








Why sentiment from newspapers?
Sentiment about the economy is a signi�cant driver of business cycles and factor in the decision making process of
agents (Keynes, 1936; Pigou 1927; Beaudry and Portier, 2004)

Various sources of text have been shown to be highly correlated with macroeconmic variables and business cycles
(Baker, Bloom and Davids 2016; Shapiro, Moritz and Wilson, 2017; Larsen and Thorsud, 2019)

Text-based metrics or indices have the advantage to be constructed relatively cheaply, is very timely (daily) and impacts
the views of millions of households across the country (Gentzkow, 2019; Loughran and McDonald, 2016; Barsky and Sims,
2011)

Sentiment extracted from text data could act as an alternative (or complement) to commonly used soft information sets
(example surveys), which is usually released with a substantial delay and subsequently complicates the task of
forecasting and economic decisions making (Thorsud, 2016; Shapiro, Moritz and Wilson, 2017; Ardia, 2019)

Most surveys consist of a few simple questions might struggle to capture a multidimensional economic concept
(Coertjens et al. 2012). Could machine learning algorithms assist in isolating economic information from high dimensional
data such as text (Pröllochs, 2015; Kalamara, 2020)?

5 / 37



Consumer sentiment, expenditure and the media
Information absorbed by economic agents through the media is likely to have an impact on their attitude towards the
current and future state of the economy. News media predominantly affects consumer sentiment through three different
channels (Doms and Morin 2004):

Dissemination of economic statistics and opinions of experts over radio and printed media
Consumers receive a signal of economic activity through the tone and �uctuating volume of economic reporting
Sticky expectations and rational inattention, i.e., the likelihood that consumers will update their expectations after
receiving information through the media

The likelihood that agents update their expectations increases as the volume of media coverage increases (Carroll, 2003)).
This relates to the cost of acquiring information when it is abundant.

As the volume of information increases, the cost of acquiring information decreases, and as such the cost of updating
expectations decreases as well.

Doms and Morin (2004) found that expectations are less sticky during high-volume news and economic agents adjust their
expectations more frequently.
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Text-based construction of con�dence indicators
The Bag-of-words (BOW) method simply does a word count of all the positive and negative words.

Another type of aggregation method that is commonly applied aims to dull the effect of outliers by taking the log  of the
proportion between positive and negative words within an article:

The index is constructed as the net balance of positive and negative articles (or log method) within a a given time period 
. This method of using a net balance between responses is the same method the University of

Michigan uses to construct their well known consumer con�dence index.

Ait =
PositiveWords − NegativeWords

PositiveWords + NegativeWords

Ait = Log(PositiveWords + 0.5) − Log(NegativeWords + 0.5)

t = {day,week,month}

It =
PositiveArticles − NegativeArticles

PositiveArticles + NegativeArticles
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Growing trend of sentometric experimentation
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Basic DFM that is estimated via Kalman Filter
Interesting restriction on covariance matrix 
for the error terms: 
Assume that daily economic media news sentiment
exhibits, on average, the same volatility across all days 
of each month , we set the  standard deviations of the
high–frequency variables all equal to  then 
becomes: 
For , they us a "non-trivial" extension of the Toeplitz
correlation matrix 

Growing trend of sentometric experimentation

(h = DRD)

yt = λαt + εt, ε ∼ N (0,H)

i

t d

σϵ2 D

D = diag{σϵ1 , σϵ2τn−1}

R
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Growing trend of sentometric experimentation
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Predictive power of
text based

sentiment indices



PCE expenditure case study
Do media-based sentiment indices contain informational value that could assist in forecasting macroeconomic variables? Is
the information still relevant after we have controlled for other macroeconomic variables (principally disposable income and
survey based CCI)?

From the point of an economic forecaster, the primary questions of interest are twofold: �rstly, whether an index
of consumer con�dence has any predictive power on its own for future changes in consumption spending;
secondly, whether the consumer con�dence index contains information about future changes in consumer
spending aside from the information contained in other macroeconomic variables available to the forecaster in
the same period (Carroll, Fuhrer, and Wilcox 1994).
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Experimental design

PCE Measures

Total

Durables

Non-Durables

Semi-Durables

Services
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MSI and economic indicators
Visual illustration comparing the constructed indices with the Personal Consumption Expenditure (PCE) measures.
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Bayesian VAR
Following Carriero, Clark, and Marcellino (2015), we specify the Bayesian VAR with a Normal-inverted Wishart (N-IW) conjugate
prior with -dimensional variables in a vector  with the VAR notation:

which can be written in a compact way as

This speci�cation has empirically shown to provide negligible differences in accuracy when compared to more complex
methods of estimation such as Markov Chain Monte Carlo (MCMC) simulation.

Conjugate priors are computationally ef�cient. Due to the prior being conjugate, the conditional posterior distribution of
the BVAR is also N-IW (~10k models need to be estimated).

In specifying the priors we follow Carriero, Clark, and Marcellino (2015) who provide good priors for economic applications.

N yt = (y1t, y2t ⋯ yNt)
′

yt = Φc + Φ1yt−1 + Φ2yt−2 + … + Φpyt−p + ϵt; ϵ ∼ i. i. d.N(0, Σ)

Y = XΦ + E

18 / 37



Forecast Evaluation (Side-quest)
Probability integral transform (PIT) only addresses the calibration of the forecast, and from the literature we know that
when evaluating density forecasts, calibration and sharpness is important. This is where proper scoring rules, such as
continuous ranked probability score (CRPS), shine. Another interesting property is that CRPS generalizes the absolute
error, and reduces to the latter for point forecasts - which makes them comparable! (Gneiting, Balabdaoui, and Raftery,
2007)

It should be noted that for nested models, one cannot use the Diebold-Mariano test. Clark and McCraken, 2009
(publised 2015 in Journal of Econometrics) propose bootstrap methods for testing whether, in a �nite sample,competing
out-of-sample forecasts from nested models are equally accurate.

[1] Calibration refers to the statistical consistency between the distributional forecasts and the observations and is a joint property of the predictions and the events that materialize.

[2] Sharpness refers to the concentration of the predictive distributions and is a property of the forecasts only. The more concentrated the predictive distributions, the sharper the forecasts, and the sharper the better, subject to calibration.
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Strictly proper scoring rules and form attractive summary
measures of predictive performance in that they address
both calibration and sharpness 6

The CRPS generalizes the mean absolute error. Therefore
it provides a direct way of comparing deterministic and
probabilistic forecasts using a single metric, while also
being expressed in the same unit as the observed
variable

Forecast Evaluation
The forecasts will be generated using a Bayesian VAR and evaluated by proper scoring rules.

By constructing certainty bounds around the point prediction, the forecast evaluation not only takes into account the
error between the realization and the prediction, but also how certain the model is about that point forecast.
The out-of-sample predictive performance of the sentiment indices is compared for the periods 2007:Q1 to 2017:Q3 (43
out-of-sample quarters)
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Results
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Summary
The evidence in this chapter suggests that media-based consumer con�dence indices can help to improve the forecasting of
personal consumption expenditure at both shorter and longer forecasting horizons. Estimating different speci�cations of a
Bayesian VAR whereby I include media-based sentiment indices and evaluate the forecasts using the continuous ranked
probability score (CRPS) measure:

Durables, Non-durables and the PCE total's forecast saw the greatest amount of improvement in terms of reducing
forecasting error.
Services and Semi-Durable, a combination between the MSI and CCI seems to work well in reducing forecasting error.

The empirical results motivate for further research on how text-based analysis could be useful as of�cial economic indicators
in forecasting macroeconomic indicators such as personal consumption expenditure.
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Domain specfic
dictionary generation



What if we let machines decide on the words?
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Operationalising subjective information processing
"Some would argue that using computational methods to derive sentiment word lists avoids the subjectivity of
expert selection. (Loughrand & McDonald, 2020)"

Six important sentiment indicators, produced by the BER and the SARB, are evaluated:

Business Con�dence (BCI), Building Con�dence (Build), Consumer con�dence (CCI), Civil Con�dence (Civil), Purchasing
Managers's index (PMI) and the SARB Leading Business Cycle indicator (Leading).

We construct sentiment indices using domain speci�c dictionaries created by a ML algorithm. These indices are
compared to a sentiment index that is constructed using the well-known Loughran & McDonald dictionary.

I use the RMSE measure out of sample to compare whether the RF-BOW sentiment indices improve �t out of sample.

Throughout we also test whether there is bene�t in using a well-known dictionary such as Loughran as a starting point
for the dictionary creation.
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The dictionary pipeline consists out of multiple
steps that can easily be automated in a
production setting:

Experimental design
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Dictionary Overview
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Forecast Results
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Including time series information into the ML
pipeline doesnt matter, and neither does the
tuning of the Random Forest model.

Generated dictionaries that use a domain-speci�c dictionary
as a prior could deliver the same results with much less
noise.7

Does model speci�cation matter?
Given that we see an improvement of the part of the machine generated dictionaries, is there any speci�c model
speci�cation that out-performs the rest?

I use a non-parametric statistical method in order to test the hypothesis that the mean RMSE values of the different
speci�cations are the same.

[8] This was con�rmed by using a Fligner-Killeen test of equal variance (p-value = 0.0168).
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Summary
The empirical results showed that indices constructed from machine-generated dictionaries have a lower RMSE for a
�ve-year holdout sample period, 2012 to 2017, compared to a sentiment index constructed from a commonly used
�nancial dictionary

One of the other key �ndings of the chapter is that having a manually generated dictionary act as a prior for a domain
narrows the tokens that the random forest has to search over, while maintaining the same lower RMSE out-of-sample as
an unrestricted model that optimises over all tokens.

No statistical difference in the standardized RMSE across all different speci�cations, although this �nding could be
different for other studies.
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Conclusion





Thank You


