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Introduction 
Fundamental research projects in the field of behavioral economics have shown that 

decisions made by market participants are often irrational and influenced by psychological, 
cognitive, emotional and social factors. Several Nobel Prizes in economics were awarded for the 
research in this field of economics (Daniel Kahneman (2002), Robert Schiller (2013), Richard 
Thaler (2017)). Excessive or insufficient response to news information is one of the reasons of the 
investors irrational behavior. This problem is particularly acute in the crypto assets market, as its 
high volatility is largely caused by an information background determinant.  

Development of information technologies and Artificial Intelligence has made it possible 
to analyze information from various information sources automatically. A number of recent studies 
have revealed a correlation between dynamics of prices on stock markets and the content of news 
and social media resources (R. Peterson “Trading on Sentiment: The Power of Minds over 
Markets”, P. Tetlock “The Role of Media in Finance”, S. Yang and S. Mo “Social Media and News 
Sentiment Analysis for Advanced Investment Strategies”). 

GIST platform is a tool for making investment decisions in the world of based on the 
analysis and evaluation of information flow with the application of Artificial Intelligence. 

GIST platform employs the latest Big Data and Machine Learning technologies to 
automate the following tasks: 

● collection of information from an unlimited number of sources; 

● content and sentiment analysis;  

● filtering of information according by its relevance to the crypto assets market;  

● clusterization of information by topics and news events; 

● ranking of information and sources by their impact on the crypto assets market; 

● evaluation of the actual information background for making investment decisions. 

 

A non-public test version has been launched. English is used for search and 
recognition. 

GIST platform continuously seaches for all messages related to the concept of crypto 
assets (also finding the original source of reposted messages). It automatically tracks a variety of 
public and private sources of information ( media, information portals, forums, chats, channels, 
Twitter, social networks) in order to identify and process messages related to cryptocurrency, ICO, 
blockchain, tokens, etc. 

GIST platform uses state-of-the-art approaches of computer linguistics (syntactical, 
semantic and morphological text analyses; domain ontology; sentiment analysis; topic modeling) 
and deep learning methods (recurrent neural networks) for automatic analysis of the collected 
information. By using graph algorithms, GIST ranks messages and information sources according 
to their importance and impact on the market, providing an option to specify the topic of interest 
(for instance, a certain coin or token). 
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Chapter 1. The Modern World of Cryptoassets 
Section 1. History of the Cryptomarket Development 

Such concepts as virtual currency and token are not new at all. The first experiments have 
been carried out in 1980s – long before the advent of cryptocurrency in its modern sense. 

By definition, they were tokens representing the fiducial currencies with the possibility of 
exchange and used as payment means or loans. 

American cryptographer David Chaum was one of the first who proposed to use the 
extension of the popular RSA encryption algorithm to create the so-called "Internet money" and 
introduced DigiCash to the world. 

Despite the warm reception of the press and great interest of the business community, the 
company failed to enlist a large number of client banks in the USA, where the credit card market 
was well developed. European banks were more favorable to the idea, and some of them even 
began to offer a new service on the market, but at last it was not enough to ensure the market’s 
further growth. 

In 1998, the company filed for bankruptcy and was sold by parts, including patents. 

The second wave of interest in virtual money was not long in coming. New and old players 
in the emerging market of electronic payments offered their solutions, but only PayPal was able to 
catch the trend of explosive growth in Internet commerce and offer a simple but extremely 
effective way of paying for goods and services using its Internet money linked to payment cards 
of the customers, and all this was possible without installing special programs on the user's 
computer. A success came quickly and now hundreds of other companies lined up after the 
retreating leader, offering more and more new versions, in fact, of the same solution. 

The economic crisis that began in the USA in 2008 and spread around the world has 
changed the global view of money, wealth and regulation in all spheres of economic life. The 
destructive role of economic authorities and regulators of capital markets became evident to many 
people. The dependence of the countries financial systems on sometimes controversial decisions 
of bureaucrats reached a critical point, after which society needed an alternative. In 2008, for the 
first time, the distributed ledger technology appeared in application to virtual money – Blockchain, 
and the concept of the first of its kind cryptocurrency called Bitcoin was published by an unknown 
software developer and activist named Satoshi Nakamoto, which can not be identified up to the 
present day. Blockchain technology aims essentially to replace the central authority of all forms 
with a decentralized, peer-to-peer and open trust protocol. 

After a surge of interest in Bitcoin and Blockchain as a whole, hundreds of new 
cryptocurrencies and tokens appeared on the basis of distributed ledger technology, built using 
various algorithms, including smart contracts. 

Proposed by Vitalik Buterin at the end of 2013, a new platform project called Ethereum is 
a new step in Blockchain technology – open-source distributed ledger technology, whose main 
coins include smart contracts – a set of programmable scenarios for contractual agreements. The 
platform also includes the Ethereum virtual machine (the Turing virtual machine) and a set of 
programming languages for creating Blockchain applications or dApps – "decentralized" 
applications. In a short time, Ethereum has demonstrated immense potential and received 
unprecedented support given by developers, users and business. The total market capitalization of 
the currency has already reached about 20 billion dollars. 

The explosive growth of interest led to appearance of thousands of cryptocoins and tokens, 
hundreds of exchanges and wallets, a multitude of mining pools, and created an absolutely new 
infrastructure that ensures the existence of the industry. Total capitalization of only the first 
hundred coins and tokens according to the website coinmarketcap.com in September of 2018 was 
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$ 200 billion. Every day more and more new projects based on Blockchain emerge in the markets 
through the crowdfunding mechanism in the form of ICO (Initial Coin Offering), receive support 
from venture capital funds or by direct financing of founders in the form of cryptoinvestments. In 
2016, only 47 ICOs have been carried out, raised more than $ 100 thousand each, in 2017 – already 
522, only in the first quarter of 2018 – 412 (the total amount of funds raised through ICO in 1Q  
2018 was $ 3.3 billion, excluding the TON project)1. The rapid growth in the number of ICOs 
leads to a logical increase in the number of cryptocurrencies, which, on the one hand, increases 
the opportunities for investment, and, on the other hand, significantly complicates the analysis of 
the cryptomarket. 

 

Section 2. Comparison with Classic Financial Market 

Such a rapid growth attracts both experienced and beginner investors; at the same time, the 
cryptomarket has a number of specific problems: 

● Youth of the market, lack of well-established mechanisms of the market operation; 

● Paucity of information; 

● Absence of a “common” exchange; 

● High volatility; 

● Dependence of the market on “public opinion”; 

● Possibility of the “market explosion” by dumping the "correct" news messages (e. g. about 
disconnection of the Korean exchanges on Coinmarketcap); 

● There are no legal defense mechanisms for investors under most jurisdictions. 

Thus, the cryptomarket now represents a “black box” for most participants, that lives 
according to incomprehensible laws. In many respects, this is due to the fact that the way that the 
classic financial market made for decades and even centuries, the cryptomarket passed in less than 
10 years.  

However, comparison of the stock and cryptomarkets can be carried out with large 
assumptions. Regulatory environment, volumes of trade, essence and subject of investment and, 
finally, size of the markets don’t allow to transfer the methods of analysis and evaluation without 
taking into account the specific features. Instrumentation in the hands of the evaluator shall also 
be different, although it is allowed to use proven methods and approaches at the micro level. 

Up to date, the stock market has several centuries of history. For many decades and even 
hundreds of years, mankind has been gaining experience, had been correcting the errors of growth, 
and once again when it had no time to keep up with progress it was forced to review the rules after 
the periodic crises. The result of that is an environment with clearly defined requirements, both to 
the investor and to the issuer, purpose of which is to ensure equal opportunities and maximum 
transparency of both sides. Goldman Sachs forecasts in its report that the total capitalization of the 
world’s stock markets will finally reach 100 trillion US dollars in the near future. What are even 
400 billion of cryptomarket capitalization in comparison with 100 trillion? How does the 
incomplete decade of the existence of the cryptoassets market relate to the centuries-old history of 
the stock market? How to apply such a great experience in regulation to such a small and young 
market? The society is trying to find answers to all these questions and will eventually find it. 
However, today the cryptoenvironment is a rapidly changing reality, gradually taking over its 
territory and becoming a part of our daily life. 

                                                
1 https://icorating.com/ico_market_research_q1_2018_icorating.pdf  
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Section 3. Existing Tools for Working with the Cryptomarket 

There is not a single universal tool for analyzing the market environment. Some apply a 
technical analysis, some try to analyze within the framework of the technology development and 
its market position in order to understand dynamics and anticipate success. Even in medieval 
Japan, people learned how to use different types and methods of analysis to predict price of the 
future rice crop. Basically, rice was the main means of payment and a measure of wealth. Upon 
advent of computers, algorithms have become more complicated, their number has grown, and 
everything is subject to one goal: obtain a price movement prognosis of maximum precision. But 
even the most powerful computers in the world are not able to calculate and give a guaranteed 
prediction based on a mathematical model only. The markets are not just calculation of complex 
mathematical relationships, but also a great deal of psychology and human behavior models. And 
for those, quite other laws and rules are effective. It makes no sense to list all types of tools that 
are used by professionals and amateurs, young and not very young, men and women. 

It is important to understand that the markets are alive, they develop, grow, become 
complex and finally recede, giving place to something new and more promising. 

Considering this in the strategy, it makes sense not to neglect methods of behavioral 
patterns assessment in favor of mathematical models and algorithms. History has repeatedly 
proven that one striking word may take greater effect on price of any assets than all indicators and 
algorithms. Even today, when computers account for over 60 % of trading on stock markets, it 
should be remembered that many algorithms according to which they execute their trading 
strategies have been written by people and are based on human logic. 

In view of great uncertainty of the cryptomarket, investors often use working methods at 
the traditional financial market, but, as stated above, this is not always possible, since the main 
tools (technical and fundamental analyses) are effective for established financial markets which is 
not true for cryptomarket. 
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Chapter 2. Description of GIST Platform 
GIST is a tool for analysis of the cryptoassets fundamental features. We do not claim 

guaranteed forecasts, but we classify all available data on cryptoassets and give a basic tool for 
development of the behavior strategy. Our goal is to create ONE user friendly and fully functional 
application for collecting and analyzing the whole information background, and giving clear 
signals for cryptotraders, cryptoinvestors and people intending join this market. 
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• Building links between cluster topics 
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• Automatic search of relevant resources and adding them to the monitoring list 

• Automatic collection of unstructured data (news, blogs, social networks, messengers) 

• Automatic collection of structured data (markets, exchanges, wallets) 

• Spam filtration 

• Administration (profiling) of resources that are monitoring subjects 

 

GIST platform is presented as “the main tool of cryptoinvestor” that collects all data on 
cryptoassets in an understandable form, as well as provides content and sentiment analyses of news 
items which allows online assessment of the information background current state for a certain 
cryptoasset or all cryptoassets in general.  

Besides, GIST platform is based on a complex analysis of such structured data 
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GIST platform design concept is grounded on the principle of the fastest possible delivery 
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Chapter 3. Use of Artificial Intelligence for “Collective” Sentiment 
Identification 

As amount of text information of various types in the Internet increases, and cost of 
calculations reduces, identification of social groups sentiment based on analysis of big amount of 
data and using complex models provides an opportunity to apply computer intelligent technologies 
for deeper understanding of the market. 

Relevance of this analysis is confirmed, for instance, by behavioral finance which studies 
the way human psychology and perception influence investor's irrational decisions. Many 
researches testify that opinions, emotions and sentiments play a key role during investors’ decision  
making 1–4. 

Barberis et al. have developed a theory of an investor having a certain sentiment in order 
to illustrate influence of overestimation and underestimation of public data by an investor which 
results in irrational share price movement after announcement of the companies revenues5. Daniel 
et al. have further elaborated this idea by assuming that an investor possesses private information 
which leads to self-confidence6,7. 

A number of empirical studies has shown that the investors sentiment is essential for 
explaining the assets price and market volatility. Chopra et al. have compared investment 
portfolios consisting of the shares yielded minimum and maximum profit for the last five years. 
They demonstrated that the portfolio comprising the share yielded low income brings more profit 
during the next five years by 5-10 % per year, thus confirming an effect of the market excessive 
response8. La Porta et al. provide evidence that investors are prone to change their opinions 
concerning a company during the period of announcement of the company’s revenues when they 
understand that their initial expectations of the company were too high9–11. All these studies play 
an important role in proving the existence of the investor’s sentiment along with its influence on 
the financial markets.  

GIST platform model is based on an assertion that sentiments in news bulletins and social 
networks reflect state of social groups that influences an individual investor, and thus may 
anticipate upward or downward movement of the financial market, in particular, market of some 
cryptocurrency. This assertion is inter alia founded on the paper of, where using of sentiment 
analysis of news in social networks and media, in particular in combination with other tools of 
stock market work, is said to significantly increase trading efficiency (see Figure 1). 
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Figure 1. Efficiency of trading tools 

Applicability of sentiment analysis in news and social networks in relation to the 
cryptomarket is conditioned upon the fact that analysis is focused not on the cryptomarket itself 
which is in its emerging stage, but on an informational background of the cryptomarket as a whole 
and separate cryptocurrencies in particular, as well as informational background influence on 
investors as a social group. 

Our goal is to implement an intelligent information system providing online quantitative 
indicators that characterize state of informational background of the cryptomarket as a whole and 
each cryptocurrency in particular. Based on the studies listed above, we assume that information 
of such kind may be highly important when making investment decisions, developing market 
strategies and managing risks. 

 

Section 1. Subject Domain Model 

Generally the cryptocurrency value may be described within the nonstationary probabilistic 
autoregressive model. Indeed, cryptocurrency quotations at an arbitrary point of time depend on 
values of quotations at previous points of time; stochastic behavior of the model appears due to 
uncertainty of market players activities, and its nonstationary nature is a consequence of variability 
of the “external environment” which has significant influence on decisions made by players. 
Among the “external environment” factors, news background is of an essential importance, as it 
is what provides the basis for making deterministic decisions. 

Each news item brings some informational load that has impact on the cryptomarket state. 
News information flow may be presented as a time line where each news item may be 
characterized with a number of categorical attributes.  At a first approximation, the following 
attributes range may be singled out (further the attributes range will be extended): 
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● A resource is a media source where the news item has been published. It may be 
characterized by the audience size, traffic, and amount of unique links; 

● A news item is a message, including the social network post, containing one or several 
opinions / events on a certain subject (within the context of this task this subject is a 
cryptocurrency) expressed by an author; 

● An author is a person expressing an opinion on the subject within the news item or 
informing of an event. It is characterized by its impact factor; 

● An opinion subject is a subject matter (within the context of this task it is a cryptocurrency 
or a token), opinion on which is contained in the news item or event with participation of 
which has happened. 

 

Figure 2 – A news item model 

News background is a combination of texts published within the selected time interval. 
Each text may contain information on some subject or event, and also may express the author’s 
opinion or even be emotionally colored. Such heterogeneity of published messages makes them 
rather difficult to analyze. Thus, messages posted in Twitter may often miss any information, and 
convey just the user’s emotions expressed in few words or emoji. At the same time, messages of 
information agencies represent quite long structured text that illustrates some newsworthy event 
or even several such events within one text (as in articles). Such text may contain mentions of 
different subjects (for example, several cryptocurrencies at once); it may have references to other 
events, or express the author's opinion (and opinion on different events may vary substantially). 
However, unlike Twitter posts, news items are usually not emotionally colored. 

Obviously, in order to include the news background into the cryptocurrency price model, 
it is necessary to present it in form of a set of indicators – categorical and quantitative features. 
Two principle approaches to formal description of the news background are possible. 

The first approach involves definition of a range of subjects that are interesting for 
modeling the cryptocurrency price, and counting of positive, neutral and negative mentions of such 
subjects in messages. A disadvantage of such news background description is a need to define a 
set of subjects in advance in order to monitor mentions thereof in news items. For instance, if a 
new cryptocurrency appears, we will not be able to take into account its influence on the news 
background until we add it to the monitored subjects. 
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A topic modeling is an alternative approach to the news background formal description 
which allows obtaining general idea of its structure, and not only of indicators linked to the 
predetermined set of subjects. This approach involves definition of the news items topics, and 
aggregation of the published messages quantities for each topic. Moreover, this approach allows 
speaking not only of topics of the news themselves, but also of the newsworthy events that generate 
these news items. Appearance of a meaningful newsworthy event results in generation of many 
news items where it is discussed and evaluated in objective/subjective manner, which ultimately 
may influence actions of the market players and thus the cryptocurrencies prices. 

One should also consider the fact that opinions posted on various resources and expressed 
by different authors have different impact on the audience. This fact should be taken into account, 
and news items should be ranked based on a variety of features ultimately defining the news item 
importance. 

Thus, based on the above mentioned, the following technical and process tasks being 
solved within our system may be singled out: 

●  

 

Section 2. News Items Collection  

The primary objective of our system is collection of information appearing in the Internet 
and having relation to the world of cryptoassets. Information may be posted in various forms – 
text messages, images, audio, video, enclosed documents of any types. However, we will consider 
reception and analysis of generally available text messages only. Sources of such information are, 
for instance, websites of news agencies and cryptoprojects, social networks, messengers. 
Collection of messages is carried out by connection to the public APIs, reading of RSS feeds and 
direct web scraping of the relevant resources. For instance, process of data collection from an 
individual social network may include cyclic access to the social network API with request to 
receive the last posted messages, or continuous reading of new messages via streaming API.  

Necessary condition of the monitoring system operation is continuity of monitoring the 
new messages, as well as collection thereof with minimal time delays (from the moment of posting 
to their appearance in the system). Since an enormous amount of people use social networks, a 
number of messages posted in each of them per unit of time is quite big. Thus, number of messages 
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posted on Twitter amounts to 500 million per day (as of the beginning of 2018)2, i. e. several 
thousand new tweets are created every second. That is why enormous computational resources are 
needed to maintain stable operation of even one social network. And resources required for 
constant monitoring of the whole information flow of several social networks are comparable to 
total computational powers of these projects considered together. Providing such capacities is 
extremely expensive. Besides, other type of restrictions should be also considered: limits of social 
networks for information retrieval (e. g. for number of requests to API per some time interval). 

Therefore, there is an issue of limitation of the collected content volume, in particular, of 
optimization of the collection mechanism, as within the set task we are interested in the text 
messages which contain information influencing the cryptoassets market, reflecting its current 
state or processes existing on the market. For example, posts with graphic, audio and video content 
(not containing text) may be qualified as invariably meaningless. Posts that contain only hyper 
links, as well as messages written completely by emoji, spam or messages like “Hello everyone!” 
do not convey meaning. In general, considering the task of optimization of the relevant messages 
collection and analysis, two approaches may be singled out: 

● collection of the maximum possible number of messages with their further processing so as 
to exclude the irrelevant ones; 

● minimization of the irrelevant messages proportion at the level of API requests. 

The first approach represents a classic stage of data cleaning. It is based on using a set of 
filters (like a spam filter), each of them allowing to exclude a part of messages as irrelevant 
according to certain criteria. Consequently, after passing through all filters, only relevant messages 
should be in a selection. On the one hand, due to possibility of configuration of a set of filters, as 
well as fine adjustment of each filter, such approach provides maximum flexibility in data 
processing. Besides, it minimizes the risk of losing the relevant messages, as it provides an 
opportunity of re-filtering data. On the other hand, it cannot overcome the API limitation for 
amount of collected data, and computational capacities for message filtration are shifted to the 
collection system. 

Basically, APIs of social media resources provide opportunity to send a range of 
parameters together with the request, which allow limiting the received data to the data that 
satisfies certain criteria. For example, the following messages may be selected: 

● containing one or several key words; 

● posted by a certain user; 

● posted within a certain time interval; 

● linked to a certain geolocation. 

Using this approach allows significantly reducing amount of collected messages and, 
consequently, decrease the load on the monitoring system. Moreover, a proportion of relevant 
messages in one flow increases. However, at the same time there is a risk of losing some part of 
relevant messages due to too rigid selection criteria. That is why one of the most important 
questions when analyzing sentiments in social networks is an assessment of processed information 
sufficiency for reliable sentiment evaluation. In order to answer this question we should refer to 
fundamental research in the sphere of social network analysis. 

Social network theory involves development of models of such networks, determination of 
their statistical properties and modeling of the processes existing therein. In recent years, social 
networks research focuses on analysis of their large-scale statistical properties. One of the key 
parameters characterizing a social network strength of association is a distribution of distances 

                                                
2 https://www.omnicoreagency.com/twitter-statistics/ 
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between pairs of social graph vertices. In 1967, an American social psychologist Stanley Milgram 
conducted the Small world experiment with the goal to measure how long a people chain must be 
to send a letter from a person from Omaha to a person in Boston; intermediate addressees could 
only send the letter to their acquaintances. This innovative research demonstrated that the average 
length of this chain is approximately six people (experiment results are the basis for “six degrees 
of separation” theory). In 2003, scientists from Columbia University conducted a similar research 
with application of e-mail and found that the average distance in a social graph is from 5 to 7 
people. Analysis of MSN Messenger users showed the average distance of 6.6 people. Thus, 
empirical studies have demonstrated that the human society represents a strongly connected graph 
with rather short paths between its vertices. The formal average distance between the graph 
vertices of such “small world” must be proportional to the logarithm of the number of its vertices: 

𝐿~ 𝑙𝑛 𝑁      (1) 

Table 1. Comparison of Statistic Properties of the Network Models. N is an average vertex 
degree, p is a probability of members exchange in Watts and Strogatz model, m is a number of 
links that form new vertices in Barabási–Albert model. Characteristics of the Barabási–Albert 
model are given for m > 1 and γ = 3 (indicator in degrees distribution). 

  
Random graphs constructed in accordance with the classic Erdős-Rényi model satisfy this 

criterion (see Table 1). However, in 1998, Duncan J. Watts and Steven Strogatz found that the 
clustering coefficient (probability of the fact that every pair of the three randomly selected vertices 
is connected with an edge) of the actual social networks is significantly higher than predicted by 
this model. Watts and Strogatz offered a new model based on random graphs as well, that 
considered this structural feature of the “small world” (see Table 1). Moreover, variation in model 
parameter 𝑝 allows moving from an ordered “big” world with high clustering coefficient (𝑝 = 0) 
to random networks with low clustering coefficient (𝑝 = 1); actual networks of the “small world” 
conform to the intermediate values 𝑝. 

In 1999, Albert-László Barabási offered a brand new approach to generation of random 
networks based on an assumption that a number of network elements grows over time, and on a 
principle of preferential attachment (new elements more probably link to the elements that are 
involved in a greater number of links). A distinctive feature of such networks called scale-free is 

Parameter Erdős–Rényi model 
Watts–Strogatz 

model 
Barabási–Albert 

model 

Distribution of 
vertices degrees 

Poisson distribution Poisson distribution Degrees distribution 

Number of links 
〈𝑘〉𝑁

2
 

〈𝑘〉𝑁

2
 𝑚𝑁 

Average length of 
path ~

ln 𝑁

ln〈𝑘〉
 

𝑝 → 0: ~
𝑁

2〈𝑘〉
 

𝑝 → 1: ~
ln 𝑁

ln〈𝑘〉
 

~
ln 𝑁

ln ln 𝑁
 

 

Clustering coefficient ~
〈𝑘〉

𝑁
 

𝑝 → 0: 
3(〈𝑘〉 − 2)

4(〈𝑘〉 − 1)
 

𝑝 → 1: ~
〈𝑘〉

𝑁
 

~
(ln 𝑁)

𝑁
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a fact that distribution of degrees of its vertices follows the power law (see Table 1). The clustering 
coefficient of such networks is higher than that for random graphs, and the average distance is 
shorter. Moreover, at 2 < γ < 3 (γ is an indicator in degrees distribution), the average distance in 
scale-free networks varies as follows: 

𝐿~ 𝑙𝑛 𝑙𝑛 𝑁      (2) 

Such networks describe “ultrasmall world” where paths between the vertices become 
substantially shorter (as compared to “small world”) due to presence of a great number of hubs 
(vertices with a high degree). It was shown that many actual networks were scale-free, for example: 
biological, Internet, semantic, scientific, financial networks. In particular, the average distance in 
social graphs of such services as Facebook, YouTube, and Twitter is found to be under 6 (4.25-
5.88), which characterizes these networks as “ultrasmall”. 

 Scale-free networks have a number of unique properties. For instance, they tend to 
self-organization and are resistant to failures of separate network vertices, which makes such 
architecture highly profitable in terms of evolution, and explains why scale-free networks are so 
widespread in biological systems. On the other hand, due to presence of short paths between the 
vertices, such networks are susceptible to “viral” distribution of data (e. g. diseases in biological 
communities or spam on the Internet). Modeling of the process of consensus building in social 
networks has shown that spreading of an idea (or opinion) in the network is extremely slow until 
a number of its supporters reaches a threshold value. Characteristic time of such process: 

𝜏~𝑒( ) .
 

where 𝑁 is a number of vertices in the network, 𝑝 is a proportion of idea supporters, and 
𝑝  is a threshold value. But as soon as the idea attracts about 10 % of supporters (𝑝 ), process of 
its spreading becomes avalanche-type with the characteristic time not depending on 𝑝: 

𝜏~ ln 𝑁 

Examples of such minority influence of social conviction are suffragette movement in the 
early XXth century, and movement for rights of African Americans in the USA. 

It means that in order to provide adequate evaluation of the information background state 
in relation to cryptoassets, it is sufficient to receive an information flow from the opinion leaders 
of this subject domain, and a task of information collection comes down to searching the opinion 
leaders in social networks and the Internet in general. The opinion leaders are the vertices of social 
graph with high values of one or several parameters, such as: 
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Thus, the following key processes may be singled out within our collection system: 

● search and collection of news items by using a wide list of key words based on ontology of 
the cryptoassets subject domain; 

● classification of the collected messages by their relevance;  

● analysis of the social graph in order to identify the opinion leaders in the sphere of 
cryptoassets; 

● monitoring of messages posted by the opinion leaders. 

Searching messages by key words provides collection of quite big amount of data 
necessary for developing a consistent model of social graph. The key words list should be wide 
enough to minimize a proportion of relevant messages ignored (not collected) by the monitoring 
system. That is why it is formed based on the subject domain ontology which describes its 
vocabulary with maximum coverage. On the other hand, text may contain one or several key words 
and still be irrelevant (for example, it may turn out to be spam). Therefore all collected messages 
are subject to additional filtration by the monitoring system, and classified as relevant or irrelevant 
in terms of the subject domain. Based on the collected messages, a social graph is built. The 
opinion leaders (about 10 % of the total number of vertices) are identified by centrality values of 
its vertices (degree/closeness/betweenness centrality). The monitoring system collects all 
messages from the opinion leaders, whether they contain the key words or not. Monitoring of the 
opinion leaders provides adequate evaluation of the information background state. It also should 
be noted that the social graph is rebuilt and reanalyzed at certain intervals, which is required to 
update a list of the opinion leaders to current status. 
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Section 3. News Items Sentiment Definition 

Sentiment analysis or opinion mining is an area of computer linguistics that concerns with 
text analyzing for purposes of automated identification of the author's opinion in relation to 
subjects mentioned in the text. In the simplest case it implies identification of positive or negative 
tone of the author in relation to a subject (for example, some cryptocurrency). In reality, the range 
of tasks is much broader and includes the following:12 

● searching the opinions in the text, i. e. those phrases where the author expresses his/her 
opinion; 

● determination of the opinion polarity; 

● determination of the opinion subject, i. e. the matter in relation to which the opinion is 
expressed; 

● identification of the opinion source, i. e. the person expressing the opinion (another task is 
connected with this one: identification of the opinion leaders – sources whose opinions 
influence the overall news background the most). 

Two principle classes may be identified among the methods used for sentiment analysis. 
The first class includes methods based on search of emotive lexis by using dictionaries and rules 
13–18. This approach demonstrates good results for tasks of emotions determination in texts, 
however, dictionary making is a rather labor-intensive process, and application of a dictionary 
made for analysis of one text class may be not so successful for analyzing texts of other class19. 
Besides, one and the same word (e. g. an adjective) in different contexts may have diametrically 
opposite emotional coloring. The second class includes various methods of machine learning: 
naive Bayes classifier 20-24, Support Vector Machine 20.25-29, neural networks 28.30-33, etc. 

Another task to be singled out is an opinions aggregation, which results from heterogeneity 
of the news flow mentioned above. Opinions may be identified not only at the level of a phrase or 
a sentence, but at the level of a paragraph or even a whole message as well. Analysis of quite long 
news item starts from determination of opinions at the level of sentences; the whole message may 
be a combination of determined opinions. However, this aggregated opinion may not reflect the 
“true” opinion that the author wanted to express in its message, as in order to understand the text 
meaning, not only individual sentences are important, but also their sequence and links between 
them. Generally speaking, the opinion at the level of messages is a function of opinions of its 
individual parts (chapters, paragraphs, sentences, phrases) which is more complex than their sum. 

We use recurrent neural networks for opinion analysis. Recurrent neural networks (rNN) 
are neural networks where links between elements form a directed sequence. Due to this fact they 
represent an architecture which is naturally intended for processing of text – ordered sequence of 
words (order and connections between individual words are essential for understanding of the text 
semantic content as a whole)34,35. Semantics of the news message may be presented schematically 
in form of the structure given below (see Figure 3).  
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Figure 3 – News Message Semantics 

Process of the news item analysis starts from the text pre-processing (see Figure 4), which 
may be shown as the following steps: 

1) Text parsing: 

● Determination of separate semantic blocks based on HTML markup; 

● Division by separate sentences; 

● Division by separate words. 

2) Determination of key words; 

3) Normalization of words; 

4) Obtaining the words vector representations by means of the word2vec36 trained model. 
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Figure 4 – Text Pre-processing 

The obtained word embeddings (within one communicative fragment – a sentence or a 
short paragraph) enter the recurrent neural network, final state of which is transformed by 
multilayer perceptron into the author’s sentiment in relation to some subject. Schematically, 
architecture of this neural network is presented below (see Figure 5). 

 

Figure 5 – Architecture of Neural Network Determining Sentiment Vector Representation 
of Communicative Fragment 
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Then for purposes of analysis at the level of the entire text (news item) we will train another 
recurrent neural network, which is supplied with output vectors of the first neural network. This 
hierarchical approach will correctly consider the sequence of individual text fragments and 
connections between them31. Architecture of this layer is similar to that presented above (see 
Figure 1). 

Formal representation of the news item sentiment model is given below. Let us introduce 
the following designations: 

● i is the news item index (𝑖 = 1 … 𝑁, where 𝑁 is a number of messages within the set time 
interval); 

● j is an index of the communicative fragment in some message (𝑗 = 1 … 𝑁𝑃 , where 𝑁𝑃  is a 
number of fragments in the ith message); 

● k is an index of the word in some fragment (𝑘 = 1 … 𝑁𝑊
( ), where 𝑁𝑊

( ) is the number of 
words in the jth fragment of the ith message); 

● 𝑤
( , ) is an embedding of the kth word in the jth fragment of the ith text. 

● 𝑀𝐿𝑃(𝑥) is a function modeled by multilayer linear perceptron; 

● 𝑟𝑁𝑁(𝑥) is a function modeled by recurrent neural network. 

Based on the mentioned above, we can built a formal model of the sentiment classifier: 

𝑠 = 𝑀𝐿𝑃(𝑟𝑁𝑁(𝑠
( )

, 𝑠
( )

, … , 𝑠
( )

)), 
2) 

where: 

𝑠  is the vector of sentiment of the ith message relative to all subjects from the set 𝛦 (in our 
case – cryptocurrencies); 

𝑠
( )  is the sentiment of the separate communicative fragment of the news item. 

Sentiment classifier for separate communicative fragments: 

𝑠
( )

= 𝑀𝐿𝑃(𝑟𝑁𝑁(𝑤
( , )

, 𝑤
( , )

, … , 𝑤 ( )

( , )
)), 

(3) 

where 𝑠
( ) is the vector of sentiment of the 𝑗th information fragment, and 𝑤

( , ) is the 

embedding of the 𝑘th word. 

 

Section 4. Model of Ranking the News Articles and Sources 

Ranking of the news articles differs from that of the websites. First of all, less spam may 
be expected, as the news materials come from regulated sources. There are two possible scenarios 
when the news item is published: the news article may be completely independent from the articles 
published earlier, or it may be connected to many news articles posted before. In any case, we 
should emphasize that the news article is a fresh portion of information by definition. Thus, when 
a news item is posted, there are no references to it from other news articles. It means that analysis 
of links used in such algorithms as PageRank37 may be used for ranking the news articles only to 
a limited extent. Below you can see a model which introduces a concept of virtual link between 
the news items, as well as between the news item and the news agency. The model is based on the 
process of publishing the news and natural aggregation of different news articles by topics. 

Here is the list of the most important properties of the news articles information flow: 
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● News sources and news articles are ranked separately.  

● Important news form clusters. An important news message will be most likely published by 
many sources (may be only partially). Let’s assume that there is a news message received 
from the news agency. Importance of this piece of news may be measured by a number of 
net sources that published it. From the point of view of the ranking task, we may say that the 
weighted size of the cluster around this piece of news may characterize its importance. 

● News articles rating and news sources rating have mutual impact on each other. Each news 
source may be assigned with different credibility levels in accordance with importance of 
the articles published by such source. Correspondingly, the article importance depends on 
the source that published it. 

● Importance of the news message varies over time. Since we are working with the information 
flow, recent news items should be considered more important than the earlier ones. 

Basing on these assumptions, we will introduce a formal representation of the news ranking 
model. If there are a news flow and news sources set for some time interval, the process of news 
creation may be presented by using an undirected graph 𝐺 = (𝑉, 𝐸) (Figure 6), where 𝑉 = 𝑆𝑁, 𝑆 
are the vertices representing the news sources, and N are the vertices representing the news. 
Similarly, a set of edges 𝐸 is divided into two non-overlapping sets 𝐸  and 𝐸 . 𝐸  is a set of 
undirected edges between 𝑆 and 𝑁. It represents the process of creation of news. 𝐸  is a set of 
undirected edges with both end points in 𝑁, which represents results of the clustering process that 
allows considering similar news. Edges in 𝐸  may be assigned with the weights reflecting 
similarity between two news items. There is a vertex in S for each vertex of N. 

 

Figure 6 – Graph of News Information Flow Model 

For the purposes of correct ranking of the news articles and sources, the fact that the news 
message importance decreases over time must be taken into account along with the model given 
above. Decrease in the news rank over time can be described by the following power function: 

𝐺(𝜏) =
( )

, 
4) 

where: 

𝑏 is a regularization at zero that defines rate of decay 𝐺(𝜏) and is determined in the course 
of model calibration; 
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𝑔 > 1 and 𝑎 are determined from condition 𝐺(0) = 1. 

Let us introduce the following designations: 

  𝑅(𝑛, 𝑡) is a rank of the news article 𝑛 at the moment 𝑡. 

  𝑅(𝑠, 𝑡) is a rank of the news source 𝑠 at the moment 𝑡. 

  𝑆(𝑛 ) = 𝑠  means that the news article 𝑛  was published by the news source 

𝑠 .  

The news article rank is defined at the moment of its publication and changes over time 
according to the rule  

𝑅(𝑛, 𝑡) = 𝐺(𝑡 − 𝑡 )𝑅(𝑛, 𝑡 ), 
5) 

where: 𝑡  is time of article publication.  

Relying on the news articles information flow model we will define the news resource 
rank as a sum of the following: 

● overall rank of all articles published by this news resource with consideration of decrease in 
the news relevance over time; 

● overall rank of all articles published by other news resources referred or quite similar to the 
articles published by the source; 

● given rank of the news resource. 

Formula for calculation of the resource rank 

𝑅(𝑠 , 𝑡) = 𝐺(𝑡 − 𝑡 )𝑅(𝑛 , 𝑡 )

( )

+ 𝐺(𝑡 − 𝑡 )

( )

𝜎 𝑅(𝑛 , 𝑡 )

 ( )  

, 
6) 

where: 𝜎  is a measure of similarity of article 𝑛  and 𝑛 ; 𝛽 ∈ (0,1) is an indicator selected 
during the modeling process.  

Definition of the news article rank includes: 

● rank of the source published the article; 

● sum of ranks of the similar news articles published prior to publication of this news article, 
with consideration of decrease in relevance of these articles over time; 

● information published in the news article. 

Formula for calculation of the news article rank 

𝑅(𝑛 , 𝑡 ) = [𝑙𝑖𝑚 →  𝑅(𝑆(𝑛 ), 𝑡 − 𝜏) ] + 𝐺(𝑡 − 𝑡 )𝜎 𝑅(𝑛 , 𝑡 ) , 
7) 

Calculation of the 𝜎  value is performed based on the Jaccard formula, within rather big 
time interval.  

Analysis of the news information relevance is carried out by studying influence of the 
similar news on price volatility in the past. In order to do it, we shall fix some time interval 𝜏 and 
introduce a definition of the maximum price variance from the moment of the news publication 
during this time interval: 
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𝛥𝑝 (𝑡 ) = 𝑚𝑎𝑥 ∈( , )|𝑝(𝑡) − 𝑝(𝑡 )|. 
8) 

The “average” volatility is defined as a standardized sum of price variances after each piece 
of news  

𝛥𝑝 =
1

𝑁
𝛥𝑝 (𝑡 ) 

9) 

Evaluation of the maximum price variance for the news item under consideration is given 
in the formula 

𝛥𝑝^(𝑛 ) =
1

𝑁
𝜎 𝛥𝑝 (𝑡 ), 

10) 

where the sum includes all news where 𝜎  is higher than some given threshold, and 𝑁 is a 
number of given news items. The news relevance is determined proportional to the value of 
volatility variance from the average value 

𝑅 (𝑛 ) =
1

1 + 𝑒𝑥𝑝 (−𝑎|𝑟^(𝑛 )| + 𝑏)
, 𝑟^(𝑛 ) =

𝛥𝑝^(𝑛 ) − 𝛥𝑝

𝛥𝑝
, 

11) 

where 𝑎 and 𝑏 are calibration coefficients.  

Thus, by studying statistics of the price change in the past and comparing it to the news 
messages published at the moment, the proposed algorithm increases or decreases relevance of the 
news item without waiting until a certain number of similar news articles is published. 

 

Section 5. Aggregated Sentiment Indicator of the Information Background Relative to 
Cryptocurrency 

State of the cryptomarket at some interval of time 𝛥𝑡 (day, week, month) may be 
characterized with the following set of variables: 

● The average price of cryptocurrency during the period 𝛥𝑡 : 𝐶 ,  

● The maximum -price of cryptocurrency during the period 𝛥𝑡 : 𝐶 , ; 

● The minimum price of cryptocurrency during the period 𝛥𝑡 : 𝐶 , . 

State of the news background during the time period 𝛥𝑡  may be characterized with the 
following set of variables, where 𝑁 , 𝑁 , 𝑁  are a number of positive, negative and neutral 
opinions on cryptocurrency for this period: 

● Weight of positive news on cryptocurrency for the time period 𝛥𝑡 : 

𝑊 = (
∑ 𝑤 ,

𝑊
) (12) 

● Weight of negative news on cryptocurrency for the time period 𝛥𝑡 : 

𝑊 = (
∑ 𝑤 ,

𝑊
) (13) 
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● Weight of neutral news on cryptocurrency for the time period 𝛥𝑡 :  

𝑊
  

, = (
∑ 𝑤 ,

𝑊
) (14) 

The news weight is defined by their rank determined according the procedure described 
above. 

Combined state of the information background and cryptocurrency may be presented in 
form of a vector: 

 

𝑆 = (𝐶 ,  𝐶 ,  𝐶 ,   𝑊 ,  𝑊
 

,  𝑊
 

,  ) 
(15) 

Predictive model of the market state in the next time period may be generally presented as 
a regression problem: 

𝐶 = 𝐹(𝑆 , 𝑆 , … , 𝑆 , 𝛦 ) 
(16) 

where 𝐶  is a vector defining the market condition in the time period 𝛥𝑡 , 
𝐹(𝑆 , 𝑆 , … , 𝑆 ) is some functionality that should be found when solving the regression 
problem, 𝛦  is a random value. 

This regression problem may be solved by training the deep convolution neural network 
(DCNN) on a set of historical news and market data. In the future this model may be used for 
building different market signals. 

 

Section 6. Topic Modeling of News Background 

Topic modeling is a quite common approach to text analysis that implies text representation 
in form of a set of topics to which this text belongs39. Each topic is described with some set of 
words that are the most characteristic for it. Based on frequencies of these or those words in the 
text one may conclude to what topics the text belongs. Obviously, text may concern several topics 
at once in different proportions, and different words may be more or less characteristic for each of 
them, this is why the topic model of text or a set of text documents is of probabilistic nature: each 
topic is described with a discrete distribution on many terms (dictionaries), and each text – with a 
discrete distribution on many topics. Thus, probabilistic topic modeling may be considered as a 
“soft” clustering method (unlike the “hard” clustering described below) where each text may 
belong to several clusters (topics) at once with some coefficients (probabilities). 

Technically, we may consider a set of text documents 𝐷 as a selection of pairs “document-
word” (𝑑, 𝑤), 𝑑 ∈ 𝐷, 𝑤 ∈ 𝑊  (𝑊  is a set of words in the document 𝑑). Each topic 𝑡 of the set of 
topics 𝑇 (𝑡 ∈ 𝑇) may be described with an unknown distribution 𝑝(𝑡), i. e. a probability to find the 
word 𝑤 in the text of topic 𝑡. Similarly, each document 𝑑 ∈ 𝐷 is described by an unknown 
distribution 𝑝(𝑑). Assuming that the order of words in the document and the order of documents 
in the set 𝐷 do not matter, and that probability to find some word 𝑤 in the text 𝑑 is determined 
only by the topic 𝑡 (not depending on 𝑑), one may conclude the following: 

𝑝(𝑑, 𝑤) = 𝑝(𝑡) ∙ 𝑝(𝑑)

∈

 

 

(17) 
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Then the topic model building comes to restoration of the unknown distributions 𝑝(𝑡) and 
𝑝(𝑑) based on the existing selection (𝑑, 𝑤). 

For building the topic models, different numerical algorithms are used. The most popular 
among them are probabilistic latent semantic indexing (PLSI) and latent Dirichlet allocation 
(LDA)40. Moreover, experts from Google offered an algorithm capable of implementation of PLSI 
method within MapReduce approach for analysis of big volumes of data41. For developing a topic 
model of the news background we use the BigARTM42 library where additive regularization for 
topic modeling (ARTM)43 approach is implemented. ARTM may be considered as a summary of 
different approaches of the probabilistic topic modeling by adding regularization to solution of the 
basic problem (17). For example, regularization provides receiving more smoothed or sparse 
distributions of words in topics and topics in documents, and selecting the topics. As mentioned 
above, the news messages represent not only a set of words (a text of the news item), but also 
contain such meta data as: author of the news, hashtags, mentions of other users, links, etc. 
BigARTM is capable of building the multimodal topic model44 where each of these attributes (with 
some weight) is included in the target function of optimization problem. Besides, use of BigARTM 
makes possible building of the hierarchical topic model45 where many topics are grouped into 
several classes. Topic classes may be grouped in even smaller amount of classes of the higher 
level, and so on. Implementation of the BigARTM algorithm allows effective calculations on 
multicore systems which is required for working with big volumes of data42. However, BigARTM 
has one disadvantage: a number of topics for modeling should be given in advance. Therefore, 
additionally to topic modeling on the basis of the BigARTM library, we plan to perform clustering 
of the news flow. 

Clustering algorithms may be roughly divided into two classes: hierarchical and based on 
points assignment46. Computational complexity of classic algorithms of the hierarchical clustering 
is O(n2 log n) where n is a number or the clustered elements. This makes them inappropriate for 
work with big data. Algorithms based on the points assignment such as k-means are more efficient 
in terms of computation, however, as in case of BigARTM, they require setting a fixed number of 
clusters. There is also a range of methods that do not belong to either of these two classes. BIRCH 
is one of such algorithms that combines computational efficiency of k-means and hierarchical 
approach to cluster formation47. Original BIRCH algorithm is designed for clustering in the 
Euclidean space, so initial news clustering will be performed based only on their texts, preliminary 
vectorized by word2vec36 model. In the future we plan modify the algorithm so to consider the 
meta data during the news clustering. For this purpose, the clustering feature in the BIRCH 
algorithm will be supplemented with a set of representative elements of this cluster (similarly to 
CURE48, another clustering algorithm), and the Jaccard distance will serve as a metric in the meta 
data space. Besides, we are planning to consider another parameter – a time line (date/time of the 
news publication). For this purpose we will use the “freezing clusters”49 approach that involves 
“freezing” of the news clusters (such clusters are excluded from consideration during clustering of 
new news items), if the new news items have not been added to them within some given period of 
time (e. g. within a week or a month). This will allow us to shift from the news topic model to the 
model based on newsworthy events, as the new news items similar in topic to those being in a 
“frozen” cluster will not be attributed to this cluster, but will form a new one. 

 

Chapter Summary 

The system under development allows promptly evaluation of information background 
state in form of quantitative and qualitative parameters, such as: 

● rank of the news message at a certain moment of time that defines its importance as a degree 
of influence on audience; 



  GIST platform. Technical Paper v. 1.0 

28 
 

● sentiment of the newsworthy event in the context of individual subjects (cryptocurrencies 
and other key classes that form the cryptomarket); 

● topic model of the news background at any certain moment of time; 

● aggregated sentiment indicator of the information background in the context of different 
subjects (e. g. cryptocurrencies) in form of a time line. 

The obtained indicators may be used for development of various trading or investment 
strategies. At the same time, due to quite detailed analysis of the text information, up to the level 
of separate text messages, it is possible to provide an opportunity for expert tanking of the 
messages importance. 

This system is flexible enough and has the ability to develop by improving models, as well 
as due to receiving feedback in form of different expert assessments and additional training based 
on new market data. 
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Chapter 4. MVP 
At the moment, an MVP of GIST platform is developed. 

We have launched our GIST prototype since the 1st of October 2017 using Twitter and 
news sources. GIST is now evaluating all relevant Twitter messages and news in English by AI 
sentiment analysis and GIST Index of Sentiment Shock and Sentiment Trend to make buy/sell 
signals for BTC/USD. 

For less than 9 months of operation the platform has demonstrated 428 % profit for 
BTC/USD. 

 

 

 

One of the main results of MVP operation is an evidence of the platform efficiency 
in the “bearish” market which allows receiving good profit at short-term corrections. 

MVP is also separately monitoring messages of the opinion leaders and analyzes them by 
an individual indicator. 

News information flow analysis has been launched in the test mode. 

Based on these results, we can prove efficiency of the developed prediction model of 
cryptoassets price on the basis of sentiment analysis to a wide range of potential platform 
users. 

There is also many opportunities in expanding this MVP model to classic financial 
markets (fiat, securities, commodities ets) 

The current results of GIST platform operation are presented on G1.ST website. 
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Chapter 5. GIST roadmap 
Stage 0. SEED 

In 2016, the project team developed the AI platform for social networks monitoring. In 
early 2017 we started studying possibilities for application of the successfully tested technologies 
of data collection and AI solutions in new spheres, and we got interested in the rapidly developing 
cryptomarket.  

Q1 2017 we formulated a hypothesis on efficiency of the tool for evaluation of the news 
background influence on the cryptoinvestors behavior. 

Q2-Q3 2017 AI was created, system algorithms (data collection, building of the sources 
graph, generation of the subject domain ontology, analysis of sentiment of individual news items 
by using AI) were tested. 

Q4 2017 we were identifying the primary set of the opinion leaders in the cryptoassets area, 
and completely adapting the AI platform to the cryptomarket. 

At the beginning of March, 2018 we managed to confirm the hypothesis of the distinctive 
dependence of the cryptomarket on the “public opinion” for the four-month time interval, both 
during the cryptomarket growth period and during its rapid falling. 

In March 2018 the project was named “GIST”. 

Stage 1. Creation of MVP 

In April 2018, we launched MVP 

June 2018 – launch of the project website G1.ST 

1 August 2018 – start of development of GIST commercial version 

Stage 2. Release of GIST commercial version 

Q3 2018 – GIST Commercial version launch 

Q4 2018 – Trading bots, technical and fundamental analysis, analitics 

Stage 3. Advancement of GIST Platform 

Q1 2019 – release of GIST mobile application, release of the extended version (with 
additional sources of the cryptomarket evaluation model, which are not connected with social 
networks, such as: roadmaps, Git projects public repositories, flow of funds in TOP 
cryptocurrency wallets, etc.). 

Q2 2019 – Sentiment analysis available for Chinese, Spanish, Russian, Korean, Japanese, 
Arabic and Hindi languages 

Q3 2019 – Transition to own infrastructure 

Q4 2019 – GIST platform on classiс financial markets (fiat, securities, options etc.) 

Stage 4. GIST is a trusted AI trading platform 

Q1 2020 – 500 000 clients and expanding 
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Chapter 6. Technical Solutions 
In order to ensure maximum trust to GIST platform, we state the following main provisions 

of the technical policy: 

1) Openness and public access to the mathematical models that form the basis of GIST 
platform. We do not rely on “magic”, GIST platform is founded on continuously developing 
mathematical models. We do not conceal the algorithm of our platform operation, as only in 
this way we may ensure credibility of our calculations. 

2) Application of the most spread technologies makes it possible to engage highly 
professional developers to our team, and provides support of the society within GIST 
advancement. 

3) Maximum possible application of the free solutions allows minimizing the dependence on 
specific producers of software platforms and thus minimizing GIST risks of sanctions and 
prohibitions of certain states in relation to the cryptoassets projects. 

4) Sustainable advancement of GIST Platform. We understand that the AI technologies are 
changing and constantly developing. We will use all new technologies and scientific 
discoveries in the sphere of AI. We will invest up to 40 % of revenues from GIST platform 
into R&D. 

5) Refusal of “fear of experiments”. We are not afraid to go the wrong way in GIST platform 
development. New knowledge is born in an arguments, and we are ready to study false 
theories as well. 
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GIST platform current architecture is presented in Figure 8. 

 

Figure 8. System Architecture 

 

Subsystem of Data Collection 

The system’s primary goal is to provide collection of all text information appearing in the 
Internet that can influence cryptocurrencies rates, as well as information on their rates and 
transactions between the wallets. At the same time, data collection shall be performed online. The 
main data sources: 

● social networks; 

● messengers; 

● forums; 

● blogs; 

● cryptoassets official websites; 

● public repositories; 

● news agencies websites; 
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● cryptocurrency exchanges; 

● blockchain statistics. 

Collection of data is mainly carried out by connection to the public APIs, reading of RSS 
feeds and direct web scraping of the relevant resources. The target version is planned to provide 
collection of data from at least 3 mln sources. 

The subsystem of data collection is divided into three modules: 

● module of unstructured data collection – provides collection of data from social networks, 
messengers, forums, blogs, news websites, etc.; 

● module of new monitoring objects search – provides search of the new resources in the 
Internet; 

● module of structured data collection – provides collection of data on transactions between 
the wallets and market data; 

Module of unstructured data collection consists of a set of services which regularly inquire 
resources APIs, download RSS feeds and perform web scrapping. Copies of the services are 
deployed at some number of different hosts in order to avoid blocking due to exceeding the number 
of requests to the resource. 

Module of new monitoring objects search provides search of new resources by analyzing 
links in the available data with further resource profiling for relevance of the subject domain. 

Module of structured data collection consists of a group of services connected to public 
APIs of exchanges and wallets. 

Data Storage 

Data supplied by the subsystem of data collection have different semantics and initially 
cannot be presented as a chart.  

Within the framework of the subsystem of data collection, it is planned to collect the 
following data amounts per day: 

 

Source type Amount of data collected, mln messages per day 

Twitter 50 

RSS/websites (media) 1 

Vkontakte 50 

Telegram 25 

LiveJournal 50 

Facebook 50 
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Data collected for sentiment analysis will be stored at four levels: 

 

Storage 
type 

Amount of data stored, 
mln messages per day 

Time of data 
storage, days 

Data block 
size, kB 

Storage size, TB 

Operative 
storage 226 1          1 024 

                               
216   

Raw data 
storage 226 365 1 024 

                          
78 669   

Processed 
data storage 226 365 2 048 

                        
157 337   

Cache 
226 1 1 024 

                               
216   

Total 236 437 

 

Besides, we will collect and store data on transactions and quotations of about 150 
cryptocurrency exchanges, that requires about 250 PB.  

So, according to our estimations, amount of data may reach 500 PB per year. In order to 
provide storage and processing of such amount of data we have implemented a data lake based on 
technologies of Apache Hadoop stack. Following the retrieval and processing, the data are saved 
in an analytical storage on the basis of columnar DBMS Clickhouse. 

Subsystem of Text Pre-processing 

Text information supplied from resources and saved in the data lake is subject to pre-
processing which includes: 

● definition of language; 

● highlighting semantic fragments (paragraphs); 

● division of the semantic fragments into sentences, and division of sentences into separate 
words (tokens); 

● morphological analysis of tokens (reduction to normal form and part-of-speech tagging); 

● search of the key words; 

● highlighting URLs, hashtags, users mentions; 

● named-entity recognition.  

This processing is carried out by services on the basis of the NLTK framework. This step 
also includes filtration of advertisements and irrelevant texts. 

 

AI Subsystem 

This subsystem consists of the following services: 

● text classification service; 

● clustering service; 

● ranking service; 
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● service for calculation of aggregated sentiment indicator of the information background. 

 

Text classification service can determine: 

● sentiment of individual news messages; 

● topic of the news message; 

● relevance of the news message. 

 

The service is based on classifiers built on the basis of neural networks by using the 
TensorFlow framework. 

The entire news flow is subject to online clustering (BIRCH algorithm) for definition of 
individual newsworthy events. Topic modeling (BigARTM library) is performed offline. 

News ranking is carried out online based on many parameters, such as number of likes, 
reposts, and news item distribution over the social graph. The ranking service is based on Apache 
Giraph. 

 

Frontend 

It includes user interfaces on the basis of React.js framework and D3.js library, that contain 
various interactive charts, diagrams and users profile pages. The system also provides public REST 
API ensuring connection of external systems. 
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