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ABSTRACT

The paper proposes a new text-based indicator aimed at assessing the impact over
time of political debate on economy. Textual data from the plenary verbatim reports
of the Italian Parliament are pre-processed and relevant themes, whose temporal evo-
lution allows predicting fluctuations in fundamental macro-economic variables, are
estimated via a Correlated Topic Model. Specifically, a Political Debate Index is deri-
ved based on a time-varying weighting function of the estimated topic proportions.
The capability of the proposed approach in improving the predictability of selected
economic indicators is evaluated considering different predictors. The reached results
seem to support the evidence that qualitative information conveyed by the daily poli-
tical debate does have an impact on the economic dynamic over time and can be
usefully used to improve the economic predictions performance.

Keywords: NLP, Topic modeling, Text as data, Parliamentary debate, Time series, Economic
indices

INTRODUCTION

Recently, applications of topic modeling in economics have dramatically
increased with researchers mainly focused on: the analysis of the evolution
of the economic literature over time; the prediction of stock prices, returns,
and volatility; the analysis of the effects of central banks communication; the
development of text-based indices and economic. See, for instance, Lüde-
ring and Winker (2016), Adämmer and Schüssler (2020), Cerchiello and
Nicola (2018), Baerg and Lowe (2020), Hansen,McMahon, and Prat (2017),
Angelico et al. (2021), Larsen and Thorsrud (2019).

So far, the preferred sources of texts have been social media, newspapers,
and, in some cases, transcripts of Central Bank Governors or Presidential
speeches. Other types of texts such as politicians’ speeches, which also might
be of interest from an economic perspective, have been somewhat disregarded
in the field, although they are quite frequent in social and political science
works. See, for instance, Gentzkow, Shapiro, and Taddy (2019), or Grimmer
(2010), among others.

In this work, we explore parliamentary records through topic models
whose output is utilized to construct economic indices integrating qualita-
tive information conveyed by texts with purely quantitative information from
traditional economic measures.
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DATA DESCRIPTION

The construction of the proposed indices requires two types of data: the tran-
scripts of parliamentary debates and the time series of economic indicators.
The procedure described is entirely replicable for any language and Coun-
try. We choose to focus on Italy motivated by the following considerations.
First, this Country is a rather peculiar case when it comes to the complexity
of its political system – for instance, in the considered 24 years, 14 Govern-
ments succeeded one another. Second, with few exceptions (e.g. Angelico
et al. (2021) or Larsen and Thorsrud (2019)), languages other than English
are still quite rare in such literature.

Moving to more technical information, we measure time in quarters. Sam-
ple period (S) instants are indicated as t = 1, . . . , T = 98, corresponding
to calendar quarters 1996:Q2 – 2020:Q3.

The Italian Senate Parliamentary Reports

We analyze more than 4,300 parliamentary verbatim reports of the Italian
Senate of the Republic from 09 May 1996 to 08 September 2020, i.e. 6
Legislatures – from the 13th to the (still ongoing) 18th.

After extraction from .pdf format, thanks to their consistent structure
we split the reports into the single speeches given by orators, and construct
the data frame used for standard cleaning (Banks et al., 2018; Denny and
Spirling, 2018) and stemming – i.e. the reduction of inflected words to their
base form – to reduce data dimensionality. To reduce noise and increase
efficiency, very short speeches of less than 10 words are filtered out. The
remaining speeches are aggregated on a daily basis before rearranging them
in a document-term matrix (DTM). Precisely, to check topic model sensitivity
to the dictionary magnitude, 5 different DTM are constructed by selecting
the top 20, 40, 60, 80, and 100 percent of most relevant words in terms of
their Term Frequency-Inverse Document Frequency (TF-IDF) transformation
(Sammut and Webb, 2011). Details are given in Table 1.

The Economic Variables

Similar to Larsen and Thorsrud (2019), to link parliamentary debate and
economic dynamics, we use 8 national accounts statistics. Specifically, the
time series of the output (Y), imports (M), consumption (C), government
expenditure (G), investments (I), exports (X), wages (W), and taxation (T)
are retrieved from the Italian National Institute of Statistics (ISTAT) website.
In detail, Y is the gross domestic product at market prices; M and X are the
imports and exports of goods and services; C is the final consumption expen-
diture of households and non-profit institutions serving households; G is the
consumption of general government; I is the gross fixed capital formation;
W is the domestic compensation of employees; T is the taxes minus the sub-
sidies on production and imports. Aggregates are measured in current prices
millions of euros. All the time series are quarterly based and seasonally adju-
sted by the source via the Tramo-Seats procedure which accounts also for
calendar effects wherever they are present (Istat, n.d.).
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Figure 1: 100% TF-IDF corpus K = 100 CTM: Topic 61.

Figure 2: 100% TF-IDF corpus K = 100 CTM: Topic 61 daily proportions.

METHODOLOGY

The Correlated Topic Model

In the field, the Latent Dirichlet Allocation (LDA) “of Blei, Ng, and Jordan
(2003) is themost prominent andwidely applied topic model”(Adämmer and
Schüssler, 2020). However, it does not allow for correlations among topics.
Hence, as all documents belong to the same collection (Vayansky and Kumar,
2020), we apply the Correlated Topic Model (CTM) of Blei and Lafferty
(2007) to each of the 5 CTM. As a result, we estimate the per-topic term
probabilities βk, where k ∈ {1, . . .K} and K is the total number of topics, and
the per-document topic proportions θd, where d ∈ {1, . . . ,D} and D is the
total number of documents. Figure 1 shows an estimated topic (β), Figure 2
its corresponding document proportions (θ ).

The Optimal Number of Topics

A key aspect in topic modeling is determining K. To address the issue, a data-
driven strategy is adopted, similar to Adämmer and Schüssler (2020): several
CTM are estimated and compared through diagnostic statistics. Specifically,
for each of the 5 DTM previously built, 15 models are estimated with a K
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Figure 3: CTM Diagnostics by K and DTM.

Table 2. TPDI.

Index Type ARX-AR Based TVARX-TVAR Based

I0
∑K

i = 1 biθ̃i,t−1
∑K

i = 1 bi,t−1θ̃i,t−1
I1

∑K
i = 1wibiθ̃i,t−1

∑K
i = 1wibi,tθ̃i,t−1

I2
∑K

i = 1 vtbiθ̃i,t−1
∑K

i = 1 vtbi,tθ̃i,t−1
I3

∑K
i = 1wivtbiθ̃i,t−1

∑K
i = 1wivtbi,tθ̃i,t−1

Table 3. Best model type per K and economic aggregate.

Number
of Topics

Economic Variables

K Y M C G I X W T

20 arx I2 arx I2 tvarx I2 arx I2 arx I2 arx I3 tvarx I2 tvarx I2
40 arx I2 arx I3 arx I3 arx I2 tvarx I3 arx I3 tvarx I2 arx I2
60 arx I2 tvarx I3 arx I3 arx I2 tvarx I3 tvarx I3 tvarx I3 arx I3
80 tvarx I3 arx I3 arx I2 tvarx I2 arx I3 tvarx I3 tvarx I3 arx I2
100 arx I3 arx I3 tvarx I3 arx I2 arx I2 tvarx I3 tvarx I3 arx I3
120 arx I2 arx I2 tvarx I3 arx I3 tvarx I2 tvarx I2 tvarx I3 arx I3
140 arx I3 tvarx I3 arx I3 arx I3 tvarx I2 arx I3 arx I3 arx I2

varying from 20 to 250.Exclusivity (Roberts et al., 2014) and semantic cohe-
rence (Mimno et al., 2011; Roberts et al., 2014) are the main metrics adopted
for evaluation. High exclusivity means that words receiving high probabilities
in a specific topic also receive low probability in other topics. High semantic
coherence means that the estimated topics are easily interpreted by human
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Figure 4: 100% TF-IDF DTM, K = 100 GDP ARX/AR TPDI vs GDP growth rate.

readers. As shown in Figure 2, there is a trade-off between the two. From
graphical inspection, we choose K = 100 as the baseline for each of the five
DTM as a good compromise between the two measures.

Textual Political Debate Indices (TPDI)

To construct the proposed Textual Political Debate Indices (TPDI), we first
aggregate the estimated daily topic proportions θ on a quarterly basis to
align them with the economic time series. The obtained θ̃ are the core of
each TPDI. Then, to ensure stationarity, we consider the standardized year-
on-year logarithmic differences of all economic series. Afterward, we model
them with auto-regressive models, AR, (Box and Jenkins, 1970) and auto-
regressive with exogenous inputs models, ARX, (Hannan, 1976) as well as
time-varying parameters auto-regressive models (Cai, 2007), either with exo-
genous terms (TVARX) or without (TVAR). Based on Larsen and Thorsrud
(2019), all auto-regressions are of order 1 and each (TV)ARX model inclu-
des the lagged values of θ̃ of one single topic at a time. Hence, for each of
the 8 economic aggregates considered, there are 2(K + 1) regressions whose
estimation allows us to measure the contribution, bi (in case of ARX) or bi,t
(in case of TVARX), of topic i = 1, . . . , K, in explaining the economic
variable at hand. Table 2 shows the formulae for the 4 types of TPDI under
the time-varying and non-time-varying regression frameworks.

In Table 2, 0 ≤ wi, vt ≤ 1 with i = 1, . . . , K and t = 1, . . . ,T are
the inter-topics and infra-time normalized weights, respectively. In formu-

lae, wi =
w̃i−min(w̃i)

max(w̃i)−min(w̃i)
, where w̃i =

R2
i(TV)ARX

R2
i(TV)AR

are the raw inter-topics

weights and R2
i(TV)ARX

are the R-squared of the (time-varying) regressions;
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Figure 5: 100% TF-IDF DTM, K = 100 GDP TVARX/TVAR TPDI vs GDP growth rate.

vt =
ṽt−min(̃vt)

max(̃vt)−min(̃vt)
, where ṽt =

∑K
i = 1 ũ

2
i,t

ũ2i,t
are the raw infra-time wei-

ghts with ũ2i,t =
û2i,t(TV)ARX
û2i,t(TV)AR

being the ratios between the squared residuals

û2i,t(TV)ARX from the (time-varying) regressions. For each of the 8 economic

aggregates, after construction, the 4 types of indices are evaluated by per-
forming the Model Confidence Set (MCS) procedure introduced by Hansen,
Lunde, and Nason (2011). To check the sensitivity of the indices to the dicti-
onary, the overall process of indices construction and evaluation is repeated
5 times: one per each of the DTM previously built. Results are shown in
Table 3.

As shown in Figures 4 and 5, which refer to the GDP only, the propo-
sed indices are able to closely mimic the dynamic of traditional economic
measures.

CONCLUSION

In this work, we derive TPDI: a class of text-based indices to measure eco-
nomic activity and capture qualitative information from political debate.
Specifically, the proposed indices closely mimic the dynamic of 8 traditio-
nal national account statistics. Results are achieved through a topic models
analysis of Italian Senate parliamentary reports over about 24 years through
a data-driven procedure topics estimation does not rely on a predefined set
of words – which is replicable for other languages and Countries. Moreover,
differently from traditional measures, the proposed indices may be compu-
ted at higher frequencies, hence providing timelier information on current
economic dynamics, potentially improving the forecasting accuracy of the
state-of-the-art models.
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