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An urgent issue of modern football competitions is the 
detection of fixed matches. Known methods for predicting the 
outcome of a match by analyzing bets on a match or analyzing 
the actions of football players on the field use a large amount 
of data that is not always available. To overcome this obstacle,  
there can be applied a method for detecting suspicious fixed 
match results based on conformal predictors and power mar-
tingales, which uses publicly available public data. But in 
practice, this method does not always detect such matches with 
high precision. An improved method for determining a suspi-
cious match is proposed, based on the theory of conformal pre-
dictors using a modified Stepanets indicator function, which 
is compared with a threshold. The modified Stepanets indica-
tor function is applied to the power martingale and shows the 
relative change in the martingale value of the current match 
compared to the previous match. The threshold value was 
determined experimentally according to the criterion of the 
maximum of the F1 metric. Data from the 2013–2014 season 
of the French II League were used as a training sample, and 
data from the 2014–2015 season of Serie B in Italy were used 
as a test sample. Team clustering was performed on all samples. 
For each of the formed classes of matches on both samples, the 
measure of non-conformity, the degree of non-conformity, the 
power martingale, and the modified Stepanets indicator func-
tion were calculated. The resulting indicators of precision met-
rics and F1 are higher (average values of metrics P = 0.84, 
F1 = 0.87) than the same indicators of martingale and p-value 
rules (average values of metrics P = 0.75, F1 = 0.78), applied  
to the same data. The proposed method reveals 4 out of 
5 matches of the 2014–2015 Serie B season in Italy, which are 
considered fixed according to information from official Italian 
law enforcement sources
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1. Introduction 

Today, the field of sports competitions is becoming an 
area for looking for anomalies, in particular, due to the 
simplification of the possibility to make bets on sports and 
the global spread of the activities of bookmakers [1]. One of 
the tasks in this area is the search for matches suspicious of  
a fixed result (match-fixing, hereinafter MSFR), which can 
be interpreted as an anomaly. Such matches are a problem 
of sports competitions no less than the problem of doping 
among athletes [2]. The importance of this task is due, on the 
one hand, to the risk of uncontrolled illegal earnings from 
betting, and on the other hand, to the risk of public distrust 
of both individual teams, sports competitions, and sports as 
a whole [1]. A competition that is not considered authentic 
cannot expect continued public support [1]. In the case when 
the fixed result of the match is the result of an agreement 
between a certain organization and the main players of the 
team, the fact of a possible agreement can be traced through 
financial transactions or an unnatural distribution of the vo-
lumes of bets on the corresponding results of the match [1, 3]. 
But these data are not always publicly available. Therefore, 
research aimed at finding potentially suspicious results of 

sports matches based on the processing of exclusively public-
ly available public data should be considered relevant.

2. Literature review and problem statement

A separate category of research in the field of sports, in 
particular football, competitions are mathematical methods 
of identifying sports matches with a fixed result. The search 
for such anomalies in sports competitions, at least in the 
field of football, is reduced to predicting the outcome of the 
match, and analysis of bets [4–6].

Statistical methods [5] (in particular, Bayesian networks) 
and machine learning methods [6] are used to predict the 
outcome of a football match. These methods can be used to 
identify «anomalies» in match results. But their disadvantage 
is the need to use a significant number of match attributes, 
which are not always available, and the lack of an opportuni-
ty to obtain analytical regularities for predicting the result. 
These shortcomings make it necessary to devise methods that 
do not require a large amount of non-publicly available data.

Methods based on betting analysis are also used to detect 
matches with a fixed result [4]. If during a match the difference  
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between the actual betting volume and the predicted volume 
is statistically significant, the match is considered fixed. 
However, a recent study [7] showed that most cases of match- 
fixing do not involve betting.

To analyze the properties of downward convex sequences 
and power functions, in particular, their convergence to zero, 
a special α-function-indicator was proposed in [8]. In [9], the 
inverse α-function-indicator was used to compare ordered 
patterns of results of football teams obtained during the 
season. It is shown that in many cases this approach allows 
better detection of deviations from the standard behavior 
of the team during the season than a direct comparison of it 
with the current behavior of the team.

In the monograph [10], a mathematical apparatus of 
conformal predictors and power martingales was built for the 
solution of anomaly detection. The advantages of this ma-
thematical apparatus involve the combination of the process 
of learning and forecasting in one stage and, as a result, in 
using the results of decision-making on previous objects to 
predict the result for the current object. In particular, in [11] 
it is shown how exactly this mathematical apparatus can be 
practically used to improve the results of classification by 
methods of support vectors and nearest neighbors and to 
detect changes in data flows.

In [12], it is proposed to use the apparatus of conformal 
predictors and power martingales to find MSFR of football 
tournaments. Since the precision metric of the martingale rule 
proposed in the study [12] for some classes of matches was 
less than 70 %, there is a need to improve the developed rule.  
Therefore, it is expedient to conduct a study aimed at im-
proving the precision of the detection of MSFR based on 
the theory of conformal predictors due to the use of the 
above-mentioned Stepanets indicator function.

3. The aim and objectives of the study

The purpose of the research is to identify MSFR in foot-
ball tournaments based on the theory of conformal forecast-
ing using the modified Stepanets indicator function and data 
only on the results of the matches. This will make it possible 
to increase the quality indicators of MSFR detection.

To accomplish the aim, the following tasks have been set:
– to analyze the application of the Stepanets indicator 

function to the power martingale and perform its modification;
– to devise an improved method for detecting matches 

suspicious of a fixed result based on the theory of conformal 
predictors using the modified Stepanets characteristic;

– to investigate and evaluate the effectiveness of the 
devised method for detecting football matches suspicious of 
a fixed result on real data by applying classification metrics 
that are basic in machine learning.

4. The study materials and methods 

4. 1. The object and hypothesis of the study
The object of our study is the process of identifying suspi-

cious football matches regarding the fixed result.
The main idea of the method is to detect MSFR by re-

cording the corresponding changes in the value of the power 
martingale using the modified Stepanets characteristic. The 
martingale value for a match is formed based on the results 
of the conformal predictor for all matches of the season. The 

conformal predictor determines the probability of how close 
the current match corresponds to the match group to which 
it was assigned according to the classification of participat-
ing teams. The classification of participating teams and the 
calculation of the specified probability is based on data on 
the success of the participating teams and the results of all 
matches of the season. Match data is obtained from an open 
resource [13] related to soccer betting research.

4. 2. Method for detecting matches suspected of a fixed 
result based on the theory of conformal predictors

The method for detecting MSFR proposed in [12] consists 
of four actions that must be performed for each new zk match:

1) the measure of non-conformity (difference) ak is cal-
culated, which is the first step in the calculation of the con-
formal predictor:

a avgk

avg

k k k i j
k i j k k= −( ) −− −( )( )1 5

1
. ,( , )*

( , )

sgn α β α β  (1)

where the function sgn(x) indicates the sign of the number x 
and is equal to 1 if x > 0, 0 if x = 0, and –1 if x < 0, the characte-
ristic avgk(i, j) is the arithmetic mean difference of goals scored 
by home and away teams in all class matches. The avgk(i, j) 

characteristic is considered the expected result of the match in 
the class of matches and is calculated according to the formula:

avgk i j
class z class z

l l
k l

( , ) ,= −{ }
( )= ( )
mean α β  (2)

where k is the number of the current match in chronological 
order; l is the number of another match that belongs to the 
same class as the current match; i and j are, respectively, the 
rank of the home and away teams of the current match. The 
calculation of characteristic (2) is carried out for the entire 
set of matches zk in the class (i, j), that is, the entire set of 
observations is considered known and available for research 
in its entirety. Because of this, the proposed MSFR detection 
algorithm is termed an offline algorithm.

The result of the match in the format of a victory of the 
home team, a draw, or a victory of the away team will be here-
after called the character of the result of the match.

The measure of non-conformity ak takes into account the 
absolute results of the teams during the match, the difference 
between the actual and expected results of the match;

2) the degree of non-conformity pk of the match zk of the 
set of observations {z1, z2,…, zk–1, zk}is calculated:

p p z z z
i a a i k

kk k
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≥ ≤ ≤{ }

1 2

1
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# : ,
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where the operation #{i: ai ≥ ak, 1 ≥ i ≥ k} returns the number 
of matches whose degree of non-conformity (1) is not less 
than the degree of non-conformity of the match zk;

3) a modified power martingale Mk
ε( ) is calculated for an 

arbitrary value ε∈[0; 1]:

M pk
i

k

i
ε εε( )

=

−= ∏
1

1; (4)

4) the MSFR set S is formed on the basis of the value of 
the modified power martingale Mk

ε( ) (martingale rule) and 
the degree of non-conformity pk (p-value rule) of matches zk, 
respectively, according to the formulas:

S = { }> −z M Mk k k| ,( ) ( )ε ε
1  (5)
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S = ( ){ }< ∨ ∈( ) ∧ < +( )( )− − −z p p z S p pk k k k k k| .1 1 1 Δ  (6)

where the sign ∨ is a disjunction (logical operation OR), the 
sign ∧ is a conjunction (logical operation AND); Δ ∈(0; 1) is 
the permissible difference between the degree of conformity 
pk–1 of the previous and pk of the current object.

The evaluation of research results is performed according 
to the principle of positive-negative binary classification 
problems, where a positive match is a match for which the 
«Potentially Suspicious» characteristic is equal to 1. The 
metrics of precision (P), recall (R), and measure F1 are used 
as performance indicators:

P
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TP FP
=

+
, (7)
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, (8)

F

P R

TP
TP FP FN1

2
1 1

2
2

=
+

=
+ +
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The value TP (true positives) is equal to the number of 
matches that are potentially suspicious, and the algorithm de-
tected them as such. The value of FP (false positives) is equal to 
the number of matches that are not potentially suspicious but 
were detected as such by the algorithm. The value FN (false 
negatives) is equal to the number of matches that are poten-
tially suspicious but were mistakenly missed by the algorithm.

Similar to [12], an offline algorithm is applied, that is, an 
algorithm in which the match result is calculated based on all 
matches in the class. However, the calculation of the degree 
of non-conformity (3) was carried out based on the degree of 
non-conformity of all matches in the class, and not only those 
matches that have already ended before the current one, that is:

p p z z z z
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where N is the number of matches in class (i, j).

4. 3. Stepanets indicator function
To study the dependence of martingale for different clas-

ses of matches, it was proposed to use the function-indicator 
of Stepanets [8]:

α x f x
f x

x f x
;

| |
.'( )( ) =

( )
( )  (11)

In [8], this indicator function was used to analyze the pro-
perties of downward convex sequences and power functions.

This characteristic was used, in particular, for the analy-
sis of the rate of convergence to zero of downwardly convex 
functions f(x) by comparing these functions with power 
functions xn, n∈R and further classifying the function f(x) 
according to the value of this characteristic. For down-
ward convex functions of form f(x) = Cxn, the characteris-
tic a(x, f(x)) = 1/n.

In work [9], the Stepanets characteristic α x f x; ( )( ) was 
used to compare ordered patterns of results of football teams 
obtained during the season:

α x f x
x f x

f x
;

| |
.( )( ) =

′( )
( )  (12)

It is shown that in some cases this approach makes it pos-
sible to better detect deviations from the standard behavior 
of the team during the season than a direct comparison of the 
standard pattern of team behavior with the current behavior 
of the team [9].

5. Results of the study of an improved method  
of detecting fixed matches using a modified  

characteristic of Stepanets

5. 1. Results of the study of the modified Stepanets 
function-indicator

During the study of martingale charts for different class-
es of matches on the data of the 2013–2014 season of the 
French II League [13], a property related to the change in 
the value of the martingale was established (Fig. 1). At points 
that corresponded to suspicious fixed matches, the value of 
the martingale increased significantly faster than at points 
that corresponded to regular matches but were defined as 
suspicious by the martingale rule.

In Fig. 1, correctly detected matches (TP) are high-
lighted in green, and falsely detected matches (FP) are 
highlighted in red. In the vast majority of points that 
correspond to correctly detected matches, the derivative is 
larger than in points that are close to correctly detected and 
correspond to false detections. For example, for the class of 
matches (1, 1) (Fig. 1, a) at points k ∈{4, 8, 9}, which corre-
spond to potentially suspicious matches, the magnitude of 
the change in the value of the martingale is greater than at 
point k = 11, which corresponds to a falsely detected match. 
For class (2, 2) (Fig. 1, b) at points k ∈{5, 8, 10, 13, 15, 16, 
19, 20}, which correspond to potentially suspicious match-
es, the magnitude of the change in the martingale value is 
greater than at points k ∈{6, 7, 9, 12}, which corresponds to 
a falsely detected match.

It is proposed to use the characteristic α x f x; ( )( ) also for 
the task of searching for MSFR.

From a practical point of view for data analysis, this char-
acteristic is interesting since its value depends on the ratio of 
the value of the derivative f ′(x) to the value of function f(x) 
at point x. Additionally, this ratio is scaled by multiplying by 
the value of point x. The ratio of the value of the derivative 
f ′(x) to the value of function f(x) can be interpreted as the 
relative rate of change of the value o function f(x) at point x. 
If x is considered an observation number, and function f(x) 
is considered a characteristic of a certain process, then the 
characteristic α x f x; ( )( ) is the value of the relative rate of 
change of function f(x). This value is additionally weighted 
by the observation number: the more recent (larger) the 
observation number x is, the more weight the value of the 
relative rate of change of function f(x) has.

Since the current study uses an offline algorithm, i.e., 
an algorithm in which all observations are assumed to be 
known and equal, weighting more relevant observations is 
not appropriate in this case. Therefore, as part of the current 
study, this characteristic was modified and represented in the 
following form:

s x f x C
f x

f x
; ,( )( ) =

′( )
( )  (13)

where the number C is a certain weighting factor that is con-
stant for all observations of x. 
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This coefficient is introduced for the same weighting 
of the values of characteristic s(x ; f(x)) regardless of the 
observation number. A modulus was removed from the de-
rivative of function f ′(x) to take into account not only the 
magnitude of the relative change of the function f(x) but 
also the direction of its change.

5. 2. Improved method for detecting matches suspec-
ted of a fixed result using the modified Stepanets cha-
racteristic 

The modified Stepanets function (13) was applied to 
martingale Mk . Since, in the framework of this study, the 
martingale is a function of a discrete value k, which is the 
observation number, then f(x) = Mk. 

The martingale ′Mk  derivative is calculated approxima-
tely using the difference scheme:

′ ( ) ≈
( ) − −( )

− −( ) ≈ ( ) − −( )M j
M j M j

j j
M j M j

1

1
1 . (14)

Characteristic s(k; M(k)) is also further normalized to 
reduce its value in each match class to a common range, ac-
cording to the following formula:

s k M k
s k M k

k M ks
N

k

;
;

;max (
.( )( ) ( )( )

( )( ){ }=  (15)

The following threshold rule with the threshold Sε was 
proposed for the classification of MSFRs with numbers k into 
the set of MSFR S in each class of matches:

k s k M k SN∈ ↔ ( )( ) >S ; .ε  (16)

According to this rule, a match suspicious of a fixed result 
is considered a match with the number k, for which the value 
of the normalized modified Stepanets indicator function (15) 
exceeds the threshold value Sε.

The search for the threshold Sε of the decisive rule (16) 
was carried out on the basis of the 2013–2014 French League 
II season as a training season. Using the data of this season, 
the ranges for the Sε threshold, at which the highest values 
of the F1 metric are achieved, were obtained. The search was 
performed separately on each class of matches. The search 
results are given in Table 1. Cells in the columns of metrics P, 
R and F1 have a range of four-color coloration. Cells with 
values from the range [0.75; 0.9) – yellow, and green – with 
values from the range [0.9; 1]. When calculating martin-
gale (4), the value of the parameter ε = 0.8 was used.
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Fig.	1.	Chart	of	characteristics	Mk	for	several	classes	of	matches	of	the	2013–2014	season	of	the	French	II	League:		
a	–	for	the	class	of	matches	(1,	1);	b	–	for	the	class	of	matches	(2,	2);	c, d	–	for	the	class	of	matches	(3,	2);		

e,	f	–	for	the	class	of	matches	(3,	3)



Eastern-European Journal of Enterprise Technologies ISSN 1729-3774 3/4 ( 123 ) 2023

26

Table	1

Ranges	of	the	best	Sε	threshold	values		
for	the	threshold	rule	(16)	by	each	class	of	matches		

in	the	2013–2014	French	League	II	season

Class [min (Sε); max (Sε)]
Number of cases Metrics

TP FP FN P R F1 

(1, 1) [0.1179; 0.6074] 5 0 0 1 1 1

(1, 2) [0; 0.2110] 8 0 1 1 0.89 0.94

(1, 3) [0; 0.3232] 14 0 1 1 0.93 0.97

(1, 4) [0.2365; 0.4202] 6 0 0 1 1 1

(2, 1) [0.2753; 0.5063] 7 0 0 1 1 1

(2, 2) [0.0722; 0.211] 9 0 0 1 1 1

(2, 3) [0.0672; 0.2303] 12 0 0 1 1 1

(2, 4) [0; 0.211] 9 0 0 1 1 1

(3, 1) [0.1108; 0.269] 9 0 0 1 1 1

(3, 2) [0.1534; 0.2448] 17 0 0 1 1 1

(3, 3) [0.1216; 0.2472] 18 0 1 1 0.95 0.97

(3, 4) [0.1002; 0.1912] 15 0 0 1 1 1

(4, 1) [0; 0.2425] 7 0 0 1 1 1

(4, 2) [0.0781; 0.1538] 13 0 0 1 1 1

(4, 3) [0.0713; 0.3278] 12 0 0 1 1 1

(4, 4) [0; 0.2309] 6 0 0 1 1 1

Groups Threshold value range Sε Average characteristics

Group I [0.1534; 0.1538] 11 0 0.21 1 0.98 0.99

Group II [0.2753; 0.4202] 6.50 0 0 1 1 1

After determining the ranges of the best values for the 
threshold Sε, a common threshold value for most match clas-
ses was searched using the following algorithm:

1. The maximum set of classes of matches (Group I) is 
defined, for which the ranges of threshold values have an 
intersection with C. The classes of matches (Group I) that 
fall into the maximum set are highlighted in Table 1 in blue. 
Classes of matches that do not fall into the maximum set are 
highlighted in Table 1 in beige color.

2. From the found intersection of the ranges C, the com-
mon threshold value Sε is chosen as the closest to the ranges 
of those classes of matches that did not fall into Group I.  
In this example, this value is chosen near the right border 
of intersection C since this border is open, and the ranges of 
other classes’ matches (Group II) are to the right of Group I. 
The chosen value is Sε = 0.1538.

The performance indicators of the threshold rule at this 
threshold value are given in Table 2. Cells in the columns of 
metrics P, R, and F1 have the same color as in Table 1. Cells 
with values from the range [0.6; 0.75) – orange, and, as in 
Table 1, yellow – with values from the range [0.75; 0.9), and 
green – with values from the range [0.9; 1]. For convenience, 
the first column Class has the same color scheme that this 
column has in Table 1. Match classes that belong to the max-
imum set of match classes (Group I from Table 1) are marked 
in blue, other match classes are marked in beige.

For classes (1, 4) and (2, 1), the values of the precision 
metric P are in the range of (0.6, 0.7), and the values of metric 
F1 are in the range of (0.75, 0.8). Metric values for classes of 
matches belonging to Group I are equal to the values of the 
metrics for the same classes in Table 1. This is because the 

threshold Sε = 0.1538 according to Table 1 belongs to the in-
terval [min (Sε); max (Sε)] for these match classes.

Table	2

Estimates	of	the	effectiveness	of	the	threshold		
rule	(16)	at	Sε = 0.1538	for	each	class	of	matches	of		

the	2013–2014	season	of	the	French	II	League	

Class
Number of cases Metrics

TP FP FN P R F1

(1, 1) 5 0 0 1 1 1

(1, 2) 8 0 1 1 0.89 0.94

(1, 3) 14 0 1 1 0.93 0.97

(1, 4) 6 3 0 0.67 1 0.80

(2, 1) 7 4 0 0.64 1 0.78

(2, 2) 9 0 0 1 1 1

(2, 3) 12 0 0 1 1 1

(2, 4) 9 0 0 1 1 1

(3, 1) 9 0 0 1 1 1

(3, 2) 17 0 0 1 1 1

(3, 3) 18 0 1 1 0.95 0.97

(3, 4) 15 0 0 1 1 1

(4, 1) 7 0 0 1 1 1

(4, 2) 13 0 0 1 1 1

(4, 3) 12 0 0 1 1 1

(4, 4) 6 0 0 1 1 1

Average characteristics 0,96 0,99 0.97

The average values of the metrics, precision P, recall R, 
and F1, for the threshold rule (16) with Sε = 0.1538 on the 
data of the 2013–2014 season of the French II League are in 
the range of [0.9; 1].

5. 3. Results of the application of the devised improved 
method for detecting matches suspicious of a fixed result 
for the season of 2014–2015 in Italian Serie B

Before searching for MSFR, teams are grouped into clus-
ters according to their success in the season, and based on 
this grouping, each team is assigned a rank i∈{1, …, K}, where 
K is the number of clusters. Rank 1 is awarded to the best 
teams of the season, and rank K is awarded to a certain num-
ber of the last teams of the season, depending on the rules 
of the tournament. Examples of a grouping of tournament 
teams according to the final result are shown in works [9, 12]. 
The grouping principle is as follows: the first cluster is formed 
from M+1 first teams of the season, and the last cluster is 
formed from L+1 last teams of the season. The numbers M 
and L are selected from the increase or decrease rules. For 
Italian Serie B, M = 3 and L = 4. Other teams are divided into  
2 groups: the first group consists of teams close to the teams of 
the first cluster, and the second group consists of teams close 
to the teams of the last cluster. To obtain these two groups, 
the 2-means algorithm was used in the current study. The 
results of team grouping are shown in Table 3 on the example 
of the teams of the 2014–2015 season of Serie B of Italy, K = 4. 
Certain groups of teams in Table 3 are highlighted in separate 
colors: the teams of cluster No. 1 are highlighted in light red, 
the teams of cluster No. 2 – in green, the teams of cluster 
No. 3 – in yellow, and the teams of cluster No. 4 – in white.
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Table	3

Grouping	of	teams	of	the	2014–2015	season		
of	the	Serie	B	in	Italy

Team number 
in the overall 

standings
Team name

Number 
of points 
scored 

Number 
of wins

Number 
of draws

Cluster 
No., 

Rank

1 ’Carpi’ 80 22 14 1

2 ’Bologna’ 73 18 19 1

3 ’Frosinone’ 71 20 11 1

4 ’Pescara’ 70 18 16 1

5 ’Vicenza’ 69 18 15 2

6 ’Spezia’ 67 18 13 2

7 ’Perugia’ 66 16 18 2

8 ’Avellino’ 65 17 14 2

9 ’Livorno’ 59 15 14 2

10 ’Bari’ 54 14 12 3

11 ’Trapani’ 53 13 14 3

12 ’Ternana’ 51 13 12 3

13 ’Lanciano’ 50 10 20 3

14 ’Latina’ 50 11 17 3

15 ’Catania’ 49 12 13 3

16 ’Entella’ 49 10 19 3

17 ’Modena’ 49 10 19 3

18 ’Pro Vercelli’ 49 12 13 4

19 ’Brescia’ 48 12 12 4

20 ’Crotone’ 48 12 12 4

21 ’Cittadella’ 44 9 17 4

22 ’Varese’ 39 9 12 4

Using the resulting team grouping, matches are classified 
by the rank of the participating teams. As a result, a set of 
match classes C = {(i, j)| i, j∈{1,…, K}} is formed.

For each class of matches (i, j), the expected result of 
the match is calculated as the average arithmetic difference  
of goals scored by the home and away teams of all matches 
of class (2).

Since there is no information on all fixed matches of the 
season, in each class of matches (i, j) MSFRs were deter-
mined according to the expert principle. If the match result 
did not match the expected avgk(i, j) or the goal difference 
in the match was one or more goals more than expected, 
then such a match is considered potentially suspicious. For 
example, if the expected result is 1.5, then matches in which 
the home and away goal difference is less than 1 goal or more 
than 2 goals are considered potentially suspicious. On the 
other hand, if a draw is expected, then matches in which the 
goal difference is not zero are considered potentially suspect. 
Table 4 shows the result of the marking of matches on the 
example of class (3, 3) matches of the 2014–2015 Italian 
Serie B season. Potentially suspicious matches are marked 
in gray. An additional yellow color indicates matches that 
are recognized as match-fixing according to information 
from external sources [14]. Table 4 is one of the results of the 
classification of matches. Data on the date of the match, the 
participating teams, and the result of the match were taken 
from an open resource [13] related to the study of bets on 
football matches.

Table	4

Marking	of	class	(3,3)	matches	of	the	2014–2015	season		
of	Serie B	in	Italy

Match class (3,3) of the 2014–2015 season of the Italian II Division

No. Host team Guest 
team Result Date of the 

event

Poten-
tially sus-

picious
1 ’Catania’ ’Lanciano’ ’3:3’ 30-Aug-2014 0
2 ’Entella’ ’Bari’ ’0:2’ 30-Aug-2014 1
3 ’Lanciano’ ’Modena’ ’2:0’ 07-Sep-2014 1
4 ’Catania’ ’Modena’ ’0:0’ 20-Sep-2014 0
5 ’Trapani’ ’Entella’ ’2:2’ 23-Sep-2014 0
6 ’Latina’ ’Ternana’ ’1:1’ 27-Sep-2014 0
7 ’Lanciano’ ’Bari’ ’1:1’ 29-Sep-2014 0
8 ’Bari’ ’Modena’ ’1:1’ 04-Oct-2014 0
9 ’Trapani’ ’Latina’ ’1:0’ 04-Oct-2014 0

10 ’Catania’ ’Bari’ ’2:3’ 12-Oct-2014 1
11 ’Ternana’ ’Trapani’ ’1:2’ 24-Oct-2014 1
12 ’Catania’ ’Entella’ ’5:1’ 28-Oct-2014 1
13 ’Entella’ ’Lanciano’ ’0:0’ 01-Nov-2014 0
14 ’Entella’ ’Ternana’ ’2:1’ 04-Nov-2014 0
15 ’Bari’ ’Ternana’ ’0:1’ 10-Nov-2014 1
16 ’Trapani’ ’Catania’ ’2:2’ 16-Nov-2014 0
17 ’Latina’ ’Lanciano’ ’1:0’ 16-Nov-2014 0
18 ’Bari’ ’Trapani’ ’2:1’ 22-Nov-2014 0
19 ’Catania’ ’Latina’ ’1:0’ 23-Nov-2014 0
20 ’Ternana’ ’Catania’ ’1:0’ 29-Nov-2014 0
21 ’Lanciano’ ’Trapani’ ’2:2’ 06-Dec-2014 0
22 ’Ternana’ ’Lanciano’ ’0:1’ 13-Dec-2014 1
23 ’Entella’ ’Modena’ ’1:1’ 16-Dec-2014 0
24 ’Bari’ ’Latina’ ’1:0’ 20-Dec-2014 0
25 ’Modena’ ’Trapani’ ’2:1’ 20-Dec-2014 0
26 ’Latina’ ’Entella’ ’1:1’ 24-Dec-2014 0
27 ’Ternana’ ’Modena’ ’1:0’ 24-Dec-2014 0
28 ’Modena’ ’Latina’ ’0:0’ 28-Dec-2014 0
29 ’Bari’ ’Entella’ ’0:0’ 17-Jan-2015 0
30 ’Lanciano’ ’Catania’ ’3:0’ 17-Jan-2015 1
31 ’Modena’ ’Lanciano’ ’1:1’ 25-Jan-2015 0
32 ’Entella’ ’Trapani’ ’1:1’ 14-Feb-2015 0
33 ’Ternana’ ’Latina’ ’0:2’ 21-Feb-2015 1
34 ’Bari’ ’Lanciano’ ’2:0’ 21-Feb-2015 1
35 ’Latina’ ’Trapani’ ’1:0’ 27-Feb-2015 0
36 ’Modena’ ’Bari’ ’0:1’ 28-Feb-2015 1
37 ’Bari’ ’Catania’ ’1:1’ 03-Mar-2015 0
38 ’Ternana’ ’Entella’ ’0:1’ 03-Mar-2015 1
39 ’Modena’ ’Catania’ ’0:0’ 10-Mar-2015 0
40 ’Trapani’ ’Ternana’ ’4:2’ 14-Mar-2015 1
41 ’Entella’ ’Catania’ ’2:0’ 21-Mar-2015 1
42 ’Lanciano’ ’Entella’ ’1:0’ 29-Mar-2015 0
43 ’Ternana’ ’Bari’ ’2:0’ 02-Apr-2015 1
44 ’Catania’ ’Trapani’ ’4:1’ 11-Apr-2015 1
45 ’Lanciano’ ’Latina’ ’1:1’ 11-Apr-2015 0
46 ’Modena’ ’Entella’ ’2:0’ 11-Apr-2015 1
47 ’Trapani’ ’Bari’ ’1:1’ 18-Apr-2015 0
48 ’Latina’ ’Catania’ ’1:2’ 19-Apr-2015 1
49 Catania’ ’Ternana’ ’2:0’ 24-Apr-2015 1
50 ’Trapani’ ’Lanciano’ ’1:0’ 28-Apr-2015 0
51 ’Lanciano’ ’Ternana’ ’1:1’ 02-May-2015 0
52 ’Latina’ ’Bari’ ’2:0’ 09-May-2015 1
53 ’Trapani’ ’Modena’ ’3:0’ 09-May-2015 1
54 ’Entella’ ’Latina’ ’2:0’ 16-May-2015 1
55 ’Modena’ ’Ternana’ ’1:2’ 16-May-2015 1
56 ’Latina’ ’Modena’ ’1:1’ 22-May-2015 0
57 ’Entella’ ’Modena’ ’2:2’ 30-May-2015 0
58 ’Modena’ ’Entella’ ’1:1’ 06-Jun-2015 0
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According to information from Italian law enforcement 
agencies [14], in the 2014–2015 season of the Serie B in Italy, 
the owner of the Catania team admitted to organizing the 
fixing of the result in 5 matches in 2015. We are talking about 
4 matches of this team against the teams of Varese, Trapani, 
Latina, Ternana, which took place in April, and 1 match of this 
team against the team of Livorno, which took place in May.  
According to the applied team grouping, 3 of the 4 mentioned 
matches (Catania – Trapani, Latina – Catania, Catania –  
Ternana) are in the match class (3, 3). Therefore, lines No. 44, 
No. 48, and No. 49 from Table 4 that correspond to these 
matches are marked with a yellow background color. In 
addition, the mentioned matches were identified as poten-
tially suspicious according to the expert marking principle. 
Therefore, these lines from Table 4 are also marked with  
a gray background color.

Table 5 shows the result of the marking of matches on 
the example of class (4, 3) matches of the 2014–2015 Italian 
Serie B season. Table 5 is one of the results of the classifica-
tion of matches. Data on the date of the match, the partici-
pating teams, and the result of the match are also taken from  
an open resource [13] related to the research of bets on foot-
ball matches.

According to the applied grouping of teams, 1 of the  
4 matches of April 2015 (Varese – Catania) for which there is 
a confirmation of the fixed result was included in the match 
class (4, 3). Therefore, line No. 35 from Table 5, which cor-
responds to this match, is marked with a yellow background 
color. In addition, the specified match was identified as 
potentially suspicious according to the expert marking prin-
ciple. Therefore, this line from Table 5 is also marked with a 
gray background color.

The proposed threshold rule (16) was applied with 
the chosen threshold value of Sε = 0.1538 to the data of the 
2014–2015 Serie B Italy season as test data. Because this, 
the season match data was processed in the manner discussed 
above to obtain the match classes for a given season. This 
particular season of the Serie B tournament in Italy was 
chosen since external sources [14] have information about 
matches that are officially recognized as match-fixing in this 
season. The results of applying the threshold rule (16) to the 
specified data are shown in Table 6. Cells in the columns of 
metrics P, R, and F1 have the same color design as in Table 3. 
Cells with values from the range [0.3; 0.6) – red, in orange – 
with values from the range [0.6; 0.75), yellow – with values 
from the range [0.75; 0.9), and green – with values from the 
range [0.9; 1]. For convenience, the first column Class has the 
same color scheme that this column has in Table 2. Match 
classes that belong to the maximum set of match classes are 
marked in blue, other match classes are marked in beige.

The results obtained by the threshold rule (16) based on 
the average values of the P and F1 metrics are better than the 
results of applying the algorithms proposed in the previous 
study [12] to the same data.

The results of detecting matches suspicious of a fixed 
result in the class of matches (3, 3) of the season 2014–2015 
Serie B Italy are shown in Fig. 2. Fig. 2, a shows the chart 
of the measure of non-conformity (1) calculated for each 
match from Table 4. Fig. 2, b shows the chart of the degree 
of non-conformity (p-value) (10) and the result of applying 
the p-value rule (6) at Δ = 0.2 to the matches listed in Table 4. 
Fig. 2, c shows the chart of the power martingale (4) and the 
result of applying the martingale rule (5) to the matches 
listed in Table 4. Fig. 2, d shows the chart of the normalized 

modified function of the Stepanets indicator (15) and the 
result of applying the threshold rule (16) to the matches 
listed in Table 4.

Table	5
Marking	of	the	class	(4,	3)	matches		

of	the	season	2014–2015	Serie	B	Italy

Match class (4.3) of the 2014–2015 season of the Italian II division

No. Host team
Guest 
team

Result
Date of the 

event

Poten-
tially sus-

picious

1 ’Crotone’ ’Ternana’ ’0:2’ 30-Aug-2014 1

2 ’Pro Vercelli’ ’Catania’ ’3:2’ 07-Sep-2014 0

3 ’Varese’ ’Lanciano’ ’1:1’ 13-Sep-2014 0

4 ’Brescia’ ’Ternana’ ’0:0’ 20-Sep-2014 0

5 ’Brescia’ ’Lanciano’ ’1:1’ 23-Sep-2014 0

6 ’Crotone’ ’Catania’ ’1:1’ 23-Sep-2014 0

7 ’Varese’ ’Trapani’ ’5:2’ 27-Sep-2014 1

8 ’Cittadella’ ’Lanciano’ ’2:3’ 04-Oct-2014 1

9 ’Cittadella’ ’Entella’ ’0:1’ 20-Oct-2014 1

10 ’Varese’ ’Bari’ ’2:1’ 25-Oct-2014 0

11 ’Pro Vercelli’ ’Bari’ ’3:0’ 01-Nov-2014 1

12 ’Varese’ ’Modena’ ’2:1’ 02-Nov-2014 0

13 ’Cittadella’ ’Latina’ ’1:1’ 08-Nov-2014 0

14 ’Crotone’ ’Bari’ ’3:0’ 16-Nov-2014 1

15 ’Pro Vercelli’ ’Entella’ ’2:0’ 22-Nov-2014 1

16 ’Crotone’ ’Modena’ ’1:4’ 29-Nov-2014 1

17 ’Varese’ ’Entella’ ’2:2’ 06-Dec-2014 0

18 ’Cittadella’ ’Bari’ ’0:1’ 13-Dec-2014 1

19 ’Pro Vercelli’ ’Ternana’ ’2:1’ 20-Dec-2014 0

20 ’Brescia’ ’Bari’ ’2:1’ 24-Dec-2014 0

21 ’Cittadella’ ’Catania’ ’3:2’ 24-Dec-2014 0

22 ’Pro Vercelli’ ’Trapani’ ’1:0’ 28-Dec-2014 0

23 ’Varese’ ’Ternana’ ’2:0’ 28-Dec-2014 1

24 ’Cittadella’ ’Modena’ ’1:1’ 17-Jan-2015 0

25 ’Crotone’ ’Latina’ ’2:1’ 24-Jan-2015 0

26 ’Brescia’ ’Entella’ ’3:0’ 31-Jan-2015 1

27 ’Cittadella’ ’Trapani’ ’1:0’ 31-Jan-2015 0

28 ’Pro Vercelli’ ’Modena’ ’1:1’ 31-Jan-2015 0

29 ’Brescia’ ’Modena’ ’0:1’ 03-Mar-2015 1

30 ’Crotone’ ’Trapani’ ’1:0’ 07-Mar-2015 0

31 ’Brescia’ ’Latina’ ’1:2’ 14-Mar-2015 1

32 ’Pro Vercelli’ ’Lanciano’ ’2:1’ 21-Mar-2015 0

33 ’Cittadella’ ’Ternana’ ’0:0’ 29-Mar-2015 0

34 ’Brescia’ ’Trapani’ ’1:1’ 29-Mar-2015 0

35 ’Varese’ ’Catania’ ’0:3’ 02-Apr-2015 1

36 ’Crotone’ ’Lanciano’ ’1:1’ 18-Apr-2015 0

37 ’Pro Vercelli’ ’Latina’ ’1:1’ 25-Apr-2015 0

38 ’Varese’ ’Latina’ ’1:2’ 02-May-2015 1

39 ’Brescia’ ’Catania’ ’4:2’ 09-May-2015 1

40 ’Crotone’ ’Entella’ ’0:0’ 22-May-2015 0
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Table	6

Estimates	of	the	effectiveness	of	the	threshold	rule	(16)		
at	S ε = 0.1538	and	the	p-value	rule	at	Δ = 0	and	Δ = 0.2		

for	each	class	of	matches	of	the	2014–2015	Italian	Serie B 

Rule p-value, Δ = 0

Class
Number of cases Metrics

TP FP FN P R F1
(1, 1) 4 0 1 1 0.80 0.89
(1, 2) 7 2 2 0.70 0.78 0.78
(1, 3) 8 3 0 0.73 1 0.84
(1, 4) 7 2 3 0.78 0.70 0.74
(2, 1) 6 4 2 0.60 0.75 0.67
(2, 2) 8 2 1 0.80 0.89 0.84
(2, 3) 7 7 5 0.50 0.58 0.54
(2, 4) 6 2 5 0.75 0.55 0.63
(3, 1) 12 1 1 0.92 0.92 0.92
(3, 2) 14 3 5 0.82 0.74 0.78
(3, 3) 17 4 6 0.81 0.74 0.77
(3, 4) 11 5 1 0.69 0.92 0.79
(4, 1) 8 2 2 0.80 0.80 0.80
(4, 2) 8 2 4 0.80 0.67 0.73
(4, 3) 12 1 4 0.92 0.75 0.83
(4, 4) 2 4 4 0.33 0.33 0.33

Average characteristics 0,75 0,74 0.75
Rule p-value, Δ = 0.2

Class
Number of cases Metrics

TP FP FN P R F1
(1, 1) 4 0 1 1 0.80 0.89
(1, 2) 8 3 1 0.73 0.89 0.80
(1, 3) 8 7 0 0.53 1 0.70
(1, 4) 8 2 2 0.80 0.80 0.80
(2, 1) 8 4 0 0.67 1 0.80
(2, 2) 9 2 0 0.82 1 0.90
(2, 3) 10 10 2 0.50 0.83 0.63
(2, 4) 6 3 5 0.67 0.55 0.60
(3, 1) 12 4 1 0.75 0.92 0.83
(3, 2) 16 4 3 0.80 0.84 0.82
(3, 3) 22 5 1 0.80 0.96 0.88
(3, 4) 12 8 0 0.60 1 0.75
(4, 1) 10 3 0 0.77 1 0.87
(4, 2) 11 4 1 0.73 0.92 0.82
(4, 3) 15 1 1 0.94 0.94 0.94
(4, 4) 4 5 2 0.44 0.67 0.53

Average characteristics 0,72 0,88 0.78
Threshold rule, Sε = 0.1538

Class
Number of cases Metrics

TP FP FN P R F1
(1, 1) 4 3 1 0.57 0.80 0.67
(1, 2) 9 0 0 1 1 1
(1, 3) 8 0 0 1 1 1
(1, 4) 10 0 0 1 1 1
(2, 1) 8 7 0 0.53 1 0.70
(2, 2) 9 4 0 0.69 1 0.82
(2, 3) 8 0 4 1 0.67 0.80
(2, 4) 11 5 0 0.69 1 0.82
(3, 1) 13 0 0 1 1 1
(3, 2) 13 0 6 1 0.68 0.81
(3, 3) 23 0 0 1 1 1
(3, 4) 12 13 0 0.48 1 0.65
(4, 1) 10 0 0 1 1 1
(4, 2) 12 0 0 1 1 1
(4, 3) 16 0 0 1 1 1
(4, 4) 6 8 0 0.43 1 0.60

Average characteristics 0.84 0.95 0.87
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Fig.	2.	The	application	of	different	rules	for	detecting	MSFR	
in	the	class	of	matches	(3,	3)	of	the	2014–2015	season	of		

the	Serie B	Italy:	a	–	measure	of	non-conformity	of	matches;		
b	–	martingale	rule;	c	–	p-value	rule;	d	–	threshold	rule	(16)

The results of detecting matches suspicious of a fixed 
result in the class of matches (4, 3) of the season 2014–2015 
Serie B Italy are shown in Fig. 3. Fig. 3, a shows the chart 
of the measure of non-conformity (1) calculated for each 
match from Table 5. Fig. 3, b shows the chart of the degree 
of non-conformity (p-value) (10) and the result of applying 
the p-value rule (6) at Δ = 0.2 to the matches listed in Table 5. 
Fig. 3, c shows the chart of the power martingale (4) and the 
result of applying the martingale rule (5) to the matches listed 
in Table 5. Fig. 3, d shows the chart of the normalized modified 
function of the Stepanets indicator (15) and the result of ap-
plying the threshold rule (16) to the matches listed in Table 5. 
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On each chart in Fig. 2, 3, match numbers are placed on 
the horizontal axis, which are in the ordinal (first) columns. 
Thus, the charts of the characteristics are arranged hori-
zontally in the same way as the matches in the tables of the 
match classes of Tables 4, 5. Fig. 2, 3, d, in addition to the 
results of applying rule (16), the threshold Sε at which the 
results were obtained is shown in the form of a pink straight 
line. In Fig. 2, 3, on each chart gray lines highlight the points 
that correspond to MSFR from the tables (Table 4 for Fig. 2 
and Table 5 for Fig. 3, respectively). The shaded green lines 
on the charts (b–d) highlight those matches that were found 
to be suspicious according to the relevant rule and are such 
according to the tables. Accordingly, the red dashed lines on 
the charts (b–d) highlight those matches that are identified 
as suspicious according to the relevant rules but are not such 
according to the tables.

Regarding the detection of matches that were indicated 
in the news [14]:

– Varese VS Catania (class (4, 3) #35, 2 April 2015, 0:3) 
was detected by the proposed threshold rule (16). Graphic 
confirmations are shown in Fig. 2;

– Catania VS Trapani (class (3, 3) #44, April 11, 2015, 4:1),  
Latina VS Catania (class (3, 3) #48, April 19, 2015, 1:2), 
Catania VS Ternana (class (3, 3) No. 49, April 24, 2015, 2:0) 
are detected by the proposed threshold rule (16). Graphic 
confirmations are shown in Fig. 3.

6. Discussion of results of the application of the improved 
method for detecting matches suspected of a fixed result

The results of the application of the improved method of 
detecting MSFR based on the proposed threshold rule (16) 
and the previously devised method based on the p-value 
rule (6) and the martingale rule (5) are shown in Fig. 2. After 
applying the normalized modified Stepanets indicator func-

tion (15) sN(k,M(k)) to the martingale (4) M(k) (Fig. 2, b), 
we obtain a chart of the function (Fig. 2, d). This chart 
shows that the points marked with gray lines have a value of 
characteristic (15) sN(k,M(k)) greater than the points corre-
sponding to normal matches and not marked with gray lines. 
Therefore, it is possible to introduce a certain threshold val-
ue Sε at which, applying the threshold rule (16), all or most 
MSFRs in the class (3, 3) will be detected. Similar results of 
applying the threshold rule are shown in Fig. 3, c, for the class 
of matches (4, 3).

Let us first consider the results of the application of the 
methods on the class of matches (3, 3) of the 2014–2015 sea-
son of the Serie B in Italy (Table 4, Fig. 2). According to the 
precision (P) and F1 metric, the applied rules were ranked in 
the following order: the third place was taken by the martin-
gale rule (5), the second place – the p-value rule (6), the first 
place – the proposed threshold rule (16). At the same time, 
the values of the metrics (P) and F1 for this class of matches 
are close to the average values of these metrics in the case of 
the threshold rule (16) (Table 6). This can be explained by 
several factors: the range of metric values for the threshold 
rule, and the quality of the performance of the non-conformi-
ty measure on this class of matches.

The range of metric values for the threshold rule is still 
large: from 0.43 to 1 for the precision metric and from 0.6  
to 1 for the F1 metric, which leads to a decrease in the average 
values of these metrics. At the same time, in most classes of 
matches, the values of the metrics are equal to 1 (for 10 out  
of 16 according to the precision metric and 8 out of 16 ac-
cording to the F1 metric).

On the class of matches (3,3), potentially suspicious 
matches are qualitatively distinguished by the measure 
of non-conformity (Fig. 2, a): the values of the measure 
of non-conformity for potentially suspicious matches are 
greater than the values of the measure of non-conformity for 
normal matches. This leads to the fact that the application of 
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Fig.	3.	The	application	of	different	rules	for	detecting	MSFR	in	the	class	of	matches	(4,	3)	of	the	2014–2015	season		
of	the	Serie B	Italy:	a	–	measure	of	non-conformity	of	matches;	b	–	martingale	rule;	c	–	p-value	rule;	d	–	threshold	rule	(16)
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the p-value rule (6) at Δ = 0.2 makes it possible to detect most 
of the potentially suspicious matches.

The fact that the martingale rule (5) has the lowest pre-
cision is due to the fact that the value of the martingale (5) 
increases with any deviation of the degree of non-confor-
mity (5) from 1: Mk–1<Mk when pk–1≥1 and pk–1≥1. On the  
one hand, the martingale rule (5) is an effective rule for the 
case that all normal matches will receive a p-value equal to 1.  
This, in turn, is possible by choosing an appropriate noncon-
formity measure (1), which may be one of the directions of 
further research.

On the other hand, the application of the normalized 
modified Stepanets indicator function (15) to the martin-
gale (4) made it possible to clearly distinguish all or most of 
the matches that belong to the potentially suspicious class. 
According to Fig. 2, 3, d, it can be seen that all matches be-
longing to the potentially suspicious class are clearly distin-
guished from the others by the value of characteristic (15).  
Thus, the combination of the martingale characteristic (4) 
and the normalized modified Stepanets indicator func-
tion (15) made it possible to propose an improved rule (16). 
Using this threshold rule with an appropriate threshold value 
allows one to achieve the highest precision rates for detecting 
potentially suspicious matches. Therefore, in the framework 
of the current study, it was shown that the proposed thresh-
old rule allows qualitative detection of potentially suspi-
cious matches.

In turn, the proposed rule has a limitation related to the 
determination of the threshold value. In this study, a proce-
dure for finding a threshold using training data is proposed. 
A sample of data for the 2013–2014 season of the II League 
of France was used as a training set. And as a test sample, 
data for the 2014–2015 season of the Serie B in Italy was 
used. The training and test data are similar, as both leagues 
are second divisions in the French and Italian football league 
systems, respectively. The experimental result of the study 
confirmed the hypothesis about the similarity of the data: 
the application of rule (16) with the threshold Sε = 0.1538 
determined on the training data provided the highest average 
indicators of the quality of detection of potentially suspicious 
matches. Thus, if potentially suspicious matches need to be 
detected using rule (16) in a certain season, one can choose 
a similar season and use it to determine the threshold value 
for the rule (16). 

On the other hand, the need to use data from another 
season can be considered as a disadvantage of this approach 
for determining the threshold since the procedure for estab-
lishing the similarity between two seasons is not formally 
defined. Therefore, one of the directions of further research 
may be the definition of an analytical method for finding  
a threshold that is optimal according to a specified criterion 
within the framework of the task of detecting MSFR.

In comparison with the results given in [12], the pro-
posed method for detecting MSFR based on the threshold 
rule (16) has better indicators of the metrics of precision P, 
recall R, and F1 (Table 2) than the method of detecting 
MSFR based on the martingale rule (5) both on average and 
in most match classes. In the classes of matches (1, 4) and 
(2, 1) of the 2013–2014 season of the II French League, the 
proposed method provides the same indicators of the metrics 
of precision P, recall R and F1 (Table 2) as the method of de-
tecting MSFR based on the martingale rule (5).

Also, the proposed method for detecting MFPR based 
on the threshold rule (16) has better indicators of the preci-

sion P, recall R and F1 metrics (Table 2) than the method for 
detecting MFFR based on the p-value rule (6) [12], on all 
classes of matches of season 2013–2014 II League of France, 
except (1, 4) and (2, 1).

In contrast to [4–6], the devised method uses input 
data of a much smaller size, which are always publicly 
available (date and score of the match, names of the teams 
participating in the match, for which team the match is 
considered home). Therefore, a direct comparison of its 
effectiveness with methods based on the analysis of bets 
on a match or the movement of players during a match 
is incorrect. However, the devised method can be supple-
mented with the models proposed in [4–6] to improve the 
performance of its work due to the use of additional data 
of a different nature. Conversely, the devised method can 
be considered as an effective filter for matches suspicious 
of a fixed result. To the matches filtered with its help, it 
will be possible, if the necessary data are available, both 
to apply the methods known from [4–6] and to use non- 
mathematical profile methods of the relevant law enforce-
ment agencies.

7. Conclusions 

1. The modified Stepanets indicator function characte-
rizes the relative rate of change of the value of the function 
regardless of its argument and takes into account not only 
the magnitude of the relative change of the function but 
also the direction of its change. Additionally, the norma-
lization of the modified function-indicator of Stepanets 
makes it possible to reduce its value in each class of mat-
ches to a common range. The modified Stepanets indicator 
function is applied to the power martingale and shows the 
relative change in the martingale value of the current match 
compared to the previous match, taking into account the  
above features.

2. The method for detecting atypical events in the theo-
ry of conformal predictors has been improved, which is 
distinguished by the use of a modified Stepanets indicator 
function. The martingale value for a match is formed based 
on the results of the conformal predictor for all matches of 
the season. In the proposed method, matches suspicious for 
a fixed result are detected by comparing the values of the 
normalized modified Stepanets indicator function with the 
threshold. The threshold value is determined experimentally 
according to the criterion of the maximum of the F1 metric on 
the training sample.

3. On the training sample, for which data from the 
2013–2014 season of the French II league were used, the 
improved method provided better indicators of precision 
metrics and F1 (average values of metrics P = 0.96, F1 = 0.97) 
than martingale rules and p-value (average values of met-
rics P = 0.87, F1 = 0.85). On the test sample, for which data 
from the 2014–2015 season of the Italy Serie B were used, 
the indicators of precision metrics and F1 for the improved 
method are higher (average metric values P = 0.84, F1 = 0.87) 
than the same indicators for martingale rules and p-value 
(average values of metrics P = 0.75, F1 = 0.78) applied to the 
same data. On the other hand, on certain classes of matches, 
the proposed method achieves lower precision metrics than 
martingale rules and p-value. This can occur on match classes 
for which the best threshold value ranges do not intersect 
with the maximum set of match classes that share a common 
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intersection of threshold ranges that achieve the highest 
values of the F1 metric. The proposed threshold rule turns 
out to be 4 out of 5 matches of the 2014–2015 Serie B season 
in Italy, which are considered fixed according to information 
from official Italian law enforcement agencies.
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