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Abstract. In this modern world, collecting information becomes easier and quicker. 

Google Search dominates the market worldwide as an important source of information. 

Despite the growing researches that try to utilize it as a tool to observe the behavior of 

population, researches in the commodity market are still rare.  This research applies an 

autoregressive model and Granger causality to explores the relationship between investor 

attention (captured by Google Trend) and gold.  Indonesia has the largest gold mine in the 

world and there is a growing trend from people to invest in gold especially through digital 

platforms. The number of people uses Google Search in Indonesia will support the 

exploration of investor attention. The result shows that when there is a positive return in 

gold, it will decrease search queries, vice versa. People treat gain and loss differently. In 

addition, google trend can be used as an instrument to forecast gold return. 
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1   Introduction 

Due to modern broadband connectivity, collecting information through internet search 

engine becomes easier and quicker. Today, Google Search is an important source of 

information. In May 2020, Google continues to dominate the market worldwide with market 

share around 92.06%. In Indonesia, it even reached 97.98% [1]. These statistics indicate that 

Google Search can be a source to observe internet behavior of population. Specifically, it is also 

revealed the attention of population [2]. For example: if we search for a tourism destination, we 

are indeed paying attention to this place. Google Trends, in here, is a platform that provides the 

number of searches in Google. By using Google Trend, we can trace how many people are 

interested with the subject.  

Some researchers are trying to utilize the data from Google Trend such as for forecast stock 

returns [3], foreign market volatility [4], predict Italian youth unemployment rate [5]. Despite 

the growing literature which seeks to explore the impact of attention captured by Google trend, 

studies related to commodities are still rare. Especially, the majority of previous literature are 

about US market and the other developed market. This study wants to fill the gap by exploring 

the relationship of investor attention and gold return in Indonesia.  

Indonesia has the largest gold mine in the world. It is located in the eastern Papua province 

and known as the Grasberg mine. According to United States Geological Survey, Indonesia 

produced up to 160,000,000 kg of gold in 2019, and almost half of it is produced in Grasberg. 

The desire to add gold in the investment portfolio also increased day by day. Although the 

majority of people still buy gold in the traditional way, but there is a growing trend from younger 

generations (especially millennials) to buy gold through digital platforms (digi-gold). 
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Investment in digital platforms are attractive due to the benefits offered such as (1) In the 

traditional way, people need to have quite a big amount of initial capital if they want to buy 

gold. In digital platforms, they can start with a relatively small amount of money; (2) It is easy 

and simple, as long as we have an internet connection we can do the investment-trading activity; 

(3) It is safe. Some people afraid to invest in physical gold due to they do not have safe deposit 

box. Thus, it is risky for keeping gold. 

The growing trend of digi-gold also supported by the recent situation that people are more 

likely to not have offline activity. They do not go to the place with a lot of people in it. In the 

future, we can imagine people will try to move their activity to fully online based due to their 

concern safety. Both collecting information and trading activity will be online. Here, the roles 

of Google as a platform to provide information will become bigger. The more activities occur 

in Google, it will provide a bigger frame to observe the behavior of the population.  

This research contributes to the literature in several ways. First, it contributes to the 

literature in terms of the exploration of investor attention on the commodity market. Second, 

previous literature mainly focuses on developed countries. While this research background is in 

Indonesia, developing countries, it can provide a perspective of the behavior from developing 

countries. Last, it can be used as a tool to forecast gold return. 

2   Literature Review 

Investors gather information for their investment portfolios. It needs time and attention 

from investors to process and makes decisions from available information. Limited attention 

generates delays to investor’s consumption and portfolio decisions [6]. The relationship between 

the implication of investor attention on financial assets is widely evident such as using public 

news on monthly stock return [7]. They finds that investors tend to react slowly on bad news. 

Twitter mood to predict stock market [8]. The accuracy of the stock market can be significantly 

improved by using specific public mood. It also helps to reduce percentage error. Firms whose 

information is available in Wikipedia are associated with smaller errors in the analyst forecast 

[9].  

On the other hand, the impact of an asset on investor attention can be taken from behavior 

finance perspective. The decision under the risk is widely known as prospect theory. It is argued 

that people threats gain and losses differently. Essentially, losses cause a greater emotional 

impact on investors. Under the same result, the asymmetric situation makes people tend to pick 

the option with perceived gain [10]. People with gain in their task tend to decrease choice 

switching, therefore, a gain can promote calmness. On the other hand, losses produce restless 

effect. People with losses in their task tend to do more choice switching [11].  

3   Methodology and Data Analysis 

3.1   Data and Variables 

Google inc. creates a website that analyzes top search queries in Google Search across 

various languages and regions. This website is known as Google Trend which compares the 

volume of the search queries over the time. Google provides features to filter the search query, 

such as by the region, by the time, categories of the search query, and also web search. In this 

study, we use the keyword “gold” (in Bahasa Indonesia: emas), and use a filter to limit the 
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searches in Indonesia. The data for the price of gold is obtained from Goldprice.org and denoted 

in Indonesian Rupiah. Since the data from Google Trend is available starts from 2004, our 

sample consists of monthly data from January 2004 until May 2020.  

 

3.2   Method and Model 

For the first step of analysis, the data are checked by using Augmented Dickey Fuller 

(ADF). Second, we use Autoregressive model to analyze the relationship between Google Trend 

and gold. Last, Granger-causality test will be used to test the causality direction of the variables. 

 

3.2.1 Augmented Dickey Fuller 

The pre-requisite condition before applying any econometrics model is to check the 

stationary of data series. The importance to check the condition of the data is due to non-

stationary series may bring a spurious result that leads to an incorrect conclusion. There are 

three models in the ADF test: (1) No constant and no trend; (2) Constant with no trend; (3) 

Constant and trend. The model needs to be chosen based on the graph of the data series. 

 

3.2.2 Autoregressive Model 

There are several models that we use to analyze. Model (1) examines the impact of 

changes in current search queries on gold return. Model (1) is stated below: 

 

            𝑟𝑡 = 𝛼0 + 𝛼1𝑟𝑡−1 + 𝛼2∆𝐺𝑇𝑡 + 𝜀𝑡 .      (1) 

 

Where 𝑟𝑡 is the log of gold return at time t, ∆𝐺𝑇𝑡 is log of changes in Google Trend, and 𝜀𝑡 is 

innovation term. In order to analyze the lagged of search queries, ∆𝐺𝑇𝑡 is changed with 

∆𝐺𝑇𝑡−1 in the equation (1).  This model becomes model (2).  

In return, model (3) and (4) examines the effect of return on changes in Google Trend. The 

following model is use for model (3): 

 

∆𝐺𝑇𝑡 =  𝛼0 + 𝛼1∆𝐺𝑇𝑡−1 + 𝛼2𝑟𝑡 + 𝜀𝑡 .                          (2) 

 

Model (4) is obtained by change current gold return 𝑟𝑡 by its lagged 𝑟𝑡−1 in the equation (2). 

Further, this study explores the relationship between volatility of gold return and changes 

in search queries. Following previous research, the absolute return is used to observe the 

volatility of gold return [12]. Model (5) is given by: 

 

|𝑟𝑡| = 𝛼0 + 𝛼1|𝑟𝑡−1| + 𝛼2∆𝐺𝑇𝑡 + 𝜀𝑡 .       (3) 

 

While for model (6) is obtained from changing ∆𝐺𝑇𝑡 with ∆𝐺𝑇𝑡−1 in the equation (3). Model 

(7) and (8) are analyzed by using absolute return in the equation (2). 

We also consider the relationship between volatility of gold return and volatility in the 

search queries. The following model is use for model (9): 

 

|∆𝐺𝑇𝑡| =  𝛼0 + 𝛼1|∆𝐺𝑇𝑡−1| + 𝛼2|𝑟𝑡| + 𝜀𝑡 .     (4) 
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The lagged of absolute gold return in the equation (4) becomes model (10). Last, for model (11) 

we examines the effect of volatility in the search queries on the volatility of gold return. Here is 

the equation for model (11): 

 

|𝑟𝑡| = 𝛽
0

+ 𝛽
1
|𝑟𝑡−1| + 𝛽

2
|∆𝐺𝑇𝑡| + 𝜀𝑡 .      (5) 

 

Model (12), then is obtained by replacing the current changes in search queries to lagged 

changes in search queries. 

 

3.2.3 Granger Causality Test  

According to Granger (1969), X granger-cause Y if the past value of X can help to forecast 

the value of current Y [13]. If X does not cause Y and Y does not cause X, it means that these 

variables are statistically independent. Granger causality will be used to examine the causality 

between gold return and changes in Google Trend. 

 

4 Research Result and Discussion 

4.1 Findings of Unit Root Test 

From Table 1, it shows that gold price is non-stationary at level, but stationary at first 

difference. While for gold return, Google Trend, and changes in Google Trend, all of them are 

stationary at level. Since this study only uses gold return and changes in Google Trend in the 

model, hence there is no significant issue in terms of methodology. 

 
Table 1 Unit root test results 

Level Gold price Gold return 
Google 

Trend 

Changes in 

Google Trend 

With constant 0.4598 -14.7243*** -1.0692 -11.9591*** 

With constant & trend -1.8166 -14.7568*** -3.9828** -11.9273*** 

Without constant & trend 2.9269 -13.936*** 0.7102 -11.7659*** 

First Difference Gold price Gold return 
Google 

Trend 

Changes in 

Google Trend 

With constant -12.9681*** -8.8178*** -19.1873*** -11.0370*** 

With constant & trend -12.9881*** -8.8154*** -19.1636*** -11.0054*** 

Without constant & trend -12.4752*** -9.7487*** -19.1271*** -11.0667*** 

Note: *** indicates 1% significant level, ** 5% level, and * 10% level 

 

4.2 Findings of Autoregression Results 

The autoregression results from Table 2 indicate there is negative relationship between the 

current and the lagged condition of gold return and changes in search queries. It means negative 

returns will increase search queries, while positive returns will decrease search queries. These 
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findings support the concept of asymmetric behavior related to the changes in the commodity 

return. This result is in line with prospect theory that argue people threats gain and losses 

differently. Investors tend to react more to the losses than gain. The asymmetric behavior in the 

commodity return is similar with the situation in the stock market. The price movement is much 

larger during bad news than good news [14]. They argued that it could be due to leverage effect. 

Decline in the stock price make the debt and equity ratio becomes higher and lead to a higher 

risk. The risk from negative return cause a greater emotional impact on investors. 

 
Table 2 Autoregressive results from model 1-4 

 (1) (2) (3) (4) 

 𝑟𝑡 𝑟𝑡 ∆𝐺𝑇𝑡 ∆𝐺𝑇𝑡 

c 0.0112 0.0088** 0.0106 0.0113 

𝑟𝑡   -0.0007  

𝑟𝑡−1 -0.0721 0.1323  -0.0785 

∆𝐺𝑇𝑡 -0.0095    

∆𝐺𝑇𝑡−1  0.0230 -0.2425 -0.2356 

𝑟2 0.0057 0.0127 0.2015 0.2017 

Note: *** indicates 1% significant level, ** 5% level, and * 10% level 

 

While for model 6 (Table 3), there is a positive significant impact of current search queries 

on the volatility of gold. It indicates that the more information received by investor will generate 

more volatility in the gold trading. This finding is in contrast with classical rational expectation 

model that argues more information received by investor will reduce uncertainty and decrease 

the level of volatility. However, the process of collecting information require scarce resources 

such as time, effort, and attention. The amount of this scarce resources will be different for every 

investor, thus, it can lead infrequent investment decisions [4]. 
 

Table 3 Autoregressive results from model 5-8 

 5 6 7 8 

 |𝑟𝑡| |𝑟𝑡| ∆𝐺𝑇𝑡 ∆𝐺𝑇𝑡 

c 0.0395*** 0.0215*** 0.0213 0.0208 

∆𝐺𝑇𝑡 -0.0146    

∆𝐺𝑇𝑡−1  0.0237** -0.2318 -0.2492 

|𝑟𝑡|   -0.3393  

|𝑟𝑡−1| -0.2277 0.3234**  -0.3191 

𝑟2 0.0190 0.0273 0.204 0.2037 

Note: *** indicates 1% significant level, ** 5% level, and * 10% level 

 

In model 7 and 8 (Table 3), it shows that the volatility of gold returns have negative impact 

on the Google Trend. Instability of gold return will reduce investor attention. When we carefully 

analyze the relationship of volatility gold return and volatility of Google Trend (model 9 and 

10), it displays the volatility of gold return will cause volatility on Google Trend. This result is 
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interesting, as previously people react differently in good and bad news, but the volatility in 

gold return still can cause volatility in the Google Trend. Last, from model 11 and 12 (Table 4), 

it shows there is a positive significant impact of the volatility in the Google Trend on volatility 

of gold return. It indicates that investor attention can help to predict the volatility of gold return. 

 
Table 4 Autoregressive results from model 9-12 

 9 10 11 12 

 |∆𝐺𝑇𝑡| |∆𝐺𝑇𝑡| |𝑟𝑡| |𝑟𝑡| 

c 0.0412* 0.0592* 0.0308*** 0.0236*** 

|𝑟𝑡| 0.8160**    

|𝑟𝑡−1|  0.4372 -0.1276 0.2022 

|∆𝐺𝑇𝑡|   0.0421**  

|∆𝐺𝑇𝑡−1| 0.4686** 0.4229*  0.0153 

𝑟2 0.3484 0.3335 0.0483 0.0135 

Note: *** indicates 1% significant level, ** 5% level, and * 10% level 

 
 

4.3 Findings of Granger Causality Test 

The probability that gold return does not Granger cause changes in Google Trend is 0.1382, 

therefore, the null hypothesis cannot be rejected. It means that in the short-run, gold return does 

not granger cause Google Trend. On the other hand, the null hypothesis that changes in Google 

Trend does not cause changes in gold return can be rejected as the probability from this test is 

0.0381 or less than 5% significant level. From these results, we can conclude that the past value 

of Google Trend can forecast the value of gold return. 

 

5 Summary 

This study presents an analysis of the relationship of investor attention captured by Google 

Trend on gold return. Similar to the previous study, gain promotes calmness, while losses could 

cause restlessness [11]. When there is a positive return of gold, Indonesian investor tends to 

decrease search queries, on the contrary, negative return leads them to google more information. 

We also find that Google Trend has a positive and significant impact on the volatility of gold 

return. The different amounts of scarce resources such as attention, time, and effort cause 

infrequent investment decisions. Last, we find that Google Trend can be used as an instrument 

to predict the value of gold return.   
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