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Abstract

The most common applications of artificial intelligence (AI) in drug treat-
ment have to dowithmatching patients to their optimal drug or combination
of drugs, predicting drug-target or drug-drug interactions, and optimizing
treatment protocols. This review outlines some of the recently developed
AI methods aiding the drug treatment and administration process. Selection
of the best drug(s) for a patient typically requires the integration of patient
data, such as genetics or proteomics, with drug data, like compound chemi-
cal descriptors, to score the therapeutic efficacy of drugs. The prediction of
drug interactions often relies on similarity metrics, assuming that drugs with
similar structures or targets will have comparable behavior or may interfere
with each other.Optimizing the dosage schedule for administration of drugs
is performed using mathematical models to interpret pharmacokinetic and
pharmacodynamic data. The recently developed and powerful models for
each of these tasks are addressed, explained, and analyzed here.
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INTRODUCTION

The era of personalized medicine has begun. Recent advancements in the genomic space have
provided a great amount of genomic and transcriptomic data relating to diseases, healthy tis-
sues, animals, and cell lines (1). Thousands of quantitative structure–activity relationship (QSAR)
descriptors and molecular fingerprints have been developed for the quantitative and categori-
cal characterization of drug molecules. Computational algorithms, especially related to artificial
intelligence (AI), and parallel processing have seen significant advancement in recent decades,
giving computer-based inference engines the ability to reach ever-deeper conclusions. This has
culminated in the compilation of many databases that are rich in biomedical information and the
creation of a variety of computational tools and AI-based software packages for researchers to in-
corporate into their work. Researchers have leveraged these newly available computational meth-
ods and data in developing engines to aid in the prediction of patient-specific drug treatments
and optimization of dosage and drug schedules to ensure the highest likelihood of success and
quality of life for patients. In this review, we discuss AI-based, single-drug prediction engines and
drug-target interactions. We then discuss drug combination therapy (CT), including synergism
predictions and drug-drug interactions (DDIs). Lastly, we address AI systems for dosage control
and drug regimen optimization.

MONOTHERAPIES: SINGLE-DRUG DECISION SUPPORT SYSTEMS

Prediction of the ideal drug for a given patient’s disease can have broad treatment strategies
that take into consideration all the relevant medical information from a patient, including ge-
nomics and/or proteomics data, integrated with features describing the drug’s properties. Often,
it is necessary to predict the drug’s interactions with biomolecules such as proteins, DNA, RNA,
microRNA, and others. The clinical application of such systems will necessitate a combination of
these approaches, especially for complex and orphan diseases in which novel cases are common.

Menden and colleagues (2) developed a model for predicting IC50 values by integrating the
mutation profiles of 77 genes, microsatellite instability, and copy number alterations of 608 cell
lines with theQSARdescriptors of 108 drugs.QSARdescriptors numerically represent the various
physiochemical properties of small molecules. The training data set contained 38,930 drug–cell
line pairs with known IC50 values, and the testing set contained 13,565 such pairs (2). They were
able to achieve an R2 value of 0.72 between actual and predicted IC50 values on the training set and
an R2 of 0.64 for the testing set, using both neural network and random forest (RF) architectures
in separate models. [R2 is a scalar measure, between 0 and 1, of how well a series of predicted values
match the expected values, with a value of 1 indicating perfect prediction and 0 indicating no cor-
relation between calculated outputs and real ones. An R2 value ≥0.7 is considered acceptable for
validation on the training set, and an R2 value≥0.6 on the testing set validates the model as predic-
tive (3).] TheMenden et al.model (2) meets both abovementioned criteria,with 79% concordance
between genetic relationships determined from predicted values and experimental values, provid-
ing a strong case for the dependence of drug resistance on these genes (2). The confirmation of
computationally derived gene roles by in vitro experimentation supports the applicability of such
models beyond the research setting and is an important step toward the adoption of such systems.

Chang and colleagues (4) developed a more accurate model using an updated version of
the same data source (Genomics of Drug Sensitivity in Cancer, or GDSC; https://www.
cancerrxgene.org) for cell line–drug pairs. Two interesting improvements to the modeling ap-
proach were implemented. First, they utilized deep learning (DL) (4); DL is a machine learning
(ML) approach dependent on many hidden layers for modeling complex, nonlinear systems (5).
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Second, they employed a committee approach, building five DL models with various parameters
for the prediction of IC50 values and taking the mean of their outputs as the final prediction. The
determination of IC50 values by taking the mean of five models’ outputs (4) achieved an increase of
0.12 in R2, or a total R2 value of 0.84, and an area under the receiver operating characteristic curve
(AUC) of 0.98 on the training set. [AUC is another common scalar measure of a model’s predictive
power. AUC values over 0.9, as in Chang et al.’s model (4), are indicative of excellent predictive
performance, and any value over 0.7 is considered acceptable.] Both models (2, 4) consider all
interactions leading to a single value of drug activity.

Prediction of drug-target interactions is a smaller part of the monotherapy optimization prob-
lem, but it is no less important. Predicting drug-target interactions is vital to the repurposing of
already existing drugs and the search for novel drugs, along with understanding the signaling and
metabolic pathways involved. Attempts at predicting new uses for existing drugs often rely on the
use of genetic, transcriptomic, and side effect data interpreted through an AI engine.

The predictions of drug-target interactions presented here rely mainly on two branches of AI
techniques: network theory approaches, in which the input characterizes the protein networks with
which a drug interacts (6–8), and ML approaches, which utilize architectures like Support Vector
Machine (SVM) (9). Campillos et al. (9) constructed a model relying on drug chemical structure
and therapeutic similarity indices to predict new and unexpected drug-target interactions using an
SVM architecture. [SVM is an ML method that aims to separate categorical variables by drawing
multidimensional surfaces between them (Figure 1).] The authors described unexpected drug-
target interactions for drugs that therapeutically have similar side effects but are not structurally
similar (9). For example, cetirizine, which targets HRH1, was found to be therapeutically similar
to acitretin, a molecule without previously known interactions with HRH1 but that is structurally

Maximum margin 
linear classifier
Maximum margin 
linear classifier

Margin 
between 
classes

Margin 
between 
classes

Class 1 boundary

Class 2 boundary

Class 2

Class 1

Support
vector

X1

X2

Figure 1

Diagram of a simplified Support Vector Machine architecture for a two-category classification problem.
Category boundaries are represented by solid lines and are separated by the maximum margin linear
classifier (dashed line), representative of the multidimensional surface referenced in the text. One could
imagine the two categories (green triangles and blue circles) here to be active and inactive molecules for a
specific protein. The number of molecules placed on the correct side of the line determines the accuracy of
the model. In reality, this image can be much more complicated, with no single, straight line being able to
achieve complete separation between the categories. Figure adapted from Reference 10.
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Figure 2

2-D chemical structures of the drugs (a) acitretin (60) and (b) cetirizine (61), illustrating how different the
structures of these two drugs are despite their observed therapeutic similarity. The observed differences are
represented by a chemical similarity metric, the 2-D Tanimoto coefficient, between 0.22 and 0.26, indicative
of significant structural differences (9). Figure adapted from References 60 and 61.

quite different (Figure 2). Acitretin’s novel activity on HRH1 was then confirmed experimentally
in an assay demonstrating a Ki of 15 µM (9). Campillos and coauthors (9) were able to predict 754
previously unknown interactions; they tested 20 of these in vitro, finding 13 of them to be active
on at least one of their predicted targets and 11 of them to have Ki values below 10 µM.Cheng and
coauthors (6) built similar models, instead utilizing a number of similarity-based modeling mech-
anisms; drug-based similarity inference; target-based similarity inference; and a bipartite graph
network-based approach, termed network-based inference (NBI), to predict novel drug-target in-
teractions. [A bipartite graph is a representationmethod in which vertices, illustrating interactions,
are drawn only between disjoint sets (Figure 3).] NBI proved to be the most powerful method and
was used to test further data. Cheng and colleagues (6) applied the NBI model to predict novel

1 =  Interaction present0 =  Interaction absent
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Figure 3

(a) Bipartite graph where connections (gray lines) between objects in disjoint sets Ai and Bi represent
interactions. The disjoint sets could be representative of proteins that may interact with those in the other
set but not within the same set. A given protein in the set Ai will not interact with another protein in the set
Ai but may interact with any or all proteins in set Bi. (b) Adjacency matrix from which the bipartite graph in
panel a was made. The presence of 1 indicates an interaction between the two elements intersecting at that
point, and the presence of 0 illustrates the absence of an interaction between the two elements. Notice that
A5 and B4 appear in the adjacency matrix but not the bipartite graph in panel a, as they do not have any
interactions at all, shown by the zeros in their respective row and column.
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drug-target interactions from a list of US Food and Drug Administration (FDA)-approved and
experimental drug-target links. In vitro assays confirmed biological activity in five of the predicted
drugs, specifically montelukast, diclofenac, simvastatin, ketoconazole, and itraconazole, on estro-
gen receptors or dipeptidyl peptidase-4 with IC50 values between 0.2 and 10 µM. They showed
that simvastatin and ketoconazole had anticancer properties when introduced to the MDA-MB-
231 breast cancer cell line in MTT assays. The confirmation of these in silico screens by in vitro
methods is encouraging because it demonstrates thatMLmethods can lead to biologically relevant
conclusions.

Yamanishi and colleagues (11) developed a drug-target interaction prediction engine for four
different protein classes, i.e., enzymes, ion channels, G protein–coupled receptors, and nuclear
receptors, using drug structural similarity, target protein sequence similarity, and drug-target in-
teraction topology. Chemical structure information was collected from the KEGG LIGAND
(12) database and analyzed using SIMCOMP (13), a computational tool for calculating global
similarity scores based on the size of common substructures. Target protein sequences were col-
lected from KEGG GENES (12), and similarity was calculated using Smith-Waterman scores
(7). Drug-target information for the four protein categories was collected from KEGG BRITE
(12), BRENDA (14), SuperTarget (15), and DrugBank (16). The authors first conducted a corre-
lation analysis between their inputs, drug structure similarity, and protein target sequence sim-
ilarity along with their outputs and drug-target interaction network topology, finding a strong
relationship and indicating that the data can be useful for prediction (11). They then used the
drug structure similarity and protein target sequence similarity features to predict unknown drug-
target interaction networks using three separate statistical methods—a nearest profiles method, a
weighted profile method, and a bipartite graph learning method that they had developed. Analysis
of the network models demonstrated the ion channels to be greatly interconnected, indicating
low specificity with respect to ligands, while the other three protein categories had significantly
fewer connections and more individual clusters, demonstrating their greater specificity with re-
spect to ligands. The AUC values presented for the Yamanishi et al. models (11) are misleadingly
good, as the highest sensitivity for any of the modeling methods between all protein classes is
0.574 (i.e., not very good), while the corresponding AUC value is 0.904 (i.e., excellent). A preci-
sion recall curve (PRC), which graphs the precision of a model against its recall (17), would be
more representative of the predictive power of the modeling method because it accounts for the
unequal distribution of instances between the two classes being compared. [The precision of a
model is the number of true positives it predicts over the sum of the true positives and the false
positives (18). Recall is the number of true positives over the sum of the true positives and false
negatives (18).] Nevertheless, the bipartite graphing method developed by Yamanishi et al. (11)
has proven to be better at predicting novel drug-protein interactions in the data set, as shown by
the gain in specificity when compared to the other methods. The success of the bipartite graph-
ing method over other modeling methods in both works (6, 11) suggests that this architecture is
particularly well suited for the prediction of drug-target interactions. The best results achieved
by Yamanishi et al. (11) were for enzyme proteins (sensitivity of 0.574) and the worst results for
nuclear receptor proteins (sensitivity of 0.148). Xiao and colleagues (8) built a model that is de-
signed to handle the class imbalance presented in the previous work and in many similar studies.
They employed a neighborhood cleaning rule and synthetic minority oversampling to balance the
number of positive and negative samples in the data set. Neighborhood cleaning rules and syn-
thetic minority oversampling aremethods used to balance data sets whose distribution of instances
in each class is not equal (19). Xiao et al. (8) then applied SVM to build a drug-target predic-
tion tool for each protein class from the balanced data set. The least accurate model, predicting
drug–ion channel interactions, was still very good (accuracy of 88.78%). The model predicting
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interactions between drugs and nuclear receptors had the highest accuracy (93.02%), which is in-
teresting given that the model developed by Yamanishi and colleagues (11) performedmost poorly
on this category of proteins. Both models performed relatively poorly in the prediction of inter-
actions between drugs and ion channels—this was the worst category in the Xiao et al. (8) study
and arguably the worst in Yamanishi et al.’s (11)—which is an interesting observation given the
comment made by Yamanishi and coauthors (11) about the lack of ligand binding specificity in
ion channel proteins.

COMBINATION THERAPIES

CTs are effective in treating complex diseases. They are helpful in fighting resistant disease strains
(20–22) and tumors (23–25) because these therapies can attack diseases at multiple fronts, leading
to synergistic interactions. Nevertheless, CT can be associated with increased toxicity. The com-
binatorial explosion resulting from the incredibly large and growing number of drugs necessitates
the development of in silico methods for selecting optimized CTs with minimal toxicity.

AI-based models have been developed for predicting synergistic drug combinations in many
ailments, including infectious diseases (20–22) and cancers (23, 24). General, non-disease-specific
CT predictors have also been developed (25–28). The models vary greatly in their inputs, out-
puts, and architectures. Disease-specific models employ data specific to the patient’s case such as
genomics or proteomics,while general combination predictors make recommendations using only
information related to drugs and their targets.

Combination Therapies for Infectious Diseases

Mason and colleagues (20) developed a model for predicting synergism of antimalarial drugs from
data on experimental combination screens of drugs and molecular structures utilizing a RF archi-
tecture with high accuracy. RF is a tree-based algorithm commonly used for classification and
regression models (29). The model was applied to a set of 253 drug combinations, of which it
predicted 20 would be synergistic (20). The 20 drug combinations were then tested experimen-
tally, and 9 of the combinations demonstrated synergism (20). The highest-ranked combinations
included apicidin with virginiamycin S1, with a 62% expected probability of synergism. It is en-
couraging to see an in silico model confirmed by in vitro methods.

AI-assisted drug combination selection strategies have been developed for the treatment of
human immunodeficiency virus (HIV) (21, 22). HIV treatment is complicated by the constant
introduction of drug-resistant mutations of viral proteases and reverse transcriptase in the virus.
This phenomenon forces treatment regimens to be periodically altered to address changes in the
viral genetics and prevent the viral load from growing. The toxic load contributed by the drug
must also be minimized. Computational approaches relying on ML were developed to keep up
with changes in these proteins (21, 22). Wang et al. (21) developed a model predicting the viro-
logic response to combinations ofHIVmedications.ThreeMLmethods, artificial neural networks
(ANNs), RF, and SVM, were used to predict the virologic response to a combination of drugs tak-
ing into consideration the viral mutation data and some added clinical biomarkers. [ANNs are
mathematical models that are inspired by the brain and used for ML; they consist of layers of
neurons and synapses that connect the neurons and apply weights to their outputs in the pro-
cess of moving values through the network, eventually leading to outputs (30) (Figure 4).] Ac-
curacy of results is assessed by the R2 value between actual and expected results. The RF-based
model developed byWang and colleagues (21) achieved the highest individual accuracy with an R2

value of 0.707. Even better results (R2 of 0.728) were achieved by applying a committee approach,
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Figure 4

Diagram of artificial neuron (perceptron) processing. The circles labeled zi, xi, and yi represent the neurons,
or calculation centers, and the arrows represent synapses, which pass information between neurons and apply
weights to the outputs of neurons. Mathematical functions, like tangent, are applied to the input values of
the neurons. Synapses multiply the outputs of the neurons by weights. The weights applied by these synapses
are constantly adjusted to minimize error until a minimum degree of error is achieved. The middle layer, or
the hidden layer, is the source of the black box effect; this effect makes it difficult to interpret the reasoning
of models because the inputs have already passed through a layer that performed mathematical operations on
initial values, and the outputs are the result of another set of computations performed by the hidden layer on
the already altered values. Deep learning often relies on ever-larger numbers of hidden layers, which leads to
greater abstraction and decreased transparency. Figure adapted from Reference 32.

considering only treatment suggestions agreed upon by multiple models, to the outputs of all
three models, demonstrating the gain in predictive power offered by a concordance of outputs
(21). Prosperi and colleagues (22) developed a similar model, comparing three AI techniques to
predict the response to antiretroviral treatment of 3,143 HIV patients in the EuResist database
in terms of their viral load, immune cell count, and viral mutation profile (31). They compared
the performance of a rule-based model to two ML models, one utilizing logistic regression and
another RF. The best results came from the ML approaches, with RF being slightly better (AUC
of 0.77), although logistic regression was very similar (AUC of 0.76). The rule-based system alone
had notably worse results (i.e., a maximum AUC of 0.70). When the outputs of the rule-based
system were used as inputs for the logistic regression model, the resulting AUC was comparable
to the pure ML methods. We question whether the reported increase in accuracy has anything
to do with the rule-based portion of the model, as it achieves similar results to logistic regression
without the rule-based system. The higher performance of the ML methods over the rule-based
system,with respect to prediction accuracy, supports the application of such nontransparent meth-
ods in reducing the dimensionality of complex biological data for application in drug treatment
selection as an aid or form of second opinion for doctors to utilize.

www.annualreviews.org • Artificial Intelligence in Drug Treatment 359
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Combination Therapies for Cancers

CT prediction engines for oncological decision support were developed using ML methods
(23, 24). They focus on leveraging biological data relating to the genetics and/or proteomics of
the disease integrated with chemical information, such as QSAR descriptors, to predict whether
a drug combination will be synergistic. Li and coauthors (24) developed an ML model utilizing
RF architecture in a binary classification, predicting the synergism of two drug combinations on
specific cell lines. They used 18 features describing the drugs’ physiochemical properties, target
network properties, and pharmacogenomic properties. The first two feature categories, physio-
chemical and target network properties, accounted for three total features (CT features). The fi-
nal category, accounting for 15 features, was represented using gene-expression profiles after drug
perturbation on the DLBCL cell lines. Li et al. (24) evaluated performance as a function of input
data and found that integrating all forms of available data led to the best results; nevertheless, the
15 differential gene expression features led to higher accuracy on their own than did the physic-
ochemical and target network features on their own. Integration of all features led to a receiver
operating characteristic (ROC) of 0.89, while the differentially expressed genes alone achieved an
ROC of 0.83, and CT features alone achieved an ROC of 0.73. They applied the model developed
from integrated data to an independent data set of drug combinations, predicting 28 synergistic
combinations, only three of which (azacitidine with thalidomide, carmustine with streptozocin,
and imatinib with paclitaxel) had been previously reported in the literature. The larger predic-
tive contribution of the differentially expressed genes suggests that pharmacokinetic properties
have more to do with the prediction of synergism than physicochemical or target network prop-
erties, but the fact that the model performed best with all available data supports the application
of a global systems biology approach in which the model benefits from having a more complete
picture.

Xia and colleagues (23) developed a different method for the prediction of synergism, and an-
tagonism, between oncological drugs. They used a feed-forward neural network in the prediction
of a scalar metric describing the degree of growth inhibition between the two drugs on the cell
line. This differs from the previous synergy models because it is a regression problem, predicting
a continuous value instead of a category. Positive values describe synergism, while negatives de-
scribe antagonism. Two categories of data were applied: chemical structure data, in the form of
QSAR descriptors and molecular fingerprints for 104 drugs, and cell-line descriptors, in the form
of gene expression micro arrays, microRNA expression profiles, and protein abundance measure-
ments for the NCI-60 cell lines. They used mean squared error (MSE), mean average error, and
R2 values to represent the model’s accuracy. Best results were again achieved through the inte-
gration of all data forms. The authors also analyzed the model’s accuracy as a function of inputs
and found drug chemical descriptors to be far more important than cell line descriptors (23). The
R2 value of model predictions jumps from 0.1272 to 0.9005 when using only gene expression
and one hot encoded drug name or only gene expression and drug chemical descriptors, respec-
tively. One hot encoding describes a method in which a list of categories is converted to a set
of columns, with 1 denoting the presence of that instance in a given category and 0 denoting its
absence (Figure 5). The large jump in R2 value contributed by adding chemical features contrasts
with the small gain in R2 value, 0.8892 to 0.9208, contributed by the representation of cell line
features with protein concentrations, expression levels, and RNA expression levels instead of only
one hot encoded molecular features. These results suggest that the chemical feature information
has greater importance to the predictive power of the model, as the authors argue, but could also
imply that one hot encoding represents cell line features better than it does chemical features for
this task. Examples of models built using only cell line or only chemical descriptors would help
to elucidate which form of data is truly most important. Given the high R2 value achieved by Xia
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Figure 5

An example of one hot encoding transformation, a method by which categories or labels can be represented
in a way that is useful for machine learning. On the left is a list of genes, and on the right is a table in which
1 illustrates the presence of that gene in that row and 0 represents the absence of that gene in that row.

and colleagues (23), it would be interesting to see how the model’s predictions would compare to
novel drug combinations and cell lines in vitro or how the synergism and antagonism predictions
correlate to responses in patients.

The main issue with the abovementioned prediction methods is that their reasoning is not
transparent to the operator, making alteration of the treatment decision difficult. ML methods
often sacrifice some amount of transparency for gains in predictive performance. Janizek and
colleagues (33) were able to develop an ML model utilizing extreme gradient-boosted (GB) trees
to build a transparent model with notable predictive power. [Gradient boosting is an ML tech-
nique used to optimize tree-based architectures with respect to their loss of function by adding
tree elements whose predictive contribution beats that of random chance one at a time (34).]
Janizek et al. (33) set up a regression model for the prediction of a Loewe drug synergy score [de-
fined by Preuer et al. (35)] using a total of 8,846 features, including gene expression levels of cell
lines, QSAR descriptors, and molecular fingerprints of drugs achieving a rank correlation score
of 0.70 ± 0.02 and a MSE of 0.519 ± 0.08. The authors then used a feature ranking method
for tree-based architectures, TreeSHAP (36), which gives weights to each feature representative
of their importance in building the tree, to order the descriptors and demonstrated that the ML
model suffers almost no loss in performance if only the top 1,000 features are used (MSE drops
by 1.73%). They also examined the top 100 ranked features and found that only 17 of them are
related to gene expression profiles; the rest were all drug-related features. This is consistent with
past findings that drug features are of the greatest importance for synergy predictions. It is difficult
to compare these results to those for other models because the MSE is calculated on a different
scale than in other models and an R2 value between predicted and actual values is not provided.
The rank correlation value is, however, quite high, supporting the utility of this modeling method,
and the transparency is a definite positive. It has been demonstrated that synergism predictions
are significantly more dependent on drug features, chemical descriptors, similarity metrics, and
interaction networks than on patient features and genetic profiles (23).

Universal Combination Therapies

Xu and colleagues (25) have built a general drug synergism predictor not focused on any specific
disease, which utilizes only information related to drugs and their targets. The model employs
50 features related to the drug combination’s biological, chemical, and pharmacological similar-
ities and interactions in the prediction of effective drug combinations from the Drug Combi-
nation Database (37). Three ML methods, stochastic gradient boosting (SGB), SVM, and naïve
Bayes (NB), were applied to predict drug synergy from the biological, chemical, and pharmaco-
logical data of the drugs. The tenfold cross-validation of their performances in predicting drug
combinations demonstrated that SGB significantly outperformed the other two modeling meth-
ods in all recorded statistical metrics (AUC 0.9519, ROC 0.9775, F1 0.8979, Recall 0.8693, and
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Precision 0.9292) (25). [F1 score is a statistical metric represented by the following formula: F1 =
2(Sensitivity)(Recall)/(Sensitivity + Recall).] These are by far the best results presented for any of
the drug combination predictors, strengthening the case that synergism prediction is much more
dependent on drug-related data than on patient-related data.

Sun et al. (26) have also developed an interesting CT prediction model that is not focused on
any specific disease. They integrated gene expression data of single drugs from the Drug Com-
bination Database (38) and the human disease pathway for each drug from the Molecular Signa-
tures Database (39), with three different frequency metrics representing the significantly changed
pathways of the combination of drugs. Each frequency metric was applied in separate modeling
attempts, and two modeling methods were attempted: SVM and NB. NB is a statistical method
that multiplies the probabilities of various represented categories and gives themost probable class
as a prediction. The authors explored how the accuracy changes as a function of kernel type in the
SVM architecture, achieving the best results with a Gaussian kernel: 69.1% classification accuracy
(26). The application of Hadoop to parallelize computing processes decreases run times by about
two to three times for all processes except for NB modeling, which is five times slower. Sun et al.
(26) state that this is caused by the small sample space (i.e., 152 two-drug combinations) and the
benefits of parallelization through Hadoop would become apparent for NB as well if the sample
space was much greater. This would allow for calculations on a larger set of individual drugs and
for combinations beyond two drugs (26). Their assumption may be true, but they do not provide
an explanation or a reference. Nevertheless, the SVM-based method achieves accuracy compa-
rable to that of other modeling methods, and the frequency metric they developed describing
significantly changed pathways significantly improved the accuracy of SVM when compared to
other similar frequency scores.

Li and colleagues (24) have employed several similarity scores to infer synergistic and antag-
onistic drug combinations. They developed a probabilistic model utilizing an altered Bayesian
network, termed the probability ensemble approach, which infers drug combination efficacy
from similarity scores calculated for each combination’s chemical structure, ATC codes, SIDER
database (40) terms, drug-target protein sequence, protein–protein interaction network, and
chemical fingerprints with an AUCof 0.90 and predicted adverse effects with an AUCof 0.95.This
is incredible accuracy, especially considering that there are only six feature vectors for each combi-
nation. Each feature vector is the result of several calculations, so they may have a large amount of
embedded information. One weakness specific to this model is its dependence on SIDER search
term similarity, a categorical variable that can sometimes be assigned subjectively. Zhao et al. (28)
developed another model for the recommendation of drug combinations from similar informa-
tion. It differs in that the modeling method aims only to maximize the parameters with respect
to the F1 score and the way that protein targets of the drug combinations are represented. They
(28) multiplied vectors representing each drug’s protein targets to get all possible protein combi-
nations, as seen in Figure 6. None of these models use any patient data, which is both a weakness

1

2

3
P3 P4 P5

P1 P1, P4

P2, P3 P2, P5

P1, P5P1, P3

P2 P2, P3

Drug 2 protein-target vector

Drug 1 
protein-target 

vector

Resulting combinations = 6 total 
combinations resulting from 
multiplication of the [2x1] drug-target 
vector by the [3x1] drug-target vector 

Figure 6

Protein-target vectors of drug combinations. The proteins associated with each individual drug are crossed
to make multiple vectors, illustrating all possible combinations of target-protein pairs covered by a particular
set of drugs. Figure adapted from Reference 28.
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and a strength. These models, much like the treatments they are recommending, are most useful
when used in combination with disease-specific models. They should be used as filters to choose
between drug combinations that have already beenmatched and approved to the specifics of some-
one’s disease or as screens for exploring new possibly synergistic drug combinations.

Combination Therapies for Drug–Drug Interactions

A discussion about decision support systems for selecting CTs would be incomplete without ad-
dressing DDIs. Predicting DDIs in silico is important to the drug treatment–selection and ad-
ministration process because it can help to minimize adverse reactions and maximize dosage ef-
ficiency. This is especially true for the growing elderly population for whom the risk associated
with polypharmacy is of growing concern (41) and for patients with complex diseases in which
taking multiple drugs may be necessary. The probability of a patient taking multiple drugs at the
same time grows with age, as the number of concurrent diseases a patient has increases (42). Com-
plex diseases often require multifaceted drug regimens to target all problematic regions. In silico
methods for the prediction of DDIs must be developed for use in clinics to prevent polypharmacy
from contributing negatively to patient health.

Although DDIs are screened as part of the FDA approval process, many of them go unnoticed
until after clinical trials due to the enormous number of possible combinations (43). There is cur-
rently no standard method to predict novel DDIs, but there is most definitely a necessity for the
development and adoption of such methods. Several AI-based models were developed for the a
priori detection of DDIs from biological, chemical, and pharmacokinetic data with high accuracy
in the academic setting, but none have reached the clinical implementation stage. The prediction
of DDIs using ML is typically accomplished through calculations related to the similarity in tar-
gets, pathways, and structures of two molecules. Few studies have tried to predict combinations
of greater than two drugs, most likely due to the enormous amount of uncertainty contributed by
the addition of each new entity and the exponential growth in computing power required with
each added drug. Cheng & Zhao (43) have developed ML-based models for the prediction of
DDIs by integrating data related to the phenotypic, therapeutic, genomic, and structural simi-
larity of drug-drug combinations using NB, SVM, and logistic regression ML techniques. SVM
marginally outperformed the others with an AUC of 0.666. The other ML methods achieved
comparable performance and had the advantage of being simpler, but the trend of higher accu-
racy at the cost of transparency to the operator persists. Utilizing five common ML techniques
(classification trees, k-nearest neighbor, SVM, RF, and GB machine), Kastrin and colleagues (27)
developed a number of models for predicting DDIs by calculating the probability of there being
a link (i.e., interaction) between two nodes (i.e., drugs) from topological indices describing net-
work similarities and semantic features describing therapeutic, chemical, structural, side effect, and
textual classification similarities between drugs. They noted that the usual metric for describing
the predictive power of a model, ROC, is incomplete and even misleading for binary classifica-
tions with class distribution biases. They instead reported that the metrics, precision, recall, F1

measure, AUC, and area under the PRC are better for characterizing these models. They also
applied each of the five modeling methods to five DDI databases [DrugBank (16), KEGG (44),
NDF-RT (45), SemMedDB (46), and Twosides (47)] separately and compared the results of each
modeling method on each database. The highest predictive power was observed for RF-based
models on DDI data from DrugBank and Twosides. The weakness of this modeling method is its
dependence on semantic and topological data instead of purely quantitative variables like QSAR
descriptors. Errors can be contributed by human operators mislabeling or wrongly categorizing
class variables.
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DOSAGE CONTROL AND TIMING

Properly controlling dosage quantity and administration timing is imperative to personalizing
drug regimens. An ideal dosage regimen keeps the concentration of drug in the body at a constant
equilibrium above the minimum effective concentration but below the minimum toxic concentra-
tion (48). This ideal administration of the drug is referred to as zeroth order release (48). Compu-
tational models have been exploited to approach the ideal zeroth order release to maximize drug
effectiveness while minimizing side effects.

Implementation in the clinic would require a combination of real-time sensors with software
for the measurement and optimization of the pharmacokinetic properties at play. Houy & Le
Grand (49) developed a model for the optimization parameters of temozolomide dosage and tim-
ing with respect to the reduction of tumor size using a Monte Carlo tree–inspired method. They
used the pharmacokinetic and pharmacodynamic data of temozolomide to represent the drug and
used the nadir of the absolute neutrophil count, the myelosuppressor effect of temozolomide, and
physiological factors described by Panetta and coauthors (50) to describe toxicity. The protocol
developed using these techniques and data resulted in average predicted tumor shrinkage of 7.66
times with a 95% confidence interval of 7.36–7.97. These models were not tested on real patients’
data, but an approach must be developed to foster in vivo testing of such results.

Some models aim at predicting how drugs will interact with the various transporters and
membranes involved in the absorption, distribution, metabolism, excretion, and toxicity of drugs
(termed ADMET properties) to elucidate how a patient may respond to a drug. ML approaches
to predict ADMET properties can be drastically improved by the development of a systematic
method for feature selection and parameter optimization (51). Yang et al. (51) studied the benefits
of using a genetic algorithm for feature selection and the conjugate gradient method for parameter
optimization in building four models relevant to drug pharmacokinetics with an SVM architec-
ture. The conjugate gradient method is a mathematical technique that iteratively computes the
direction of greatest decrease in error until a minimum is found (52). A genetic algorithm finds an
optimal set of features by scoring each feature vector, or row of features, based on its informational
contribution to the problem being addressed and crossing these high-scoring features with others
(53). It repeats this process until the accuracy of the model is no longer increasing, thus finding
the set of parameter weights that leads to the smallest error attainable. Genetic algorithm feature
selection and parameter optimization methods have been demonstrated to be especially useful for
constructing SVM-based ML models (54, 55).

Yang et al. (51) designed four models for the prediction of separate systems with which drugs
may interact and possibly effect on their path to a target. The four MLmodels developed by Yang
and colleagues (51) include the (a) identification of P-glycoprotein (P-gp) substrates and non-
substrates, (b) prediction of human intestinal absorption (HIA), (c) identification of compounds
inducing torsades de pointes (TdP) (polymorphic ventricular tachycardia), and (d) prediction of
blood–brain barrier (BBB) penetration. Data for the first three models, representing the chemi-
cal agents, class labels, and molecular descriptors, were taken from the study by Xue et al. (56).
Data for the final BBB model were acquired by compiling molecules from studies conducted by
Zhao et al. (57) and Li et al. (58) and calculating their chemical descriptors using an online cal-
culator called PCLINET. The feature and parameter optimization techniques applied here led
to prediction accuracy increases of 16.8% in P-gp, 10.2% in HIA, and 4.1% in TdP with re-
spect to models also built using SVM but without the genetic algorithm for feature selection and
the conjugate gradient method for parameter optimization (51).The BBBmodel was treated sepa-
rately and more thoroughly. Yang et al. (51) compared the results of this model to three previously
built models from the literature, showing significant improvement. The observed gain in accuracy
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ranged from 13.1% to 20.8% when compared to methods from other works and was 11.3% when
compared to SVMwith the genetic algorithm for feature selection but without the conjugate gra-
dient for parameter optimization (51). The authors demonstrated the power of applying an SVM
architecture to the prediction of pharmacokinetic properties, with accuracies between 85.1% for
P-gp and 96.8% for BBB, and the enormous gain that can come from applying these optimization
techniques in an SVM architecture (51). The best accuracy in each case was achieved by applying
the techniques illustrated here, but some of this may be because the classes they were predicting
are heavily biased. None of the data sets had an even split of instances in the two categories they
were choosing between, and in every case the accuracy was much higher for the class with more
representatives. They could have used a metric like PRC to demonstrate the predictive power of
the model independent of this class bias or used a technique like synthetic minority oversampling,
demonstrated by Xiao and colleagues (8), to remedy this issue.

Lim et al. (59) developed a recurrent neural network model for the prediction of dosage re-
sponse over time for general diseases, termed the recurrent marginal structural network (RMSM).
The mathematical model depicts tumor volume, V(t), to be the product of its size at a previ-
ous point in time, V(t-1), and a coefficient that is the sum of four terms: (a) tumor growth rate;
(b) radiation dosage, sensitivity, and time of exposure; (c) chemotherapy dosage and sensitivity; and
(d) a bias term. Lim et al. (59) aimed to demonstrate the modeling mechanism’s ability to estimate
unbiased treatment response andmultistep prediction performance, hence the variables represent-
ing time and dosage. They compared this model’s ability to predict tumor volume against other
known methodologies, finding theirs to have the lowest root mean squared error (RMSE) when
compared to several benchmarks and state-of-the-art methods.The R-MSMmodel’s RMSE value
grew only slightly, from 0.92% to 1.02%, with time-related confounding growing from 0 to 10,
demonstrating the model’s ability to adjust to treatment changes as time progresses with negligi-
ble growth in error. The predictive performance of this model, as measured by RMSE, exceeded
that of traditional methods by 80.9% and that of the state-of-the-art Bayesian method by 66.1%.
The model is composed of two parts: It first encodes a representation of a given patient’s current
disease state and then uses a decoder to predict the treatment response of a selected drug regimen
administered over a set length of time. The accurate prediction of tumor volume, or any other
disease’s response to drugs, with time is incredibly important for maximizing the effectiveness
of drugs while reducing the degree of unnecessary toxicity by elucidating the degree of disease
progression as a function of drug susceptibility, dosage, and the time of administration.

DISCUSSION

The application of AI as an aid in the selection and administration of personalized drug regimens is
vital, especially when combating complex diseases in which many patients need completely novel
treatment protocols.Modernmedicine achieved itsmassive success using technologies such as vac-
cinations and antibiotics, which generally work without much adjustment from patient to patient.
Precision and personalized medicinal approaches are meant to combat the diseases left behind—
those for which there are no one-size-fits-all solutions. Only through the application of computa-
tional tools dependent on AI engines can we truly leverage the vast amount of biological, chemical,
and medical data that need to be integrated to fully understand and fight complex diseases such as
cancers. There is no AI that will function as a skeleton key, recommending treatments for all dis-
eases. Instead, tools are being developed to handle specific tasks in the drug selection and admin-
istration process of each disease and each patient. Much like other mathematical approximation
methods, the functions that AI modeling methods determine are most accurate when they are not
extrapolated over large output areas. Limiting the prediction space of models helps to boost their
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accuracy by decreasing the number of possible outputs or the range of outputs for classification and
regression problems, respectively. Even greater accuracy is achieved through the democratization
of modeling methods, e.g., committee approaches like those in Chang et al. (4) and Wang et al.
(21), where outputs depend on the decisions or predictions of multiple accurate representations.

The complexity of the data and modeling methods relied upon in AI technologies often results
in the development of a decision-making process completely uninterpretable to human operators.
This is inevitable, as there is no conceivable way for us humans to consider and integrate every
piece of appropriate biological, chemical, and medical information relevant to each patient in the
design of a treatment protocol specific to their needs. If we could make sense of it, we would not
need the AI.

The purpose of AI in drug treatment is to reduce the data to a size the doctor can interpret,
giving clinicians access to information they could not previously consider. Transparent reduction
processes would have to be simple enough for the operator to make sense of them.Unfortunately,
this sort of simplification often comes at the cost of a reduction in prediction power.AI-based black
box decision support solutions contribute greater accuracy but with less transparency. There has
been a lot of anxiety over the use of so-called black box models because their decision-making
process is not always rationalizable to humans; but this stressor should be alleviated if they prove
to be successful and patient survival increases. Extensive trials to justify any medical black box
model’s predictive abilities are a must because of the implications of such software and the lack of
interpretability they often come with. The models must be demonstrated to irrefutably improve
outcomes for patients before their application in clinics. The introduction and wider-scale use
of DL for the selection and optimization of drug treatments will make it even more difficult for
models to achieve transparency. We must learn to trust the decisions and advice provided by our
machines, much like children must learn to trust the decisions of their parents.
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