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Abstract. During making decision the logit and probit patterns serve to resolve
different issues based on statistical data regarding expediency or
inappropriateness: opening LTD, investing funds, hiring employees, entering a
new market, introducing innovations, etc. The purpose of the research is to
support the decision making in economic experiments using software tools and
logit and probit analysis. To achieve this goal, the following tasks are defined:
investigation of the range of application of the logit and probit models;
calculation of open data using the RStudio; development of decision support
models using open data sources.

Methods and technologies of research: logit and probit models to predict the
probability of dealing between traders of cryptocurrencies, cluster analysis of
investor profiles through principal component analysis.

To distinguish different types of investors we can use cluster analysis which
help us to reveal main types of risk-attitude investors. After that we can
construct correspondence between specific users and financial instruments.

Keywords: decision making, economic experiments, software tools,
cryptocurrencies, cluster analysis

1 Introduction

We studied criteria which affect prices of cryptocurrencies [1] and found out that
combination of supply, mining difficulty, trading volume, and news reaction for each
date can predict more than 70% of the price (we used Bitcoin for research). R.C.
Philips and D. Gorse studied how to predict cryptocurrency prices bubbles using
epidemic modeling and human reaction on social media [2].

Also, S. Colianni, S. Rosales, and M. Signorotti investigated cryptocurrencies
algorithmic trading techniques based on Twitter sentiments analysis [3]. C. Lamon, E.
Nielsen, and E. Redondo studied cryptocurrency price changes based on news and
Reddit sentiments [4]. Kim YB et al. in 2016 did significant research about how users
activities in communities affected prices of cryptocurrencies [5].

All researches we have mentioned above show that users activities affect prices.
However, we applied a different approach in this research. Our idea was to predict
cryptocurrencies prices based on their daily trading volume.

The decentralized digital currency Bitcoin presents an anonymous alternative to the
centralized banking system and indeed enjoys widespread and increasing adoption
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[6]. The digital currency market is considerably growing, especially in the most recent
years. Level of uncertainty in returns has significantly increased during the high-price
time period. The high-price regime phase has profoundly revealed consistent
nonlinear dynamical patterns in the Bitcoin market [7]. The virtual currency supply is
exogenous and therefore plays only a limited role in the price formation. Bitcoin is a
digital currency based on a peer-to-peer payment system managed by an open source
software and characterized by lower transaction costs, greater security and scalability
than fiat money and no need of a central bank [8]. Bitcoin will remain a niche
currency. Authors [9] analyze the time-varying behavior of long memory of returns
on Bitcoin and volatility 2011 until 2017, using the Hurst exponent. R/S method is
prone to detect long memory. Price volatility, measured as the logarithmic difference
between intraday high and low prices exhibits long memory during all the period.
This reflects a different underlying dynamic process generating the prices and
volatility.

The creation of cryptocurrencies has changed FinTech industry and it continues to
change it today,whereas people think that during 9 years nobody has found the real
use of cases for blockchain technology [10]. Now people still depend on banks,
because most countries did not define cryptocurrencies as national currencies; but in
the future the decentralized systems, such as Bitcoin, can substitute traditional
currencies. Also, due to continuously increasing digital society, financial services
providers are looking to offer their customers the same services to which they are
accustomed but in a more efficient, secure and cost-effective way.

In addition to mining (the process of extraction of the cryptocurrency), trading with
cryptocurrencies is popular nowadays. It is risky but on the other hand, it is a fast way
to get a great sum of money. For example, at the beginning of 2017, Bitcoin cost
lower than $1000 but in December 2017 it cost almost $20000.

The purpose of the paper is to support the investors’ decision making in economic
experiments using software tools.

The paper is organized as follows: chapter 2 characterizes logit and probit models
for data analysis; chapter 3 includes analysis of cryptocurrency data for trading;
chapter 4 describes cluster analysis for investors’ profiles that plan to invest in
cryptocurrencies; the last part concludes.

2 Logit and Probit Models for Data Analysis

Logit model is a regression model, where a dependent variable can have only two
alternative values "0" and "1". If dependent variable has more than two alternative
results can be analyzed in a multi-vector logistic regression. In economic sense
logistic regression is an example of a qualitative response to a discrete choice of
decision maker. The probability of an event is determined by the function (1):
1
P; :F(Zi):m 1)
where Z is a linear combination of independent factors.
The probit model is most often evaluated by probit regression using the maximum-
likelihood method. Assume that the response variable Y is binary, that is, it can have



only two possible results, which we will denote as 1 and 0. We also have a regression
vector X, which affects the result Y, then the model takes the following form (2):

Pr(Y = 1|X) = o(X"p), )
where Pr — probability; ® — cumulative distributive function of standard normal
distribution; p — parameters of maximum-likelihood estimation. In the matrix form the
regression will take following form:

Y*=X"p +¢, ®3)
where ¢ ~ N (0, 1). Then Y can be considered as expression (4) if hidden variable is
positive:

1 Y'>0] 1 —e<X'B @
0 other 0 other

The use of a standard normal distribution does not lead to loss of universality versus
the use of arbitrary standard and average deviation, since the addition of a fixed
amount to the average can be offset by subtracting the same amount. The equivalence
of the two models has following form:
Pr(Y =1|X) =Pr(Y* > 0) =Pr(X"f + &> 0) =Pr(e < XTB) = ®(X"B) (5
Because the logit [11] and probit models [12] are very similar to each other, the
algorithm for constructing them is the same:
1. Determination of the dependent variable and factors
2. Construction of an independent variable, as a linear combination of
independent variables
3. Specification of the equation for the desired probability of an event
4. Conducting calculations (maximum-likelihood method)
5. Interpretation of results and evaluation of quality assessment
The differences between the logit and the sample of models are in the specification of
the random component &;, namely [13]:
1. in the probit of the model € ~ N (0,1) (standard random variables with
mathematical expectation 0 and dispersion 1)
2. inthe logit of the model €; ~ logistic, f () =e */ (1 + e ™) ? (special logistical
distribution N (0, 1.6%) with mathematical expectation 0 and dispersion 1.6°)
Let’s consider how price of cryprocurrencies impacts on decisions of potential
clients to buy (“1°) or not to buy (‘0°).

3 Analysis of Cryptocurrency Data for Trading

Investigation of the dependence of the purchase and sale of cryptocurrency. Data for
the calculation was obtained from a public site,
https://finance.yahoo.com/cryptocurrencies (fig. 1).

It has been selected 5 the most popular cryptocurrencies such as: BTC (Bitcoin), ETH
(Ethereum), BCH (Bitcoin Cash), LTC (Litecoin), NEO.

Entering as a dependent alternating Yiq.s), equal to 1 to indicate that the currency
has been purchased and 0 that shows that the cryptographic currency has not been
purchased [14]. Introduced explaining variables in order to show the course of this or
another cryptocurrency from the first November 2017 till the 30th April 2018 (fig. 2):
X, - BTC, X, - ETH, X3 - BCH, X, - LTC, X5 - NEO.
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Fig. 1. Web-site of cryptocurrencies: https:/finance.yahoo.com/cryptocurrencies

A B C D E F )ch H xa 1 K L
Ne Aata 2 Y1 *2 Y2 (BCH- ¥3 [{yes Y4 *= Y5

1 (BTC-USD) (ETH-USD) e e (NEC-USD)

2 I 1(01.11.2017 B6737,78 1 284,92 1 529,88 1 54,19 1 2462 1
3 2|oz2.11.2017 7152,12 i soas1 1| sez2,79 1| ssss 1 26,67 1
2 | 3losiiz017 7363,80 1| soo.0a 1| 526,04 1| saso 1 26,44 1
5 40411 2017 7363,80 1 296,82 1 614,26 1 54,60 1 25,24 1
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Fig. 2. Initial data of cryptocurrency rate

In order to track the dynamics of the cryptocurrency exchange rate at the initial
stage of calculations, we have created a chart (fig. 3). With a help of it we can make
out that only the BTC has significant fluctuations in value; the other four currencies
have minor fluctuations.
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Fig. 3. Change of the cryptcurrencies rate for 181 days

So let's start work directly with RStudio. Download the data from MS Excel to
RStudio (fig. 4):

Data <- read xlsx("C:/RStudio/cr.xlsx")
View (Data)

© | binomial_regression (2).R '] Untitled1* crypto '] Untitled2* Data e
Filter
“ Dara INDEPENDENT1 INDEPENDENT2 INDEPENDENT3 INDEPENDENT4 INDEPENDENTS DEPENDENT
1 20171101 6737.78 284,92 529.58 54.19 2462 =
2 20171102 715212 304,51 562.79 55.98 26,67 ‘;‘
3 20171103 7363.80 300.04 626.04 54,60 26.44 ;
4 20171104 7363.80 296,82 614,26 54,60 26.24
5 20171105 7389.55 29184 62572 54,50 26.23
6 2017-1106 6959.23 307.35 588,68 60,52 2615
7 20171107 7102.75 319.66 603.26 6238 30.10
8 2017-1108 7129.59 296.86 617.41 6415 3189
9 2017-11-09 7129.59 314,23 650,09 6214 2797
10 2017-11-10 6565.80 314,60 995,40 6214 2839
11 20171111 6339.86 334.72 1325.56 58,51 26.82
12 20171112 652245 334.72 1374.39 61.00 28.22
13 201711413 652245 331,20 134696 6213 29.59
14 20171114 6597.06 33032 125163 6316 29.23
15 20171115 7853.68 33172 1187.03 70.70 2874
16 2017-11-16 7853.68 346,65 896,51 6736 40.20
17 20171117 7699.95 354,60 117554 69.42 4293
18 2017-1118 804254 367.71 124386 7238 40.00
19 2017-11-19 804254 360.52 1176.66 69.91 35.52
20 20171120 824489 380.84 124528 69.91 3437
21 20171111 8099.97 406.57 1169.90 72,03 36.01
: 22 20171122 8234.55 470.43 129862 7294 3467 . -
< n L3

Showing 1 to 23 of 181 entries

Fig.4. Entering a table with data for calculations in the program RStudio

To start the calculation of regression and to work with it, we would enter the code
of called 'mylogit' [15] (fig. 5) and output the result using the 'summary"' function. It is
clear due to this function that we want to predict the dependence of buying a
cryptocurrency from the value of the rate on it. As an argument we specify: dependent
and independent variables; the location of the initial data; 'family' indicates that the
distribution type is binomial.



= summary (mylogit)

call:
gIm(formula = DEPENDENT ~ INDEPENDENT, family = binomial(link = "Togit™),
data = pata, na.action = na.pass)

Deviance Residuals:
Min 1q Median 3q Max
-3.934e-04 -2.000e-08 2.000e-08 2.000e-08 5.B47e-04

coefficients:

Estimate std. Error z value Pri=|z|)
(Intercept) 4004,700 266688,912 0.015 0.988
INDEFENDENT -0. 386 25.708 -0.015 0. 988

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 2.4155e+02 on 180 degrees of freedom
rResidual deviance: 6.5132e-07 on 179 degrees of freedom
ATIC: 4

Number of Fisher Scoring iterations: 25
Fig. 5. The calculation of the dependency of the dependent variable from the independent

A Result has been obtained, according to the results of the calculation that shows
remainders and coefficients. Since the calculation of regression [16] is made, we are
more interested in the coefficients from which the following picture is seen. The Pr (>
| z |) indicator shows whether the coefficients are statistically significant or not.

Since in this case Pr = 0,988 it means that statistical significance exists. This
calculation shows that the change in the rate of cryptography with a probability of
98.8% affects the decision to buy / sell cryptocurrency. The buyer during decision
making compares and analyzes the cryptos and then he/she chooses cheaper
cryptocurrency. So, the change in the price of cryptocurrency with a probability of
98.8% affects the decision to buy / sell cryptocurrency.

But the most important is the value -0,386, it means that in spite of increasing the
cost of cryptocurrency of 1 currency unit the value of the logarithm decreases by
0,386 or 3,86%. But actually, these data form are not quite convenient to interpret, it’s
much more better to make the logarithm to the odds ratio through the exponent:

> exp(mylogit$coefficients)
(intercept) INDEPENDENT
Inf 0.679769

So, after calculating the exponent, we can say that with the increase of independent
variables (price) for 1 currency unit, the ratio of chances of buying a cryptocurrency
increases in 0.68 times. The next step of the calculation is to calculate the general
level of significance (adequacy) of the model. This action can be done in following
way: compare the residual deviation of the model with the deviation of the zero
model; calculate the number of degrees of freedom; determine the level of
significance correspondingly:

> mylogit$null.deviance-mylogit$deviance
[11241.5509



> mylogit$df.null -mylogit$df.residual

(111

> dchisg(mylogit$null.deviance-mylogit$Sdeviance,
mylogit$df.null -mylogit$df.residual)
[1]19.063528e-55

The calculation of the significance level of the model indicates that if this level is >
0, then our independent variable would affect the dependent. And the higher the given
indicator, the greater the impact is carried out. After calculations of regression to the
level of significance (adequacy) of the model, the result was obtained in the form of
the value 9.063528e-55. Once again it proves that the cost of the rate on the
cryptocurrency in the operation of buying and selling currency affects the buyer's
decision in almost all cases.

But getting only one result is not enough. Metrics must also be present to show the
quality of the models. In this case, the ROC curve will be used, this chart allows us to
assess the quality of the binary classification.

Using the ROCR begins with the creation of a prediction object; the 'prediction’
function will be also used to convert the input data (which can be in vector, matrix,
data frame, or list form) in the standard format to continue to build a chart.

> library (ROCR)
> a<-predict (mylogit)
> pred<-prediction(a,Data@DEPENDENT)

After connecting all the necessary libraries, we need to get the 'tp' (true positive)
parameter with the ‘pred' function which is a vector of predicted labels (highlight
'pred’ then press the Ctrl + Enter key combination) (fig. 6) to use them to construct the
chart.

Console  Terminal ==

-1338.032093 -1341.58616 -1492.17681 -1550.86496 -1552. 36640 -1553.23112 -1580.17400 9
63 71 69 40 64 65 57

-1690.42782 -1754.25715 -1776.13576 -1808.33977 -1845.78987 -1854.B4548 -1946.15802
51 36 39 43 50 68 41

-2029.33397 -2077.36790 -2189.71416 -2282.04972 -2349.65817 -2413.B0762 -2454.07178

38 66 2 67 a 5
-2499, 55821 -2539.88367 -25B80.72443 -2623.84688 -2759.48776 -2790.81200 -3318.65876
7 46

-3354.70774 -3462.70318

slot "fp":
[l
[1 o o o o o0 0 0 00 0 OO0 O0OOOOOOOOOOCOOOOO0O OO 0 0 0
[30 c o o o 0 0 O 0 0C 0 O 0CO0O0OO0OOO0OO0OO0OO0OO0OCO0OCO0OO0O 0O 0O 0 0 0
[59 9 o 0 0 0 O0O0O0O0QCO0QCOo0QOGoQOQoQGoCO GO GoC 0O 0 0 0 0 0 0 0 0 0 0 00
[es 0 2 3 4 5 6 7 & 91011 12 14 15 17 19 20 21 22 24 25 26 28 29 30 31 32 23 34
[117] 236 37 38 40 41 42 43 44 45 46 47 48 49 50 51 52 52 54 55 56 57 58 59 60 61 62 62 64 65
[146] &7 68 69 70
51ot "tp
[[1]]
[1] 0 1 3 4 5 6 7 8 9 10 12 14 15 16 17 18 19 20 21 23 24 26 £}
[23] 27 29 30 31 32 34 36 38 39 40 41 42 43 44 46 47 48 49 50 52 53 55
[45 56 57 58 59 60 61 62 62 65 67 68 F0O 71 73 74 75 76 77 79 80 81 82 o)
[67 85 86 87 88 89 90 91 92 94 95 97 99 100 102 103 104 105 106 108 109 110 111
[89] 111 111 111 1311 111 111 111 111 1311 1131 111 1131 111 111 111 131 2131 2131 111 131 111 111
[111] 2121 221 233 3331 1331 31331 31331 131 1331 133 133 133 133 133 133 133 1313 1313 133 1313 13131 111
[123] 2111 2111 2111 131 1311 1311 1131 131 1331 133 133 133 1331 133 1131 1131 111

Fig. 6. Getting the 'tp' parameter for future calculations



The next step is to construct the True positive rate' curve (fig. 7), using previously
obtained data.

True positive rate
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Fig. 7. Graph of the ROC curve

Let's proceed to the calculation of the area under the curve, cause it is more rational
and better for future calculations. In order to do this, we would insert an additional
change called 'perfl’, and we construct a graph (fig. 8).
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Fig. 8. Graph to calculate the area of the curve

In order to calculate the area under the curve of the graph, we need to use the
function 'auc’ (Area Under Curve).

> auc <- performance (pred, "auc")
> auc <- unlist(slot(auc, "y.values"))

Having completed this calculation, the platform showed the 'auc' = 1 (> auc). It
means that ratio of the number of correctly and incorrectly classified attributes to the
selected values is perfectly suited.



Having completed the calculations, we have the following general form of the code
(fig. 9), and the data (fig. 10).

Source on Save Q A - = Run il 4 Source =
1 Data<-read_x1sx("C:/Rstudio/cr.xIsx") -
2 wview(Data)
3
4  mylogit<-glm(DEPENDENT~INDEPENDENT ,Data,family=binomial(1ink = "logit"”),na.action=na.pass)
5 summary(mylogit)
6
7 Exp(mylogiticoefficients)
8
9 mylogitinull.deviance-mylogitideviance
10
11 mylogitsdf.null-mylogitsdf. residual
12
13 dchisq(mylogitinull. deviance-mylogitideviance, mylogitidf.null-mylogitidf.residual)
14 L
15 Tlibrary(rocr) 3
16 a<-predictimylogit)
17 pred<-prediction(a,DatasDEPENDENT)
18
19 pref<-performance(pred, "tpr")
20 plot(pref)
21
22 perfl<-performance(pred, "prec", "rec")
23 plotiperfi)
24  auc=-performance(pred, "auc")
25 auc<-unlist(slot(auc, "y.values"))
26
27 minauc<=-min(round(auc,digits = 2)) B |
28  maxauc<-max(round(auc,digits = 2))
29 minauc=-paste({c("min{AuC)="),minauc,sep = "")
30 minauc=-paste(c("max(AUC)="),maxauc,sep = "")
31 legend(0.2,0.8,c(minauc,maxauc, "\n") ,border = "white",cex = 1,7, box.col = "red") =
Fig. 9. Completed code
Data -
Dcr 181 obs. of 3 wariables
D Data 181 obs. of 3 wariables
Dmylogit List of 30
D perfl Formal class performance
D pred Formal class prediction 3
D pref Formal class performance
values
a Named num [1:181] 1404 1244 1162 1162 1152 ...
auc 1
maxauc 1
minauc "max{AucC)H=1" S

Fig. 10. Used data during calculations

4 Experiment Evaluation of Investors’ Decision

Estimation of probability to be purchased or not for different cryptocurrencies gives
us opportunity to develop investment plans [17] for investors with different
investment goals and risk attitudes using open dataset
(http://www.di.uniba.it/swap/financialrs_data_uniba.zip) of investors profiles.
In this case we quantified our ordinal data:

* Risk profile=[very low; low; normal; high; very high]=[1, 2, 3, 4, 5];

* Investment goals=[very low; low; normal; high; very high]=[1, 2, 3, 4, 5],

» Sex=[male, female]=[0, 1].



R tools can process our dataset using principal component analysis (fig. 11) to
disclosure main types of investors to prepare investment plans for them using
financial instruments such as cryptocurrencies [18, 19].

©) rstudio - u ®

File Edit Code View Plots Session Build Debug Profile Tools Help

° .op - - agans - 1 project None

Rhistary® h =  Ewionment History Comnections =0
> Q, = “import Datasst + & List -

ﬁ? ci:;(riaa.tameune = CITent.TXT , neaer = IRUE, Sep =  J ' | dl Globot Enwironmert -
114 library("HSAUR") pata
ﬁ; }:gg;gsg;{;g agreed_portfalios 14533 obs. of 4 variables
117 lbrary(-imest™) chem 1183 obs. of 1 varisble
118 Tibrary(“glmnet") n 1183 obs. of 5 variables

119 Tibrary(“ggplor2”)

120 Tibrary("aiplor"y h.pca List of 5

121 h < read.table(file = "client.txt”, header = TRUE, sep = ";") ke List of o

e PR

12 descrive(h) cash int [1:14533] 7411 10254 130 586 99 957 2618 493 4805 2.
125 cor(h) pcal num [1:1183] 3.144 -0.28 0.983 -0.264 1.032 ...

126 h.pca<-prcomp(h,scale. = TRUE) Vi Named num [1:5] 0.0665 0.6887 0.6643 -0.2445 -0.1421
127 h<-select(h,-sex)

128 view(h)

120 view(h)

130 cor(h)

131 h.pcac-prcomp(h, scale. = TRUE)

132 peal<-h.pcasx[,1] Files  Plots Padages Help  Viewer =0
133 vich.peairoretion 3] 2 Toon | Biart~ | O | £ Sy

vl
135 head(pcal)

137 plot(h.pca)
138 biplot(h.pca,xlim=c(-1;1)) -150 100 50 O 50 100 150

130 biplot(h.pca,xlim=c(-1.1)) I I L ! !
140 biplot(h.pca,xTim=c(-0.5,0.5))

60

e

40

risk -0.07621323 ~
dinvestment_goals -0.06442867
0.02626187
amount 1.00000000
> h.pca<-preomp(h, scale. = TRUE)
> peale-h.peatxl, 1]
> vi<-h.pcasrotation[,1]
> vl

1
20

PC2
000 005 010 015 020
L

client risk investment_goals age
0.06654032 0.68871415 0.66428895 ~0.24445688 4

-0.14214861 o
> head(pcal) =
[1] 3.1440212 -0.2798855 0.9827714 -0.2643952 1.0323214 -0.6770764 Q
> summary(h. pca)
Importance of components: T

PC1 PC2 PC3 pPC4 PCS
sStandard deviation 1.3216 1.0528 0.9896 0.9291 0.54991 04
proportion of variance 0.3493 0.2217 0.1959 0.1727 0.06048
cumilative Proportion 0.3493 0.5710 0.7669 0.9395 1.00000 PC1
> plot(h.pca)
> biplot(h.pca, xlim=c(-1;1)) v

Fig. 11. Visualization of clusters for investors with different attitude to risk

Cluster analysis of estimated data for 14532 investors (fig. 12) revealed 3 types of
investors:

o 1% type of investor: for the risk-aversing client, who invests in
cryptocurrencies, the yield and the risk will be lower.

2" type of investor: for the risk-seeking investor, the yield and the risk will
be higher.

« 3" type of investor: for neutral type of investor, the yield and risk will be
lowest.

Principal component analysis using command biplot reveals that 1% main
component includes risk (abscissa axis), whereas 2™ main component consists of
investment goal (ordinate axis). The most investors are risk neutral, second largest
group of investors (upper) is risk-averse. The shortest group (below) includes risk-
seeking investors.

Thus investors who take part in trading of cryptocurrenices can be potential clients
of financial services which construct different investment plans for different risk
attitude clients and their behavior after price changing of cryptocurrencies.
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Fig. 12. Clusters analysis for investors with different risk attitude

5 Conclusions

As a conclusion of the giving research it is necessary to note that we have found a
dependency between the independent variables (the value of the cryptocurrency), and
the dependent variables (whether it would be bought or not). The effect of the
cryptocurrency rate almost 99% affects the purchase and sale of the currency. 1%
describes those buyers for whom the price is not of the great importance, or they have
personal preferences, or they are not afraid to take risks. If the price of cryptocurrency
increases from its average value, then the chance of the currency to be purchased will
be decreased in the inverse proportion.

As a result of simulation experiment through the application using real data from
open sources we have revealed that that there were 3 group of investors (especially
risk-seeking clients) with different risk attitudes who can invest in different financial
instruments such as cryptocurrencies.
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