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Abstract

This paper presents the application of two artificial intelligence (Al) approaches in the prediction of total organic car-
bon content (TOC) in Devonian Duvernay shale. To develop and test the models, around 1250 data points from three
wells were used. Each point comprises TOC value with corresponding spectral and conventional well logs. The tested Al
techniques are adaptive neuro-fuzzy interference system (ANFIS) and functional network (FN) which their predictions
are compared to existing empirical correlations. Out of these two methods, ANFIS yielded the best outcomes with 0.98,
0.90, and 0.95 correlation coefficients (R) in training, testing, and validation respectively, and the average errors ranged
between 7 and 18%. In contrast, the empirical correlations resulted in R values less than 0.85 and average errors greater
than 20%. Out of eight inputs, gamma ray was found to have the most significantimpact on TOC prediction. In compari-
son to the experimental procedures, Al-based models produces continuous TOC profiles with good prediction accuracy.
The intelligent models are developed from preexisting data which saves time and costs.

Article highlights e Out of the two Al methods used in this article, ANFIS
generated the best estimations in all datasets that have
e |n contrast to existing empirical correlation, the Al- been tested.

based models yielded more accurate TOC predictions. e The reported outcomes show the reliability of the pre-
sented models to determine TOC for Devonian shale.

Keywords Total organic carbon - Well logs - Devonian shale - Functional network - Adaptive neuro-fuzzy interference
system

Abbreviations P Bulk density of the formation

TOC Total organic carbon content RO Ratio between the organic matter and organic
Al Artificial intelligence carbon

ANFIS  Adaptive neuro-fuzzy interference system Po Density of the organic matter

FN Functional network Pmi Average bulk density

R Correlation coefficient FR Formation resistivity

AAPE Average absolute percentage error At Acoustic transit time

Pg Matter free rock density AlogR  Logs separation

P4 Salaheldin Elkatatny, elkatatny@kfupm.edu.sa; Osama Siddig, g201105870@kfupm.edu.sa; Hany Gamal, g201706870@kfupm.edu.
sa; Pantelis Soupios, panteleimon.soupios@kfupm.edu.sa | 'Department of Petroleum Engineering, King Fahd University of Petroleum
and Minerals, Box: 5049, Dhahran 31261, Saudi Arabia.

®

Check for
updates

SN Applied Sciences (2022) 4:16 | https://doi.org/10.1007/542452-021-04899-5

SN Applied Sciences

A SPRINGERNATURE journal


http://crossmark.crossref.org/dialog/?doi=10.1007/s42452-021-04899-5&domain=pdf

Research Article SN Applied Sciences

(2022) 4:16

| https://doi.org/10.1007/542452-021-04899-5

LOM Level of maturity

GR Gamma-ray

Trmax The indicator of maturity
RHOB Bulk density

CNP Neutron porosity

SP Spontaneous potential

K Spectrum logs of potassium
Th Spectrum logs of thorium
Ur Spectrum logs of uranium
ANN Artificial neurons network
FL Fuzzy logic

SVM Support vector machine
GPR Gaussian process regression
FB Forward-backward

BF Backward-forward

BE Backward elimination

ES Exhaustive search

FS Forward selection

Xgiven Measured values

Xpredictea  Predicted values

1 Introduction

Oil or natural gas reserves are constantly depleting as a
result of continued oil and gas exploitation, and the exist-
ing reservoir production levels are substantially decreas-
ing [1-5]. Therefore, Source rock and unconventional

Table 1 Different correlations of TOC

reservoirs have increasingly piqued interest [6-9]. Compar-
ing to conventional reserves, unconventional reservoirs are
tighter, less permeable and more complex, that making
their exploration more difficult and costly [10]. Significant
unconventional resource discoveries have been reported
around the world in recent years, particularly in the Middle
East, North and South America, and North Africa, contrib-
uting to the global oil reserves [11, 12].

Unlike the conventional reservoirs, unconventional
resources are in-situ storing and generating; therefore,
it is essential to quantify their potential for hydrocarbon
generation. Moreover, unconventional resource charac-
terization, development, and production are complex and
expensive processes, all of which indicate the necessity of
assessing their potentials precisely and cost-effectively [7,
11].

Total organic carbon (TOC) is being utilized to quan-
tify the potentials of hydrocarbon generation, and there-
fore it reflects the quality of the unconventional reser-
voirs [13-16]. Generally, TOC is determined experimentally
by the rock pyrolysis test [17, 18], and the number of tests
conducted to quantify TOC is limited, because of the high
experimental cost. Consequently, obtaining a compre-
hensive TOC assessment for the formation(s) of concern is
quite challenging, which has a significant impact on res-
ervoir evaluation [19].

Several scholars established empirical TOC correla-
tions (summarized in Table 1) based on well logs and

References Model Remarks
[25] TOC(vol.%) = (es=p) Used data from Devonian shale and predicts TOC in volume percent-
where the densities are in g/cm? age. The data were taken from seven wells located in Virginia, West
Virginia, Kentucky and Ohio. The model needs only the organic
matter free rock density (pg) and the bulk density of the formation
(p)
[26] TOC(Wt.%) = [(100p,)—(p—0.9922p,,,—0.039)] Utilized data from 46 wells in Western Appalachian basin in the
[(RO#p)(p,=1135p,,~0675)] United States to present a modified model that determines the TOC
in weight percentage. RO is ratio between the organic matter and
organic carbon. p, is the density of the organic matter and p,; is
the average bulk density
[27] AlogR = logy, (FR,,FR, ) +0.02 % (At — Atygine) W;dely us.eq a?nd commonly knqwn as No_gR model. Using the forma—
aseline ion resistivity (FR) and acoustic transit time (At), logs separation
TOC = AlogR x 10(2:297-0.1688xLOM) (AlogR) has to be calculated first. Then from AlogR and level of
where transit time is in pys/ft and resistivity is in ohm.m maturity (LOM), TOC could be estimated. The case study included
data from six wells in different locations (ex. California and Colo-
rado)
[28] TOC = [aA log R + ﬁ(GR — GRbaseIine)] % 10(+1Tmax) Wang's Model is a modified AlogR model developed using data
Where q, B, §, and n are constants from Devonian shale. To estimate TOC, It uses the gamma-ray (GR),
AlogR, and the indicator of maturity (Tmax). The model have been
tested in five wells in western Canada
[29] TOC = aAlogR + b(GR — GRbaseIine) +c Zhao et al. revised Wang’s model and presented a model that doesn’t
where a, b and c are constants require LOM or Tmax. The authors utilized data from five wells in
three different basins in western Canada and china (Sichuan Basin
and Ordos Basin)
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their corresponding laboratory-based TOC values of core
plugs or drilling cuttings. The obtained models are then
suggested to be used in determining TOC for other wells
[20-24].

Out of the models presented, AlogR model is very
common, and many authors presented modifications to
enhance its TOC predictability [15, 30, 31]. Charsky and
Herron [32] used data from various formations and wells to
evaluate the reliability of Schmoker and AlogR models and
reported significate variation from the actual TOC values.

Artificial intelligence (Al) systems are capable of produc-
ing highly accurate models and they have been applied
in various sectors such as healthcare [33], mining [34],
construction [35] and energy [36]. The accuracy of the
empirical correlations presented in Table 1 when applied
to different datasets is a major concern, that’s why Al tech-
niques were used in numerous studies to predict TOC.
Table 2 highlights the various researches that applied dif-
ferent Al tools for TOC estimation from well-logs. These
well-logs include bulk density (RHOB), formation resistivity
(FR), neutron porosity (CNP), gamma-ray (GR), Spontane-
ous potential (SP), sonic transit time (At), and spectrum
logs of potassium (K), thorium (Th) and uranium (Ur).
Different Al techniques have been utilized, namely arti-
ficial neurons network (ANN), fuzzy logic (FL), adaptive

Table 2 Different researches that utilize Al techniques in TOC prediction

neuro-fuzzy interference system (ANFIS), functional net-
work (FN), support vector machine (SVM) and Gaussian
Process Regression (GPR).

TOC is a significant parameter for evaluating uncon-
ventional reservoirs. To estimate TOC, experimental
investigation can be employed, but it is time-consum-
ing, costly, and does not provide consistent information of
TOC against depth. Alternatively, TOC can be determined
using empirical models, however, the accuracy and
the generalization associated with these correlations are
major concerns. The objective of this paper is to test the
effectiveness of two Al approaches in estimating the TOC
in Devonian shale formations from logging data. These
well-logs consist of bulk density, resistivity, sonic transient
time, bulk gamma-ray, spectral GR logs of Th, Ur,and Kand
neutron log porosity.

The following section presents the methodology used
to develop the Al models, including the description of the
datasets, data preprocessing, description of the utilized Al
methods, tests procedure and the different stages in the
model development. This section is followed by the results
and discussion, which reports the outcomes of different
methods on different datasets and presents a comparison
with existing correlations and shows the results of sensitiv-
ity analysis of different sets of inputs.

References  Data source/s Al tool/s Inputs Data points ~ R?

[37] Kangan-Dalan Formation FL, ANN GR, CNP, FR, RHOB, At 124 0.85

[38] Gadvan Formation ANN, FL CNP, FR, RHOB, At 2875 0.78-0.99

[39] Kazhdomi and Kangan-Dalan Formations ~ ANN GR, FR, At, K, Th 78 0.89

[40] Kazhdomi and Kangan-Dalan Formations ~ ANN GR, CNP, FR, At, K, Th 200 NA

[41] Jiumenchong formation SVM GR, CNP, FR, RHOB, At, K, Ur, Th 31 0.69

[42] Sichuan Basin ANN GR, CNP, FR, RHOB, At, K, Ur, Th 185 0.87-0.91

[13] Barnett and Devonian shale formations ANN GR, At, FR, RHOB 442 0.89-0.93

GR, FR, RHOB, At

[43] Ordos basin and Canning basin GPR GR, CNP, FR, RHOB, At, K, Ur, Th NA NA

[44] Barnett shale ANN GR, FR, RHOB, At 442 0.93

[19] Kazhdumi formation FL GR, CNP, FR, RHOB, At, K, Ur, Th 31 0.94

[45] NA ANN FR, At 70 0.98

[46] Tonghua Basin ANN, SVM GR, CNP, FR, RHOB, At, SP K, Ur, Th 215 0.9-0.93

[47] Ras Qattara and Khatatba formations ANN GR, CNP, FR, RHOB, At 54 0.96

[48] Beibu Gulf basin SVM GR, FR, RHOB, At, SP 18 0.75

[14] Shahejie Formation ANN GR, CNP, FR, RHOB, At 125 0.83

[23] Barnett shale FL GR, FR, RHOB, At 645 0.91

[49] Barnett shale ANFIS, FN,SVM  GR, FR, RHOB, At +800 0.82-0.87

[50] Duvernay and Barnett shales ANN GR, FR, RHOB, At 460 0.98

[22] Devonian and Barnett shales FN, SVM GR, FR, RHOB, At +500 0.74-0.77
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2 Methodology

In this study, two Al techniques, the adaptive neuro-
fuzzy interference system (ANFIS) and the functional
network (FN) were used to estimate the TOC from eight
well-logs information.

2.1 Data description

Three different wells’ TOC experimental data, as well as
their corresponding well logs, were obtained. The Al
models were trained, tested, and validated using 891,
291, and 82 data points from Well-I, Well-Il, and Well-ll, in
order. All of these wells are in source rock rich in organic
liguids known as Devonian Duvernay shale. This basin is
located in Canada, Alberta (Fig. 1), and has oil reserves
above 60 billion barrels and gas reserves above 400 tril-
lion cubic feet [51, 52]. Table 3 shows the statistical prop-
erties of the Well-l dataset.

;
oo RIO_RIWSR20 RI0 RIWs R20 RI0 RIWA S

180

I Duvernay Formation
[ Reef/carbonate platform
[ Urban area

0 7 150 R10 RIWS R20 R10 RIW4

Fig. 1 Duvernay shale distribution in central Alberta [53]

Table 3 Statistics of Well-I data

2.2 Welllogs

In well’s logging, the in-situ properties of rocks around the
wellbore are indirectly estimated from electric, acoustic
and nuclear indicators. The interpretations of these indi-
cators reflect the existence of hydrocarbon, petrophysical
properties, and the lithology of the formation [54, 55]. In
this study the following well logs records were used:

Formation resistivity (FR) is a measure of electrical resis-
tivity in three increasing depths from the well which is
mainly interpreted to know the fluids’ saturations and
hence the existence of hydrocarbon [56, 57].

Sonic log is a measure of the time required for a sound
wave to travel for a predetermined distance, which
depends on the matrix elasticity and porosity [58], there-
fore, it is used in the identification of lithology, fractures
and porosity.

Dentsity log record the bulk density around the well, this
density measure covers the matrix and the pores filled with
fluid, which can be used to quantify the porosity fraction.

Neutron log is a log rely on a neutron source to measure
the hydrogen index and consequently the porosity of the
formation.

Gamma-ray log measures the natural gamma radiations
and thus is used to distinguish shales from other sedimen-
tary rocks.

Spectral gamma-ray log is a sophisticated measure for
gamma-ray that uses the energy of gamma rays and iden-
tifies the elements that emitted them.

2.3 Samples testing

To determine the TOC of drilling cuttings from several
wells, Rock-Eval 6 was used. Experimental procedures -fol-
lowed what was presented by Chen et al. [59]- are shown
in Fig. 2.

2.4 Data preprocessing

In the first step, outliers, unrealistic and incomplete data
points were removed from the datasets that were used

Parameter FR(Q.m) At (usec/ft) RHOB(g/cm3  CNP GR(°API)  Ur(wt%) Th(ppm) K(ppm) TOC (wt%)
CC with TOC 0.35 0.20 -0.35 0.08 0.62 0.27 0.22 0.56 1.00
Minimum 3.71 51.0 2.39 0.019 229 1.39 1.97 0.130 0.76
Maximum 1675 96.6 2.77 0.346 298 226 17.0 4.06 5.66
Mean 110 779 2.545 0.174 955 6.16 9.01 1.51 2.78
Standard Deviation 176 8.56 0.075 0.052 389 3.16 2.517 0.607 1.30
Kurtosis 21.8 0.227 —0.465 0.984 343 6.81 0.315 1.14 -1.08
Skewness 3.98 —-0.630 0.436 -0.127 0.837 213 -0.135 0.554 0.181
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Fig.2 TOC test procedures

For Each column in the dataset,
calculate the mean (X) and
standard deviation (o)

le
&

For each member

members in the data
range: X
point

X—30<X,<X+30

Outlier, remove the data
point from the dataset

Fig.3 Outliers’ detection

to build the models. Using a built-in function in Mat-
lab, any data points with a member that has a value that
is far from the average with at least triple the standard
deviation were designated as outliers. Figure 3 shows the
criteria for detecting outliers.

Fig.4 a ANN structure against
b FN structure [63]

2.5 Al methods

In this work, two Al approaches were used, Adaptive
neuro-fuzzy inference system (ANFIS) and functional
network (FN). Functional Network was introduced in the
1990s as an alternative to ANN [60, 61]. FN uses both
domain information and data knowledge, it uses adapt-
able generalized functional models that change with the
learning process [62]. The Functional network contains
different elements, such as an input layer, an output layer
and a set of intermediate layers, layers of neurons and
directed links. Castillo et al. (2000) [63] summarized the
difference between ANN and FN as following: in FN, the
neuronal functions are multi-argument and can be arbi-
trary. Figure 4 shows the difference between ANN and FN
structures.

Several successful applications of FN related to the oil
industry were reported in the literature [64-66]. There are
various feature selection techniques associated with the
functional network such as [67, 68]:

Forward selection starts with minimum variables and
adding features.

Backward elimination starts with all features and then
reduces them.

Exhaustive search examine every point which signifi-
cantly increases the computational time.

Adaptive neuro-fuzzy inference system (ANFIS) was
developed in the 1990s and integrate the principles
of neural networks and fuzzy logic (FL) [69, 70]. In this
method, ANN is used to set the fuzzy rules in FL [71]. This
integration of the two methods provides an improved
performance [72]. ANFIS has various reported applications
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in the oil industry [64, 73]. ANFIS structure combines the
fuzzy inference system and a neural network as presented
in Fig. 5.

2.6 Models’ development

Well-I's dataset which contains 891 data points with wide
ranges of values as displayed in Fig. 6, was used in models
training and optimization. The impacts of various param-
eters inside the algorithms were examined to optimize the
models.

To determine the best models, different runs were per-
formed in each approach. This was accomplished by exe-
cuting the Al runs inside multiple for-loops in MATLAB for
each machine learning approach. In FN, five methods were
used: forward-backward (FB), backward-forward (BF),
backward elimination (BE), exhaustive search (ES), and
forward selection (FS). Three types were used with each
of these methods, one linear and two non-linear. While in
ANFIS, epochs size and cluster radiuses were tested.

The correlation coefficient (R) and the average abso-
lute percentage error (AAPE), were utilized as evaluation
criteria for the developed models using Egs. (1) and (2)
respectively:

With the datasets from Well-1l (291 data points) and
Well-Ill (82 data points), the generalization of the pro-
duced models was internally and externally tested. Simi-
lar to Well-l, these two wells are located in the same field.
The Schmoker, Zhao et al., and logR models were used to
compare the performance of Al-based models.

3 Results and discussion

Eight conventional and spectral well logs data were used
to train Al models for TOC predictions. The training dataset
contained 891 Well-I data points, while the testing dataset
contained 291 Well-lll data points. The outcomes of each
technique are presented in this section.

Different methods of FN have been applied, and the
best model was obtained when the Forward-backward
method and non-linear type were used. The model yielded
R values of 0.902 and 0.879 in training and testing respec-
tively, with AAPE values ranging between 18.9% and
24.4%, as shown in Fig. 7. In Fig. 7, it is obvious that many
points were far from the 45° line.

Using ANFIS, various epochs size and cluster radiuses
were tested. The estimation yielded from this method was
significantly better than FN. The correlation coefficients

N N N
[N Z,‘=1 (Xgiveni X XPredictedi)] - [Z,’=1 Xgiveni X Zi=1 XPredictedi]

R =
N 2 N 2 N N 2
\/[N 2;21 (Xgiveni) - (Zi=1 Xgiveni) ] [N Zi=1 (X)2 - <2i=1 XPredictedi) ]
Z;V:1 Xgiven;(_AXPn‘?dictedf X 100%
AAPE = o 2

where N is the size of dataset, X, and Xp egiceq are the

measured and the Al-predicted TOC values respectively.

Membership
layer

Input
layer

X1

Fuzzification ~ Normalization  pefyysification
layer layer

Output
layer

Result

Fig.5 ANFIS structure [74]
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ranged between 0.899 and 0.983, while the AAPE values
were 7.3 and 17.9 in training and testing respectively as
shown in Fig. 8. This model has been achieved with 0.25
cluster radios and 100 iterations.

Several runs have been made in each method to
achieve the reported results, each run test different param-
eters/methods inside the algorithms. Multiple for loops
in Matlab have been used to test a wide range of possi-
ble combinations of algorithms’ parameters while report-
ing the R and AAPE. Figures 9 and 10 present the results
of different iterations for the ANFIS and FN respectively.
They also indicate the chosen iterations as the best results
achieved based on the correlation coefficient and AAPE.
The optimized parameters for each method are reported
inTable 4.

The two techniques produced a relatively good level
of accuracy in predicting Devonian shale’s TOC during
training and testing, as indicated in the previous results.
Dataset from Well-1ll has been hidden away from the Al
tools throughout models’ development stages as an
additional check to guarantee that the new models



SN Applied Sciences (2022) 4:16 | https://doi.org/10.1007/542452-021-04899-5 Research Article

FR (£2.m) At (psec/ft) RHOB (g/cm3) CNP
600 1200 45 65 85 105 2.4 2.5 2.6 2.7 28 0.0 0.1 0.2 0.3 0.4

<

7700

7800 -

7900 -

8000

8100 -

8200 4

8300

Depth (ft)
W R rw

8400
GR (°APT) Ur (wt%) Th (ppm) K (ppm) TOC (Wt%)
100 200 3000 5 10 15 20 259 10 20 0.0 15 3.0 45 0 2 4 6
7700 . X . . .
7800 -
7900 - /
[
[
/
/
8000 N
€
=
]
] -
8100 -
8200 -
8300 -
8400

Fig. 6 The well-logs and TOC used to train the models
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Fig. 10 Results of different iteration in FN

Table 4 Optimized parameters of the Al algorithms

ANFIS optimized parameters

Clustering type
Fuzzy interference system
Input membership function

Output membership function
Cluster radius
Epochs size

Subtractive Clustering
Sugeno

—(x—0?

Gaussian: f = e 22

Where c is the mean
and o is the standard
deviation

Linear
0.25
100

FN optimized parameters

Method
Type

Forward-backward (FB)
Nonlinear

were generalizable. The outcomes of the two Al algo-
rithms were contrasted to the available correlations,
namely Schmoker, Zhao et al., and AlogR models.

As shown in Fig. 11 that the ANFIS-based predictions
were the most accurate with an AAPE of only 10.3% and
a high R of 0.95. FN model was less accurate than ANFIS;
however, both were better than the other three correla-
tion with R equals 0.87 and AAPE values range between
16 and 20%. Zhao et al. correlation results were close to
the FN model, and slightly better than AlogR method,
with an AAPE value around 20% and R of 0.84. While
Schmoker’s model yielded the least accurate results.
Standing from this comparison, the Al-based models,
especially the ANFIS, outperformed the different exist-
ing correlations.

4 Sensitivity of the inputs

To examine the significance of each input parameter in
TOC prediction, various sets of inputs were assessed.
Seven sets were tested, the simplest one contains only
the conventional well logs except of the GR, and the
most comprehensive consist of all available well logs,
as shown in Table 5.

The outcomes of different input sets are reported
in Table 5. The best performance was achieved in Set
1 where all eight parameters were included, however,
it has a significantly higher computational cost. Set
6 and Set 4 performances were followed, those sets
excluded the sonic transient time and porosity respec-
tively. This confirms the low correlation coefficient of
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Fig. 11 Al-based against empirical correlations TOC prediction of Well-Ill
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Table 5 Studied input sets

No Contain Inputs

1 Alllogs GR, CNP, FR, RHOB, At, K, Ur, Th
2 Excluding spectral GR GR, CNP, FR, RHOB, At

3 Excluding GR and spectral GR  CNP, FR, RHOB, At

4 Excluding porosity GR, FR, RHOB, At, K, Ur, Th

5  Excluding density GR, CNP, FR, At, K, Ur, Th

6  Excluding sonic transient time GR, CNP, FR, RHOB, K, Ur, Th

7  Excluding resistivity GR, CNP, RHOB, At, K, Ur, Th

these two parameters with TOC as shown in Table 3. The
least favorable case was Set 3 that contains only four
variables. According to the results shown in Table 6, The
GR and spectral GR have a great impact on the predic-
tion of TOC, while the porosity and sonic transient time
showed the least effect. It's noticeable that for all cases,
ANFIS outperformed FN, however, the former has slightly
higher computational time.

5 Models’ limitations

The data in this study were acquired from wells in the same
area, and the outcomes were restricted to Devonian shale.
Therefore, the models’ performance cannot be assured if
they were utilized in another type of formation or with
data ranges that are different from those used in this
research.

6 Conclusions

Using artificial intelligence techniques and over 1250
data points, two models for TOC prediction from eight
well logging information were established in this study.
Two artificial intelligence techniques were employed,
adaptive neuro-fuzzy interference system (ANFIS) and
Functional network (FN). The following is a summary of
the outcomes presented in this paper:

e Out of the two Al algorithms utilized in this study,
ANFIS yielded the best match in training and testing
datasets with correlation coefficients of 0.98 and 0.90
and AAPE values of 7% and 18% for training and testing
respectively.

e Data from a different well was hidden entirely from the
Al tools and used to verify the built models, the ANFIS
model successfully predicted TOC with a 0.95 correla-
tion coefficient and 10% AAPE.

e The presented models were contrasted to three vari-
ous empirical correlations. The empirical correlations
yielded less favorable results with correlation coeffi-
cients under 0.85 and AAPE above 20%.

The presented models accurately predicted TOC
from well-logs such as CNP, RHOB, GR, t, FR, K, Th, and
Ur logs, allowing for continuous TOC profiles with depth
without the requirement for core analysis or extra well
interventions. To achieve reliable results, we propose
using developed models with input parameters within

Table 6 Outcomes of different

sets Inputs setsno R AAPE (%) RMSE CPU time (sec.)
Train. Test. Valid Train. Test. Valid. Train. Test. Valid.
ANFIS
1 098 090 095 73 180 103 024 061 033 574
2 090 082 087 172 238 169 057 080 0.55 8.8
3 084 072 0.88 244 371 169 072 098 0.52 8.3
4 096 0.89 0.91 107 189 115 038 065 047 387
5 094 088 092 134 199 129 046 067 042 259
6 097 085 0.91 97 215 135 032 075 044 407
7 095 084 09 114 219 97 039 077 033 275
FN
1 090 088 087 189 244 201 056 067 051 504
2 084 084 088 237 274 178 070 074 054 52
3 074 073 086 317 379 192 088 095 0.60 5.0
4 087 086 094 212 264 132 063 072 040 391
5 086 087 0.89 223 248 159 066 0.69 0.51 17.5
6 089 087 087 193 253 196 060 068 053 165
7 088 084 093 215 271 150 063 075 040 1638
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the same model’s ranges. More data will be collected in
future work to further validate the established models,
and more machine learning approaches will be used.
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