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Abstract 
Research background: Research and measurement of sentiments, and the integration of 
methods for sentiment analysis in forecasting models or trading strategies for financial 
markets are gaining increasing attention at present. The theories that claim it is difficult to 
predict the individual investor’s decision also claim that individual investors cause market 
instability due to their irrationality. The existing instability increases the need for scientific 
research.    
Purpose of the article: This paper is dedicated to establishing a link between the individual 
investors’ behavior, which is expressed as sentiments, and the market dynamic, and is eval-
uated in the stock market. This article hypothesizes that the dynamics in the market is une-
quivocally related to the individual investor’s sentiments, and that this relationship occurs 
when the sentiments are expressed strongly and are unlimited. 
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Methods: The research was carried out invoking the method of Evolino RNN-based predic-
tion model. The data for the research from AAII (American Association of Individual Inves-
tors), an investor sentiment survey, were used. Stock indices and sentiments are forecasted 
separately before being combined as a single composition of distributions. 
Findings & Value added: The novelty of this paper is the prediction of sentiments of indi-
vidual investors using an Evolino RNN-based prediction model. The results of this paper 
should be seen not only as the prediction of the connection and composition of investors’ 
sentiments and stock indices, but also as the research of the dynamic of individual investors’ 
sentiments and indices. 
 
 
Introduction 
 
The subject of the behavior of individual investors is relevant and has been 
analyzed extensively in recent decades. From the standard, classical behav-
ioral models, which state that it is possible to calculate and predict the di-
rection of market changes and movements, and that the investor is a ration-
al individual, new theories that contradict the old views have emerged over 
time. The theories that claim it is difficult to calculate and predict the mar-
ket behavior or individual investor’s decision making claim that an individ-
ual investor is an irrational individual, which causes market instability. 
Over time, the existing instability increases the need for scientific research. 
In recent decades, a number of studies were dedicated to not only determin-
ing the correct way to calculate and predict the direction of market changes, 
but also to find the causes of market instability. Recently, the active use of 
social media in politics for public purposes has been noted. One influential 
politician’s post on Twitter can cause significant financial market fluctua-
tions. Therefore, the research and measurement of sentiments, the selection 
of indices and the integration of methods for sentiment analysis in forecast-
ing models or trading strategies are becoming increasingly important for 
financial markets. Even more questions arise regarding the use of computa-
tional intelligence for forecasting financial markets. Are neural network-
based models able to identify the financial market’s fluctuations caused by 
politicians’ tweeting? Could sentiment index data play a supervisory role 
for neural network forecasting models? 

This study strives to investigate the informativeness of the combination 
of two distributions that differ in nature, namely the forecasting of stock 
indices and the forecasting of sentiment surveys (AAII). Stock indices and 
sentiments are forecasted separately before being combined as a single 
composition of distributions, which can provide additional information for 
the investor at the time of decision making. 

The aim of this paper, which uses an Evolino RNN-based stacking en-
semble prediction model, is to establish a link between individual investor’s 
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behavior, which is expressed as sentiment in this paper and the market dy-
namic, which is evaluated via the stock market. This article hypothesizes 
that the dynamic in the market is unequivocally related to the individual 
investor’s sentiments, and that this relationship occurs when the sentiments 
are expressed strongly and exceed bounds. The novelty of this paper is the 
prediction of the sentiments of individual investors using the Evolino RNN-
based prediction model, which had previously only been used in the ex-
change market. 

The data for the research by AAII (American Association of Individual 
Investors), an investor sentiment survey, were used. The results of the re-
search are presented as two outcomes. The first is the research of dynamic 
of individual investor’s sentiments and indices, while the second is the 
prediction of the connection between investors’ sentiments and stock indi-
ces.   

The paper is organized as follows: in the next section, scientific litera-
ture is reviewed, further the research methodology — a prediction model 
based on the ensemble of Evolino RNN, — is described. In section 3, sen-
timents data are presented and explained. Section 4 presents and discusses 
the main results. The last section is dedicated to conclusions.  
 
 
Theoretical background 
 
Individuals’ investment behavior has been explored via a large body of 
empirical studies over the past three or four decades (Jagongo & Mutswen-
je, 2014). One of the most important features of investors’ behavior is the 
ability to make decisions. The different psychological states of investors 
impact on their decisions in the finance market. Sahi (2012) explained the 
idea that the standard model of decision making was based on the belief 
that human beings are rational agents (Markowitz, 1952), while the stand-
ard economic theory states that people make decisions that maximize their 
utility and that “emotions are automatic processes associated with strong 
positive or negative utility” (Cohen, 2005), thereby endorsing the belief 
that people act rationally and take long-term views when making decisions. 
However, this is not borne out when people actually make real-life deci-
sions (Simon, 1957; Tversky & Kahneman, 1974; Kahneman & Tversky, 
1979). In Loewenstein et al. study (as cited in Lucey & Dowling, 2005), 
who developed the risk-as-feelings hypothesis, the idea that “every aspect 
of the decision-making process is influenced by the feelings of the deci-
sion-maker” was stated. Sahi (2012) added that risky decision making is 
influenced by emotions in many different ways and raised the question of 
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why the actual behavior of people deviates from the axioms of rationality. 
Some theoretical approaches concerning rationality and stability should be 
reviewed.  

In Haugen’s (2001) view, models based on rational economic behavior 
cannot explain important aspects of market behavior, which provides clear 
evidence that the stock market is inefficient. However, substantial empirical 
evidence suggests that the market may not be completely efficient in its 
processing of public information (Aboody et al., 2002). The evidence pre-
sents a challenge to the efficient markets theory because it suggests that, in 
a variety of markets, sophisticated investors can earn superior returns by 
taking advantage of underreaction and overreaction without bearing extra 
risk (Barberis et al., 1998). According to Fama (1970), in general terms, the 
ideal is a market in which prices provide accurate signals for resource allo-
cation: that is, a market in which firms can make production-investment 
decisions, and investors can choose among the securities that represent 
ownership of firms’ activities under the assumption that security prices 
fully reflect all available information at any given time. Sheila (2010) ex-
plained market stability and the rise of instability; according to the efficient 
market hypothesis, markets are normally stable. There is motion as new 
information emerges, but market behavior ensures the stabilization of mar-
kets around equilibrium. However, there is sometimes instability, which 
arises from some initial imperfection in the market process that becomes 
amplified.  

Some authors (Maghrebi et al., 2014) have linked the market’s volatility 
to financial instability, and have investigated whether changes in implied 
volatility in international financial markets can be defined as a function of 
market sentiment and a realignment process following forecast errors con-
sistent with rational expectations. Shu and Chang (2015) analyzed the inter-
relationship of investors’ sentiments and the finance market’s volatility. 
Baker et al. (2012) found evidence that investor sentiment plays a signifi-
cant role in international market volatility and generates return predictabil-
ity that is consistent with corrections of overreaction. Antweiler and Frank 
(2004) found that message bullishness and volume help to predict market 
volatility, but have limited ability to predict returns. The relationship be-
tween investors’ positive sentiments and the overconfidence effect was 
investigated by Huang and Goo (2008). They divided sentiments in natural 
environment happiness and investment environment happiness and found 
that when natural environment happiness is stronger investors are less like-
ly to have overconfidence. Recent studies are strongly concentrated on the 
relationship between investment sentiment and stock market returns. Yang 
et al. (2017) and Ryu et al. (2017) in their research found out that invest-
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ment sentiment has an influence on stock market returns. Smales (2017) 
analyzed the cross-sectional effect of sentiment on stock returns by consid-
ering industry level returns, as well carefully identifying how the senti-
ment–return relationship is affected by the state of the economy and 
demonstrated a strong relationship between investor sentiment and stock 
returns that is consistent with theoretical explanations of sentiment. Anusa-
kumas et al. (2017) analyzed the link between stock returns and sentiment 
more precisely, distinguishing sentiments as stock specific and market 
wide. Despite some interpretations in results, the authors have confirmed 
that the effect of sentiment on stock returns persists.  

Wurgler (2007) presented the assumption that investors are subject to 
sentiment. Investor sentiment, broadly defined, is a belief about future cash 
flows and investment risks that is not justified by the facts at hand. There 
are various definitions related to sentiment; Baker and Wurgler (2006) ex-
plained it as the propensity of investors to speculate, which includes waves 
of optimism and pessimism. These waves could also be seen as “expecta-
tions of market participants relative to a norm: a bullish (bearish) investor 
expects returns to be above (below) average, whatever average may be” 
(Brown & Cliff, 2004). Antweiler and Frank (2004) categorized existing 
market sentiment measures into two popular classifiers — Naive Bayes and 
Support Vector Machine — which are employed to classify stock messages 
into three categories, namely bullish, bearish and neutral. 

Prediction can be explained by three paradigms. The first is that the fu-
ture is the consequence of a past event. The second is that the future is 
a continuation of the past, while the third is that the future is a distribution 
of possibilities. Gneiting and Katzfuss (2014) formalized and studied prob-
abilistic forecasting. Gneiting and Ranjan (2013) investigated combinations 
of predictive distributions and their aggregation methods from the perspec-
tive of calibration and dispersion. As sentiment is associated with different 
attributes (Bank & Brustbauer, 2014), the prediction of sentiment has been 
analyzed in different ways by various authors as a prediction of stock prices 
and exchange rates by using investors’ sentiments (Rechenthin et al., 
2013).  Heiden et al. (2013) discovered that institutional sentiment signifi-
cantly predicts returns over medium-term horizons in the EUR/USD mar-
ket, while research by Qian and Rasheed (2007), Kavussanos and Dockery 
(2001), Butler and Malaikah (1992), and Gallagher and Taylor (2002) 
showed that stock market prices do not follow a random path, and can be 
predicted to some degree. Plakandaras et al. (2015) investigated investors’ 
sentiments in terms of the source of additional information in the prediction 
and direction of change in the exchange market.  
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There are many scientific works dedicated to stock market prediction 
using investors sentiment, but the short overview of models for forecasting 
will focus on the last decade and begins with Wang et al. (2013), who pro-
posed a novel sentiment-based hybrid model (SLNM), and used daily fi-
nancial news and support vector regression to train and forecast non-linear 
patterns of stock return series. The incorporation of investor’s sentiments in 
a finance market’s volatility model and the improvement of forecasting 
accuracy was described in a paper by Seo and Kim (2015). Cosma and 
Acampora (2016) provided an overview of recent fuzzy-based approaches 
to the sentiment analysis of customer reviews. The developed model in-
cludes methods for preparing the dataset, extracting the best features for 
prediction, and the customer review rating prediction. Fuzzy systems can 
be used without a set of historical data, which is very important in senti-
ment analysis. Wang et al. (2016) proposed an unsupervised multi-
granularity fuzzy computing model for the classification of the sentiment 
intensity of reviews. Computational model for stock market in order to 
analyze market self regulation abilities, market efficiency and determinants 
of emergent properties of the financial market, was proposed by Rutkaus-
kas and Ramanauskas (2009), but computational intelligence models are 
also used for sentiment prediction. A text analysis of more than 900 brief 
news was used for a prediction model based on Thomson-Reuters’ neural 
network developed by Heston and Sinha (2015). The findings were that 
positive news stories increased returns quickly, but negative stories had 
a long-delayed reaction, and were important for investors. Ho and Wang 
(2016) developed an Artificial Neural Network model to predict the stock 
prices. 

  
 

Research methodology. Prediction model based  
on the Evolino RNN ensemble 
 
An Evolino RNN-based prediction model (Figure 1) was developed as sup-
port system for investors in the exchange market (Maknickiene & Mak-
nickas, 2013a; Maknickiene & Maknickas, 2013b). The prediction of the 
sentiments of individual investors is a new area for researches. Data related 
to sentiments are expressed as log2 (Post/Negt). 

The prediction model has two inputs. The first one uses historical data 
pertaining to the financial instrument that we want to predict. The second 
input uses historical data related to gold prices in USD (United States dol-
lars). The data ranges that were selected are closer to orthogonal inputs. 
This reduced the calculation time and increased the accuracy of the predic-
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tion (Maknickas & Maknickiene, 2012). The ensemble is composed of 176 
Evolino RNNs predicting simultaneously (Maknickiene & Maknickas, 
2013b). This process requires multi-core hardware resources for timely data 
processing using MPI library-based parallel computation. The result of the 
prediction was presented as a distribution of the expected values. The mul-
timodal distribution is more informative than is the point prediction. The 
calculation of probabilities for the growth and decline of financial instru-
ments (exchange rate, index, stock price) assists in portfolio construction. 

Stock market prediction method is based on composition of two distri-
butions: stock indexes predictions and sentiment predictions. Both distribu-
tions of predictions are obtained from Evolino RNN-based prediction mod-
el. For the first input of model the data of stock market indexes are used 
and for second input the historical data of gold prices are used. The result is 
the distribution of expected values. For prediction of sentiments of individ-
ual investors, the historical data from AAII are used, and the prediction 
model generates the second distribution. Exactly the composition of these 
distributions is the basis for a new prediction method, which gives addi-
tional information for investor. The visualization of financial market pre-
diction method using sentiment data is presented in Figure 2. Distribution 
of finance indexes is black, distribution of sentiments is grey, the last 
known value marked by dotted line. The columns’ height of distributions 
describes certain frequency of predictions whose values are increasing 
steadily in the horizontal direction. Neutral sentiment value corresponds to 
the last known value. 

The composition of distributions has been evaluated by the last known 
value (dotted line in Figure 2). If the main part of both distributions is on 
the right from the last known value (Figure 2 a), the prediction shows 
growth of the finance index. If the main part of distributions is on the left 
(Figure 2 b), the prediction shows fall of finance index. In that case, when 
the last known value is between modes of distributions (Figure 2 c), the 
prediction of growth and fall has almost equal probabilities and the decision 
of investment is very risky. The next case (Figure 2 d) explains the role of 
sentiments in prediction of finance index. When sentiments are highly posi-
tive or low negative (more than the distance of standard deviation) the pre-
diction of finance index is growth or fall accordingly. Especially the distri-
bution of sentiments is important when the forecast of financial index is 
uncertain, multi-distribution is on both sides of the last known value. When 
prediction of sentiments is expressed strongly and goes out of limits, fi-
nance indexes will also react strongly. This forecasting method is easy dis-
played by Evolino RNN-based prediction model. The decision in finance 
market is made by quick classification of parts of distributions on positive-
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negative (sentiments) and on growth-fall (finance indexes). The investor 
can integrate this information in trading strategy or investment portfolio 
construction. 

 
 

Sentiments of individual investors 
 

In this paper, the data from AAII (American Association of Individual In-
vestors) were used. The AAII is an investor sentiment survey that measures 
the percentage of individual investors on the stock market for six months in 
the future and classifying them into categories of bullish (Post), bearish 
(Negt) or neutral (Neutr). All individuals are polled from the ranks of the 
AAII membership on a weekly basis (http://www.aaii.com/sentime ntsur-
vey). Only one vote per member in each weekly voting period is accepted. 

The first step was to classify the survey data into neutral and sentimental 
data. The classification was done in the following way: If Neutr > 50 %, the 
market is neutral; if (Post + Negt) > 50%, the market has polarity and is 
sentimental. The second task was to classify the polarity. Emotion was 
determined with reference to Xu et al. (2012), as Emot = Post – Negt, and 
the ratio of positive sentiment to negative sentiment as Post/Negt. The indi-
cator log2 (Post/Negt) reflects the ratio of positive sentiment indicators to 
negative sentiment indicators in a given time frame t, ranging from 0 to 
infinite. When log2 (Post/Negt) > 0, the overall public sentiment is positive; 
the larger the value of the ratio, the higher the intensity of positive senti-
ments. Conversely, when log2 (Post/Negt) < 0, the overall public sentiment 
is negative and the smaller value thereof, the higher the intensity of the 
negative sentiments.  

A comparison of the dynamic in the data for the years 2010–2016 relat-
ed to individual investors’ sentiments and the SPX500 index is presented in 
Figure 3. The sentiment data are expressed on a log2 (Post/Negt) scale. 

The zones of high positivity, weak sentiment and low negative survey 
opinions of individual investors are marked. The zone of weak sentiments 
is defined by standard deviations on both sides of the neutral line. The high 
positivity zone is above one standard deviation from the neutral line, while 
the low negative zone is below one standard deviation from neutral line. 

The dynamic of the weekly historical data in the AAII and NAS100 in-
dex for the years 2010–2016 are presented in Figure 4.  

The NAS100 line showed a strong positive trend in the period from 
week 1 to week 263 of 2010–2015. The AAII line was mainly between the 
(-) one standard deviation and the (+) one standard deviation lines, or above 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 13(1), 7–27 

 

15 

them. The measure of sentiments later fell to below (-) standard deviation 
and the NAS100 values also fell. 

Historical data for AAII and US30 are presented in Figure 5.  
The classification of neutral-sensitive and positive-negative opinions in 

the survey of individual investors allows for the identification of singulari-
ties in the dynamics of the SPX500, NAS100 and US30 indices. When 
sentiments are highly positive, the indices grow; when they are low nega-
tive, the indices fall, and when sentiments are weak, all the indices have 
stable trends. Thus, the changes of opinion in the survey of individual in-
vestors reflects the behavior of the stock market.  

 
 

Investigation of predictions of the stock market  
based on sentiment survey data 

 
The prediction model based on the Evolino RNN ensemble has been tested 
in the exchange and stock markets for several years. We investigated the 
accuracy of different variations of model, different trading strategies and 
various portfolio construction methods. The behavior of individual inves-
tors is new area of research, which heavily reliant on selecting data not only 
for prediction, but also for supervision. After numerous tests, historical data 
from the AAII investor sentiment survey were selected for prediction, while 
the gold price in United States dollars was chosen for supervision. The 
prediction of individual investors’ sentiments and stock indices allows for 
the investigation of the composition of distributions, the opportunities to 
predict and the accuracy of the predictions. 
 
 
Prediction of individual investors’ sentiments 
 
The prediction of individual investors’ sentiments was performed using an 
Evolino RNN ensemble. The ratio of bearish and bullish historical data 
from www.aaii.com was used for the first input. For the second input, the 
historical data regarding gold prices in USD were used. The selection of 
inputs was determined by seeking historical data that are close to orthogo-
nal ranges for both inputs. The result of the prediction is the distribution of 
the expected ratio of investors’ sentiments (Figure 6). Weak sentiments are 
defined by standard deviations on both sides of the neutral line (0).  

The high positivity zone is to the right of one standard deviation from 
the neutral line (0,6), while the low negative zone is to the left of one 
standard deviation (-0,6). Figure 6 presents the distributions of two weeks: 
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black distribution at 12–11–2015, grey — 19–11–2015.  The composition 
of the last-known values on 05–11–2015 and 12–11–2015 (black vertical 
lines), predicted distributions and real value on 19–11–2015 (dotted line) 
show the correct direction of predictions.   

The prediction was presented using a logarithmic scale for improved 
presentation. The dynamic of investors’ sentiments was shown; the value of 
the ratio decreases, but remains in the optimistic area. The probability that 
the AAII ratio will grow on 05–11–2015 is 21%; that will fall is 79%. On 
12–11–2015, the probabilities are 44% and 56%, respectively. Real values 
show the correct direction of predictions.  

The distribution of the expected values of sentiments provides infor-
mation about changes in the sentiments of individual investors. It indicates 
that the three main predicted states of sentiments are neutral, negative and 
positive. The predicted weak sentiments are determined when the most 
probable values are in the -0.6 to 0.6 range. Highly negative (<-0,6) and 
highly positive (>0,6) sentiments can predict the direction of the change of 
the stock indices. 
 
 
Combination of the AAII and stock indices predictions  
 
The decision was made to compare the predicted distribution of the ex-
pected ratio of investors’ sentiments with the predictions of three indices on 
the financial market, namely the weekly NASDAQ (NAS100USD1008), 
the weekly Dow Jones 30 (US30USD1008) and the weekly SPX 500 
(SP500USD1008).  

In Figure 7, the composition of AAII and one NASDAQ distribution of 
predictions is shown. The last-known value of the index is set equal to the 
bullish/bearish ratio zero point. This values marks the decision-making 
moment.  

At the moment of prediction, or close of market, investors are in receipt 
of the last-known value of the index. The prediction of the NASDAQ index 
shows the growth of the index in the following week, because the main part 
of the distribution of the expected values of the index (Figure 6, grey) is to 
the right of the last-known value of the index. The main part of the distribu-
tion of the prediction of investors’ sentiments is also to the right of 0, which 
means that it will be positive. The probability that the NASDAQ index will 
grow is 65%, while the probability that it will fall is 35%. The probability 
that investors will be optimistic in the following week is 75%, and that they 
will be pessimistic is 25%. The real value (dotted line in Figure 7) of the 
index shows the correct prediction.  
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The combination of the distributions of the Dow Jones 30 index and the 
AAII sentiment survey (Figure 8) is done in the same way.  

The distribution of the prediction of the expected values of the Dow 
Jones 30 is on both sides last-known value; thus, the probability of ex-
pected growth is 50%, and the probability of an expected fall is 50%. How-
ever, the prediction of the sentiments of investors is optimistic. The real 
value (dotted line in Figure 8) shows that the index is growing.  

The combination of the distributions of the SPX500 index and AAII 
(Figure 9) is done in the same way.  

The main part of the distribution of the expected values of the SP500 is 
to the right of the last-known value; thus, the probability of growth is 58%, 
while the probability of falling is 42%. The optimistic prediction in the 
AAII survey only reinforces the growth forecast. The real value (dotted line 
in Figure 9) shows that the index is growing. 
 
 
Estimating the accuracy of classification 
 
Two reasons for the importance of the estimation of accuracy of the classi-
fication model were suggested by Sharda et al. (2013). The first is that ac-
curacy can be used to estimate the prediction accuracy. The second is that it 
can be used to choose the best classification model. Our classification prob-
lem involves three decisions: positive, neutral and negative sentiments or 
buy, keep, sell decisions on the finance market. The accuracy metrics of 
predictions are expressed through overall classifier accuracy (Sharda et al., 
2013): 

 

OCA=
∑ (���� �	
�����
����)�

���

���
	 ������ � �
���
  

           

where: OCA is overall classification accuracy; n – number of decisions; 
i – the number assigned to the decision.  
 
A statistical investigation of the accuracy of weekly predictions was 

conducted for four months; some predictions were not useful because the 
parameters of distribution were wrong. The comparison of the accuracy of 
predictions is presented in Table 1. 

The improved accuracy (87%) of the sentiment prediction is caused by 
less volatility in the data pertaining to sentiments in comparison to the vola-
tility of finance indices. The combination of AAII and the stock indices has 

(1) 
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a prediction of 57% accuracy when all predictions of sentiments are used, 
regardless of the sentiments’ clarity. The accuracy rose to 73% when the 
predictions that sentiment is weak were rejected: between (-) one standard 
deviation and (+) one standard deviation. The forecasting accuracy of the 
combination of distributions of AAII and the stock indices is less than is the 
accuracy when considering sentiments and stock indices separately, but an 
investor has additional trading information and the choice to develop new 
marketing strategies and models. 

 
 

Conclusions  
 

The opinions of individual investors expressed via the sentiment survey 
should be seen as an important indicator reflecting possible future changes 
in the finance market. The classification of neutral-sensitive and positive-
negative opinions of individual investors, which was determined via a sur-
vey, shows the singularities in the dynamics of the SPX500, NAS100 and 
US30 indices. When sentiments are highly positive, the indices grow; when 
sentiments are strongly negative they fall, and when sentiments are weak, 
all the indices have stable trends. 

The results of the predictions of individual investors’ sentiments (AAII), 
which were made using an ensemble of Evolino RNN, and different stock 
indices are expressed as probabilities. An informative prediction tool for 
investors could be the combinations of distributions of individual investors’ 
sentiments and stock indices when the values are indicated at the moment 
of decision making. When the distributions of investors’ sentiments and 
stock indices are the last-known value or the closing value of the previous 
day, the decision becomes stronger. When the distributions are on both 
sides of this value, the decision could be called risky. When the prediction 
that the sentiment would be weak were rejected, the accuracy rose to 73%, 
between (-) one standard deviation and (+) one standard deviation from the 
neutral line.  

The results of this research confirm the hypothesis of this paper, namely 
that dynamics in the market are unequivocally related to individual inves-
tors’ sentiments and that this relationship occurs when the sentiments are 
expressed strongly and exceed boundaries. 

The new field of the application of the Evolino RNN ensemble and the 
new application method provide additional information for investors in the 
stock market. 

Although the research is prepared and carried out carefully, some limita-
tions still need to be mentioned. First of all, the research was conducted in 
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the four different groups, each group lasted for 15 weeks. Fifteen weeks is 
a minimum time interval for researchers to observe most cases of impact of 
sentiments to the changes of exchange rates. A longer time period of inves-
tigation might bring better results. Secondly, the prediction invoking the 
Evolino RNN-based prediction model, requires extensive time and calcula-
tion resources, so the ability to repeat the same prediction is limited. Third-
ly, only one sentiment index, the historical data from AAII, was investigat-
ed. Nowadays the number of sentiment indexes arise rapidly and compari-
son of different sentiments indexes can provide additional information. The 
upgrade of computational resources, additional investigations of other sen-
timent indexes and sentiment measures would be very useful. Intended 
direction of the future research is a construction of investment portfolio 
invoking the ensemble of Evolino RNN with inclusion of sentiment data. 
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Annex 
 
 
Table 1. Comparison of overall classification accuracy 
 

Sentiments Finance market 
indices 

Composition of AAII 
and stock indices 

all tests 

Composition of 
AAII and stock 

indices, 
tests with high 

sentiments 

Number of 
predictions 

OCA 
Number of 
predictions 

OCA 
Number of 
predictions 

OCA 
Number of 
predictions 

OCA 

15 0.87 44 0.82 15 0.53 11 0.73 

 
 
Figure 1. Scheme of the distribution-based model 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 



Figure 2. Prediction of finance indexes a) increasing. b) decreasing. c) a risky state 
of proximally equal directions. d) when sentiments are significant 
 

 
 
 
Figure 3. Dynamic of historical data for individual investors’ sentiments (AAII) 
and the SPX500 index 
 

 
 
Source: own calculations based on Oanda (2017) and AAII (2017).  
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Figure 4. Dynamic of historical data for individual investors’ sentiments (AAII) 
and the NAS100 index 
 

 
 
Source: own calculations based on Oanda (2017) and AAII (2017).  
 
 
Figure 5. Dynamic of historical data for individual investors’ sentiments (AAII) 
and the US30 index 
 

 
 
Source: own calculations based on Oanda (2017) and AAII (2017).  
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Figure 6. Prediction of individual investors’ sentiments (AAII) 
 

 
 
 
Figure 7. Combination of the NAS100USD index and individual investors’ 
sentiment (AAII) distributions 
 

 



Figure 8. Combination of the US30USD index and individual investors’ sentiment 
(AAII) distributions 
 

 
 
 
Figure 9. Combination of the SP500USD index and individual investors’ 
sentiment (AAII) distributions 
 

 
 




