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Abstract 

Based on statistics from the World Nuclear Association, Kazakhstan has the highest uranium production in the world. Most of the uranium 
in the country is mined via in-situ leaching and the accurate classification of lithologic composition using electric logging data is 
economically crucial for this type of mining. In general, this classification is done manually, which is both inefficient and erroneous. 
Information technology tools, such as predictive analytics with Supervised Machine Learning (SML) algorithms and Artificial Neural 
Networks (ANN) models, are nowadays widely used to automate geophysical processes, but little is known about their application for 
uranium mines. 

Here, we demonstrate applicability of predictive analytics (SML and ANN) for geophysical data from uranium mines in Kazakhstan and 
identify basic steps for industry’s transition from manual to automatic lithologic composition classification and its readout. Importantly, 
we identified ‘expert assessment’ as key parameter that affects the accuracy of classification. 

The model allowed for improvement of results’ accuracy by 5% and recall – by 20%, when metric ‘expert ID’ is used as a learning 
parameter.  

Keywords: Machine Learning (ML), Supervised Machine Learning (SML), expert assessment, accuracy, precision, recall, artificial neural network 
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1 Introduction 

Since 2009 Kazakhstan is the world leader in uranium mine 
production generating over 1/3 of the total uranium global 
volume. The uranium production has grown 3.5 times in the 
last seven years in Kazakhstan, demonstrating strong and 
compelling need in applying novel ideas and technologies for 
uranium mining. Optimization of uranium commercial 
production processes from mining ores to nuclear power, is a 
cornerstone requirement for KazAtomProm, for example, 
which is an effective and sustainable Nationwide organization. 

Automation of production processes, e.g. Geophysical 
Data Interpretation for Boreholes (GDIB) in uranium mines, 
is just one of many ways this optimization can be achieved. 
Erroneous and inaccurate results from geophysical data 
analysis may lead to serious financial loses on different 
levels: from overall decrease of active boreholes to 
unjustified labor cost and low volume production. GDIB 
processes can specifically be used for analyzing lithological 
composition of the borehole, while predictive analytics with 
SML algorithms and ANN models - for automation and 
streamlining the overall analytical process. 

The success of data interpretation processes depends on 
properly prepared input data. Quality, content and format of 
the input data directly affect the machine learning processes, 
and subsequently – the final accuracy of classification. The 
accuracy of automated log data classification to a great 
extent depends on expert’s manual assessment, because it is 
used as input for training ML automatic classifiers. 
However, cross-comparison of assessments for core 

sampling provided by different experts shows significant 
discrepancies. Specifically, the difference between 
assessments grow higher with decreased value of geological 
samples (e.g. sandstones have more deviations in manual 
classification than claystones). Here, we aim to capture the 
nature of this phenomenon and to define the limits of 
automatic classification while applying ANN that are 
trained on expert assessment input data.  

Here, we used historically generated classifications from 
two minefields (~ 200 boreholes) to train our ANN model 
with ML algorithms. 

In general ANN models are capable of resolving poorly 
formalized tasks [1] however in our case, this approach is 
predisposed to several challenges: 

Inconsistency of experts’ opinion in data assessment; 
Requirement for equal and large number of examples 

from each class of data; 
ANN inability to interpret resulting outcome; 
Requirement for thorough preparation of input data prior to 

analysis (e.g. outliers’ removal, normalization, data smoothing). 
There is a number of publications focused on tasks and 

issues related to automatic interpretation of log data from 
uranium deposits. For example, results of analytical testing 
with ANN as an approach for log data classification can be 
found in publications [2-4], while several ML methods and 
their comparative results - described in publications [5-6]. 
There, it was shown that feedforward neural network 
demonstrates a much better classification’s quality when 
compared to k-nearest neighbor (k-NN) or support vector 
machine (SVM) algorithms. Furthermore, results from a 
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combination of ML algorithms applied to a similar 
underlaying task was reviewed in publications [7-8]. The 
above-mentioned challenges 2 and 4 were addressed during 
our analytical experiments. 

Our earlier experiments demonstrated that on average, the 
automatic classification with feedforward neural network 
performs with ~ 60% accuracy. It was also shown that 
ambiguity of expert assessment has negative effect on auto-
classification accuracy. Therefore, this particular work is 
focused on challenge #1: evaluation of the impact the expert 
assessment of electric logging has on auto-classifiers, and 
more specifically on neural networks - during ML training.  

2 Analysis of expert assessment inconsistency  

Inconsistency of expert assessment introduces additional 
challenges into the process of ML system training. Despite 
the fact that expert assessments are used for training, each 
expert does classification differently. Three boreholes with 
identification numbers 2100, 2104, and 4939 were used for 
expert assessment quality comparison. Log-data for these 
boreholes were assigned to three independent experts, 
named here D, L, and T. Moreover, boreholes 2100 and 
4939 have actual core sampling data. Four main indicators 
of quality (accuracy, recall, precision, and Kappa) were 
calculated based on the assessment data for lithologic 
differentiation and core sampling received from experts D, 
L, and T. It was done as pair-wise comparison, when one of 
the experts was considered as a standard and the other one – 
variable (Table 1).  The average value for experts’ accuracy 
is 0.67 with scatter score T1 = 0.6. When similar comparison 
is done between core sampling and expert’s assessment, the 
accuracy is 0.5 and T1 score is 0.27. At the same time, 
taking into consideration expert’s biases, assessment of 
boreholes 2100 and 2104 done by experts D and L have the 
highest agreement (accuracy > 0.8). 

Experts  Accuracy Kappa Recall Precision T1 Score 
2100 

D vs L 0.81 0.70 0.63 0.61 0.6180 
D vs T 0.71 0.54 0.42 0.49 0.4553 
L vs T 0.80 0.67 0.46 0.52 0.4930 

4939 
D vs L 0.3317 0.16 0.5979 0.4975 0.5430 
D vs T 0.7706 0.66 0.7941 0.6879 0.7371 
L vs T 0.3762 0.19 0.6086 0.5495 0.5775 

2104 
D vs L 0.8409 0.76 0.8445 0.8205 0.8323 
D vs T 0.6551 0.49 0.5493 0.5424 0.5458 
L vs T 0.7213 0.57 0.5845 0.6011 0.5926 

Experts 
average 0.67 0.53 0.61 0.59 0.60 

2100 
Core vs D 0.693 0.39 0.3624 0.3487 0.3554 
Core vs L 0.6444 0.23 0.2775 0.2423 0.2587 
Core vs T 0.6505 0.21 0.274 0.2441 0.2581 

4939 
Core vs D 0.1749 0.04 0.2011 0.2295 0.2143 
Core vs L 0.6089 0.37 0.3066 0.3986 0.3465 
Core vs T 0.2096 0.04 0.2004 0.2231 0.2111 

Core average 0.50 0.21 0.27 0.28 0.27 

Expert D has the highest accuracy when compared with 
average core value for borehole 2100 (accuracy =0.69), and 
experts D and T are in good agreement for borehole 4939 
assessment (accuracy =0.77). For borehole 4939, the 
average core value is well aligned with assessment by expert 

L (accuracy = 0.60). When comparison is done between 
experts’ assessment and core sampling, the quality values 
are significantly lower than comparison is done between 
experts. Our analysis showed that for some critical 
lithotypes (e.g. claystone) experts’ assessments aligned in 
70-95%, yet they much less agree with core sampling data. 
For claystone extraction the core and expert’s assessment 
correlate in 30-50%. 

This is largely due to critical requirement for in-situ 
leaching processing to define impenetrable lithotypes, 
because uranium fields in Kazakhstan comprised primarily 
by claystone, siltstones, and sandstones.  

It is known that clay exhibits minimal AR and maximal 
SP, which simplifies its identification. On the other hand, 
definition of various sub-layers in penetrable lithologic types 
(e.g.  sub-layers of mixed sand in medium sands layer) is not 
as critical from technology point of view and can easily be 
substituted by the biased opinion of individual expert. 

Comparison of experts’ assessments suggests several 
options for observed inconsistency minimization. One of 
them could be grouping boreholes data assessed by the one 
and the same expert only. Another option is to use one of the 
experts as identification (ID) parameter for ML training. 

The same three boreholes were interpreted with 
feedforward ANN with 26 input neurons (depth, coordinates, 
floating windows for AR and SP curves) and two hidden 
layers: 52 and 78 neurons, from Keras library. 
Borehole number Accuracy Precision Recall T1 Score 

2100 0.4273 0.4623 0.2701 0.3409 
2104 0.7053 0.7961 0.6053 0.6877 
4939 0.3277 0.2573 0.1181 0.1619 

Average 0.5092 0.5069 0.3409 0.4076 

Log curves, after preliminary normalization, were 
presented as floating windows, because for the accurate 
lithotype definition not only the value in a given point is 
important, but the curve shape itself (extremes, curvatures) 
is a key criterium. In addition, it was decided to add 
geographic coordinates of boreholes as training parameters, 
because lithologic cuts of neighboring boreholes are well 
correlated (this fact is also used by experts in defining 
lithotypes). This approach allowed us to achieve accuracy 
of identification comparable to the experts’ assessment of 
core sampling (Table 2). However, for impenetrable layers 
(claystone, siltstone) in core boreholes the accuracy of ANN 
algorithm is lower than experts’ assessment: precision = 
0.30, and Recall = 0.22. That is, the majority of 
impenetrable layers, critical from technology point of view, 
are still poorly identifies. 

Overall, low accuracy of assessment for these boreholes 
by both experts and ANN model can be explained by the 
fact that data interpretation was performed not based on log 
curve shapes as per regular procedure, but based on core 
sampling (description, laboratory samples), that is – the 
required input information was not available neither to 
experts nor for ANN model. 

The outcome of this experiment led us to an assumption 
that quality metrics for automatic classification will largely 
depend on the data analysis method used by an expert. 

To test this hypothesis, we performed experiments with 
data from “Budennovskoe” mine field: 57 boreholes were 
interpreted/assessed by expert C, and 40 boreholes - by 
expert E. Methodology of data processing and neural 
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network architecture was used without any modification. 
Results are presented in Table 3 below. 

Methods Train Test Acc. Prec. Recall F1 
Expert С 45 12 0,5869 0,6491 0,4751 0,5486 
Expert E  35 5 0,4722 0,5409 0,1963 0,2880 

C&E 
(w/o ID) 77 20 0,4401 0,4078 0,1365 0,2045 

C&E 
(with ID) 77 20 0,4996 0,5157 0,3529 0,4190 

Based on our experimental results we made the 
following suggestions: 

The accuracy of lithotype identification (accuracy, 
precision и recall) significantly varies from expert to expert, 
and this fact should be taken seriously; 

The input data from each individual expert provides a 
much better ANN output (accuracy of lithotype 
identification), when compared with a mixed dataset of 
boreholes (manual classification, multiple experts); 

Introduction of parameter ‘expert ID’ for ML training 
increases overall quality of classification, especially for 
recall values. 

3 Conclusion 

Accurate interpretation of electric log data is vital for 
uranium production needs, specifically for selecting filter 
installation location when using method of uranium 
extraction via sub-surface in-situ leaching of boreholes. In 
the process of data interpretation an expert identifies 
bedding layers of lithotypes and practically performs 
lithologic classification by describing borehole structure 

throughout its depth. Historically acquired classification 
data were used for ML training of synthetic systems. The 
feedforward ANN output for electric log data classification 
from earlier experiments on uranium deposition show only 
65% accuracy with the proposed automatic classification. 

It was shown that discrepancies between experts’ 
assessments for one and the same log data may lead to low 
quality automatic classification. In practice, the assessment 
is performed by individual experts independently, one time 
only, and results of assessments are not compared. To 
confirm inconsistency in experts’ opinions three experts 
took part in a small experiment. Each expert assessed log 
data for the same set of three boreholes. A cross-comparison 
of their independent assessments showed significant (up to 
30%) discrepancies between experts. Due to limited size of 
experimental data, we cannot reliably confirm that this 
discrepancy takes place regularly. However, since quality of 
classification for synthetic conditions is also by 30% better 
than for real data, we may assume that this phenomenon 
happens not by mere chance. Additional experiments 
showed that accuracy of identification (accuracy, precision, 
and recall) for different experts may vary significantly. 
Proposed by us utilization of parameter “expert ID” in ANN 
training, significantly improved quality of classification in 
accuracy (by 5%) and recall (by 20%).  
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