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ABSTRACT
In recent years, allosteric sites on proteins, located

away from the primary active binding site, have gained
prominence as promising drug targets because of the
significant control they provide over biological pathways.
The process of identifying allosteric sites through
methods such as x-ray crystallography is often
time-consuming, where the protein structure and the
structure of potential allosteric-site binding molecules are
analyzed to discover the allosteric site. Thus, machine
learning models have been applied to expedite the process
of allosteric drug discovery by contributing to allosteric
site identification. In this study, we investigated different
machine learning models and evaluated their
performance, and found that the best models were the
random forest classifier and a 5-layer neural network. The
random forest had an accuracy of 98.89%, a precision
score of 98.20%, a recall score of 99.69%, an F1 score of
98.94%, and an AUC of .9991. The neural network had
an accuracy of 97.70%, a precision score of 99.15%, a
recall score of 96.04%, an F1 score of 97.57%, and an
AUC of .9939. The high accuracy of these models along
with their efficiency in running could potentially help the
pharmaceutical industry identify these allosteric sites
which would help with the allosteric drug manufacturing
process.
INTRODUCTION

Proteins are composed of 2 or more binding sites,
which enable corresponding molecules to bind either to
the active (orthosteric) site (Fig. 1), or the allosteric site,
resulting in regulation of the protein’s function or activity
(Fig. 2). This is of interest to the pharmaceutical industry,
which manufactures drugs complementary to a binding
site of a protein, in order to regulate its role in a
biological pathway. The majority of the aforementioned
drugs mainly target the active site of the protein,
competing with other molecules for the binding site in
order to take effect. However, the conformation of active
sites remains largely similar across proteins, and may
appear to have the same conformation when the protein is
mutated. Active site targeted drugs thus can modulate a
broad variety of proteins, which may cause unintended
consequences if the drug is intended for only one protein.

However, allosteric drugs target a unique binding site
away from the active site on the protein, changing the
conformation of the protein’s active site without
competition from other molecules trying to bind. The lack
of competition allows for a greater control over biological
pathways, dampening or heightening the protein’s role in
the pathway. However, discovery of allosteric sites is
required in order to create a compatible drug, and current
methods of enzymatic assays, fluorescence resonance
energy transfer (FRET) and x-ray crystallography are
time-consuming and resource-intensive. By applying
machine learning to this field, the process of uncovering
the allosteric sites can be expedited, aiding in the creation
of allosteric site targeted drugs.

Figure 1: Binding action of molecules (substrates) to active
sites, other substrates competing for the binding sites results in
competitive inhibition.

Figure 2: Binding action of molecules (substrates) to allosteric
sites (activator and inhibitor sites), which is an example of
noncompetitive inhibition.

BACKGROUND
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The discovery of allosteric sites on enzymes has
been attempted through several non-computational and
computational methods, which have proved to be
time-consuming in several cases. One such method is
through x-ray crystallography. Günther et. al. describes a
method to take an x-ray crystallography of a library of
5000+ drug and drug candidates as well as the protein it
binds to in order to identify the location of an allosteric
site. However, performing x-ray crystallography requires
crystallization of the proteins, x-ray diffraction, and
extensive analysis for each protein and possible drug
candidate, which is extremely time-consuming. extremely
time-consuming.

As a result, new computational models are emerging
to help identify potential allosteric sites. Recently, Xiao
et. al. conducted a study using an AutoML framework to
identify allosteric sites using machine learning. However,
there are many limitations to computational models, due
to potential bias in the dataset, which makes it
inapplicable until the model is constantly reliable for
allosteric site identification.
DATASET

The dataset was obtained from the Protein Allosteric
Sites Server (PASSer), and is a combination of two other
datasets, Allosteric Sites Database (ASD) and Catalytic
and Allosteric Sites Benchmarking Dataset (CASBench),
containing examples of proteins with allosteric sites. Each
of these examples was passed through FPocket, an
algorithm for identifying pockets (components) of a
protein. For each pocket detected, it calculated 19
numerical features (Fig. 3), which were then added to the
dataset. This dataset was downloaded with features
(generated by FPocket) and numerical labels (1 or 0
indicating whether or not the pocket is an allosteric site,
respectively), intended for use in a supervised learning
problem (Fig. 4). When the ASD portion of the dataset
(which was used for this experiment) was unpacked, it
was discovered that pockets belonging to a protein were
grouped together, which resulted in varying numbers of
pockets in each group (as each protein has a different
number of pockets) which machine learning models
would not accept. We performed preprocessing where we
assumed that every pocket is independent, and thus
separated each group of pockets into individual entries in
the dataset (Fig. 5). After preprocessing steps, the dataset
consisted of 4412 samples of protein pockets. As the
dataset consisted of a majority of non-allosteric site
pocket examples (95.3%), baseline machine learning
models were biased (see Methodology/Models section).

The Synthetic Minority Over-sampling Technique
(SMOTE) algorithm was implemented to rebalance the
dataset, adding more samples of allosteric site examples
(the minority class) to the dataset. This raised the number
of samples in the dataset to 8410, consisting of a 50/50
division of allosteric site and non-allosteric site examples.
For the purposes of training and validating the models, an
85/15 train-test ratio was used to split the dataset.

Figure 3: 19 Features Generated by FPocket.

Features: [[[0.937, 0.86, 85.0, 1.208, 0.0,
1.208, 412.844, 38.453, 3.768, 0.47, 0.624,
49.682, 4.182, 9.0, 2.0, 31.25, 4.958,
10.556, 0.092], [0.028, 0.001, 55.0,
169.914, 95.041, 74.873, 487.69, 10.0,
3.857, 0.495, 0.218, 35.6, 4.7, 5.0, 0.0,
44.118, 4.361, 11.394, 0.382], [0.003, 0.0,
16.0, 69.415, 37.7, 31.715, 157.697, 4.0,
3.814, 0.591, 0.312, 3.2, 3.2, 4.0, -1.0,
40.0, 2.559, 5.693, 0.184], [-0.003, 0.001,
18.0, 70.759, 34.53, 36.229, 241.791, 11.0,
4.055, 0.712, 0.667, 33.0, 4.0, 2.0, 0.0,
50.0, 2.424, 5.847, 0.297], [-0.054, 0.0,
24.0, 88.902, 32.144, 56.759, 246.352, 5.0,
4.027, 0.593, 0.25, 31.167, 4.333, 4.0,
-1.0, 44.444, 2.271, 6.389, 0.141]],...

Labels: [[1, 0, 0, 0, 0],...

Figure 4: Sample entry of one grouping of pockets and
corresponding labels in the ASD portion of the PASSer
Allosteric Site Server Database (before preprocessing). Each
protein/grouping of pockets is represented by the middle set of
brackets, and each of the 5 pockets inside this grouping contain
19 numbers enclosed by another set of brackets, corresponding
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to each feature. Each label number corresponds to one of the 5
pockets, identifying them as an allosteric or a non-allosteric
site.

Figure 5: Preprocessing pipeline for preparing the balanced
supervised allosteric site dataset.

METHODOLOGY/MODELS

After converting the data into a form that is
acceptable by models and splitting it with an 85/15 split
(see Dataset section), several baseline models were
trained and evaluated on performance.

LOGISTIC REGRESSION
The logistic regression model is popularly used as a

baseline classifier due to its interpretability. A simple
logistic regression is given by the formula:

(Fig. 6)𝑓(𝑥) =  1/(1 + 𝑒−𝑧)
where is given by:𝑧
𝑧 = 𝑏 + 𝑤
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The above equation is used to train the logistic regression
model. Each feature is multiplied by a weight which𝑥 𝑤
is then summed with a bias term . Both the weights and𝑏
the bias are optimized through model training. For every
test example, when is found, it is passed through , a𝑧 𝑓(𝑥)
sigmoid function which returns a value between 0 and 1.
To classify the input as either 0 or 1, a decision boundary
exists at . If the output value of is𝑓(𝑥) =  0. 5 𝑓(𝑥)
greater than or equal to the decision boundary, then the
input is classified as 1; otherwise, it is classified as a 0.

RANDOM FOREST
The random forest classifier is a combination of

various decision trees optimized to classify an example
during testing (Fig. 7). During training, instances of the
data are selected through bootstrapping several times, and
a tree is generated for each time data is bootstrapped. A
random subset of features is selected that will be used in
each tree. After each tree makes a classification based on
the test data, a tally is taken of each tree’s classification,
and the decision with the greatest number of tallies is
outputted as the classification. It allows for a
generalization to the data, and increases diversity in
classification with various features to prevent incorrect
classification.

OTHER BASELINE MODELS
In addition to the above baseline classifiers, the ridge

classifier, Support Vector Classifier (SVC), and decision
tree models were trained. However, they did not perform
nearly as well as the aforementioned models described
above.

SMOTE
Baseline classifiers such as logistic regression were

biased to classifying a given test set example as
non-allosteric, as the models were trained on a greater
number of non-allosteric examples. However, they still
achieved a relatively high accuracy because non-allosteric
examples made up the majority of the test dataset. As a
result, SMOTE, a resampling algorithm was used to
resize the data. More samples were added to the minority
class in the dataset (allosteric site examples) in order for
the data to consist of 50% allosteric site samples and 50%
non-allosteric site samples (see Dataset section). By
implementing SMOTE, the model will learn the patterns
from the data instead of classifying the majority of
examples as non-allosteric sites.
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NEURAL NETWORK
Using Keras, a 5-layer fully connected neural

network was implemented. Each layer in a neural network
is composed of neurons, each capturing a key feature
from the inputted data and multiplying it by a weight to
pass it to the next neuron in the network after an
activation function (Fig. 8). After the neural network goes
through 1 iteration, backpropagation occurs after
calculating the loss (comparison of output to target
values). After this, the weights are re-optimized based on
the learning rate, and the model is trained again. In the
neural network in this experiment, each of our 5 layers
contain 128, 64, 32, 16, and 2 neurons respectively. The
5th layer is the output layer, using the softmax activation
function to convert it into a probability from 0 to 1, while
the other 4 layers use the ReLU activation function. The
aforementioned activation function is given by the
formula , and determines if a neuron𝑓(𝑥) =  𝑚𝑎𝑥(0,  𝑥)
fires to the next neuron or not, allowing for more
effective learning.

HYPERPARAMETER TUNING
Using GridSearchCV, some of the most common

hyperparameters of these models were optimized by
testing and finding the hyperparameters that returned the
best accuracy (Fig. 9). GridSearchCV takes in the
parameters we want to test, and evaluates every possible
model using a combination of each of the
hyperparameters. The amount of combinations that
GridSearchCV tests is given by the formula

where is the number of𝑓(𝑥) =  𝑛𝑃
1
 *  𝑛𝑃

2
...  𝑛𝑃

𝑛
𝑛𝑃

𝑖
values tested for hyperparameter .𝑖

Figure 6: An example of a sigmoid function, which is similar
to the curve for a logistic regression.

Figure 7: An example of the random forest model

Figure 8: An example of a neural network. Each hidden layer
is activated by a ReLU function, and the output layer is
activated by the softmax function. In this example, there are
multiple possible outputs, but there are only 2 for this study.

Model Optimal Hyperparameters

Logistic Regression {'C': 0.1, 'max_iter': 100,
'penalty': 'l2', 'solver':
'newton-cg'}

Ridge Classifier {'alpha': 10, 'max_iter': 100,
'solver': 'sparse_cg'}

Random Forest {'min_samples_leaf': 1,
'min_samples_split': 2,
'n_estimators': 200}

Decision Tree {'criterion': 'entropy',
'min_samples_leaf': 2,
'min_samples_split': 2}

SVC {'C': 100, 'gamma': 'scale'}
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Neural Network {‘epochs’: 70,
‘learning_rate’: 0.001}

Figure 9: Best hyperparameters found by GridSearchCV for
each model during hyperparameter tuning.

RESULTS/DISCUSSION

After all necessary rebalancing and hyperparameter
tuning, we found that random forest achieved the highest
accuracy while minimizing error. To evaluate our models,
6 different metrics were used: accuracy, precision, recall,
F1, confusion matrix, and ROC-AUC, and a learning
curve was used to evaluate the neural network. (Figs. 10,
11, 12, 13).

Model Acc% Prec% Rec% F1% AUC

LR 87.00 93.93 80.18 86.51 .9359

RC 85.10 94.82 75.46 84.04 .9444

RF 98.89 98.19 99.70 98.94 .9991

DT 95.64 94.92 96.80 95.85 .9610

SVC 85.97 94.77 80.18 96.34 .9411

NN 97.70 99.15 96.04 97.57 .9939

Figure 10: Numerical metrics for all tested Models, after
hyperparameter tuning (LR = Logistic Regression, RC = Ridge
Classifier, RF = Random Forest, DT = Decision Tree, SVC =
Support Vector Classifier, NN = Neural Network).
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Figure 11: Confusion Matrices for logistic regression (before
resampling data), logistic regression (hyperparameter tuned)
Random Forest, and Neural Network (in order).
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Figure 12: ROC curves for logistic regression (before
resampling data), logistic regression (hyperparameter tuned)
random forest, and neural network (in order).

Figure 13: Learning curve for the neural network model. This
curve shows that the model is learning, as both the training and
validation (testing) accuracy both increase

ACCURACY
The accuracy of the model is an indication of the

total number of true positives and true negatives that the
model identified correctly with respect to the total number
of samples in the test dataset. However, accuracy is not
used as the sole metric for the model, as it can be

misleading in scenarios of data imbalance and bias.
Accuracy was high before data rebalance, as the models
were biased to classifying an example in the test set as
non-allosteric; however, it decreased after data rebalanced
while other metrics increased. After hyperparameter
tuning and data resizing, accuracy was highest in the
random forest model (98.89%) and the neural network
model (97.70%).

PRECISION, RECALL, F1 SCORE
We used precision, recall, and the F1 score in

addition to the model’s accuracy to evaluate its
effectiveness on the dataset. The formula for precision is
given by , where is the amount true 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) 𝑇𝑃
positives, and is the amount of false positives.𝐹𝑃
Precision thus measures the amount of correctly identified
allosteric sites with respect to the total number of
examples predicted as allosteric sites. However, precision
wasn’t an issue for most of the models before
hyperparameter tuning, as there were sufficient
non-allosteric examples in the dataset, reducing the
amount of false positives. However, after rebalancing the
data, the precision score for some of the models decreased
slightly, but the models continued to be highly precise.
After hyperparameter tuning, the neural network model
was the most precise (99.15%) followed by the random
forest classifier (98.19%).

Recall is another metric that measures the total
number of true positives with respect to the amount of
false negatives and true positives combined. It is given by
the formula where represents the𝑇𝑃/(𝑇𝑃 + 𝐹𝑁) 𝐹𝑁
count of false negatives. In this case, recall would
measure the amount of correctly identified allosteric sites
with respect to the total amount of allosteric sites in the
test set. This metric was especially low before SMOTE
was implemented, as the models were biased to
classifying an allosteric example as non-allosteric,
increasing the number of false negatives. However, after
SMOTE was implemented, recall increased greatly in all
models. Recall was maximized in the random forest
(99.70%) and neural network models (96.04%).

The F1 score is the harmonic mean of precision and
recall, and is used to find the trade-off between precision
and recall. The F1 score is given by the formula

,2 *  (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 * 𝑅𝑒𝑐𝑎𝑙𝑙)/(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
returning a value between 0 and 1. As outputs approach
closer to 1, it indicates a higher model performance,
whereas an output closer to 0 indicates a lower
performance. The F1 score was greater in models which
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had a high precision and recall, including in the neural
network (97.57%) and random forest classifier (98.94%).

ROC-AUC
The ROC Curve shows the trade-off between the

false positive rate and the true positive rate (Fig. 12).
Each point on the graph represents a decision threshold,
or the trade-off between false positives and true positives
that the graph chooses. A model with 100% accuracy will
have an ROC curve that is a vertical line from the origin
to 1.0, and then the plateaus. To calculate the quality of
the model’s predictions, the AUC (area under the curve
will be calculated). For a random binary classification
prediction, the AUC is 0.5, as there is an equal probability
of getting a true positive and a false positive. However
with training, the AUC will increase as the curve goes
above the line . As the neural network and the𝑦 = 0. 5𝑥
random forest classifiers had the greatest accuracies, their
AUC was also the highest, at .9939 and .9991
respectively.
CONCLUSION

In this study, we tested several machine learning
models in order to determine whether allosteric sites can
accurately be classified. Due to the lack of data
availability, data bias was combatted using the SMOTE
algorithm, allowing for models to learn the patterns in the
data. After optimizing each model by tuning their
hyperparameters, the random forest model was by far the
best model, followed by the neural network, after
evaluation with various metrics (accuracy, precision,
recall, F1 score, confusion matrices, and ROC-AUC). As
the random forest algorithm increases diversity in
classification using a random selection of features for
each tree, it was able to generalize to the patterns in the
data, and incorrect classifications were minimized by
taking a tally of each tree’s classification and choosing
the majority output. The same accuracy from the random
forest model was unmet by other models such as the
logistic regression, as the relationship may have been too
complex to be captured, or the other models failed to
generalize to the data. The high 98.89% accuracy of the
random forest and the 97.7% accuracy of the tensorflow
neural network model can help many pharmaceutical
industries who currently do not focus on allosteric site
discovery due to constraints, if these models are
implemented. By making advances in the field on
allosteric site discovery, drug manufacturers are closer to
implementing allosteric site targeted drugs in order to
gain greater control over biological pathways. In the
future, I would like to address certain limitations of the

model to see if it changes the results of this study. For
example I would like to verify whether isolating the
pockets during preprocessing still yields the same results,
comparing the accuracy with a larger dataset versus a
smaller dataset resized by SMOTE, or whether
conformation data of the protein can help identify the
allosteric site in addition to other features.
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