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In this paper, we construct a Twitter-based high-frequency Economic Policy Uncertainty (TEPU) index built on a select set of Twitter user accounts whose tweets are considered to reflect expert opinion on the topic. We study the relationship between the TEPU index and a set of key financial indicators for tracking financial developments in Turkey over the sample period 2013–2021. Based on the results from a vector autoregressive analysis, we find evidence that changes in expert opinion described by fluctuations in the TEPU index interact with fluctuations in financial indicators such as the exchange rate and the stock market index to capture information about high frequency events during our sample period. Second, fluctuations in the TEPU index emerge as a key indicator that helps to predict the country risk premium measured by the CDS spread. We also find evidence that the conditional volatility of the different series reflects salient events that occurred over our sample period.
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1 INTRODUCTION
On 20 December 2021, the exchange rate hit a record low at 18.36 Turkish Lira (TRY) against the US Dollar (USD) after falling from a value of 8.29 TRY against the USD on September 2021. It rebounded back to a value of 10.78 TRY per USD by 23 December 2021 following the announcement of two foreign-currency indexed saving schemes that link the interest rate received on Turkish lira deposits to fluctuations in the exchange rate.1 The factors instigating this fall were the removal of two deputy governors and one member of the Monetary Policy Committee (MPC) at the Central Bank of the Republic of Turkey (CBRT) and subsequent cuts in the policy rate of 500 basis points beginning with the MPC meeting on 23 September 2021. These developments were accompanied by large increases in Turkey’s CDS spreads on its sovereign bonds as well as significant volatility in its stock market.2
In this paper, we construct a daily-frequency Twitter-based Economic Policy Uncertainty (TEPU) index that aims to track such high frequency developments in Turkey’s economic and political arena—spanning even a few hours in a given day that cannot be captured through the standard newspaper–based economic policy uncertainty (EPU) indices [1]. To the best of our knowledge, our paper is the first to test the ability of an EPU index for capturing and conveying information about developments in a highly volatile policy environment for a leading emerging market economy, Turkey.
Earlier [2] constructs an EPU index for Turkey using the Dow Jones’ Factiva global news database over the period 1996–2017 and examine the relationship between their EPU index and sectoral data on investment and employment. They argue that their use of mainly foreign newspapers rather than Turkish newspapers as the primary source for this index may be a preferable approach, as foreign newspapers directly capture international perceptions on Turkey’s EPU index and foreign news sources span longer periods than Turkish newspapers. [3] and [4] also create EPU indices for Turkey based on the digital archives of several daily Turkish newspapers but none of these analyses go beyond 2018. By contrast, the usage of Twitter data in our analysis facilitates the creation of an EPU index at monthly, weekly and even daily frequencies. The timely character of Twitter data enables us to update our forward-looking TEPU index in real time. This way, our TEPU index captures the effects of the Covid-19 shock of 2020 as well as the fast-moving anomalous developments that occurred in Turkish financial markets during 2021.
From a practical point of view, there are many reasons to make use of Twitter data as an alternative to those extracted from conventional media platforms. In the past decade, the Twitter platform has provided a direct, instantaneous, and network-enhanced channel through which economic policy experts communicate with the public. Economic policy experts can now freely convey their “real-time” opinions on economic and finance matters to a large social network. As Twitter feeds capture a diversity of opinion in a nearly instantaneous fashion that is typically filtered in newspaper articles and reported with a considerable time lag, our TEPU index enables us to account for a variety of different views transmitted within this network in our analysis.
Recent studies in the relevant literature have examined data sets derived from popular social media platforms such as Twitter, Facebook, blogs etc. [5] use the Twitter Application Programming Interface (API) to extract all tweets containing the words “uncertain,” “uncertainly,” “uncertainties” “uncertainty.” and generate an EPU index. They use geotagged tweets and information about users’ followers to construct their index based on tweets sent by users located in the US. Utilizing the Twitter accounts of 15 Chilean mass media specialized in or with material devoted to economics, [6] constitute a daily-frequency EPU index for Chile based on Twitter data. Their constructed indices seek to capture the level of general disagreement about economic policies and the current economic situation, respectively, over the period 2012–2019 in Chile.
Our paper differs from these existing studies that are typically based on the use of bulk Twitter data and that potentially suffer from noisy observations. In contrast to these analyses, we use a user list curation process to restrict our analysis to a select group of Twitter users. Using web scraping methods, we are able to extract recent tweets posted by these selected accounts easily and use them to update our TEPU index for capturing the extremely fast daily developments in the Turkish economy in a timely manner.3 To avoid any bias in TEPU index that might potentially occur due to the selection of user accounts within our user list curation process, we run the bootstrapping algorithm repetitively with different seed lists, which results in the same final candidate list in all repetitions. Furthermore, our bootstrapping algorithm enables us to prevent errors arising from the Turkish language applications of Natural Language Processing (NLP) methods as well as to present a novel approach to the subject of content-based EPU indexing.
By implementing the different phases of our bootstrapping algorithm, we obtain a group of selected Twitter users that have expertise in economics and finance. The final candidate list of 661 users is comprised of academics, company executives, politicians, consultants, journalists, portfolio managers, and 218 bureaucrats. Figure 1 depicts the connections in the network of this selected group. These connections illustrate the following-follower status of the selected user accounts and the size of the nodes shows their relative influence. This figure suggests that there is a very strong interaction among the Twitter users in this group in that they are influenced by each other through their interactions and moreover, influence the public through their high number of followers. Hence, it is reasonable to think of this group as a viable network of Twitter user accounts by which we can capture the role of expert opinion in identifying economic policy uncertainty in Turkey. Our approach involves building an EPU index based on the real-time interactions of this network, which allows for a fast-moving way of capturing expert opinion in such a volatile environment.
[image: Figure 1]FIGURE 1 | Network of selected Twitter users. Nodes indicate the selected user accounts in Twitter. The size of the nodes reflects the number of their followers.
Turkey offers the case of an emerging market economy where market signals regarding monetary policy have become blurred by the pursuit of unconventional monetary policy as well as policy reversals, especially since 2020. In our analysis, we seek to understand the interaction between our measure of expert opinion summarized by the TEPU index and salient financial indicators for tracking the changes in financial markets that have been occurring in Turkey over the sample period. For this purpose, we derive our results from a Structural Vector Autoregressive (SVAR) analysis model that allows for dynamic inter-relationships in the conditional mean of the different series. We also use a Multivariate Generalized Autoregressive Conditional Heteroscadasticity (M-GARCH) model for understanding the volatility dynamics in the financial series [7]. By conducting a weekly frequency-based analysis, we investigate the full sample that covers the period 2013–2021 as well as several sub-samples to understand the effects of monetary policy changes and unconventional monetary policy being conducted during this period.
Our results show that fluctuations in the TEPU index and financial indicators such as the BIST-100 index and the USD/TRY exchange rate interact to capture information about political and economic developments that occur during the sample period 2013–2021. In particular, the TEPU index and the USD/TRY exchange rate are two key indicators which reflect monetary policy surprises and monetary policy announcements arising from the pursuit of unconventional monetary policy in recent years in Turkey. The TEPU index also emerges as a key predictor of changes in the CDS spread, suggesting that expert opinion itself contains information useful for evaluating the country’s risk premium [8]. The fluctuations in the TEPU index together with the USD/TRY exchange rate and the CDS spread also help predict fluctuations in equity markets in Turkey. A novel part of our analysis is that we document how increases in the conditional volatility of one indicator are transmitted to the conditional volatility in the remaining financial indicators. In a tumultuous policy environment similar to the one observed Turkey, we find that the conditional volatility of the different financial indicators respond to salient events that occurred over our sample period.
Our results relate to the literature that has found predictive effects of commodity prices such as oil prices on the economic policy index that, in turn, may affect equity prices for developed countries [9,10] as well as studies for emerging market economies that examine the role of economic policy uncertainty on real outcomes in these economies [11]. Our results differ from these papers in that we focus on a period of large monetary shocks and monetary policy reversals for a major emerging market economy. While we do not provide an analysis of the effects of economic policy uncertainty on real outcomes, our results nevertheless provide novel information about the channels through which economic policy uncertainty impacts high-frequency developments observed in Turkish financial markets.
The remainder of this paper is organized as follows. Section 2 provides a literature review. Section 3 explains in detail how we construct the Twitter-based economic policy uncertainty index for Turkey. Section 4 firstly provides details regarding data used in our econometric analysis and secondly conducts an event analysis to show how our TEPU index relates to important political and economic events over the sample period 2013–2021. It also tracks developments in Turkish financial markets during this period. Section 5 is devoted to the details of econometric methodology used in the analysis and explains the results. Section 6 concludes.
2 LITERATURE REVIEW
The question of how households, businesses and policy makers shape their economic activities as a response to any changes in uncertainty has been widely asked in the literature.4
A theoretical strand of the related literature aims to identify the channels through which uncertainty can have an impact on economic outcomes. First, a rise in uncertainty encourages households and businesses to delay their costly-to-reverse expenditures. During the times of high uncertainty households are more likely to delay their purchases on durable goods [12]. When the costs of irreversible investments and hiring decisions are high, firms facing high uncertainty tend to adjust and delay the timing of such actions [13]. [14] and [15] show that heightened uncertainty affects investment behavior by creating an option value of waiting. In uncertain times, firms prefer to delay capital expenditures involving sunk costs until more information is revealed.
Second, uncertainty can also have real option effects on employment. [16] suggests that when search frictions are the only costs associated with the reallocation of labor, real option effects of uncertainty are weak if firms can easily reverse their employment decisions. A rise in uncertainty can also encourage firms to adjust on flexible margins such as part-time employment due to the existence of fixed costs of hiring and firing [17]. Third, it is shown that unexpected changes in uncertainty regarding fiscal policy affect economic activity, leading to a sizable adverse effect on output ([18] and [19]). Fourth, uncertainty that works through growth options mechanism might have a positive impact on long run growth. In a recent study, [20] shows that R&D intensive firms can raise their stock value by taking advantage of growth opportunities particularly at times of high uncertainty. Fifth, studies point to financial frictions as one of the key mechanisms through which fluctuations in uncertainty can have an adverse effect on investment by raising risk premiums ([21] and [22]).
Another strand of the literature examines contractionary effects of uncertainty with reference to decreasing household spending. In this vein, [23] model such behavior as a precautionary response to uncertainty and increasing costs of finance arising from risk premium adjustments. Lastly, a group of studies focuses explicitly on economic policy uncertainty and examines the negative impacts of uncertainty derived solely from policy developments. Among other studies [24–28], and [1] note the depressive effects of uncertainty arising from monetary, fiscal, and regulatory policies on economic aggregates, investment and business cycle volatility. The survey-based evidence shown in [29] suggests that higher trade policy uncertainty since 2017 has dampened U.S. business investment. Moreover, [30] indicate that uncertainty regarding trade policy reduced U.S. business investment by about 1.5% in 2018.
In recent years, many of the empirical studies in the related literature endeavor to develop accurate empirical measures for uncertainty. The reasons for the recent surge in interest range from the ease to accessing online news archives and digital archives of opinionated data, to the availability of firm- and household-level data, to the application of NLP techniques that allows researchers to save memory. A relatively new and growing field aims to develop a measure for economic policy uncertainty by using text search methods. The well-known economic uncertainty index created by [1] is a monthly index for the US economy based on the frequency of a selected list of words in 10 leading US newspapers since 1985.5 More recently, [31] construct a new uncertainty index, the World Uncertainty Index (WUI), by calculating the frequency of the word “uncertainty” within the country reports released by Economist Intelligence Unit for 143 individual countries including Turkey on a quarterly basis from 1996 onward.
The measurement of economic policy uncertainty and its role in affecting real and financial outcomes have been investigated in numerous empirical studies. Using an SVAR framework, [32] studies the impact of heightened uncertainty that is associated with major economic and political shocks like Cuban Missile crisis, the assassination of JFK, the OPEC I oil-price shock, and the 9/11 terrorist attacks. The simulation results of this study show that uncertainty generates a 1% drop and rebound in output, employment, and productivity growth, leading to powerful real-option effects, which are due to firms using their incentive to delay their investment and hiring decisions. [33] develop a time-varying measure of uncertainty as the conditional volatility of the unforeseeable components of the future values of a set of key macroeconomic variables. They report fewer incidences of uncertainty compared to other approaches such as [32] and find that their measure of uncertainty is bunched around three deep recessions. The results of their Vector Autoregressive (VAR) analysis suggest that macro uncertainty explains 29% of the forecast error variance of industrial production while stock returns explain only 9%. In an application that focuses on regulatory risk, [34] studies the effect of the Financial Regulation Policy Uncertainty (FRPU) index on the behavior of credit spreads together with other macroeconomic variables in both a linear SVAR framework and a nonlinear Smooth Transition VAR (STVAR) model. She finds that an increase in the FPRU index leads to an increase in the cost of external finance as well as persistent decline in real activity. Likewise, using an STVAR model, [35] study the effects of an unanticipated increase in economic policy uncertainty on unemployment in recessions and expansions in the United States. [36] use United States interest rate forecasts from Blue Chip Economic Indicators (BCEI) to construct an uncertainty proxy and examine the inter-relationships among monetary policy uncertainty, monetary policy expectations, core inflation, unemployment, and the federal funds rate in a time-varying VAR framework for the United States.
There are also empirical studies conducted in an emerging market economy context. Following the approach in [32], [11] infer a measure of global uncertainty as periods of spikes in the VXO index, which is the implied volatility on a synthetic 30-days option on the S&P 100 stock index.6 They examine the impact of their measure of uncertainty on a set of financial and real variables for emerging market economies by conducting an SVAR analysis. They find that an increase in uncertainty is associated with a much more severe decline in investment for a group of 20 emerging market economies which is also more persistent compared to a group of 20 developed economies. They also find a significant decline in consumption due to a rise in uncertainty measured in this way, in contrast to developed economies where consumption does not deviate significantly from its trend in response to such shocks. [3] estimate an SVAR model for Turkey which includes an EPU index, the real exchange rate, the real interest rate and one of three macroeconomic variables among real consumption expenditures, real investment expenditures and real GDP. They find that higher economic policy uncertainty leads to greater declines in investment compared to consumption or real GDP.
There is also an extensive literature that examines the interaction of economic policy uncertainty with financial market indicators. [9] show that the EPU index can help to predict the daily realized stock market volatility on the S&P 500 index both in-sample and out-of-sample for a sample period 1996–2013. [10] examine the effects of oil price shocks arising from oil supply-side shocks measured as changes in world oil production, aggregate demand shocks and oil-market specific shocks on the US EPU index and aggregate United States real stock returns. [37] study the predictability of the US EPU index using a basket of 23 commodity price changes. They show that commodity price changes can be considered as a leading indicator of US EPU index. This arises from the fact that one of the components used to create the US EPU index is given by forecast disagreement among professional forecasters, which becomes more uncertain during periods of oil price changes.
A number of studies have also examined the role of economic policy uncertainty induced by the Covid-19 crisis. [38] investigate multiple economic uncertainty indicators for the United States and United Kingdom before and during the COVID-19 pandemic. According to Choleski-identified VAR models they fit to monthly U.S. data, an uncertainty shock predicts record high drops in industrial production of 12–19% during the Covid-19 pandemic. [39] construct a monthly index for each state in the United States using digital archives of local newspapers. They show that the COVID-19 pandemic drove huge increases in policy uncertainty and unemployment, more so in states with stricter government-mandated lockdowns. Using NLP techniques, [40] develop an economic policy uncertainty index (EPU-NLP) for Canada and the United States. They also construct a so-called EPU-Boolean index following the approach in [1] and find that their EPU-NLP index leads to larger declines in real GDP, employment, industrial production and the TSX Composite index compared to the EPU-Boolean index for Canada over the period 2015–2020 that includes the Covid-19 crisis. Arbatli [41] show that the EPU index rises in Japan in reaction to financial crises, the consumption tax hikes, Brexit, and COVID-19.
3 THE TWITTER-BASED ECONOMIC POLICY INDEX
The need for the perception of opinions, attitudes, emotions, appraisals towards entities such as products, services, organizations, individuals, issues, events, and topics coincides with the rapid growth of social media platforms on the Web. Through multiple platforms including reviews, forum discussions, blogs, microblogs, Twitter, and social networks, we now access digital archives of opinionated data around the world [42].
The number of studies conducting sentiment analysis has proliferated in recent years. For example, [43] investigate public sentiment during the 2008, 2009 election by comparing the measures based on traditional presidential election/approval polls with those based on the text analysis of Twitter data. Sentiment analysis has been widely used in many different fields ranging from computer science, to management science, to health science, and to social sciences such as economics and finance. This increasing popularity of sentiment analysis is due to the fact that opinions shape almost all human activities and have a significant impact on our behaviour [44].
From the perspective of economic analysis, the way agents perceive events, policies and markets, make their choices, and set their expectations heavily depends on how others see and evaluate the world. Therefore, agents generally account for others’ opinions when making their decisions. For the same reason, households, firm managers and policymakers become attuned to expert opinion whenever they are uncertain about economic policy.
In this paper we construct a measure for economic policy uncertainty based on a select group of Twitter accounts whose tweets are considered to reflect expert opinion in the area of economic policy by the general public. In line with the related literature on social media interactions,7 we analyze the interaction of the Twitter accounts of economic policy experts with other accounts in Twitter through the number of their followers. The select group of Twitter users consists of ministers, parliamentarians, academicians, bureaucrats, journalists, and private sector professionals that are considered to have capability to provide expert opinion on economic policy. The assessment of economic policy uncertainty by these selected experts is similar, in some ways, to the assessment of risk and uncertainty by the US economists questioned in the highly regarded Survey of Professional Forecasters that is conducted by the Federal Reserve Bank of Philadelphia.8
With the increased capacity of Twitter to provide up-to-date documentary on world events, it is inevitably getting harder to extract useful information from the bulk data generated daily by users.9 As mentioned in the Introduction, our paper differs from existing studies that use bulk Twitter data. Instead we implement a user list curation process. This alternative approach allows us to restrict our analysis to a select group of Twitter accounts. By doing so, we are able to update our TEPU index and to capture the daily developments in the Turkish economy in a timely manner. To verify that our TEPU index does not suffer from any bias that might potentially arise from the above-mentioned selection of Twitter accounts, we use a bootstrapping algorithm that we run repetitively with different seed lists, which results in the same final candidate list in all repetitions.
3.1 The Selection of Twitter Users
In the related literature researchers use several different methods to identify whether the content is about the “economy,” “policy” and/or “uncertainty” to construct a measure of economic policy uncertainty. Among others, for example [5] extract all tweets from Twitter API data that contains the words “uncertain,” “uncertainly,” “uncertainties,” “uncertainty.“, whereas [40] use NLP methods to determine content. In our paper, we implement a user list curation process that closely follows [45, 46]. This provides us with three advantages: First, it enables us to remove tweets with only a weak impact on public opinion and eliminate the need for scaling noisy data created by bulk retrieval methods.10 Second, it prevents errors arising from the Turkish language applications of NLP methods. Third, it presents a novel approach to the subject of content-based EPU indexing.
Our bootstrapping algorithm consists of three distinct list types:
Seed list: The initial list is used to initialize the process, serving as a nucleus in the bootstrapping algorithm [45]. This list is not called first, second etc. as it is only used to initialize the process.
Recommended List: This list is prepared to be annotated, purified from the users in the seed list and the recommended list formed in the previous phase. These lists are named according to which phase they are formed, first, second, etc.
Candidate List: This list is comprised of experts in economics and finance, according to the annotation results of the recommended list formed in the previous phase. These lists are named according to which phase they are formed, second, final, etc.
As illustrated in Figure 2 we implement three phases to obtain the final candidate list of Twitter accounts whose tweets are used to construct our TEPU index. In what follows, we provide the details of these phases:
[image: image] First Phase:
[image: image] We constitute our initial list that contains a small number of Twitter accounts that have been considered to belong to experts on the matters of economics and finance by the Turkish community.11 The users in the initial list are required to satisfy the following criteria:
(i) to hold a PhD degree in economics or finance
(ii) to possess the highest number of followers (1 million plus).12
[image: image] The selection results in an initial list of three users. We name this list the seed list as shown in Figure 2.
[image: image] We constitute a list of 131 users that corresponds to those followed by at least 2 of the Twitter accounts available in the seed list.13 We then remove the first three users that we name as the seed list from these 131 users.
[image: image] Following the annotation process suggested by Giachanou and Crestani [47],14 the profiles of 128 Twitter accounts are manually annotated by three different human annotators to identify those belonging to the experts in the field of economics and finance. Additionally, we delete users who closed their Twitter accounts during the course of our study or post only personal tweets.
[image: image] This results in a list of 67 users that we name as the [image: image] candidate list.
[image: image] Second Phase:
[image: image] We combine the seed list and the [image: image] candidate list, which yields us a merged list of 70 users.
[image: image] We constitute a list of 6,351 users that corresponds to those followed by at least 2 of the Twitter accounts available in this merged list.
[image: image] From these 6,351 users we remove the users of the seed list and the [image: image] recommended list, yielding us the [image: image] recommended list of 6,220 users.
[image: image] We implement the above-mentioned annotation process and the cleaning filter. This results in a list of 687 users that we name as the [image: image] candidate list.
[image: image] Third Phase:
[image: image] We combine the seed list, the [image: image] candidate list, and the [image: image] candidate list, which yields us a merged list of 757 users.
[image: image] We constitute the list that corresponds to those followed by at least 2 of the user accounts available in this merged list. At this point, the human annotators fail to manually annotate the profiles of 65,391 users to label who are experts in the field of economics and finance. Therefore three different human annotators proceed by annotating the profiles of randomly chosen users among 65,391 users.
[image: image] During this annotation process, we observe that these users are not representative of experts compared to those retained in the earlier phases, hence we end the algorithm at this point.
[image: image] As before, we delete users who closed their Twitter accounts during the course of our study or who post only personal tweets.
[image: image] This results in the list of 661 users that we use to construct our TEPU index. We name this list as the final candidate list.
[image: Figure 2]FIGURE 2 | The phases of bootstrapping algorithm.
To validate our approach, we implement the above-mentioned phases using the following alternative seed lists: 1) the Twitter accounts that are followed by 16 Twitter accounts who have more than 500,000 followers, and 2) the Twitter accounts that are followed by 7 randomly selected Twitter accounts out of the 16 Twitter accounts who have more than 500,000 followers. Both seed lists yield two final lists of users that are identical to the final candidate list of 661 users obtained using the reference seed list.
Table 1 presents descriptive statistics of the selected Twitter user accounts categorized by occupation.15 This table reports the number of followers, followings and tweets, and the registration date corresponding to each occupation. These statistics show that in the sample period 2013–2021, on average, parliamentarians and bureaucrats are the most-followed users whereas they don’t follow people as much as users in other three categories do. Further, on average, experts in all these four categories post at least around 10,000 tweets, suggesting that they seem to actively use the Twitter platform for transmitting their opinions to the public in our sample period. In particular, starting with the seed list of three Twitter user accounts belonging to the most-followed experts in the field of economics and finance in the Turkish community, we obtain a network of users that not only capture the influence of these people on public opinion but also their interaction with other users that they follow.
TABLE 1 | Descriptive statistics of the selected Twitter user accounts.
[image: Table 1]3.2 Constructing the Daily TEPU Index
To construct the TEPU index, we focus on the sample period from 1 January 2013 to 22 December 2021 because this period coincides with the onset of many events associated with political and economic uncertainty in Turkey.
We use the same search procedure developed by [1]. We treat the Twitter data-based series as if they are extracted from a single newspaper. We use the Twitter API to obtain all of the “following” lists of users. Using the web scraping with Python, we extract the full tweet content that the users posted within the specified time interval. We exclude retweets in the calculation of our TEPU index to avoid duplicates. We transform the letters in the tweets into lower case and use English characters throughout.
[1] use a list of words that captures the policy uncertainty characteristics of advanced economies. However, in our search process, we include the set of words that are considered more relevant for emerging market economies as in [6] and [2]. Table 2 shows the Turkish and English versions of the words that we search for. In each tweet posted by these selected 661 Twitter accounts in the period 2013–2021, we search for keywords and record the word count data. We normalize the raw word count data using the standardization procedure outlined in [1]. In particular, we first count the keywords at the daily frequency.16 Second, we compute the value [image: image] which corresponds to the mean value of the daily series for the entire period from 1 January 2013 to 22 December 2021 and multiply the daily series by its own normalizing factor, [image: image].
TABLE 2 | Dictionary of keywords.
[image: Table 2]4 THE TEPU INDEX AND FINANCIAL MARKETS
4.1 Data
In addition to the daily TEPU index, we make use of daily data on the selected financial indicators that we use to track developments in Turkish financial markets over the period 2013–2021.
First, we use the Chicago Board Option Exchange (CBOE) Volatility Index (VIX) to proxy for global risk perceptions. The VIX is a real-time index that represents the market’s expectation of near-term price changes on the S&P 500 Index (SPX). It is measured as the implied volatility on SPX options, which provides a way to gauge market sentiment, and in particular, the degree of fear among market participants. We obtain the end-of-day VIX values from the Federal Reserve Bank of St Louis Economic Database (FRED). The Credit Default Swap (CDS) spread is an indicator that measures the risk of default on Turkey’s sovereign debt. Equivalently, the CDS spread represents the annual premium (the CDS “fee” or “spread”) to be paid to the lender against the risk of default. If the number of years of the loan is not specified in the contract, calculations are made according to the 5-years CDS Spread. The Bloomberg Terminal provides the daily 5-years CDS spread series, which we measure as basis points on US dollar-denominated CDS contracts. The spot USD/TRY exchange rate and the BIST-100 index are obtained from Yahoo! Finance. The first represents units of the domestic currency, namely the Turkish lira, per US dollar. The latter measures the performance of the top 100 stocks traded on the Istanbul Stock Exchange entitled as Borsa Istanbul.17
The daily series are reported as opening, closing, high and low values. In our analysis we use their closing values. We aggregate the resulting daily series into weekly series to be used in our analysis over the period 2013w1 and 2021w51.
4.2 Event Analysis
In what follows, we conduct an event analysis to show how our TEPU index relates to important political and economic events that have occurred in Turkey in the sample period 2013–2021.
Table 3 records both domestic and foreign events that may have been associated with changes in economic policy uncertainty in Turkey. It considers the timeline of events by making a distinction between political announcements versus the immediate reaction of financial markets. This table indicates episodes of political uncertainty in the weeks or months preceding such events as national elections or referendums whereas it indicates the exact date associated with monetary policy announcements and surprises. As a visual device, Figure 3 plots the daily TEPU index from 1 January 2013 to 22 December 2021 and tracks the evolution of economic policy uncertainty for Turkey. Some of the events associated with spikes in economic policy uncertainty have already been documented by earlier papers [3,4].18 In common with these papers, we find that beginning in 2013, some of the most significant events refer to the occurrence of the Gezi Protests, which erupted due to a disagreement regarding the usage of a municipal park and turned into nation-wide protests against the government, as well as the revelation of corruption allegations against various members of the government during 17–25 December 2013. The TEPU index rises before significant political events such as the national elections which were held on 24 June 2015 and re-scheduled for 1 November 2015. The TEPU index spikes during the failed coup attempt of 15 July 2016. There is also evidence of a general increase in uncertainty in the periods preceding the presidential referendum of 16 April 2017 as well as in the few weeks immediately preceding the elections under the new presidential system that took place on 24 June 2018.
TABLE 3 | Timeline of events.
[image: Table 3][image: Figure 3]FIGURE 3 | The daily TEPU index. This figure plots 7-day moving average of logarithm of TEPU index from January 1, 2013 to December 22, 2021. We provide the details on the construction of this index in Section 3.
As a further way of illustrating the impact of economic policy uncertainty for Turkey, Figure 4 considers two measures of risk assessment by foreign and domestic agents together with our TEPU index. This figure displays the behavior of the TEPU index together with two other indicators that summarize the risk perceptions of foreign investors, namely, the VIX, as well as a measure of country risk premium for Turkey, namely, its CDS spread, over the entire sample period from January 2013 to December 2021. As a significant regularity, we note that the TEPU index moves in tandem with both of these indicators. The TEPU index and the CDS spread, in particular, display a tendency to increase together especially over the period since 2018. One of the major events in 2018 is the Black Friday currency shock and the CBRT’s subsequent decision to increase its policy rate by 625 basis points. As Figure 4 shows, this event is captured by the increase in both the TEPU index and the CDS spread for Turkey in August 2018. Following a sharp depreciation in the Turkish lira from 4 TRY per USD to 7 TRY per USD, the Turkish lira recovers after the large policy rate increase by the CBRT. In July 2019 there is an increase in Turkey’s CDS spread concurrently with a spike in the TEPU index that occurs in response to the replacement of Governor Murat Çetinkaya by Governor Murat Uysal.
[image: Figure 4]FIGURE 4 | The comparison of the TEPU index versus VIX and CDS spread. (A) TEPU vs. VIX (B) TEPU vs. CDS Spread. This figure plots 4-week moving average of the logarithm of the TEPU index against the logarithms of VIX and CDS spread in sub-panels (a)–(b), respectively. See Section 4.1 for further details. Sample period: 2013w1-2021w51.
In March 2020, we observe a large increase in the VIX in response to the onset of the Covid-19 crisis, which is also reflected in a significant increase in Turkey’s CDS spread. As it is well-known, the VIX captures changes in the risk perceptions of foreign investors due to exogenous shocks, external monetary and financial conditions, and developments specific to emerging market economies including the Turkish economy. In this regard, the correlation between the VIX and the TEPU index partially reflects the fact that the Turkish economy is vulnerable to episodes of divergence between its policy actions relative those of the US, as argued by Kalemli-Özcan [48]. This is due to its dependence on international capital flows for financing its current account deficit. By contrast, Turkey’s CDS spread tends to capture a systematic assessment of the uncertainty and risk premium associated with long-term prospects for the Turkish economy. This is evidenced by its sharp rise around the August 2018 currency shock as well as the Covid-19 shock, which tends to persist until the end of 2020. These movements are accompanied by significant increases in the TEPU index as well.
Uncertainty about policy changes as measured by the TEPU index rises sharply in March 2021 when Governor Naci Ağbal, a central official known for his orthodox views on monetary policy, is replaced as governor of the CBRT by Governor Şahap Kavcıoğlu. In response to this event, the daily value of the USD/TRY exchange rate jumps from 7.305 TRY per USD to 8.0954 TRY per USD, indicating a 10% depreciation of the Turkish lira. Turkish bond and stock markets also witness their largest capital outflow of $1.9 billion since 2006.19 As a consequence, the BIST-index falls by around 8% on 21 March 2021, the day following the dismissal of Governor Naci Ağbal. These developments are also reflected in an increase in Turkey’s CDS spread and a smaller increase in the VIX in March 2021.
After September 2021, the effects of the unconventional monetary policy being espoused in Turkey begin to manifest themselves. As Table 3 shows, consecutive decreases in the CBRT’s policy rate are implemented between 23 September 2021 to 16 December 2021. During this period, the CBRT MPC reduces its policy rate by 500 basis points, the last cut of 100 basis points occurring after a MPC meeting on 16 December 2021. These changes lead to an unprecedented increase in the TEPU index. Turkey’s CDS spread shows a tendency to increase rapidly with the TEPU index, rising from a value of around 388 up until the second week of September 2021 to 578 by 17 December 2021.
During this period, Turkey’s exchange rate also follows a highly volatile pattern, with the value of the Turkish lira falling by around 120% against the US dollar in a spiraling fashion until the end of December 2021 when the introduction of new foreign-exchange linked saving schemes help to stem the rout. The volatility in the foreign exchange rate market is also accompanied by volatility in Turkey’s stock market, as trading is suspended twice on all listed stocks as the BIST-100 index falls by more than 7%. Countervailing this effect, stock prices nevertheless recover as investors in Turkey seek to take advantage of the price discount on stocks in Turkish lira to protect their savings.20
5 ECONOMETRIC METHODOLOGY
In this section, we consider the dynamic inter-relationships among fluctuations in the TEPU index and a set of key financial indicators for Turkey, including the CDS spread, the BIST-100 stock index and the USD/TRY exchange rate, for the sample period comprising 1 January 2013 to 22 December 2021. In this analysis, we do not seek to jointly model the dynamics of the VIX with the remaining variables, instead considering its lagged values as exogenous control variables.21
Consider a standard VAR of the form
[image: image]
where [image: image] is the [image: image] vector for [image: image] comprising the TEPU index and the three domestic financial variables and [image: image]. In this expression, [image: image] denote [image: image] matrices of autoregressive coefficients, [image: image] the lag length of the VAR, [image: image] the [image: image] matrices of coefficients for the exogenous variables, and [image: image] their lag length. Here [image: image] denotes a [image: image] vector of innovations with mean [image: image] and an unconditional variance-covariance matrix [image: image] and E[image: image] for [image: image]. In general, the elements of [image: image] will be contemporaneously correlated, i.e., [image: image]. Hence, we cannot consider experiments where we hold, say [image: image] constant and let [image: image] vary for [image: image]. In what follows, we implement an SVAR approach to identify the structural shocks. Consider the representation [image: image], where [image: image] is a lower triangular matrix with ones on its diagonal, [image: image] is a diagonal matrix and [image: image] is a vector of orthogonalized innovations. In this expression, [image: image] and [image: image]. Here the matrix [image: image] captures the contemporaneous relations between observable variables and the variance-covariance matrix of the errors [image: image] and satisfies [image: image].
In our analysis, we impose a recursive ordering to identify the structural shocks in the estimated SVAR model. In the literature, alternative indices of economic policy uncertainty have typically been placed first based on the notion that shocks to this variable have a contemporaneous impact on the remaining variables while none of the other variables are assumed to have a contemporaneous impact on it. In our analysis, we place the CDS spread first to allow for possible contemporaneous effects from it to affect the TEPU index and the remaining variables. Likewise, each of the remaining variables will have a contemporaneous effect on the variables listed after them but will not affected by them contemporaneously.
5.1 Estimates of the SVAR Model
To estimate the SVAR model, we first test the different series for unit roots based on the Augmented Dickey-Fuller (ADF) test. We cannot reject the null hypothesis of a unit root for the USD/TRY exchange rate and the BIST-100 stock index, suggesting that they are non-stationary. On the other hand, the TEPU index, the VIX and the CDS spread are shown to be trend-stationary.
We use the HP-filter to remove time-varying trends in the different series. While implementing the HP-filter has been criticized as being ad hoc and for inducing spurious dynamics into the series to which it is applied [49], the so-called Hamilton regression filter which uses the residuals from an [image: image]-step ahead regression of a variable on values of itself at time [image: image] and earlier is also known to extract specific frequencies of the time series [50]. [51] provide a so-called boosted version of the HP filter which they argue can “remove trend mechanisms that involve integrated processes, deterministic drifts, and structural breaks,” which are the most common types of trend processes observed in economic and financial data.22 We adjust the HP-filter for the weekly frequency of observations using the approach in [52].
In what follows, we estimate an SVAR model with three lags of the endogenous variables and 4 lags of the VIX. Our choice is based on the AIC, while selection criteria such as the SBIC and HQIC which favor more parsimonious specifications choose a lag length of 2. Based on diagnostic tests for the behavior of the SVAR model, we find that evidence of stability in the conditional mean equations in that all of the estimated eigenvalues are inside the unit circle. This suggests that the system we are estimating is stable. Second, the Lagrange Multiplier test for autocorrelation [53] suggests that the absence of serial correlation in the residuals of the SVAR model for almost all lags up to lag 24.23
In our analysis, we make use of the SVAR model to conduct Granger causality tests to understand the dynamic inter-relationships among the different series. Granger causality tests provide a way for examining the predictive power of one variable [image: image] for another given by [image: image]. More formally, let [image: image] be the optimal (minimum Mean Square Error (MSE)) [image: image]-step predictor of the process [image: image] at origin [image: image], based on the information in [image: image]. Denote the corresponding forecast MSE by [image: image]. The process [image: image] is said to cause [image: image] in Granger’s sense if [image: image] for at least one [image: image].24 In our analysis, we use the multivariate version of Granger causality tests to test for the predictability of one variable by another, after controlling for the effects of other potentially relevant variables [54]. In a multivariate VAR context, a test of Granger causality involves a test of zero restrictions on a subset of the coefficients of the VAR [54,55].
Table 4 shows the results of Granger causality tests among expert opinion represented by the TEPU index and Turkey’s financial indicators for three different sample periods. These results show that the TEPU index and financial indicators such the USD/TRY exchange rate and the BIST-100 stock index interact with and influence each other at the weekly frequency. This may have to do with their high-frequency movements in a shallow financial market where news gets transmitted rapidly to economic agents and markets. While lagged values of fluctuations in the exchange rate help to predict both fluctuations in the stock market index and the TEPU index, changes in the TEPU index also help to predict the changes in the exchange rate and in the stock index. These results hold, on the whole, for the three samples that we consider, though they are weaker for the samples ending in 2019 and 2017. The bi-directional relationship between the USD/TRY exchange rate and the TEPU index is among the strongest and holds for all three sample periods. This may occur if fluctuations in the USD/TRY exchange rate transmit signals about monetary policy announcements and other unanticipated policy changes to economic agents, which are then incorporated into expert opinion. On the other hand, changes in expert opinion represented by the TEPU index may also influence the exchange rate through the social media activities of economic experts.
TABLE 4 | Granger causality tests.
[image: Table 4]Table 4 also provides information about the determinants of changes in Turkey’s CDS spread. As it is well-known, the CDS spread tends to capture a systematic assessment of the uncertainty and risk premium associated with long-term prospects for a given country. Table 4 shows that changes in the TEPU index emerges as the key predictor for changes in the CDS spread for the samples ending in 2021 and 2019. In a related analysis, [8] create a real-time News-implied Sovereign Risk Index (NSRI) for over 100 countries by applying text search methods to socioeconomic, political and financial news.25 They show that lagged changes in this index are a significant predictor of changes in a country’s CDS spread, especially at the monthly frequency, after controlling for the effects of other domestic and global macro-economic variables. Thus, as in [8], changes in expert opinion about economic policy issues help to predict movements in the CDS spread. Nevertheless, there are some differences between the approach followed by these authors and ours. While [8] implement a panel data analysis based on a bi-variate relation between the CDS spread and their news-based measure of sovereign risk, we find that dynamic inter-relationships among changes in expert opinion and other financial indicators help to determine changes in Turkey’s country risk premium based on a multivariate analysis. This further provides evidence about the interactive relationship between expert opinion represented by the TEPU index and the different financial indicators in our analysis.26
We can relate our results to the literature that studies the interaction of economic policy uncertainty with other financial indicators. Using monthly data, [10] argue that oil prices and economic policy uncertainty are inter-related and influence both stock returns and stock market volatility in that a positive oil-market specific shock raises economic policy uncertainty and reduces real stocks returns. Thus, the endogenous response of economic policy uncertainty amplifies the direct effects of oil price shocks. Likewise, [8] find that spikes in their NSRI “are negatively associated with same-week market returns, which reverses over the next week, indicating that investors might overreact to default risk news.” They further find that the reaction of equity markets in countries that face binding fiscal constraints is more pronounced and persistent. In our analysis, we find that the CDS spread helps predict fluctuations in equity markets. This may occur if expectations about the future of the Turkish economy and hence, its country risk premium, signify changes in the profitability of investing in Turkey.27
5.2 Volatility Dynamics
As we discussed in Section 4, there has been considerable volatility in the sample period that we are analyzing. To make this notion precise, Table 5 provides estimates of a GARCH(1,1) model specified as [image: image], where [image: image] is the conditional variance of the residuals from the [image: image] equation in an unrestricted VAR for the CDS spread, TEPU index, BIST-100 index, USD/TRY exchange rate series, taking as given the lagged values of the VIX as exogenous control variables. The estimates of [image: image] show the ARCH(1) term is significantly different from zero for all the four series considered in Table 5. The series on the BIST-100 index and the USD/TRY exchange rate also display significant GARCH(1) coefficients.28
TABLE 5 | Estimates of conditional heteroscedasticity.
[image: Table 5]To capture such conditional heteroscedasticity in the residuals, we estimate an M-GARCH model over the main sample period. In this specification, the error terms of the SVAR satisfy [image: image] while the time-varying conditional variance of the original SVAR model is assumed to follow a Choleski decomposition as
[image: image]
where [image: image] is the variance covariance of the residuals at time [image: image], given information at time [image: image] denoted by [image: image] and the elements of [image: image] are given by [image: image] for [image: image]. Hence, [image: image] is an i.i.d random vector with mean [image: image], [image: image] and [image: image] for [image: image]. In this representation, we have not specified the distribution of the innovations [image: image]. As [54] states, even if the conditional distribution for [image: image] is normal, the unconditional distribution will generally be non-normal. In particular, it will have more mass around zero and in the tails than the normal distribution and, hence, it can produce occasional extreme observations relative to the normal distribution.
The dynamics of the M-GARCH model embodied in the matrix [image: image] are very rich and may be modeled in alternative ways. The multivariate GARCH model may be written as
[image: image]
where [image: image] denotes the half-vectorization operator which stacks the columns of a square matrix from the diagonal downwards in a vector, [image: image] is a [image: image] -dimensional vector of constants and the [image: image], [image: image] are [image: image] coefficient matrices. A diagonal multivariate GARCH(1) process is one in which the matrices [image: image] and [image: image] are diagonal so that the conditional covariances [image: image] satisfy [image: image]. In this case, each conditional covariance depends on its own past but not on the past of the other conditional variances and covariances.29
In the estimation of the M-GARCH model, we model the conditional volatility in the different series by considering ARCH processes for the conditional variances and covariances that depend only on the second moments of the past shocks in the relevant equation as [image: image] for [image: image]. Due to the highly nonlinear framework implied by the DVECH model, we were unable to estimate a system that includes the TEPU index. Instead, we consider a 3-variable system comprised of the CDS spread, the BIST-100 index, and the USD/TRY exchange rate series, taking the VIX as a control variable.30 The lag length is given by [image: image] in the conditional mean equation and a ARCH(1) specification is used to model the conditional heteroscedasticity in the error terms. Panel (b) of Table 5 shows that the ARCH coefficients [image: image] for [image: image] for the conditional variances of the CDS spread, the BIST-100 index and USD/TRY exchange rate are estimated to be significantly different from zero. Moreover, we find evidence that the volatility of the different series are related to each other (the coefficients [image: image] and [image: image] are estimated to be significantly different from zero).
Figure 5 displays the predicted values of the conditional variances for the main sample period from 1 January 2013 to 22 December 2021. From Panel (a) of this figure, we observe volatility clusters in the behavior of the conditional volatility of the CDS spread, which reflects the events that we catalogued in Section 4.2. In particular, the Black Friday shock of August 2018, the Covid-19 shock as well as the impacts of the unconventional monetary policy being increasingly pursued during 2020 and 2021 register as increases in the conditional volatility of the CDS spread. For the BIST-100 index, the major source of volatility is the Covid-19 shock of March 2020. By contrast, the August 2018 foreign exchange shock registers as the most important source of volatility for the conditional variance of the USD/TRY exchange rate. The December 2021 exchange rate shock also appears as an important shock to this conditional variance. However, the overall effect of the December 2021 shock on the USD/TRY exchange rate turns out to be smaller compared to the Black Friday shock of August 2018 due to the fact that the time-varying trend in the exchange rate has been increasing over the sample period.
[image: Figure 5]FIGURE 5 | Conditional variances and correlations. (A) CDS Spread. (B)BIST-100 Index. (C) USD/TRY Exchange Rate. (D) CDS vs BIST-100. (E) CDS vs USD/TRY. (F) USD/TRY vs BIST-100. Sample covers the period 2013w1-2021w51.
Put differently, this discrepancy in the relative magnitudes of the two above-mentioned volatility shocks might stem from differences in their nature. We may view the Black Friday shock of August 2018 as being exogenous in the sense that it was partly the result of political tensions between the Trump administration and the government of Turkey. Hence, market participants did not anticipate it beforehand and failed to revise their expectations of its effect on the Turkish lira. By contrast, the December 2021 exchange rate shock seems to be endogenous in that it occurred in an environment where the pursuit of unconventional monetary policies was increasingly being espoused by different government officials. As the repeated interest rate cuts eroded the value of the Turkish lira throughout the last 3 months of 2021, the 20 December 2021 shock, though large in absolute magnitude, was most likely incorporated into the expectations of market participants as another shock against a backdrop of deteriorating sentiment regarding the value of Turkey’s national currency.
Another way to examine the volatility behavior of changes in the TEPU index and the remaining financial indicators is to examine their conditional covariance. To ensure that the conditional covariance is not dominated by the estimates of the conditional variances, we calculate the conditional correlation between changes in the exchange rate and the CDS spread. The conditional correlations are defined as [image: image]/[image: image]. Panel (a) of Figure 5 shows that the conditional correlations of the CDS spread with the BIST-100 index are among the highest for the Covid-19 shock of March 2020 and for the December 2021 exchange rate shock. Likewise, Panel (c) shows that the largest spikes in the conditional correlations between changes in the USD/TRY exchange rate and BIST-100 index are due to the December 2021 exchange rate shock. On the other hand, the conditional correlations between the CDS spread and the USD/TRY exchange rate, though always positive, reveal an inverted shape: this is due to the effect of the conditional variance of the USD/TRY exchange rate, which tends to swamp the magnitude of the conditional covariance.
6 CONCLUSION
In this paper, we construct a Twitter-based high frequency economic policy uncertainty index for Turkey over the period 2013–2021 by using a select set of Twitter accounts whose tweets are considered to reflect expert opinion on economic policy issues in Turkey. This index may be used to track the evolution of economic policy uncertainty for a key emerging market economy, namely, Turkey. The timely character of Twitter data enables us to update our forward-looking TEPU index to follow rapidly changing movements in financial markets through changes in expert opinion and to understand how expert opinion itself is affected by financial indicators in a volatile policy environment.
As in other related research [8], expert opinion as represented by the TEPU index is a key indicator that helps to predict the country risk premium measured by the CDS spread. We further find evidence that the CDS spread itself may be useful for predicting changes on equity markets in Turkey. These two findings suggest a close connection between expert opinion, measures of the domestic risk premium and profit opportunities in an emerging market economy context. Finally, as an additional contribution, we relate the sources of conditional volatility in the CDS spread together with the USD/TRY exchange rate and BIST-100 stock index to salient events that occurred over the sample period 2013–2021.
That economic policy uncertainty stemming from such policy changes will have deleterious effects on investment by private firms in key emerging market economies is well-established; for a recent example, see [56] who aims to quantify the impact of heightened uncertainty associated with the sanctions regime of 2014 on investment behavior by non-financial privately-held firms in Russia. By analyzing a current episode of policy uncertainty that arises from political and economic events in Turkey, we provide a road-map for understanding the effects of economic policy uncertainty for other key emerging market economies which are historically prone to uncertainty and volatility.
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FOOTNOTES
1https://www.ft.com/content/f6c3f33f-356c-47b8-8156-5fe07ffe6237?shareType=nongift.
2http://www.aljazeera.com/economy/2021/12/17/turkey-stock-trading-halted-twice-as-lira-crashes-to-new-low.
3In contrast to the Twitter API which has rate limits (see https://developer.twitter.com/en/docs/twitter-api/rate-limitslink), the web scraping method that we use is faster in the extraction of data.
4See Bloom [57] for a detailed survey on how uncertainty affects economic activity.
5The authors of Baker et al. [1] develop indices of economic policy uncertainty for countries around the world. In particular, as of March 2022, the most up-to-date EPU indices are provided for 29 countries in their website: https://www.policyuncertainty.com/all_country_data.html.
6They define these events as periods in which the Hodrick–Prescott de-trended VXO series exceeds its mean by more than 1.65 standard deviations. In this way, they obtain six events over the sample period 1990–2010 and generate a measure of uncertainty by weighing these events with the magnitude of the volatility shock.
7Using three measures of influence including in-degree, retweets and mentions, Cha, Haddadi, Benevenuto and Gummadi [58] investigate the dynamics of user influence across topics and time based on these notions. One of their findings shows that influence is typically gained through concerted effort such as limiting tweets to a single topic. Verweij [59] studies the interactions between a group of Dutch journalists and politicians and show that contacts on Twitter are driven by the need for finding and spreading news, as opposed to religious or ideological identity of parties and media.
8The European Central Bank conducts the same survey to obtain the forecasts of the economists located in Euro Area. See https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/survey-of-professional-forecasters and https://www.ecb.europa.eu/stats/ecb_surveys/survey_of_professional_forecasters/html/index.en.html for further details on these surveys.
9Turkey has 16.25 million active Twitter users, ranking as the seventh country in the world as of October 2021, see https://www.statista.com/statistics/242606/number-of-active-twitter-users-in-selected-countries/.
10Likewise, Storyful, a news and intelligence agency, devotes significant time to manually curate content on social networks such as Twitter and YouTube with the aim of filtering news, or newsworthy content, from the vast quantities of noisy data on these platforms.
11Due to the nature of the bootstrapping algorithm, it is immaterial how many people are included in the initial list. It may differ according to the country one focuses on and the selection criteria that is implemented. In our case, we want to restrict our initial list to a select set of people who are expected to be the most influential on public sentiment. This way of identification of influential experts builds on the insights of Weng, Lim, Jiang and He [60] where an influential twitterer is defined as one with certain authority within her social network. To this end, we start with an initial list that comprises of Twitter accounts of three experts in the field of economics and finance that have the highest number of followers.
12In addition to this “in-degree” measure of user influence, the two of these three experts are ranked as the first two twitterers in the Turkish community in 2021 in terms of number of retweets, see https://twitter.com/adbaanalytics/status/148704504764429926 for further statistics released by Adba Analytics, a digital consumer research agency.
13This restriction goes in line with the “homophily” phenomenon. The analysis of Weng et al. [60] shows that “homophily” does exist in Twitter data, implying that the “following” relationships between twitterers are related to their topical similarity.
14Similarly, Saif, Fernandez, He and Alani [61] construct a data set, namely, the Stanford Twitter Sentiment Gold (STS-Gold) that has been used for Twitter Sentiment Analysis. This data set contains 2,034 tweets which are automatically annotated with sentiment labels. This data set also contains 58 entities manually annotated by three different human annotators.
15In the final candidate list of 661 users, 4 users are identified as both academician and parliamentarian/bureaucrat based on their personal information reported in their Twitter accounts.
16To correct for intra-week variation in the number of tweets, we scale the daily TEPU index by the average number of tweets for each day of the week during the year 2017.
17According to the 2020/26 numbered notification of Borsa Istanbul published on 4 April 2020, especially from BIST-30 and BIST-100, two zeros were removed from the BIST Equity Indexes as of Monday 27 July 2020 and the index value has continued to be displayed as two digits after the comma. In order to have a consistent format in these series, we divide the values before 27 July 2020 by 100.
18For the period 2000–2018, Topçu and Oran [4] find that most of the uncertainty in Turkey over the period 2000–2018 arises from events that trigger political uncertainties such as elections and the changes in policy that these may induce.
19http://www.bloomberg.com/news/articles/2021-04-01/turkey-s-central-bank-revamp-spurs-biggest-outflows-in-15-years.
20http://www.reuters.com/markets/stocks/turkish-stocks-open-down-after-sharp-friday-selloff-2021-12-20/.
21To the extent that the variables in our study reflect the domestic dynamics of financial markets in Turkey, especially at the weekly frequency, inclusion of the VIX as an endogenous variable is unlikely to yield information about its comovement with the remaining variables.
22The boosting involves applying the HP-filter multiple times based on stopping criteria from a machine-learning algorithm.
23We include 4 lags of the VIX, as it helps to reduce the autocorrelation in the residuals from the estimated SVAR.
24In this definition, [image: image] is all of the information relevant for predicting [image: image] except for information in current and past values of [image: image]. Thus, [image: image] can be predicted more efficiently if the information in the past and present of the [image: image] process is taken into account, then [image: image] is said to cause [image: image] in Granger’s sense. See Lutkepol [54], pp. 41–42.
25They implement machine learning algorithms such as topic modelling and text similarity to identify sovereign default risk concerns in newspaper articles. They consider the world stock market index from MSCI, the US EPU index from Baker et al. [1], the US macroeconomic activity index, namely Aruoba-Diebold-Scotti (ADS) of Aruoba, Diebold and Scotti [62] from the Federal Reserve Bank of Philadelphia, and the VIX as controls.
26We also create Impulse Response Functions (IRFs) to trace the dynamic response of the different series to each of the structural innovations. These IRFs show that a one-standard deviation shock to the TEPU index tends to increase the CDS spread and the USD/TRY exchange rate while a similar shock to the USD/TRY exchange rate increases the TEPU index. Finally, contemporaneous changes in the CDS spread are reflected in declines in the BIST-100 index and increases in the USD/TRY exchange rate and the TEPU index. These results are available upon request.
27In our analysis, we use the nominal values of the USD/TRY exchange rate and the BIST-100 index. To check the robustness of our results, we also create real values of the USD/TRY exchange rate and the BIST-100 index over our sample period. However, the price level series required to convert nominal values to real values is available only at the monthly frequency. Hence, we divide the (levels) of the nominal series by the monthly series on Consumer Price Index (2003 = 100) released by the Turkish Statistical Agency (TURKSTAT); see https://data.tuik.gov.tr/Kategori/GetKategori?p=Enflasyon-ve-Fiyat-106. The correlations between the real and nominal monthly series for HP-filtered versions of each of the two financial indicators - the stock index and the exchange rate - are both around 0.98, suggesting that any inflationary bias induced in the relevant nominal series is filtered out through the time-varying trend created by the HP-filter.
28If we allow for a [image: image]-distribution with 4 degrees of freedom as the distribution of the error terms in the GARCH(1,1) model, there is less evidence in favor of the significant ARCH(1) terms. However, these are still significant for the USD/TRY exchange rate and marginally significant for the CDS spread and TEPU index.
29This yields the DVECH model studied by Bollerslev, Engle and Wooldridge [63]. Other versions of the M-GARCH model are considered by Baba, Engle, Kraft and Kroner [64].
30An asymmetric version of the M-GARCH model is used by de Goeij and Marquering [65] to analyse dynamics for the conditional variances and covariances of bond and stock returns for the US.
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