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Abstract—In this paper, we describe our protein folding 
research with the goal of improving protein model scoring by 
grouping of protein models and using an interpreter for machine 
learning (ML). The traditional approach is to use a handful of 
popular ML algorithms, such as Support Vector Machines 
(SVM), Random Forest and Neural Networks that are trained on 
a whole set of models. Our approach is to group the protein 
models and train the ML algorithms on each group separately. 
Our framework can be generalized to other application of ML 
where there is a strong diversification of data set. In this paper, 
we describe results of comparison of traditional vs. our grouping 
approach showing that some improvement in the scoring of 
protein models can be achieved. To further improve the scoring, 
an interpreter for machine learning is used. The interpreter is 
based on Local Interpretable Model-Agnostic Explanations 
(LIME) tool. In this paper it is used to determine feature vector 
for each group of protein models. Different feature vectors are 
then used for ML training on different groups of protein models 
allowing us to improve the ML algorithms. In addition, 
interpreter of ML can be used in the future to provide feedback 
for the process of protein models generation. 

Keywords—Bioinformatics, Machine Learning, Protein 
Models, Model Scoring, Interpretation-Generating Algorithms 

I. INTRODUCTION  

A longstanding issue in the scientific community is the 
study of proteins. Proteins, which are the building blocks of 
life, are composed of connected amino acids and fold into 
three-dimensional structures which determines their functions. 
Knowledge of these structures is crucial for the formulation of 
new medicines, the study of diseases, and in the field of protein 
engineering [1]. Determining the three-dimensional structures 
of these proteins through experimentation is very expensive 
and time consuming. Alternatively we can use a computer to 
generate hundreds or thousands of potential three-dimensional 
structures for each protein and then determine which of the 
predictions are the best [2]. 
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Different types of approaches have been used to score 
protein models. Some initial experiments used clustering based 
methods [1]. These methods were later replaced by energy 
functions, derived from physical principles [3] or statistical 
analysis. All these methods do not perform consistently well 
[3]. Yet another, newer approach is to use machine learning 
(ML) algorithms such as neural networks [5], Support Vector 
Machines (SVM) [2], and others that use calculated features to 
estimate protein model quality. Machine learning (ML) has 
been used as one of the leading methods to predict which 
model bests conforms to the three-dimensional shape of a 
protein. An enormous effort was spent designing feature 
vectors that could capture all characteristic structures along the 
wide spectrum of protein amino-acid chains [2]. New 
algorithms and new available hardware allow for significant 
increase of the efficiency of protein model prediction but the 
prediction accuracy still needs to be significantly improved [5].  

In our research we pursue experiments to analyze the 
implication of the model groupings on prediction accuracy. 
There are many methods for model grouping discussed in the 
literature [7]. A newer method to develop grouping is to use 
deep learning approach as described in [8]. In this paper, we 
classified protein models based on groups related to each 
native protein structure. One of the important contributions of 
this paper is to analyze the implications of grouping on protein 
scoring accuracy.  

Another contribution of this paper is the presentation of 
results of applying the interpretation-generating ML algorithms 
called Local Interpretable Model-Agnostic Explanations 
(LIME) [11]. These algorithms were used for feature vector 
engineering.  

In Section 2 we compare the predictions accuracy based on 
complete set and based on groups of models. In Section 3 we 
present research on applying LIME to identify feature 
influence on the predictions.  

II. IMROVEMENT OF PROTEIN MODELS SCORING  

Determining the 3D protein structure is of critical 
importance for discovering new vaccines, medications, their 
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potential side effects and for general progress in biotechnology. 
Since experimental methods are very expensive, time 
consuming and sometimes unusable, only small fraction of 
known proteins are determined this way [5]. The fastest 
progress is expected from alternative methods, mainly 
computational approaches. As a result of these approaches 
multiple 3D protein structure predictions, called models, are 
created. They are only an approximation of the real protein 
structures so the problem still remains how to determine the 
quality of prediction. The research goal for this paper is “How 
can we improve selection from the set of generated protein 
models to get the ones which are the closest to the native 
protein structure?” For the effective protein model scoring we 
cannot use the same physics and chemistry laws that have been 
used already for the model generation. We can, however, use 
machine learning algorithms to “train” on experimentally 
discovered protein structures and use what they “learn” for 
estimation of new protein models.  

Fig. 1 shows the general overview of the “training” process 
for protein model scoring, and our modifications. Protein 
native structure (relatively accurate 3D structure) is compared 
with its protein models. However, finding a proper measure for 
structural differences is a problem by itself. The basic method 
is to use RMSE (root mean square error). This method needs to 
be significantly improved to be usable and to reflect partial 
matches and local versus global matches. In addition we might 
need to de-emphasize occluded parts of the structure since they 
will be less responsible for functionality of the protein [10]. 
Improvements and standardization of structure difference 

measurement came from a community-wide competition called 
CASP (Critical Assessment of techniques for protein Structure 
Prediction) [5]. CASP uses the combined method of Global 
Distance Test (GDT) and Longest Continuous Segment (LCS) 
with multiple superimpositions. They refer to this widely 
accepted method as GDT_TS and our project is based on this 
measure. CASP also contributed to our protein folding research 
by providing data sets describing structure of the native 
proteins (relatively accurate 3D structure) and numerous 
protein models (approximate 3D structures). More precisely, 
we used datasets from CASP 8, 9 and 10 to construct the 
training set and CASP 11 for the testing set. 

As it is shown in Fig. 1, we have constructed the training 
set by computing the label using GDT_TS measure for all 
available protein models as compared with the corresponding 
native protein structure The training set had to include the 
features computed for each protein model. The challenge is 
that protein native structures are very diversified and it is very 
hard to make the computed feature vector to reflect all this 
diversity. In our experiments, we started with the feature set 
that was based on algorithms developed by Dr. Keasar [9]. As 
a result by using various machine learning algorithms, we 
could “learn” from CASP 8-10 generated protein models and 
test the results based on CASP 11 data. In the learning phase 
the regressor was created and used in the testing phase to 
automatically score the protein models.  

 

 
 
 

 
 
 

Fig. 1. Training procedure of machine learning for protein model scoring 
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TABLE I. PRECISION OF PROTEIN MODEL SCORING FOR TRAINING ON ALL PROTEIN MODELS 

 
Training on all protein models  

Target LOSS GDT_TS 

T0590 0.0052 0.1544 
T0611 0.0396 0.0768 
T0634 0.0119 0.1975 

 
 

TABLE 2. PRECISION OF PROTEIN MODEL SCORING FOR TRAINING PROTEIN MODELS FOR EACH GROUP INDEPENDENTLY 
 

Training on protein models for each group  

Target LOSS GDT_TS 

T0590 0.0026 0.1786 

T0611 0.0119 0.0967 

T0634 0.0065 0.0463 

 
 

TABLE 3. IMPROVEMENT OF PROTEIN MODEL SCORING BASED ON TRAINING ON WHOLE SET VS. ON EACH GROUP INDEPENDENTLY 
 

 
 

  
 
 
 
 
 

To summarize the first part of experiments, the training was 
done for the whole set of available protein models and we used 
the feature vector constructed by Dr. Keasar [9]. In our 
research we did a comparative analysis of results of several 
machine learning algorithms for our data sets, including 
Adaboost and random forest. In our effort we went, however, 
beyond that typical approach and tested our general regressor 
on separate groups of protein models. Table 1 shows how 
mixed the results were. Target protein T0611 has much smaller 
(better) GDT_TS and supported our hypothesis that the 
improved methods should take into consideration diversity of 
protein models. The remaining groups indicated no 
improvement. 

We used also an additional measure called LOSS [9] of 
success in predicting the best protein model. This measure does 
not directly reflect the structural differences between the 
protein models and the native structure but it reflects the 
accuracy of the subset of selected protein models  and their 
order. It was a good utilitarian measure reflecting how good we 
did (or would do) in the CASP competition by comparison to 
other research participants. The typical value of LOSS for 
other research centers is close to 0.02. Actually, as we see in 
Table 1 the measure of LOSS shows that by processing the 
groups separately we could perform much better for some part 
of the competition e.g. native protein T059 and worse for some 
other native protein T0611. 

Our main research direction was to improve the protein model 
scoring based on their diversity so a next experiment was to 
“train” on each group independently. The procedure is 
described in Fig. 1 where separate training sets were 
constructed for protein models corresponding to each native 
protein and a regressor was generated for each group 
independently. In these experiments, we used the same feature 
vector as previously. The results are shown in Table 2. They 
indicate that, again, GDT_TS for some groups can be 
improved but there are cases when prediction is worse. It is 
interesting to see that the utilitarian coefficient LOSS was 
improved in all cases. This conclusion, however, needs to be 
verified on a larger sample. 

III. USING LIME FOR FEATURE VECTOR ENGINEERING 

With the dramatically increased successes of machine 
learning applications there is a need to better interpret and 
visualize the results. Recently a new approach to interpretation 
and visualization of machine learning process has emerged 
called Local Interpretable Model-Agnostic Explanations 
(LIME) that is based on perturbing data and finding its 
implications. The main advantage of this approach discussed in 
the literature is to bring many AI projects out of academic labs 
and increase the trust of society in the solutions. In our research 
we attempt to do this and also to use the LIME approach to 

Training on protein models for each group - 
improvement factor 
Target LOSSimpr GDT_TSimpr 

T0590 2.0002 0.8645 
T0611 3.3158 0.7945 
T0634 1.8333 4.2627 
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guide us in choosing the best grouping for training in ML 
process of protein model scoring.  

Our research on effectiveness of grouping on ML 
performance also involves features vector engineering. For that 
we can use LIME to interpret the results and employ human in 
the loop to provide the feedback to the whole process of 
protein folding as shown in Fig. 2. The architecture of our 
prediction system is shown in Fig. 2. Protein model scoring is 
performed as described in the previous section. The human 
expert in the loop is used to improve selection of protein 
models by engineering the feature vector. In the future human 
expert in the loop can also participate in the protein model 
generation. 

The solid arrows indicate the feedback provided by the 
human expert to assist in selecting the best grouping of protein 
models and in choosing the best feature vector. The dotted line 
represents employing the human expert to provide the feedback 
to the process of protein model correction i.e. contribute to a 

community effort of improvement of generation of protein 
models [4]. 

We collected all information from the LIME interface for 
all protein models groups of interest. Then we did training on 
protein models for each group with the LIME selected features. 
The results are shown in Table 4 and 5. 

The value of LOSSimpr  is higher only for the first group. It 
practically means that we can improve the precision of 
selection of the best protein models only in the first group. The 
improvement coefficient GDT_TSimpr ,  is practically unchanged 
or worse. It means that the prediction of the structural 
similarity is worse. In general, our preliminary results show 
that employing a ML interpreter does not help much in 
improving protein model scoring. The feedback from LIME 
can, however, be used to understand better the process of 
protein folding and can improve the specific protein models. 

 

 

 
 

 
 
 

Fig. 2. Using LIME to Improve Protein Model Scoring. 
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TABLE 4. RESULTS OF PROTEIN MODEL SCORING BASED ON TRAINING ON EACH GROUP INDEPENDENTLY WITH REDUCED FEATURE VECTOR 

 
Training on protein models for each group with selected features 

Target LOSS GDT_TS 

T0590 0.0017 0.1642 

T0611 0.0119 0.1274 

T0634 0.0118 0.0561 

 
TABLE 5. IMPROVEMENT OF PROTEIN MODEL SCORING BASED ON TRAINING USING GROUPS AND COMPLETE FEATURE VECTOR VS. REDUCED FEATURE 

VECTOR 

 
Training on protein models for each group with selected features - improvement 

factor 
Target LOSSimpr GDT_TSimpr 

T0590 1.52117647 1.088 
T0611 1.00291373 0.759 
T0634 0.54792519 0.826 

 

IV. CONCLUSIONS 

In constructing the research framework for protein 
scoring, we took into consideration the heterogeneity of 
datasets and newest solutions in machine learning i.e. the 
interpretation-generating ML algorithm called LIME. Our 
framework allows us to experiment with groupings of 
datasets and to determine an optimal grouping for protein 
model scoring. The project can be extended in an important 
direction of protein model improvement. We can use LIME 
to provide feedback to the protein model generation process. 
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