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Abbreviations
1D
2D
3D
AA
ACE
AIDS
AVG
cco
ccp
CHO
CPU
cv
DLV
DT

EL
FASGAI
FC

FN

FP

GP
GPCR
GRIND
HAART
HIV
LE
kNN
LOO
LOSO
MCC
MHC
MIPS
NPV

One dimensional

Two dimensional

Three dimensional

Amino Acid
Angiotensin-Converting Enzyme
Acquired Immuno Deficiency Syndrome
Antivirogram

Clinical cut-off

Correctly Classified Percentage
Chinese Hamster Ovary

Central Processing Unit

Cross Validation

Delavirdine

Decision Tree

Extracellular Loop

Factor Analysis Scales of Generalized Amino acid Information

Fold Change

False Negative

False Positive

Gaussian Processes

G Protein-Coupled Receptor

Grid Independent Descriptors
Highly Active Anti-Retroviral Therapy
Human Immunodeficiency Virus
Ligand Efficiency

k-Nearest Neighbor

Leave-One Out
Leave-One-Sequence Out
Matthews Correlation Coefficient
Major Histocompatibility Complex
Million Instructions Per Second

Negative predictive value
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NB - Naive Bayesian

NN - Neural Net

NNRTI - Non-Nucleoside Reverse Transcriptase Inhibitor
NRTI - Nucleoside Reverse Transcriptase Inhibitor
NtRTI - Nucleotide Reverse Transcriptase Inhibitor
PCA - Principal Component Analysis

PCM - Proteochemometric

PC - Principal Component

PDB - Protein Data Bank

Pl - Protease Inhibitor

PLFP - Protein-Ligand Fingerprint

PLS - Partial Least Squares

PPV - Positive predictive value

ProtFP - Protein Fingerprint

QSAR - Quantitative Structure-Activity Relationship
QSAM - Quantitative Sequence-Activity Modeling
RF - Random Forest

RMSE - Root Mean Squared Error

ROC - Receiver / Operator Characteristic

RS - Rough Set

RT - Reverse Transcriptase

Sens - Sensitivity

Spec - Specificity

SEM - Standard Error of the Mean

SVM - Support Vector Machines

™ - Trans Membrane

TN - True Negative

TP - True Positive

TEA - Two Entropy Analysis

VHSE - Vectors of Hydrophobic, Steric, and Electronic properties
VIP - Variable importance projection

VSS - Variable subset selection

Wt - Wild type

278



Appendix

Glossary

Classification

Compound

Data mining

Descriptor

External validation

False negative

False positive

Floating point number

Internal validation/

Cross validation

Ligand

Negative predictive value

Subtype of machine learning that predicts membership of
any class present in the training set as output variable.

Chemical substance consisting of two or more different

elements that can be separated into simpler substances by
chemical reactions.

The process of pattern discovery in large unsorted
data sets.

Machine learning interpretable way of describing a
compound or target.

Validation procedure for a statistical model based on
pre-partitioning the data set with observations into two
subdivisions (‘Training set’ and ‘Test set’). Subsequently a
statistical model is trained on the training set and validated
on the test set.

A compound tested active but inactive according to a
model.

A compound tested inactive but active inactive according to
a model.

Computerized form of scientific notation consisting of the
product of a mantissa and a power of 10 with the exponent
expressed as an integer. However, floating point numbers
can also use base 2, base 8, base 10 and base 16, where
base 2 is the most common.

Validation procedure for a statistical model based on
partitioning of the training set into n subdivisions.
Subsequently a statistical model is trained on n-1
subdivisions and validated on the remaining subdivision. This
process is repeated n times.

Compound that has been shown to bind to a protein of
interest.

In classification, true negative compounds as fraction of the

total of compounds inactive according to a model.
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Positive predictive value

Regression

Sensitivity

Specificity

Small molecule

Target

Training set

True negative

True positive

Test set

In classification, true positive compounds as fraction of the
total of compounds active according to a model.

Subtype of machine learning that predicts a floating point
number as output variable based on observed values found
in the training set.

In classification, true positive compounds as fraction of the
total of compounds active according to experiments.

In classification, true negative compounds as fraction of the
total of compounds inactive according to experiments.

Organic compound with a molecular weight of under 500
Dalton
Protein of interest in a medicinal chemistry project.
Collection of data points defined as observed examples to
capture the distinction between desired compounds (e.g.
ligands for a protein) and undesired compounds.
Compound tested inactive and inactive according to a
model.

Compound tested active and active according to a
model.

Collection of data points used to validate a trained statistical

model before production usage.
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