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Abstract 

We investigate the impact of investor attention and economic uncertainty on gold price changes 

and their volatility. We use Google searches for “gold” as a measure of investor attention, 

considering searches originated in US, India, and globally. We find that Google searches 

originated in India are more relevant for the gold market than global searches or searches 

originated in the US. Increased Google searches are associated with gold price declines and 

increased volatility. Moreover, this relationship is not just a correlation. It also holds in 

predictive manner in both directions: 1) Increased Google searches are followed by gold price 

declines and high volatility and 2) gold price declines and high volatility are followed by 

increased Google searches. We consider three measures of economic uncertainty, the VIX 

index, the Economic Policy Uncertainty index and the TED spread, and find that the VIX index 

has the strongest impact on gold. High levels of the VIX index are both contemporaneously 

related and also predict gold price increases and high volatility. 
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1. Introduction 

Google’s search engine is widely used all over the world, covering approximately 90% of the 

global search engine market (Harford, 2017). The search engine provides search volume 

indexes (henceforth: SVI) through their platform Google Trends (henceforth: GT). GT provides 

useful information, as keyword-searches can be utilized in decision making for various subjects, 

including producers, consumers, politicians and investors. The usage of GT data has grown 

tremendously since its launch in 2006, and has been proven to have a vast variety of applications.  

 

Throughout history, gold has been used as a store of value, a currency and a medium of 

exchange. In countries facing relatively high inflation, such as India, gold is considered as an 

important saving and hedge tool. Moreover, gold symbolizes social status and prosperity, and 

is often passed down from generation to generation. Almost one-third of the global demand for 

gold derives from India (Rani & Vijayalakshmi, 2014), which emphasizes the importance of 

gold in the Indian society.  

 

Although the significance of gold and the vast usage of search engine data is well established, 

the literature on the dynamics of internet search trends and gold is limited. This thesis aims to 

contribute to the studies regarding gold and GT, by using SVI data from three different 

geographic regions and adding three market uncertainty indexes. We investigate the impact of 

Google’s SVI from India, the US and globally on gold returns and its volatility. 

 

We find that the relationship between Google searches and the gold market is strongest for 

Google searches originated in India. Further, increased Google searches for “gold” are 

associated with negative current and future gold returns, and high current and future implied 

volatility of gold. As we include the VIX index, EPU index and the TED spread as control 

variables, we have a few additional findings. The VIX index is positively related with current 

and future gold returns, as well as current and future implied volatility of gold. Moreover, 

positive gold returns predicts an increase in the implied volatility of gold. 

 

The remainder of this thesis is structured as follows. Previous literature is reviewed in section 

2. Section 3 presents the data. The methodology is discussed in section 4. Section 5 discuss our 

findings. We conclude in section 6.  
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2. Literature review  

Previous studies on Google search trends has investigated its predictive power in various fields, 

such as house prices in India (Venkataraman, Panchapagesan, & Jalan, 2018) and the US 

(Kulkarni, Haynes, Stough, & Paelinck, 2009; Wu & Brynjolfsson, 2015), influenza epidemics 

(Ginsberg et al., 2008; Polgreen, Chen, Pennock, & Nelson, 2008), unemployment rates 

(D’amuri & Marcucci, 2017) and gasoline prices (Molnár & Bašta, 2017). Choi and Varian 

(2012) were one of the first to study if Google search queries could predict economic activity. 

They claimed that data obtained from GT could predict the present values of different macro-

economic indicators, which can be useful in short-term economic prediction. The indicators 

investigated were home sales, travel destination planning, automotive sales and unemployment 

claims in the US.  

 

Google search trends has also been widely used to study financial markets. Researchers has 

utilized search query data from GT to predict the dynamics of stock markets (Bijl, Kringhaug, 

Molnár, & Sandvik, 2016; Kim, Lučivjanská, Molnár, & Villa, 2019) investor attention (Da, 

Engelberg, & Gao, 2011), investor sentiment (Joseph, Babajide Wintoki, & Zhang, 2011) and 

stock market volatility (Dimpfl & Jank, 2016; Kim et al., 2019). Bijl et al. (2016) studied if 

Google Trends data could forecast stock returns in the US market and whether a trading strategy 

based on Google search queries would be profitable. They found the trading strategy to be 

profitable when the transaction costs was not included, but not profitable when the transaction 

costs were taken into account. The study also revealed that high Google search volumes predicts 

negative returns. The recent study of the impact of Google search activity on the Norwegian 

stock market, by Kim et al. (2019), yielded no relationship between Google search activity and 

stock returns. This differs from the previous findings of Bijl et al. (2016) and Da et al. (2011). 

However, they found that Google search queries can predict trading volume and volatility in 

the Norwegian stock market. Another recent study by Alborg, Molnár, and de Vries (2018), 

investigated the predictive ability of Google searches on Bitcoin return, its volatility and trading 

volume. They found that Google searches for “Bitcoin” is not able to predict return and 

volatility. However, Google Trends proved to be a predictor of Bitcoin trading volume.  

 

Da et al. (2011) were one of the first to use Google’s SVI as a direct measure for investor 

attention by using data from Russel 3000 stocks for a four-year period (2004-2008). They found 

that the SVI predict a higher stock price in the weeks following an increase in search volume, 

and also proved that SVI is better in capturing investor attention than other measures of investor 
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attention. Later, Joseph et al. (2011) used the same framework to investigate whether data from 

Google trends could capture investor sentiment. They proved that Google’s search volume 

index can predict stock prices in the following weeks and that SVI can explain investor 

sentiment, in line with the previous findings of Da et al. (2011).  

 

There exists a lot of studies related to explaining the gold market and the price of gold. Former 

studies has focused on investigating volatility (Batten & Lucey, 2010; Baur, 2012; Bentes, 

2015; Fang, Yu, & Xiao, 2018), key determinants of the gold price (Elfakhani, Baalbaki, & 

Rizk, 2009; Levin & Wright, 2006) and the relationship between the price of gold and crucial 

indicators such as the US dollar, oil price and inflation rate (Kannan & Dhal, 2008; Mo, Nie, & 

Jiang, 2018; Shafiee & Topal, 2010). Levin and Wright (2006) investigated the key short- and 

long-term determinants of the gold price. They found a statistically significant long-term 

connection between the general price level in the US and the gold price. This is a one-to-one 

relationship, meaning that a one percent increase in the US price level leads to the same increase 

in the price of gold. Additionally, they found short-term relationships between movements in 

the gold price and changes in inflation, its volatility and credit risk in the US. Recently, 

macroeconomic variables has been utilized to forecast volatility in the gold futures market in 

the US by using mixed data sampling (Fang et al., 2018). The study proved that macroeconomic 

variables, such as inflation and employment rate impacts volatility significantly, both during 

and after periods of economic turmoil. In relation to forecasting the gold price, the predictive 

ability of several models has been investigated (Aye, Gupta, Hammoudeh, & Kim, 2015; 

Hassani, Silva, Gupta, & Segnon, 2015; Shafiee & Topal, 2010). However, none of these 

studies included internet search trends in their prediction models. 

 

Literature on the dynamics between Google search trends and precious metals, such as gold, is 

limited. It is, however growing. Baur and Dimpfl (2016) found a positive relationship between 

gold price volatility and Google search trends. Their findings also suggested a strong 

connection between gold returns and investors demand for information. Additionally, they 

found that investors are more likely to Google bad news rather than good news in relation to 

gold. When comparing gold to silver, palladium and platinum, they concluded that the results 

for gold were distinctive. Recently, a study from India (Jain & Biswal, 2018) examined the 

dynamics between Google searches on gold and the gold spot price, the stock index price and 

the US dollar – Indian Rupee exchange rate. Google search queries was used as a measure for 

investor interest in gold. They observed negative correlation between the search trends for gold 
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and the gold spot prices in India, which suggests that investor interest increases when gold 

prices are decreasing. 
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3. Data 

We employ weekly time series from December 28, 2008 to December 30, 2018. The data for 

the ten-year sample period was retrieved from Google Trends and The Federal Reserve Bank 

of St. Louis. We also collected data for the years prior to 2008, in order to standardize the SVI. 

In the sections following, we describe the variables used in our regression model, and how the 

data on these variables was retrieved, transformed and standardized.  

 

3.1 Gold Return 

The gold price data was obtained from the Federal Reserve Bank of St. Louis, which retrieved 

their data from the London Bullion Market Association (LBMA). The LBMA was the source 

of choice because it is the biggest gold exchange in the world, with estimated 70% of the global 

notional trading volume (World Gold Council, 2016). The price of gold is quoted in US dollars 

per troy ounce, and was selected due to the US dollar’s nature as a comparable currency. The 

gold price was transformed to the rate of return on a weekly basis with the following method: 

 

𝑅𝑡 = 100 ∗ 𝑙𝑛(
𝑃𝑡

𝑃𝑡−1
)         (1) 

 

where Rt is the natural log return on gold at week t, 𝑃𝑡 is the price of gold at week t and 𝑃𝑡−1 is 

the price of gold at the previous week.  

 

3.2 Google Trends  

Google Trends is a service provided by Google, allowing anyone to access data about the 

volume of searches made on any topic. The search volume index uses a standardized scale from 

0 to 100, where 0 is the lowest search volume for a given period and 100 is the highest search 

volume. The data for a chosen period shows SVI on a daily, weekly or monthly basis. The SVI 

is relative to the search volume for the chosen period. This means that overlapping data sets 

will most likely yield different values of SVI for a particular observation. GT can also provide 

search volumes on a country, regional and global level. We opted to investigate the predictive 

power of Google search trends on the gold price, using GT data from the US, India and globally, 

hence our data was retrieved on a country and global level.  

 

Additionally, GT can filter search information based on the following categories: (1) Arts & 

Entertainment, (2) Autos & Vehicles, (3) Beauty & Fitness, (4) Books & Literature, (5) 
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Business & Industrial, (6) Computer & Electronics, (7) Finance, (8) Food & Drink, (9) Games, 

(10) Health, (11) Hobbies & Leisure, (12) Home & Garden, (13) Internet & Telecom, (14) Jobs 

& Education, (15) Law & Government, (16) News, (17) Online Communities, (18) People & 

Society, (19) Pets & Animals, (20) Real Estate, (21) Reference, (22) Science, (23) Shopping, 

(24) Sports and (25) Travel. In order to exclude searches that are not related to the gold price, 

such as gold medals, gold jewelry, the color gold and gold memberships, we opted to apply the 

finance filter. Previous studies has argued that the results obtained using a filtered SVI does not 

improve the unfiltered searches (Bijl et al., 2016). However, we found that filtered searches 

provided a better predictive model for gold returns. 

 

We collected weekly SVI, as in Bijl et al. (2016) and Da et al. (2011). Weekly data for searches 

made in the US, India and globally, from December 28, 2008 to December 30, 2018, was 

retrieved from Google trends. It was also necessary to retrieve data from 2007 due to the 

standardization methods. In order to obtain weekly data for the sample period, we collected 

data using three-year periods, starting in 2006. Further, the SVI was transformed to abnormal 

SVI (ASVI) using two different methods. The first method follows the formula by Bijl et al. 

(2016), where the average of the previous 52 weeks is subtracted from the raw SVI, and their 

difference is divided by the standard deviation of the previous year: 

 

𝐴𝑆𝑉𝐼𝑡
𝐵 =

SVIt−
1

52
∑ 𝑆𝑉𝐼𝑡−1

52
𝑖=1

𝜎𝑆𝑉𝐼,𝑡
         (2) 

 

where SVIt is the search volume at week t and 𝜎𝑆𝑉𝐼,𝑡  is the standard deviation of the search 

volume index for the previous 52 weeks.  

 

The second method used to standardize the SVI is based on Da et al. (2011), where the 

logarithm of the SVI is standardized relatively to its median over past 52 weeks: 

 

𝐴𝑆𝑉𝐼𝑡
𝐷 = 𝑙𝑛 (SVIt) − ln[𝑀𝑒𝑑𝑖𝑎𝑛(SVIt−1, … , SVIt−52)]     (3) 

 

3.3 Volatility 

By including implied gold volatility, we can study the pure effect of Google trends on gold 

prices. The implied volatility of gold price is in US dollars and was obtained from the Federal 
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Reserve Bank of St. Louis, which retrieved their data from the Chicago Board Options 

Exchange. The implied volatility was transformed, using the following equation:  

 

 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡
𝐷 = ln (𝐼𝑚𝑝𝑙𝑖𝑒𝑑 𝑔𝑜𝑙𝑑 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦t)      (4) 

 

3.4 EPU Index 

The Economic Policy Uncertainty Index (EPU) is an index provided by Baker, Bloom, and 

Davis (2016), and was retrieved from policyuncertainty.com. The index is based on articles 

published in the 10 largest newspapers in the US, and use words such as: “economy” or 

“economic”, “uncertain” or “uncertainty”, and one or more of “congress”, “deficit”, “Federal 

Reserve”, “legislation”, “regulation” or “White House”. For an article to be included in the EPU 

index it must contain all three terms of economic, policy and uncertainty, in addition to other 

category-relevant terms such as “the Fed”, “central bank” and “inflation”. 

 

Figure 1. EPU index 

 

Figure 1 illustrates how major economic and political events affect the EPU index. The daily 

EPU data was converted to the sum of each week. Further, the EPU was transformed, using the 

equation below:  

 

𝐸𝑃𝑈𝑡
𝐷 = 𝑙𝑛 (𝐸𝑃𝑈t)          (5) 

 

Where ln (𝐸𝑃𝑈t) is the logarithm of the sum of values of EPU during week t.  
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3.5 TED spread  

The TED spread is the spread between two financial instruments: the Eurodollar futures 

contract and the 3-month Treasury Bill (T-Bill). When the spread is high, the banks believe 

other banks’ borrowing from them are at a higher risk of default so they charge a higher interest 

rate, and vice versa. In this thesis we utilize the data provided, as well as the natural log of the 

weekly values. The TED spread was transformed to natural log as follows:  

 

𝑇𝐸𝐷𝑡
𝐷 = ln (𝑇𝐸𝐷t)          (6) 

 

where 𝑙𝑛(𝑇𝐸𝐷t) is the weekly natural log value of the TED spread during week t. 

 

3.6 VIX Index 

The Volatility Index (VIX) was constructed by the Chicago Board Options Exchange on 

January 19, 1993. It attempts to predict the volatility in the financial market 30-days in the 

future, by using the S&P 500 index option. The index is widely used by investors to measure 

market risk and the sentiment of other investors. We use the logarithmic transformation of the 

VIX index: 

 

𝑉𝐼𝑋𝑡
𝐷 = ln (𝑉𝐼𝑋t)           (7) 

 

3.7 Summary statistics  

Table 1. Summary statistics for all variables 

 

 

 

     N   Mean   St.Dev   min   max   skewness   kurtosis 

Gold return 523 0.034 0.796 -4.993 2.760 -0.793 7.044 

ln(Volatility) 523 -1.728 0.292 -2.309 -0.840 0.402 3.018 

ln(EPU) 523 6.575 0.428 5.505 7.787 0.236 2.526 

ln(VIX) 523 2.853 0.351 2.234 3.915 0.793 3.231 

ln(TED) 523 -1.248 0.448 -2.303 0.378 0.785 3.785 

ASVId Global 523 0.024 0.115 -0.181 0.796 1.691 8.759 

ASVId US 523 0.006 0.104 -0.237 0.585 1.304 6.880 

ASVId India 523 0.030 0.178 -0.352 1.155 1.328 7.211 

ASVIb Global 523 0.192 2.264 -2.002 43.515 13.894 259.086 

ASVIb US 523 -0.010 1.565 -1.764 25.098 8.778 130.779 

ASVIb India 523 0.150 2.660 -1.650 55.003 17.059 347.73 
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In table 1, the summary statistics for all variables are presented. When comparing the two 

standardized SVIs, ASVId and ASVIb, we observed that the skewness and kurtosis of ASVIb 

was significantly higher. This can be explained by examining the SVI data and the method of 

standardization. The standardization method by Bijl et al. (2016), does not take large spikes in 

the SVI into account, resulting in inflated ASVI values. Thus, we concluded that the 

standardization method by Da et al. (2011) was more suitable for our regression analysis, and 

we use ASVId in our analysis. 

 

Further, we tested the variables for correlation before conducting regressions:  

 

Table 2. Correlation matrix for all variables 

 

The correlations for all variables are presented in table 2. High correlation between the ASVI 

variables was observed, therefore we always utilize only one of these three variables in our 

models. VIX and gold volatility are correlated, which can be explained by the fact that volatility 

increases in general in uncertain times. Thus, there is a significant co-movement in implied 

volatility of stock market and implied volatility of gold.  

 

 

 

 Variables Gold 
return 

ln 
volatility 

ln EPU ln VIX ln TED ASVId 

Global 
ASVId 
US 

ASVId 
India 

  Gold return 1.000 
  ln(volatility) 0.024 1.000 
  ln(EPU) 0.091 0.361 1.000 
  ln(VIX) 0.102 0.731 0.473 1.000 
  ln(TED) -0.005 0.172 0.108 0.329 1.000 
  ASVId Global -0.032 0.291 0.167 0.175 -0.034 1.000 
  ASVId US 0.065 0.276 0.226 0.201 -0.035 0.916 1.000 
  ASVId India -0.152 0.218 0.036 0.093 -0.023 0.831 0.651 1.000 
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3.8 Figures monthly rate

 

Figure 2. The Monthly search volume index for the U.S., India and Global from December 

2008 to December 2018. 

 

Figure 3. Gold ETF Volatility Index retrieved from the Chicago Board Options Exchange 

from December 2008 to December 2018. 
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Figure 4. The monthly Volatility Index in the U.S. stock market from December 2008 to 

December 2018. 

 

Figure 5. The monthly Economic Policy Uncertainty index in the U.S. from December 2008 

to December 2018. 

 

 

Figure 6. The monthly TED spread from December 2008 to December 2018. 

 

In figures 2 – 6, we noticed several noteworthy observations. In the end of 2008 huge spikes 

appears on the uncertainty indexes due to the global financial crisis. Further, we observed that 

all indexes spike in August 2011, which could be explained by the stock market fall in Europe, 

the US, Asia and the Middle East. In addition, the SVI, Gold ETF Volatility Index and EPU 

index spike in August of 2013.  
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4. Methodology  

The results were obtained using the statistical software Stata. We tested for heteroscedasticity 

and autocorrelation, by conducting the Breusch-Pagan and Breusch-Godfrey tests. Both 

autocorrelation and heteroscedasticity were detected in the dataset, thus we present the results 

with robust standard errors. Our models were carried out using datasets consisting of SVI from 

three geographic regions: India, the US and globally. We included the CBOE volatility index 

(VIX), TED spread (TED) and Economic Policy Uncertainty index (EPU) in our models.  

 

4.1 Descriptive models of gold returns  

In the descriptive regression model, we conducted regressions using gold returns as the 

dependent variable. We regressed gold returns against the ASVI, implied gold volatility, VIX 

index, TED spread and EPU index during the same week, which resulted in the following 

model: 

 

𝑅𝑡 = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑑𝑡 + 𝛽2ln (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡) + 𝛽3ln (𝐸𝑃𝑈𝑡) + 𝛽4𝑙𝑛 (𝑉𝐼𝑋𝑡)  (8) 

 

+𝛽5𝑙𝑛 (𝑇𝐸𝐷𝑡) + 𝜖𝑡  
  

where Rt is the return at time t, and s are the coefficients for abnormal SVI, volatility, EPU 

index, VIX index and TED spread.  

 

4.2 Predictive model of gold returns  

Further, we wanted to investigate the predictive ability of the ASVI. In order to predict future 

values of gold returns, we use lagged variables. The predictive regression model of gold is 

stated below. 

 

𝑅𝑡 = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑑𝑡−1 + 𝛽2𝑙𝑛 (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡−1)+𝛽3𝑙𝑛 (𝐸𝑃𝑈𝑡−1)   (9) 

 

+𝛽4𝑙𝑛 (𝑉𝐼𝑋𝑡−1) + 𝛽5ln (𝑇𝐸𝐷𝑡−1) + 𝜖𝑡 
 

   

   

4.3 Descriptive models of implied gold volatility  

Additionally, we wanted to study the relationship between implied volatility of gold and ASVI. 

Due to the significant correlation past volatility has on current volatility, we decided to create 

two separate descriptive models. This allows us to investigate how the other independent 



 

 
13 

variables explain the implied volatility of gold. In these descriptive models we used the 

logarithmic transformation of implied gold volatility as the dependent variable, which resulted 

in the following models:  

  
 

ln(𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡) = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑑𝑡 + 𝛽2𝐺𝑜𝑙𝑑 𝑅𝑒𝑡𝑢𝑟𝑛𝑡 + 𝛽3ln (𝐸𝑃𝑈𝑡)   (10) 
 

 + 𝛽4𝑙𝑛 (𝑉𝐼𝑋𝑡)  + 𝛽5𝑙𝑛 (𝑇𝐸𝐷𝑡) + 𝜖𝑡     

 

 

ln(𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡) = 𝛼 + 𝛽1𝑙𝑛 (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡−1) + 𝛽2𝐴𝑆𝑉𝐼𝑑𝑡 + 𝛽3𝐺𝑜𝑙𝑑 𝑅𝑒𝑡𝑢𝑟𝑛𝑡  (11) 

 
+𝛽4𝑙𝑛 (𝐸𝑃𝑈𝑡) + 𝛽5𝑙𝑛 (𝑉𝐼𝑋𝑡)  + 𝛽6𝑙𝑛 (𝑇𝐸𝐷𝑡) + 𝜖𝑡   
 
 

4.4 Predictive model of implied gold volatility  

We also investigated the predictive ability of ASVI on implied gold volatility. In order to 

predict future implied gold volatility, we use lagged variables. The predictive model of implied 

gold volatility and is presented below.  

 

ln(𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡) = 𝛼 + 𝛽1ln (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡−1) + 𝛽2𝐴𝑆𝑉𝐼𝑑𝑡−1   (12) 

 

+ 𝛽3𝐺𝑜𝑙𝑑 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑡−1 + 𝛽4𝑙𝑛 (𝐸𝑃𝑈𝑡−1) + 𝛽5𝑙𝑛 (𝑉𝐼𝑋𝑡−1) + 𝛽6𝑙𝑛 (𝑇𝐸𝐷𝑡−1) + 𝜖𝑡  

 

 

 

4.5 Predictive model of ASVI India 

Lastly, we included a model with ASVI India as the dependent variable, due to the fact that one 

third of the worlds demand for gold derives from India. We wanted to investigate whether gold 

return and its implied volatility can predict the search volume for gold in India, which resulted 

in the following model:  

 
𝐴𝑆𝑉𝐼𝑑𝑡 𝐼𝑛𝑑𝑖𝑎 = 𝛼 + 𝛽1𝐺𝑜𝑙𝑑 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 + 𝛽2𝑙𝑛 (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡−1)   (13)  
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5. Results  

5.1 Descriptive model of gold returns   

The analysis of gold returns, presented in table 3, shows interesting results, with three 

significant independent variables. The VIX index is statistically significant at a 5% level of 

confidence in all three models, with ASVI from India, the US and globally. This indicates that 

an increase in volatility and uncertainty in the stock markets, is associated with positive gold 

returns. This could be explained by the movement of risk averse investors from the stock market 

to the safer gold market, creating an upward shift in demand for gold. 

 

Interestingly, VIX appears to be a better explanatory variable in comparison to the volatility of 

gold. The results that the VIX index (the implied volatility of the stock market) is more relevant 

for gold returns than implied volatility of the gold market makes sense. High implied volatility 

of gold does not have an obvious impact on gold returns, as there are no good safer alternatives 

to gold. On the other hand, high implied volatility of the stock market means that investors 

might choose a safer alternative (gold) to stocks, and therefore it is expected that high levels of 

the VIX index should be associated with positive gold returns. 

 

Further, ASVI for India is the only significant ASVI variable at a 5% confidence level. In table 

3 we observe that both the VIX index and GT India are statistically significant. However, 

univariate regression with GT India has R-squared of 0.023, whereas univariate regression with 

the VIX index has R-squared of 0.010, indicating that GT India is economically the most 

significant factor. The same conclusion is confirmed later in Table 4 with predictive 

regressions. It is not surprising that GT in India are highly important for what is happening with 

the gold price. In India, inflation is rather high, and gold is a rather important saving tool there.  
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Table 3. Descriptive model of gold volatility 

 
Dependent variable: Gold Returnt 

Independent variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

ln(Volatility)t 0.0657       -0.282 -0.361* -0.188 

  (0.160)       (0.191) (0.209) (0.188) 

ln(EPU)t  0.169**      0.109 0.0854 0.0956 

   (0.0857)      (0.0885) (0.0878) (0.0853) 

ln(VIX)t   0.233*     0.398** 0.412** 0.366** 

    (0.123)     (0.164) (0.167) (0.162) 

ln(TED)t    -0.00827    -0.0938 -0.0799 -0.0985 

     (0.0876)    (0.0850) (0.0846) (0.0846) 

ASVIdt Global     -0.220   -0.303    

      (0.509)   (0.465)    

ASVIdt USA      0.504   0.412   

       (0.459)   (0.416)   

ASVIdt India       -0.682**   -0.695** 

        (0.317)   (0.294) 

Constant 0.148 -1.080* -0.631* 0.0238 0.0396 0.0309 0.0543* -2.417** -2.428** -2.066** 

  (0.297) (0.560) (0.342) (0.118) (0.0308) (0.0336) (0.0316) (0.952) (0.996) (0.904) 

Observations 522 522 522 522 522 522 522 522 522 522 

R-squared 0.001 0.008 0.010 0.000 0.001 0.004 0.023 0.022 0.023 0.043 

Robust standard errors in parentheses         

*** p<0.01, ** p<0.05, * p<0.1         
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5.2 Predictive model of gold returns  

In the predictive models of gold returns, presented in table 4, we observed that the coefficient 

of lagged ASVI India is significant at a 5% confidence level. This implies that investors in India 

investigate the gold price, when questioning the safe haven ability of gold. High Google 

searches reflects the situation when attention (and therefore buying pressure) for gold is already 

very high. Afterwards, when this attention (and therefore also buying pressure) declines, price 

partly reverts, which is demonstrated by negative returns. Again, we observe the significance 

of the search volume index in India, due to its R-squared being relatively higher than the other 

independent variables, emphasizing the importance of the Indian market.  

 

Further, the lagged VIX index coefficient is significant and positive when investors are less 

confident in the stock market, because the implied volatility is high. This results in an upward 

shift in demand for gold and an increase in gold returns. The VIX index is widely used by 

investors to observe the current sentiment of other investors, which could explain the preference 

to shift their investments from the stock market to the gold market, even 30 days before the 

predicted increase in stock market volatility.  
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Table 4. Predictive model of gold returns  

 

 

Dependent variable: Gold Returnt 

Independent variables  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

ln(volatility)t-1 0.0946             -0.215 -0.293* -0.155 

  (0.136)       (0.176) (0.168) (0.171) 

ln(EPU)t-1  0.145*      0.0750 0.0662 0.0473 

   (0.0870)      (0.0891) (0.0893) (0.0881) 

ln(VIX)t-1   0.258**     0.453*** 0.476*** 0.427*** 

    (0.120)     (0.150) (0.149) (0.150) 

ln(TED)t-1    -0.0326    -0.141* -0.133 -0.139 

     (0.0877)    (0.0843) (0.0840) (0.0844) 

ASVIdt-1 Global     -0.648   -0.791    

      (0.698)   (0.718)    

ASVIdt-1 USA      -0.142   -0.315   

       (0.732)   (0.752)   

ASVIdt-1 India       -0.821**   -0.856** 

        (0.395)   (0.399) 

Constant 0.198 -0.918 -0.701** -0.00660 0.0499* 0.0350 0.0585* -2.281*** -2.429*** -1.912** 

  (0.252) (0.566) (0.334) (0.117) (0.0303) (0.0329) (0.0311) (0.843) (0.828) (0.856) 

Observations 522 522 522 522 522 522 522 522 522 522 

R-squared 0.001 0.006 0.013 0.000 0.009 0.000 0.034 0.035 0.025 0.058 

Robust standard errors in parentheses          

*** p<0.01, ** p<0.05, * p<0.1          
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5.3 Descriptive models of implied gold volatility   

In the descriptive models of implied gold volatility, presented in tables 5 and 6, we observed 

that implied volatility is best explained by the VIX index, even without including past volatility 

in model. The coefficient is positive, meaning that the increase in the VIX index results in an 

increase in implied gold volatility. An increase in google searches in period t is associated with 

an increase in volatility in the same period. Note that the VIX index as an independent variable 

has the highest R-squared of all the independent variables in the single regression models. 

 

 



 

 
19 

Table 5. Descriptive model of implied gold volatility  

  

Dependent variable: ln(volatility)t 

Independent variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Gold Returnt 0.00871       -0.0166 -0.0217* -0.0114 

  (0.0216)       (0.0106) (0.0114) (0.0111) 

ln(EPU)t  0.245***      0.000576 -0.00204 0.0127 

   (0.0285)      (0.0220) (0.0221) (0.0219) 

ln(VIX)t   0.607***     0.605*** 0.609*** 0.610*** 

    (0.0225)     (0.0267) (0.0265) (0.0269) 

ln(TED)t    0.113***    -0.0407** -0.0423** -0.0448** 

     (0.0374)    (0.0196) (0.0195) (0.0195) 

ASVIdt Global     0.732***   0.403***    

      (0.122)   (0.0736)    

ASVIdt USA      0.772***   0.366***   

       (0.129)   (0.0748)   

ASVIdt India       0.356***   0.233*** 

        (0.0712)   (0.0447) 

Constant -1.730*** -3.339*** -3.462*** -1.588*** -1.748*** -1.735*** -1.740*** -3.518*** -3.509*** -3.616*** 

  (0.0128) (0.184) (0.0644) (0.0525) (0.0122) (0.0122) (0.0123) (0.132) (0.132) (0.128) 

Observations 522 522 522 522 522 522 522 522 522 522 

R-squared 0.001 0.130 0.534 0.030 0.085 0.076 0.048 0.567 0.558 0.562 

Robust standard errors in parentheses         

*** p<0.01, ** p<0.05, * p<0.1          
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Table 6. Descriptive model of implied gold volatility  

  

Dependent variable: ln(volatility)t 

Independent variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

ln(volatility)t-1 0.955***        0.857*** 0.863*** 0.860*** 

  (0.0111)        (0.0159) (0.0156) (0.0161) 

Gold Returnt  0.00871       -0.00543 -0.00840 -0.00257 

   (0.0216)       (0.00795) (0.00876) (0.00815) 

ln(EPU)t   0.245***      -0.0103 -0.0131 -0.00343 

    (0.0285)      (0.00811) (0.00819) (0.00808) 

ln(VIX)t    0.607***     0.106*** 0.105*** 0.108*** 

     (0.0225)     (0.0150) (0.0150) (0.0153) 

ln(TED)t     0.113***    -0.0165** -0.0165** -0.0189*** 

      (0.0374)    (0.00667) (0.00676) (0.00685) 

ASVIdt Global      0.732***   0.232***    

       (0.122)   (0.0466)    

ASVIdt USA       0.772***   0.240***   

        (0.129)   (0.0453)   

ASVIdt India        0.356***   0.130*** 

         (0.0712)   (0.0275) 

Constant -0.0805*** -1.730*** -3.339*** -3.462*** -1.588*** -1.748*** -1.735*** -1.740*** -0.510*** -0.473*** -0.558*** 

  (0.0198) (0.0128) (0.184) (0.0644) (0.0525) (0.0122) (0.0122) (0.0123) (0.0729) (0.0720) (0.0767) 

Observations 522 522 522 522 522 522 522 522 522 522 522 

R-squared 0.925 0.001 0.130 0.534 0.030 0.085 0.076 0.048 0.941 0.940 0.939 

Robust standard errors in parentheses          

*** p<0.01, ** p<0.05, * p<0.1           
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5.4 Predictive model of implied gold volatility  

In the predictive models of implied gold volatility (table 7), the lagged volatility coefficient is 

positive and significant at the 1% level of confidence. This is not surprising, as we expected 

that past volatility would impact current volatility. Moreover, the gold return coefficient is 

positive and significant at a 1% confidence level. These results implies that an increase in gold 

price in the previous week results in a higher volatility the following week. This differs from 

the leverage effect commonly found in the stock market, where an increase in price causes a 

decrease in stock market volatility.  

 

Further, an increase in economic policy uncertainty is associated with decreasing gold market 

volatility. The decrease in volatility could be an incentive for investors to invest in the gold 

market due to it being a more predictable investment. The lagged VIX coefficient is positive 

and statistically significant at 5% confidence level in all models. These results suggest that the 

gold market volatility increases when there is an increase in stock market volatility. This could 

be explained by the increasing number of investors interested in pursuing a safer investment, 

such as gold, and reflects our results for the predictive model of gold return.  

 

Additionally, all lagged ASVI coefficients are positive and significant at the 1% level of 

confidence, implying that an increase in search volume for gold price predicts an increase in 

gold price volatility the following week. This confirms our findings from the predictive model 

of gold return (table 4), which yielded negative returns when SVI is increasing, resulting in a 

larger price deviation from the mean.  



 

 
22 

Table 7. Predictive model of implied gold volatility  

Dependent variable: ln(volatility)t 

Independent variables  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

ln(volatility)t-1 0.955***        0.896*** 0.902*** 0.909*** 

  (0.0111)        (0.0169) (0.0155) (0.0172) 

Gold returnt-1   0.0210       0.0136*** 0.00989** 0.0163*** 

   (0.0202)       (0.00512) (0.00494) (0.00493) 

ln(EPU)t-1   0.240***      -0.0120 -0.0167** -0.00390 

    (0.0286)      (0.00843) (0.00838) (0.00880) 

ln(VIX)t-1    0.600***     0.0371** 0.0333** 0.0346** 

     (0.0225)     (0.0155) (0.0149) (0.0161) 

ln(TED)t-1     0.114***    -0.00287 -0.00186 -0.00603 

      (0.0367)    (0.00694) (0.00689) (0.00713) 

ASVIdt-1 Global      0.944***   0.277***    

       (0.0938)   (0.0596)    

ASVIdt-1 USA       1.036***   0.324***   

        (0.107)   (0.0615)   

ASVIdt-1 India        0.452***   0.131*** 

         (0.0609)   (0.0399) 

Constant -0.0805*** -1.730*** -3.310*** -3.441*** -1.587*** -1.753*** -1.736*** -1.743*** -0.219*** -0.161** -0.244*** 

  (0.0198) (0.0127) (0.185) (0.0647) (0.0514) (0.0120) (0.0118) (0.0122) (0.0789) (0.0769) (0.0842) 

Observations 522 522 522 522 522 522 522 522 522 522 522 

R-squared 0.925 0.003 0.126 0.525 0.031 0.141 0.137 0.077 0.937 0.938 0.932 

Robust standard errors in parentheses           

*** p<0.01, ** p<0.05, * p<0.1           
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5.5 Predictive model of ASVI India  

ASVI India proved to be the most significant independent variable in our descriptive and 

predictive models. This is not surprising due to the relatively higher market demand for gold in 

India compared other countries. The high demand for gold does not only reflect gold as a 

consumption good and financial commodity, but also its social-cultural dimensions. Thus, we 

opted to investigate the predictive ability of gold return and implied gold volatility on ASVI 

India.  

 

We find that an increase in gold price is associated with decreased Google searches for gold, 

presented in table 8. However, increased implied volatility of gold predicts an increase in search 

volume. The positive relationship between volatility and ASVI India implies that investors 

search for gold price information when the uncertainty in the gold market is high.  

 

 

Table 8. Predictive model of ASVI India  

Dependent variable: ASVIdt India 

Independent variables (1) (2) (3) 

Gold returnst-1 -0.0236*  -0.0244** 

  (0.0124)  (0.0116) 

ln(volatility)t-1  0.0876*** 0.0891*** 

   (0.0258) (0.0255) 

Constant 0.0304*** 0.181*** 0.184*** 

  (0.00780) (0.0474) (0.0469) 

Observations 522 522 522 

R-squared 0.011 0.021 0.033 

Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1   
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6. Conclusion 

We investigate the relationship between investor attention to gold, and gold returns and its 

implied volatility. As a measure of investor attention to gold, we make use of Google’s search 

volume index for the word “gold”. We consider Google searches in three areas: the US, India, 

and globally. Additionally, we study the impact of  three market uncertainty indexes (EPU 

index, VIX index and TED spread) on returns and volatility of gold.  

 

We find that increased Google searches for “gold” are associated with negative present and 

future gold returns, and high present and future implied volatility of gold. Considering the 

Google searches originated in three areas (the US, India, global), we find that Google searches 

from India are most strongly related to what is occurring in the gold market. These findings 

emphasizes the impact of the Indian gold demand and its relevance as a global indicator for 

investor attention to gold. The negative relationship of the SVI for India with gold returns is in 

line with the previous findings of Jain and Biswal (2018). In addition, we find that an increase 

in search volume of gold are associated with high present and future implied volatility of gold.  

 

Furthermore, our results implies that high levels of the VIX index (high implied stock market 

volatility) has a significant impact on present and future gold return, in contrary to high levels 

of implied gold volatility, and is associated with positive gold returns. In the presence of high 

stock market uncertainty, risk averse investors seek out safe haven commodities, such as gold.  

 

Regarding further research we suggest including countries that are large importers of gold by 

using internet search trends from their preferred search engines, such as China and the search 

engine Baidu. It is also noteworthy that applying gold related news to search volume indexes 

might produce more robust estimates and models. In relation to the market uncertainty indexes 

used in our regressions, it is important to consider that the EPU index only reflects the economic 

uncertainty in the US. This suggests that the EPU index might not capture the various regional 

uncertainties, and that applying it with search volume indexes from India and globally could be 

sub optimal. In addition, the VIX index only reflects the US stock market, and it could be useful 

to include volatility indexes of stock markets in other countries in the models.  
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