P-Values for the significance of the 

variables which compose them are all below 0.05 will be selected for each neutral handling 

approach. If one of the neutral handling approaches does not contain any selected model, it 

will be automatically discarded. Equations 4 and 5 represent the formulas for the AIC and BIC 

measures, respectively. 

𝐴𝐼𝐶 = 2𝑘 − 2 𝑙𝑛(𝐿̂) (4) 

𝐵𝐼𝐶 = 𝑘 𝑙𝑛(𝑛) − 2 𝑙𝑛(𝐿̂)  (5) 

Where 𝑘 represents the number of parameters estimated in the model, 𝑛 represents the 

sample size and 𝐿̂ represents the maximized value of the likelihood function. 



16 
 

For the out-of-sample step, it will be divided into two parts: selecting an optimal ARIMAX 

model for one, two, three and four steps-ahead forecasting, with the eventual possibility that 

the optimal models for some of those horizons will be the same. To note that, the forecasts are 

relative to the log-GDP series as this is the one inputted into the models. Nevertheless, to 

compute meaningful forecasting accuracy metrics, which can be interpreted, it is useful to 

reverse the natural logarithm transformation and transform the forecasts into the original scale 

of the forecasted variable (GDP), by exponentiating (𝑒𝑥) the forecasted values. All the models 

which survive the previous step will go through the previously described rolling window out-of-

sample forecasting process and the Root Mean Squared Error (RMSE) of their forecasts will be 

calculated against the real values of the GDP series.   

The model with the lowest RMSE will be selected as optimal and its forecasts will be compared 

to the forecasts of the base ARIMA model and to the actual GDP series through a Diebold-

Mariano test. Therefore, the optimal neutral-handling approach, the optimal exogenous 

variable or set of variables will be known and its forecast improvement significance will be 

known. 

The last step is relevant especially given the fact that this whole process will be repeated for 

every input filtering approach and so the DM test P-Values of the optimal ARIMAX models can 

be compared between the results obtained through the different input filtering approaches. 

Therefore, if any P-Value’s below 0,1 are produced by the one-sided DM test (rejecting its null 

hypothesis for the less conservative confidence level of 10%, therefore indicating statistically 

significant better forecasts produced by the ARIMAX as compared to the base ARIMA) based on 

any input filtering approach, it can be said that such approach can produce statistically 

significant forecasting power gains. Otherwise, the comparison between DM test P-Values can 

indicate where to continue input filtering further. 

The formula for the RMSE can be observed in Equation 6. 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑇
∑(𝑦𝑡 − 𝑦̂𝑡)2

𝑇

𝑡=1

2

 

 

(6) 

 

Where 𝑦𝑡 and 𝑦̂𝑡 represent, respectively, the actual value of the GDP and its forecast at period 

𝑡 of the test dataset and 𝑇 represents the number of forecasts performed. 
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4 Results and Implementation 
 

 

4.1 ARIMA Benchmarking 
 

Given that the extracted GDP series extracted is seasonally adjusted, seasonal stationarity is 

assumed to exist. 

The GDP series is not trend stationary as it contains an upward trend, which calls for 

differencing to make it as such. Log-differencing was used to achieve stationarity, as it is a 

common methodology when working with economic and financial data, consisting of 

transforming the original series into its natural logarithm and performing a simple differencing 

of order 1. The logarithmic transformation is used to address stationarity in the series’ variance 

and the differencing is used to address stationarity in the mean as suggested by Makridakis & 

Hibon (1997). After said transformation, the series passes an Augmented Dickey-Fuller test 

(Dickey & Fuller, 1979) (the Null hypothesis is rejected with a P-Value of 0,003, thus the 

alternative hypothesis of stationarity is accepted) and visual inspection for stationarity.  

The d parameter for the ARIMA models tested can therefore be assumed to be 1 and the base 

series to be used will be the logarithm transformed one. 

As can be seen in figures 3 and 4, the plots for both functions mentioned before show that the 

possible values for the q parameter can be 0 or 1 and for the p parameter can also be 0 or 1. 

 

 

 

 

 

 

 

 

 

 

Thus, leaving as possible ARIMA models to test: ARIMA (0, 1, 0), ARIMA (1, 1, 0), ARIMA (0, 1, 

1) and ARIMA (1, 1, 1). 

All possible ARIMA specifications were fitted on the now truncated GDP log series and tested 

for residuals autocorrelation, through both the Breusch-Godfrey (Godfrey, 1996) and the Ljung-

Box (Ljung & Box, 1978) tests, for whose P-Values were always above 0.99, thus not rejecting 

the null hypothesis in every case, proving the absence of autocorrelation of residuals for every 

ARIMA model proposed, thus validating them. 

Figure 4: Autocorrelation Function Plot Figure 3: Partial Autocorrelation Function Plot 
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The valid ARIMA specifications were ordered by AIC and BIC, and the P-Values for all their 

respective components were checked, leaving the ARIMA (1, 1, 0) and the ARIMA (1, 1, 1) 

specifications in a tie for the first place, since they displayed slightly conflicting goodness-of-fit 

measures. The former displaying a lower BIC (327.8 VS -329.6) and HQIC (-331.2 VS -331.8) and 

the latter displaying a lower AIC (-333.22 VS -333.19). Both specifications displayed P-Values for 

regressor significance below 0.05 for all the regressors they incorporate. 

The out-of-sample forecasting performance can be measured in several metrics. In the context 

of this model being built as a benchmark, RMSE will be used as it is the one in which the 

candidate exogenous-enriched models will be measured as well. When looking at out-of-

sample forecasting accuracy, it becomes clear that the ARIMA (1, 1, 1) specification 

outperforms the ARIMA (1, 1, 0) specification for all forecasting horizons relevant to this 

research as can be observed in Table 6. Therefore, the former is chosen as the specification to 

proceed with both as a benchmark and as a basis to the exogenous-enriched models discussed 

in the following section. 

 

Table 6: Out-of-Sample Forecasting Accuracy Measure for ARIMA Specifications 

 

 

 

4.2 ARIMAX Results and Implementation 
 

As discussed in the Methodology section, ARIMAX models with one and two exogenous 

regressors have been tested and meaningful models have been produced for all approaches of 

input filtering, in both cases. 

 

4.2.1 Single Exogenous Variable Approach 
 

Using only one Exogenous Regressor on the ARIMAX model built on top of the previously 

discussed base ARIMA, all input filtering approaches have produced models which survive the 

in-sample first phase of model selection and can perform forecasts for up to four steps-ahead, 

with the exception of input filtering approach 1, which was only able to produce models for up 

to two steps-ahead forecasting. 

Regarding the handling of neutrally classified news tweets, most of the optimal ARIMAX 

models for every input handling approach for any steps-ahead forecasting horizons were built 

with features which used some approach of neutral removal.  

ARIMA (1, 1, 1) RMSE ARIMA (1, 1, 0) RMSE

1 steps-ahead 63,94 1 steps-ahead 81,44

2 steps-ahead 123,77 2 steps-ahead 188,10

3 steps-ahead 164,98 3 steps-ahead 294,99

4 steps-ahead 207,55 4 steps-ahead 380,75
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In Figure 5, a comparison of out-of-sample RMSE for one step-ahead forecasting can be 

observed between the optimal models of every input filtering approach. The models built with 

input filtering approaches 3 and 4 register the lowest RMSE’s for one-step ahead forecasting 

with values of 56.3 and 56.8, respectively. These were also the only models whose forecasting 

residuals registered a P-Value inferior to 0.1 in a one-sided DM test against the base ARIMA 

model for the forecasting horizon in question, with values of 0.065 and 0.084, respectively, 

therefore rejecting its null hypothesis for the less conservative 10% significance level. These 

models were built with features which used neutral removal as classified by the FinBERT and 

FinBERT-Tone sentiment classification models, respectively. 

 

 

Figure 5: One-Step Ahead RMSE with Single Exogenous Regressor 

 

The exogenous regressors used in such models can be observed in Table 7. 

 

Table 7: Exogenous Regressors Used in Relevant ARIMAX model for One Step-Ahead Forecasting 

 

 

For the 2 and 3 steps-ahead forecasting horizons, no model’s forecasting residuals have been 

able to reject the null hypothesis of the one-sided DM test against the base ARIMA model even 

for the less conservative 10% significance level. For the two steps-ahead forecasting horizon, 

the model built with input filtering approach 1 registered the lowest RMSE of 104.1. For the 

three steps-ahead forecasting horizon, the model built with input filtering approach 3 

registered the lowest RMSE of 138.8. 

A comparison of out-of-sample RMSE for four steps-ahead forecasting can be observed in 

Figure 6. In this instance, the results are not as straightforward as in the previous. The lowest 

Input Filtering Approach Variable Used Neutral Handling Approach

3 - Seeking Alpha source removed ln_negative_percentage_tone_n-4 Neutral_Removal_by_FinBERT

4 - Stock Market Keyword Removed ln_negative_percentage_tone_n-4 Neutral_Removal_by_FinBERT-Tone
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RMSE’s can be found for the models built with input filtering approaches 7, 9 and 5, with 

values of 136.2, 138.2 and 142.9, respectively. Nevertheless, the only model whose forecasting 

residuals registered a P-Value inferior to the less conservative 0.1 threshold was the one built 

input filtering approach 6, with a value of 0.079. The latter was built with features whose 

calculation used neutral removal as classified by the FinBERT sentiment classification model. 

 

 

Figure 6: Four Steps-Ahead RMSE with Single Exogenous Regressor 

 

The exogenous regressors used in such models can be observed in Table 8. 

 

Table 8: Exogenous Regressors Used in Relevant ARIMAX model for Four Step-Ahead Forecasting 

 

 

4.2.2 Pairs of Exogenous Regressors Approach  
 

Using pairs of Exogenous Regressors on the ARIMAX model built on top of the previously 

discussed base ARIMA, all input filtering approaches have produced models which survive the 

in-sample first phase of model selection and can perform forecasts for up to four steps-ahead.  

Regarding the handling of neutrally classified news article tweets, unlike the previously 

described approach of using only one exogenous regressor, in this case the situation is more 

mixed, with about half of the optimal models being built with features which used some 

approach of neutral removal and half being built with features which did not. 

Input Filtering Approach variable_used neutral_handling_technique

5 - Stock Market and Unemployment Keywords Removed tone_score_n-4 Neutral_Removal_by_FinBERT

6 - Stock Market Keyword and less relevant Sources Removed tone_score_n-4 Neutral_Removal_by_FinBERT

7 - Stock Market and Unemployment Keywords and less relevant 

Sources Removed
tone_score_n-4 Neutral_Removal_by_FinBERT

9 - Stock Market, Unemployment and Inflation Keywords Removed and 

less relevant Sources Removed
tone_score_n-4 Neutral_Removal_by_FinBERT
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A comparison of out-of-sample RMSE for one step-ahead forecasting can be observed in Figure 

7. This is the only forecasting horizon for which more than one sentiment analysis enriched 

ARIMAX model can significantly outperform the base ARIMA in terms of RMSE and for which 

any came close to rejecting the null hypothesis for the one-sided DM test. The model built with 

input filtering approach 6 can easily be selected as the one with the lowest value for the 

metric, at 50.2. This was not the model which came the closest to rejecting the null hypothesis 

for the one-sided DM test, with a P-Value of 0.156, but the one built with input filtering 

approach 7, with a P-Value of 0.147. Nevertheless, no model’s forecasting residuals registered a 

P-Value on the one-sided DM test capable of rejecting the null hypothesis, even for the less 

conservative 10% significance level. Both models were built with features which used neutral 

removal as classified by the FinBERT sentiment classification model.  

 

 

Figure 7: One Step-Ahead RMSE with Pairs of Exogenous Regressors 

 

The exogenous regressors used in such models can be observed in Table 9. 

 

Table 9: Pairs of Exogenous Regressors Used in Relevant ARIMAX model for One Step-Ahead Forecasting 

 

 

As for the results regarding the other forecasting horizons, the model built with the input 

filtering approach 6 registered the lowest RMSE for the two steps-ahead forecasting horizon at 

114.34. The model built with the input filtering approach 7 registered the lowest RMSE for the 

three steps-ahead forecasting horizon at 164.5, the only to slightly beat the base ARIMA for 

this forecasting horizon, which registered an RMSE value of 164.98. Finally, for the four steps-

Input Filtering Approach variables_used neutral_handling_technique

6 - Stock Market Keyword and less relevant Sources 

Removed
tone_negative_n-5, var_tone_positive_n-1 Neutral_Removal_by_FinBERT

7 - Stock Market and Unemployment Keywords and less 

relevant Sources Removed
tone_negative_n-5, var_tone_positive_n-5 Neutral_Removal_by_FinBERT
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ahead forecasting horizon, the model built with the input filtering approach 3 registered the 

lowest RMSE at 183.4. 
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5 Conclusions 
 

After exploring the results of the proposed approach, some conclusions about the following 

topics can be reached: overall forecasting capacity of news articles sentiment analysis, 

inclusion of neutrally classified news and choice of Keywords and Sources for news article 

extraction. The following section will also feature an overview of some of the limitations faced 

throughout the research at hands. 

 

 

5.1 Forecasting Power of News Article Tweets Sentiment Analysis 
 

As explored earlier, using the single exogenous regressor approach, it can be concluded that 

news sentiment analysis does add forecasting power to a traditional forecasting method such 

as an ARIMA. This is true, at least for the one and four steps-ahead forecasting horizons. Such a 

conclusion is based on the results of the one-sided DM test which, for the forecasting horizons 

mentioned, did reject its null hypothesis at the 10% confidence level. 

As for the approach using pairs of exogenous regressors, such a conclusion did not materialize, 

as no sentiment analysis enriched model produced forecasts which could reject the null 

hypothesis of the one-sided DM test. 

As can be observed in the previous section, all the models which produced meaningful results, 

so statistically significant forecasting power gains, were built with exogenous regressors whose 

values were calculated on top a dataset which used some approach of removal of neutrally 

classified news article tweets.  

Additionally, an interesting effect can be observed in which all the exogenous regressors 

incorporated in the models which proved meaningful were calculated with sentiment 

classification performed by the FinBERT-Tone model, while having had neutrally classified news 

article tweets removed from the dataset they used based on FinBERT’s classification. This 

effect is a statement to the complementarity of different sentiment classification models for 

the same original dataset and task. 

The effect excluding some of the sources from which news articles are extracted or keywords 

according to which they are extracted was also explored. The first step in such exploration was 

an attempt to circumscribe the geographical scope of the news articles extracted. Such a step 

can be concluded as successful, since the approach which used the dataset prior to it did not 

serve as the base for any meaningful models. Removing the news article tweets extracted 

through the “stock market” and “inflation” keywords has also proven effective given such steps 

were applied to the datasets used in four and three out of the five meaningful models 

produced, respectively. Therefore, it can be concluded that geographical circumscription of the 

scope of the news article tweets extracted in the terms performed does indeed produce more 

meaningful models. Additionally, it can also be concluded that sentiment classification of news 

article tweets extracted through the “stock market” and “inflation” keywords does not improve 

GDP forecasting.  
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5.2 Limitations and Suggestions for Further Work 
 

5.2.1 Time Scope Limitation 
 

One important limitation of this study is the limited time scope of the exogenous regressors’ 

dataset, which has hindered the capacity of the models created to be fitted in a big enough 

dataset which could have allowed a better comprehension of patterns between them and the 

variable being forecasted (GDP), therefore allowing it to achieve better out-of-sample 

forecasting accuracy and, subsequently, more significant differences between them and the 

base ARIMA’s. This limitation stems from an availability issue, nevertheless, making it hard to 

overcome, as this study already tried to extract news from Twitter/X from as far back as 

possible. Nonetheless, assuming a continued publication of news article tweets from reputable 

sources in said social media platform, the availability of longer and longer datasets for the 

same regressors built on top of said news article tweets will only grow. 

 

5.2.2 Model Selection Methodology and Computing Power 
 

Although using only one sentiment analysis variable at a time produced the best results at 

hands, testing the incorporation of more than two exogenous regressors could turn out to be a 

good way to get even more significant results, especially for other forecasting horizons. 

Nevertheless, such an attempt would require either a different model selection methodology 

than the one used or more computing power than the one which was available for this 

research. This is the case, since the model selection methodology used exhaustively tests all 

the possible exogenous regressors combinations for goodness-of-fit and increasing the size of 

the combinations to three or more would cause an exponential increase in the number of 

combinations to test and, therefore, an exponential increase in the machine time it would take 

to perform such a selection. 

 

5.2.3 Econometrics Based Approach and Linearity Limitations 
 

In the context of this research, an ARIMAX model was used for forecasting due to its similarity 

to the benchmark model, therefore ease of comparability of the exogenous regressors added 

and due its simplicity and widespread knowledge among professionals of the economics and 

statistics field. 

Nevertheless, due to its construct, it only allows for linear relationships between the regressors 

and the regressand, thus losing the potential gains in predictive power that allowing for a non-

linear relationship (perhaps closer to their true relationship) between the two could have. Such 

non-linearities could be modelled in future projects using hybridization techniques with ML 

models for forecasting purposes, such as the case described by Yucesan et al. (2018), which 

models an ANN on the residuals of the ARIMAX model previously used, as those residuals are 

assumed to contain the non-linearity information which was not captured by the ARIMAX. 
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5.2.4 Additional Scopes for Future Research 
 

An interesting project to develop following the approach laid out in this research, relates to the 

application of the described methods to forecasts other macroeconomic variables, such as 

unemployment.  

Business-related matters, interesting for corporations, such as the real-time monitoring of the 

popularity of one’s competitors can be improved through sentiment classification of tweets 

selected by keywords referring to such competitors’ brands and products. Such monitoring 

could produce popularity metrics which could be further used to forecast the competitors’ gain 

of market share. Such an approach could also be experimented to track the users’ own firm, 

allowing for a better understanding of consumer’s opinions about the products and services 

they provide, in a larger way than surveys could. 
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APPENDIX 

 

Annex 1 

   

Dataset Counts after US Scope Filtering 

 

 

Annex 2 

 

 

 

 

 

 

 

Sources 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 All

BBC News (World) 58 118 113 83 67 47 40 17 14 13 6 7 3 59 27 672

Barron's 0 0 1 4 2 3 2 5 25 20 27 47 113 473 257 979

Bloomberg 0 0 19 68 60 62 97 111 151 200 297 705 1137 1952 1535 6394

CBS News 0 2 14 32 29 21 34 42 7 21 39 95 60 206 141 743

CNBC 0 0 17 87 75 89 100 90 96 172 220 480 573 1006 525 3530

CNN 0 12 11 11 7 2 3 2 7 42 56 139 243 530 206 1271

FOX Business 0 0 42 183 45 54 51 82 122 197 248 619 0 31 142 1816

Financial Times 0 0 73 50 79 80 118 154 195 190 169 220 175 89 79 1671

MarketWatch 28 33 29 57 101 140 236 313 223 277 447 655 571 987 1048 5145

NBC News 0 9 16 4 10 21 36 17 16 15 22 106 91 274 106 743

Reuters 14 63 104 44 54 81 66 49 44 101 179 458 806 1568 1135 4766

Seeking Alpha 0 0 0 42 276 141 159 173 259 339 210 26 278 181 2315 4399

Sky News 1 104 48 11 17 11 26 25 40 67 36 51 91 341 207 1076

The Economist 0 9 20 70 98 72 56 68 124 109 89 141 188 296 351 1691

The Wall Street Journal 0 16 19 63 58 103 147 115 153 209 181 279 282 618 413 2656

TheStreet 0 0 0 0 0 0 17 310 202 140 116 77 122 241 310 1535

All 101 366 526 809 978 927 1188 1573 1678 2112 2342 4105 4733 8852 8797 39087

dates GDP economy inflation recession stock market unemployment All

2007 4 57 24 3 12 1 101

2008 7 194 51 71 23 20 366

2009 24 237 23 150 17 75 526

2010 75 350 122 73 78 111 809

2011 110 329 205 158 43 133 978

2012 110 414 110 103 62 128 927

2013 189 495 121 105 103 175 1188

2014 239 650 203 117 190 174 1573

2015 227 750 198 196 216 91 1678

2016 244 922 279 309 224 134 2112

2017 242 964 446 133 362 195 2342

2018 285 2059 503 226 708 324 4105

2019 283 2402 486 898 455 209 4733

2020 342 4560 355 857 1247 1491 8852

2021 187 3728 2261 154 1816 651 8797

All 2568 18111 5387 3553 5556 3912 39087
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Code Meaning
neutral_percentage_tone Percentage of news classified as neutral by the FinBERT-Tone model
neutral_percentage_prosus Percentage of news classified as neutral by the FinBERT model
positive_percentage_tone Percentage of news classified as positive by the FinBERT-Tone model
positive_percentage_prosus Percentage of news classified as positive by the FinBERT model
negative_percentage_tone Percentage of news classified as negative by the FinBERT-Tone model
negative_percentage_prosus Percentage of news classified as negative by the FinBERT model
tone_negative_n-1
...
Tone_negative_n-5

Lags of negative_percentage_tone up to n-5

tone_positive_n-1
…
tone_positive_n-5

Lags of positive_percentage_tone up to n-5

prosus_negative_n-1
…
prosus_negative_n-5

Lags of negative_percentage_prosus up to n-5

prosus_positive_n-1
…
prosus_positive_n-5

Lags of positive_percentage_prosus up to n-5

tone_score Sum of sentiment score based on FinBERT-Tone
prosus_score Sum of sentiment score based on FinBERT
tone_score_n-1
…
tone_score_n-5

Lags of tone_score up to n-5

prosus_score_n-1
…
prosus_score_n-5

Lags of prosus_score up to n-5

ln_negative_percentage_tone natual logarithm transformation of negative_percentage_tone
ln_negative_percentage_tone_n-1
…
ln_negative_percentage_tone_n-5

Lags of negative_percentage_tone up to n-5

diff_tone_negative_pct Difference Between negative_percentage_tone and tone_negative_n-1
diff_tone_positive_pct Difference Between positive_percentage_tone and tone_positive_n-1
diff_prosus_negative_pct Difference Between negative_percentage_prosus and prosus_negative_n-1
diff_prosus_positive_pct Difference Between prosus_percentage_tone and prosus_positive_n-1
var_tone_negative_n-1
…
var_tone_negative_n-5

Lags of diff_tone_negative up to n-5

var_tone_positive_n-1
…
var_tone_positive_n-5

Lags of diff_tone_positive up to n-5

var_prosus_negative_n-1
…
var_prosus_negative_n-5

Lags of diff_prosus_negative to n-5

var_prosus_positive_n-1
…
var_prosus_positive_n-5

Lags of diff_prosus_positive to n-5

Annex 3 

 

Full Description of Exogenous Regressors Used 
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Annex 4 

 

Plot of RMSE Metrics for Several Forecasting Horizons for the Single Exogenous Regressors 

Approach 
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Annex 5 

 

Plot of RMSE Metrics for Several Forecasting Horizons for the Pair of Exogenous Regressors 

Approach 
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