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Abstract 

The article considers the method of using interpreters of machine learning models for developing a recommendation system for improving 
the quality of school education. A system of indicators Q-edu was developed based on data on the quality of education. Each secondary 
school is described by a set of parameters in the regression model. Evaluation of the influence of these parameters allows us to develop 
recommendations for improving the quality of an individual educational institution within the framework of this model. Several interpreters 
were analyzed, including Treeinterpreter, LIME and SHAP. The latter is applied in practice. The obtained results demonstrate the 
possibility of using this interpreter as the basis of a recommendatory system for secondary education. 
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1 Introduction 

In 2015, at the UNESCO World Education Forum more than 
180 countries of the world including Kazakhstan adopted a 
new education development concept until 2030. The essence 
of this new concept is reflected in the United Nations 
Sustainable Development Goal 4, “Quality Education for All” 
- to ensure inclusive and equitable quality education and 
promote lifelong learning opportunities for all (Incheon 
Declaration and Framework for Action for the 
Implementation of Sustainable Development Goal 4, 
UNESCO, 2015). To achieve SDG-4, 7 targets are to be 
accomplished: universal primary and secondary education, 
early childhood development and universal pre-primary 
education, equal access to technical/vocational and higher 
education, relevant skills for decent work, gender equality and 
inclusion, universal youth literacy, education for sustainable 
development and global citizenship. The countries around the 
world should exert every effort to achieve this Sustainable 
Development Goal by 2030. 

The new concept of education was fully reflected in the 
strategic documents for the development of education in 
Kazakhstan. 

Today, there are over 7 thousand schools in Kazakhstan. 
They enrol 3.2 million students. 340 thousand teachers are 
employed. For the timely identification of problems, 
educational monitoring is conducted within the National 
Educational Database (NEDB). The NEDB contains over 
10 million data records for all educational institutions. 

At that the opportunity of machine learning methods 

application to identify the most influential parameters for 
each school, to identify regional discrepancies in education 
quality have emerged.  

To assess the subject areas described by the data arrays 
it is possible to use machine learning methods. In particular, 
it is useful to use cluster analysis methods, among which are 
isometric mapping (ISOMAP) [1], locally linear embedding 
(LLE) [2], t-distributed stochastic neighbor embedding (t-
SNE) [3], kernel principal component analysis (KPCA) [4], 
and multidimensional scaling (MDS) [5]. These methods 
help to assess the regional imbalance, "overestimation" or 
"underestimation" of students’ grades, to identify 
organizations with abnormal values of parameters. 

On the other hand, supervised learning methods, in 
particular, regression models [6] also allow to identify 
anomalous objects, but, in addition, the constructed model 
can be analyzed from the point of view of identifying the 
most influential parameters. That is, it is desirable to 
interpret the model in order to answer the question "Why 
this certain result was the output of the trained model?". 

In particular, there are examples of models, when some 
features of the dataset led to the correct classification results 
for a specific case, while the model itself was in general 
completely wrong and the results were based on illogical 
features from the dataset [7]. This work describes the task of 
test classification between atheistic and religious content, 
when it turned out that the model correctly distinguished the 
former from the latter, but not based on content of the texts, 
but based on the presence of the word "posting", which 
occurred only 2 times in texts of religious content, although 
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it was very common (21%) in the training set. 
In other words, an algorithm is needed that will help 

answer the question "Which variables and within what 
limits affect the prediction?" This allows us to make sure 
that the model does not overfit and that it does not generate 
a result in a random way. 

The ideal interpretation may be, for example, when the 
general response of the model is the sum of the values of the 
parameters (X) multiplied by the model coefficients (Theta): 
S = theta0 * x0 + theta1 * x1 + ... + thetai * xi 

In this case, it is easy to understand how individual 
features influence the result. In terms of explaining the result, 
linear regression models are easily interpretable. 

However, this approach is not always possible. In the case 
of complex non-linear dependencies and significant 
correlation of properties, the model is a so-called "black box", 
that is, a kind of closed system that receives data as input, 
"secretly" processes them and outputs the result. What is 
being done inside the “black box”, how the model has linked 
the input data with the result remains incomprehensible. 

To turn such a “black box” into a “white” one, that is, to 
understand how individual parameters influence model 
prediction in regression and classification problems, the 
Treeinterpreter for decision trees, LIME (Local Interpretable 
Model-agnostic), DeepLIFT, similar to Layer-Wise Relevance 
Propagation and the most recent method described in 2017 - 
SHAP (SHapley Additive exPlanations) can be applied. 

Information about LIME is given in [8, 9]. There is a 
project on Github [10]. Applications of the method are 
described in [11, 12]. LIME is model-agnostic and can be 
applied to any model that supports the predict_proba 
method in sklearn, or which results can be represented in 
form of probability (for example, softmax). In short, the 
essence of the method is that the model assumes a local 
linear dependence of the classifier's output on changes in the 
properties of an object in a small range. An interpretable 
model is created, which is trained on small perturbations of 
the parameters of the object being evaluated (“noise” is 
added), achieving a good approximation of the original 
model in this small range. Noise is created differently for 
different types of tasks, for example, by adding noise to 
continuous functions, deleting words or hiding parts of 
images. However, this relative simplicity of the LIME 
interpreter is the cause of its main disadvantage. For 
complex, difficult to interpret models, linear 
approximations may be inadequate even if a small local area 
around the parameter values is analyzed. In such cases, 
LIME may produce erroneous explanations. 

In turn, SHAP [13, 14] is qualitatively different from the 
simple search for correlations, in view of the fact that it uses 
the model for gaining knowledge about nonlinear and non-
monotonic interdependencies of parameters that influence 
the final result. The method is designed to work in the case 
of a significant relationship between the parameters. In 
general, the method requires over-training of the model on 
all subsets of S ⊆ n, where n is the set of all features. The 
method assigns a value of importance to each property, 
which reflects the effect on the model prediction when this 
property is enabled. To calculate this effect, the model f (S∪ 
{i}) is trained with this property, and the other model f (S) 
is trained with the excluded property. Then, the predictions 
of these two models are compared at the current input signal 

f (S∪ {i} (xS∪ {i})) - fS (xS), where xS represents the 
values of the input properties in set S. Because the effect of 
excluding a feature depends on other features in model, then 
the difference is calculated for all possible subsets of S ⊆ n 
\ {i}. Then, the weighted average of all possible differences 
is calculated: 

𝜕𝜕𝑖𝑖 = ∑ |𝑆𝑆|!(𝑛𝑛−|𝑆𝑆|−1)!
𝑛𝑛!

(𝑓𝑓(𝑆𝑆 ∪ {𝑖𝑖}) − 𝑓𝑓(𝑆𝑆))S⊆{1,2,…,n}\{i} , (1) 

This is the assessment of the importance (influence) of 
the properties (parameters) on the assessment of the model. 
In general, this is an approach based on game theory, which, 
according to the conclusions of the authors of the algorithm, 
provides a common interpretation and suitability for a wide 
range of machine learning methods. 

The latter method is applied in the development of a 
prototype of a recommendation system for improving the 
quality of school education. 

2 Data 

The source for the selection of indicators of general 
secondary education was the administrative data of the 
MoES RK. In Kazakhstan, administrative data collection in 
the field of education is carried out within the National 
Education Database (NEDB). The NEDB contains data on 
more than 20 thousand educational organizations. The 
source of data on the final learning outcomes and 
scholarship (grants) allocation is the National Testing 
Center (NTC). The data collection was carried out for the 
2018-2019 academic year, the data on the results of training 
for the 2017-2018 academic year. 

The NEDB contains the following data for each school: 
• Location, type, internal structure 
• Material provisioning (library, power, heating, repair, 

floor space, etc.) 
• Staff (number, rank, experience, quality staff etc.) 
• Contingent (language of instruction, children with 

special needs, gender and ethnic composition, etc.) 
• accessibility of school education (clubs, activity 

groups, transportation, catering, etc.) 
• learning outcomes (academic performance). 
Considering the available variables in the databases, 

about 200 variables of general secondary education were 
identified and collected, including about 10 obtained as a 
result of feature engineering. 

Based on the data, 4 education quality indicators Q-Edu 
were predicted and calculated: 

• Q-Edu-1 - Percentage of graduates enrolled in top 
specialties in top universities 

• Q-Edu-2 - The number of elite achievements (Altyn 
Belgi, republican and international competitions) 

• Q-Edu-3 - The share of graduates who scored the 
passing score on the ENT 

• Q-Edu-4 - Percentage of graduates who have 
continued their studies 

• Q-Edu-1,2,3 were calculated on the basis of available 
data, and for the formation of Q-Edu-1 (the proportion 
of graduates who entered the top specialty in top-
universities) the following additional data was used: 
1) National ranking of universities - 

http://egov.kz/cms/ru/articles/2Fbestuniinkz30 
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2) Grant passing points for specialties for 2017 - 
https://univision.kz/prohodnye-bally-na-grant-
2018.html 

As a result, 9 universities have been selected that are 
well-placed in the national rankings: 

• KazGU 
• KBTU 
• MUIT 
• SDU 
• KazNMU Asfendiyarov 
• Eurasian National University Gumilyov 
• KazNRTU named after Satpayev 
• Karaganda Economic University of Kazpotrebsoyuz 
• KazNPU named after Abay. 

3 Results 

On the basis of available data and calculated Q-edu-1-4 
quality indicators, machine learning models were built and 
trained to predict quality indicators based on the available 
preprocessed data. As a result of the experiments, a model 
based on decision trees GradientBoosting, implemented in the 
scikit-learn package, was applied. The constructed models 
consisted of 100 trees, each with a maximum depth of 5. 

As a result, models were obtained with the coefficients 
of determination shown below. The coefficient of 
determination is a quality indicator that compares a trained 
model with a model that always predicts the mathematical 
expectation, for which the value 0 corresponds to the model 
predicting the mathematical expectation, and the value 1 
corresponds to the ideal model. 

• Q-Edu-1 - 0.98 
• Q-Edu-2 - 0.84 
• Q-Edu-3 - 0.77 
• Q-Edu-4 - 0.94 
Then, the SHAP algorithm described above was used to 

explain the resulting models and rank the importance of the 
factors. As a result, the results were obtained in the form 
shown in Figure 1. 

Let us consider Figure 1 and give its interpretation. Each 
row in the figure reflects a certain factor, the factors are 
sorted by significance in descending order. Each point 
represents a separate school, and its position along the 
horizontal axis shows how negative (to the left) or positive 
(to the right) this factor had an effect on (in this case) 
indicator Q_edu 3 of this school. At the same time, the color 
of the dot indicates the value of the factor - the red dots have 
a high value of this factor (higher than the mean of the 
sample), with blue, respectively, a low value. For 
categorical/binary factors, the color of the dots means 
respectively belonging to a category, or the 
presence/absence of a factor. 

 
FIGURE 1 The influence of factors on the indicator Q-edu 3 (the number 

of graduates who scored a passing score on the ENT) 

Consider an example of the factor “Region_Almaty” - 
belonging to this region introduces a positive influence on 
the indicator Q-edu 3 in the trained model, and, accordingly, 
the lack of belonging to this region in some cases brings a 
smaller negative value in absolute value. 

It should be noted that a high degree of influence does 
not automatically mean the existence of causal relationships, 
but only indicates that the model uses one or another factor 
as the most suitable for statistical separation by target 
indicators, or, in other words, as the factor having the 
greatest information entropy for the task. 

4 Conclusions 

A multidimensional assessment of the quality of the Q_edu 
school has been proposed. 

The proposed recommender system identifies key 
parameters affecting key quality indicators, including 
regional imbalances and regional features. There are 
opportunities to analyze the most important parameters for 
the entire sample, individual schools, as well as the analysis 
of the interdependence of various factors. The number of Q-
edu indicators can be increased, and their content should be 
coordinated with experts in the field of secondary education. 
In order to more closely match the indicators with the 
realities of school education, it is proposed to introduce an 
expert assessment of the weight of the parameters. 
Expansion of the data set (by annual cuts) will allow to 
evaluate the dynamics of changes in the indicators Q-edu. 
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