Evolving complex yet interpretable representations:
application to Alzheimer’s diagnosis and prognosis
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Abstract—With increasing accuracy and availability of more
data, the potential of using machine learning (ML) methods in
medical and clinical applications has gained considerable interest.
However, the main hurdle in translational use of ML methods is
the lack of explainability, especially when non-linear methods are
used. Explainable (i.e. human-interpretable) methods can provide
insights into disease mechanisms but can equally importantly
promote clinician-patient trust, in turn helping wider social
acceptance of ML methods. Here, we empirically test a method to
engineer complex, yet interpretable, representations of base
features via evolution of context-free grammar (CFG). We show
that together with a simple ML algorithm evolved features provide
higher accuracy on several benchmark datasets and then apply it
to a real word problem of diagnosing Alzheimer’s disease (AD)
based on magnetic resonance imaging (MRI) data. We further
demonstrate high performance on a hold-out dataset for the
prognosis of AD.
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I. INTRODUCTION

Application of machine learning and artificial intelligence
(AI) methods in medical and clinical problems has gained
increasing attention in recent years [1][2]. These methods can
find patterns in high-dimensional data and thus have the
potential to provide gains in diagnostic and prognostic accuracy.
However, there are also skepticisms and societal concerns,
especially regarding the explainability of the models and their
predictions [1][3][4]. According to the latest EU guidelines for
trustworthy Al, transparency is one of the main requirements for
the application of machine learning algorithms [5]. Importantly,
fostering trust between clinicians assisted by ML/AI methods
and patients by communicating reasons behind decisions and
uncertainties associated with options is crucial for the
acceptance of ML methods [6], [7]. In addition,
explainable/human-interpretable  models are  inherently
beneficial in a clinical setting as they can help understand the
biology underlying disease mechanisms and disease
progression. It is, therefore, important to develop methods and
frameworks that can simultaneously provide high accuracy and
interpretability.

Feature engineering is one of the key concepts to improve
model performance: Processing the available features in such a
way that they are easily learnable by a classifier is arguably one
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of the most important parts of machine learning [8]. Single
features may seem irrelevant until considered in combination
with others. Often, exhaustively exploring the complete range of
possible feature combinations is computationally too expensive,
due to the high dimensionality of the data. Evolutionary
algorithms can improve the search in such combinatorial
problems by systematically searching the space guided by the
usefulness of the candidate solutions. Previous work utilizing
evolutionary algorithms have shown promise in various research
areas. Some of these approaches have relied on grammatical
evolution (GE) [9] for feature selection and generation. For
example, Silva et al. employed GE to select and generate
features for the prediction of the daily peak electricity load in
planning of power systems [10]. Implementing a combination of
GE and neural networks, Gavrilis et al. generated new features
and could thereby improve performance on nine out of ten
classification datasets [11]. Demonstrating its suitability for
medical purposes, Smart et al. similarly utilized GE to select the
best subset of features as well as to generate new features for
detecting epileptic oscillations in patients with epileptic seizures
[12]. Motsinger et al. proposed a combination of GE and neural
networks to perform automatic feature selection in genetic
epidemiology [13]. In a study by Georgulas et al., GE was
utilized to improve the classification of pathological fetal heart
rate where artificial features were derived from the 19 original
features and used to train a neural network [14]. These studies
show that the models generally benefited from the constructed
features (CF). If the generated features and the model are
restricted to retain a human-interpretable form, such a feature
generation framework can be leveraged to promote both
accuracy as well as interpretability. Towards this goal, we
propose a framework based on GE, which achieves a good trade-
off between these two goals.

Building upon its promise in engineering new and useful
features, here we use GE to evolve new feature representations
as combinations of the original or base features which are then
used as a basis for classification. Our motivation for using GE
was to test a feature construction method that can produce
human-interpretable features that meet the requirements for
trustworthy Al.  Although there exist other feature
extraction/construction methods (e.g. PCA) the resulting
features are often not interpretable.GE can limit the search space
and efficiently construct new features by incorporating domain-
specific knowledge and user expectations through a pre-defined



set of rules, the so-called ‘grammar’. By restricting the grammar
to basic arithmetic operations, we enforce the expectation on the
engineered features to be human-interpretable. We then use the
naive Bayes (NB) classifier as a model. We first demonstrate
utility of evolved feature representation on eight benchmark
datasets. We then apply our framework to the clinical problem
of diagnosis of the Alzheimer’s disease —i.e. AD versus healthy
control (HC) classification—using base features derived from
structural MRI (sMRI) data. We expected our approach to
generate  human-interpretable  features which  include
information about the interactions between brain regions.
Additionally, we apply the AD vs. HC model to a hold-out set
to probe its prognostic capacity—i.e. to predict whether a person
with mild cognitive impairment (MCI) will develop AD or not.

Taken together, the main contributions of our work are: (1) we
propose a GE framework to construct arithmetic combinations
of base features which improves accuracy; and (2) by applying
it to the real-world clinical problems of diagnosis and prognosis
of AD, we demonstrate that the proposed framework can
uncover complex yet interpretable interactions between brain
regions.

This paper is structured as follows: Section II lays out the
background of AD and briefly showcases current ML-based
diagnostic approaches. Section III gives a brief introduction to
GE and the general workflow. Section IV gives a detailed
description of the feature construction method. In section V, the
results are presented and discussed. Section VI presents the
conclusions of our work.

II. ALZHEIMER’S DISEASE AND ITS DIAGNOSIS AND PROGNOSIS

Among the estimated 50 million people suffering from
dementia worldwide, AD is the most common form [15].
Disturbances in memory, language and higher executive
functions lead to severe obstruction of a patient's life. With high
prevalence in the elderly, AD has become a major public health
problem, due to the increasing life expectancy of the
population. It is, therefore, important to develop accurate and
interpretable methods for early diagnosis of AD. One approach
which has shown a good diagnostic promise—i.e. AD versus
HC classification—is using sMRI derived features in
combination with machine learning algorithms. Since the
progression of AD is highly associated with loss of brain
volume detectable in sMRI images, various algorithms
capitalizing on atrophy in AD patients have shown good
classification accuracy. Furthermore, as sMRI is routinely
acquired in many clinics, a highly accurate and interpretable
method using sMRI data has a high translational potential.
Utilizing support vector machine (SVM), Kloppel et
al. classified grey matter segments of 20 pathologically proven
AD patients and matched healthy controls with 96% accuracy
[16]. On a larger dataset of 652 subjects, Liu et al. employed an
ensemble method, based on sparse representation-based
classifiers with an accuracy of 91% [17]. Lebedev et al.
proposed random forest based ensembles and were able to
differentiate AD from HC with an accuracy of 90% [18]. All of
these approaches rely either on whole-brain analysis or atlas
derived features. In most cases, classification is based on grey
matter volumes of individual brain regions and benefits from

the fact that areas highly affected in AD, like the hippocampus,
provide good discrimination. In addition to high accuracy, it is
desirable to have interpretable models that can help uncover the
brain regions involved in AD and interactions between them.
This, in turn, can help understand the disease mechanisms and
progression leading to better treatment and care. However, a
trade-off exists between these two goals such that the implicitly
interpretable methods (e.g. linear SVM or logistic regression)
do not implicitly take complex interactions between features
into account, while other models do so with reduced implicit
interpretability (e.g. RBF kernel SVM and neural networks).

III. GRAMMATICAL EVOLUTION FRAMEWORK

We consider the binary supervised learning problem where
given a labeled dataset D = {(x;, y)},, x € R%,y € {0,1},
we want to learn a mapping function f:x — y such that f
generalizes on unseen data. Here, we use GE to evolve feature
combinations using CFG to learn f':x' —» y, where x' =
CFG(x), x' € RP,p < d. Our aim is to identify f' such that it
performs better than f and is still interpretable. We propose to
use grammatical evolution for this.

Fig. 1 shows the general workflow of the proposed
method. The initial population of chromosomes is translated
into expressions using the production rules of the CFG. Note
that each chromosome can result in a different number of
expressions. Subsequently, new features are constructed by
combining the base features according to the defined
expressions (see section I'V or details). The constructed features
are used to train and evaluate a classifier in a cross-validated
(CV) fashion to estimate generalization performance [19].
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Fig.1 Workflow of the proposed framework

In CV, the data is randomly split into k equally sized subsets.
One subset is retained as validation data, while the other k-1



folds are used to train the model. Consequently, each of the
subsets becomes the validation data once, resulting in k
different estimations. The mean of those results gives an
estimate of how well the model will generalize on new data.
Chromosomes then undergo selection, cross-over and mutation
and are evolved to maximize their fitness. Even with the use of
CV, studies have shown that optimization based solutions are
prone to over-fit [20], [21]. To assess the true generalization
performance of the constructed features, using CV is not
enough as it is a part of the optimization process and can thus
lead to overly optimistic estimates [22]. It is, therefore,
necessary to assess the generalization performance outside the
optimization procedure. To achieve this, the data is randomly
split into two sets, 80% evolution set and 20% validation set.
The evolution set is used to evaluate the features constructed by
GE expressions during evolution. This is done using 3-times 3-
fold CV. The fittest solution is then evaluated on the hold-out
20% validation set.

We selected NB as it provides two desirable properties, 1) its
low variance and high bias which makes it less prone to over-
fitting and therefore counteracts the susceptibility to overfitting
within the GE optimization iterations, and 2) its probabilistic
output which makes the predictions easier to communicate.
Furthermore, NB is negatively affected by redundant and
irrelevant features [23], so we expect the evolved feature
representations to mostly contain relevant and non-redundant
features.

We use the Brier score as cost (negative fitness) measure. Brier
score was chosen as it is a proper scoring rule and hence can be
used to rank solutions.

A. Grammatical Evolution

In this study, the gramEvol R-package
(https://github.com/fnoorian/gramEvol) was used [24]. GE
combines CFG and genetic algorithms to optimize programs
towards a specific task. CFG is used to generate patterns of
strings according to a set of recursive rules. The notation
technique used here is the Backus-Naur form (BNF). The CFG
is described by the tuple (T,N,R,S), where T is the set of terminal
symbols, N is the set of non-terminals with N N T = @, R the
set of production rules and S the start symbol, S € N. Non-
terminal symbols can be replaced by other non-terminal or
terminal symbols whereas terminal symbols are literals. N and
T together build the lexical elements which are used in the
production rules R. R is defined as relations in the form of x —
a withx € N, a € (N U T). The user-defined grammar is
utilized to impose a set of grammatical production rules which
determine the chromosomes. Each gene denotes a production
rule of the CFG. Following the predefined set of rules, genotypic
integer strings are translated into functional phenotypic
programs, a process which is called genotype-to-phenotype
mapping. The mapping function is the mod rule, defined as:

R =B mod RN

Where B is the codon integer value, mod is the modulus
operator and RN is the number of rules for the current non-
terminal. Mapping begins at S and subsequently replaces each
non-terminal element N, according to the production rule

determined by the mapping function. Mapping continues until
every non-terminal element is replaced by a terminal. If the
chromosome runs out of codons before a valid expression could
be produced, wrapping is applied. By reusing the codons, the
mapping process continues. To prevent infinite recursions,
wrapping is limited to a certain number and will result in a poor
fitness score if the limit is reached. Details of the settings that
we used and feature construction are provided in the next
section.

The evolution was performed with a genetic algorithm (GA)
[25]. GA is an optimization algorithm inspired by evolution in
which generations of chromosomes, representing the
genotype—i.e., candidate solutions, are successively optimized
and evaluated based on a fitness measure. The chromosomes are
then subject to selection, cross-over and mutation, producing the
next generation. This process is repeated until terminal criteria
like a certain threshold of fitness or the predefined number of
generations are reached.

IV. EXPERIMENTAL SETUP

The production rules of the CFG were defined as the grammar
shown in Table I. Non-terminal symbols are expression,
operator and variable and are enclosed by angle brackets. On the
other side, terminals are the actual mathematical operators and
original features. Thereby, the resulting expressions are
arithmetic combinations of the original features. The feature
construction process takes the values of each chromosome and
applies the CFG rules from Table I to the base features (Tab.
1IB).

To reduce computational cost whilst preserving the diversity of
the solutions, population size was set to 20 chromosomes.
Additionally, the number of generated features was fixed to be
equal to or less than the number of original features of the given
dataset, with 14 codons per expression. The mutation chance for
each codon was set to 1/( genomeLength+1) and single-point
cross-over was used. The initial population included the base
model (all original features by themselves). Other chromosomes
in the initial population were randomly created in the range of
[0, d-1]. Evolution was terminated after 50 generations.

The cost (negative fitness) of each chromosome was calculated
as stratified Brier score [26] to take the imbalanced nature of
some datasets into account. Using the constructed features, an
NB model was fit to the two training folds within the evolution
set and used to predict the held-out fold. The predicted
assignment probabilities were used to calculate the Brier score
for each class separately. The two Brier scores were then
averaged to get the cost value, with lower values indicating
better performance. The settings of the GE are shown in Tab.
IIA.

The optimized GE model using the 80% evolution set —i.e. the
NB model on the constructed features—was evaluated on the
20% validation set. The same evolution set was used to build a
base model using the original features and evaluated on the
validation set. To consider the randomness in the evolution set-
validation set split and the GE initialization, we ran the GE
framework five times for each dataset. Four evaluation metrics
are reported: area under the ROC curve (ROC), balanced
accuracy (Acc), F1-score (F1) and stratified Brier score (Brier).



TABLE L GRAMMAR USED

Rule Rule number
S = <expr> 0
<expr> = <expr> <op> <expr> 0
<var> 1
<op> = +-1*1/ 0[1]2]3
<var> = Xi| Xaf . | Xa 0[1]...)n-1
TABLE II. FEATURE CONSTRUCTION

A) SETTINGS OF THE GE

Parameters Value
Number of individuals 20
Number of generations 50
Chromosome length [0, d-1]
Mutation rate 1/(d+1)

B) EXAMPLE FEATURE CONSTRUCTION
String Chromosome Operation
<expr> 8,9,14,3,6,11,7,6,13,4 8mod2=0
<expr> <op> <expr> 9,14,3,6,11,7,6,13,4 9mod2=1
<var> <op> <expr> 14,3,6,11,7,6,13,4 14mod 14=0
X, <op> <expr> 3,6,11,7,6,13,4 3mod4=3
X * <expr> 6,11,7,5,13,4 6mod2=0
X * <expr> <op><expr> 11,7,5,13,4 11mod2=1
X * <var> <op> <expr> 7,5,13,4 7mod 14=7
X * Xg<op> <expr> 5,13,4 Smod4=1
X, * Xg+ <expr> 13,4 13mod2=1
X * Xg+ <var> 4 4mod 14=4

X; * Xg+ X5 constructed feature

The original chromosome is [8,9,14,3,6,11,7,6,13,4]. The process starts with
the first integer of the chromosome, in this case, eight. Since the start symbol
is <expr>, which has two different rules, the first operation is 8 mod 2 = 0.
Consequently, rule number 0 is selected and <expr> is translated into <expr>
<op> <expr>. After that, the leftmost non-terminal is selected and the next
integer is used to determine the following rule. The process is repeated until
every non-terminal element is substituted by a terminal. The final expression is
Xy * Xt Xs¢L

A. Datasets

We used eight real-world benchmark datasets from UCI
(http://www.wisostat.uni-koeln.de/de/forschung/software-und-
daten/data-for-classification/) and two real-world clinical
datasets.

1) Breast Cancer Wisconsin: The sample contains 569 patients
with breast cancer. The objective is to differentiate malignant

and benign cases using 30 features computed from a fine needle
aspirate of a breast mass, describing characteristics of the cell
nuclei of the image. The database contains 257 benign and 212
malignant cases.

2) Pima Indians diabetes: This dataset contains 768 females of
Pima Indian heritage. The objective is to predict diabetic status
using eight diagnostic measurements. Variables include the
number of pregnancies, glucose concentration in plasma, blood
pressure, skin thickness, insulin concentration, BMI, age and
Diabetes Pedigree Function. 268 of the subjects are diagnosed
as diabetics.

3) Heart Disease: The sample contains 270 participants with 120
patients with diagnosed heart disease. The objective is to classify
the absence or presence of heart disease using 13 features with
various diagnostic measurements.

4) Irish: The dataset contains 500 instances of Irish school
children. The objective here is to classify into male and female,
based on five features dealing with the educational status of the
children.

5) Image Segmentation: The dataset contains 660 outdoor
images. The images were hand segmented to create a
classification for every pixel. In this case, images are classified
into “containing window” and “containing cement”. 330
examples are available for each class.

6) Tennis: The dataset contains 87 instances of subjects under
pain medication. Based on 15 features dealing with experienced
drug efficacy, the objective is to classify into male and female.

7) Diabetes: The dataset contains 112 instances of diabetics. The
objective is to differentiate the diabetic type based on five
metabolic variables.

8) Crabs: The dataset contains 200 instances of Leptograpsus
crabs. Based on 5 features describing physical attributes, the
objective is to classify into male and female.

9 and 10) Alzheimer’s Disease Neuroimaging Initiative (ADNI).
We derived two datasets from the ADNI database [27]. (A) The
AD diagnosis dataset contains 459 subjects with 3T scans with
the objective to classify them as AD or HC. Structural (T1-
weighted) MRI images of 153 AD patients and 306 HC are
extracted. Utilizing the CAT toolbox (http://dbm.neuro.uni-
jena.de/cat), voxel-based morphometry (VBM) is performed to
estimate local grey matter volume. Subsequently, a brain atlas is
applied which partitions the brain into 173 parcels. The brain
atlas contains 100 Schaefer atlas parcels covering the cortex
[28], complemented by 36 subcortical regions from
Brainnetome [29] and 36 cerebellum parcels from Buckner et al
[30]. The average grey matter volume within each of the 173
parcels is calculated as base features for each subject. (B) The
MCI to AD prognosis dataset contains similarly derived 173
features for 267 subjects of which 138 later converted to AD.
The objective here is to classify converters and non-converters.

V. EXPERIMENTAL RESULTS

In this section, we discuss the results obtained on the
benchmark datasets as well as the two clinical datasets. Overall,
we observed that both the GE constructed features as well as the
base features combined with the naive Bayes classifier were able



to classify most datasets with high accuracy. Notably, feature
construction via GE resulted in superior performance in most
cases.

A. Benchmark UCI Datasets

In Table I11, the results from the application of both base and
GE models on several test datasets are listed. We observed that
for six out of eight datasets the NB model using GE constructed
features outperformed the NB model using base features in at
least four out of five runs on the stratified Brier score which was
optimized by GE. Importantly, the constructed features also
benefited other performance metrics with an increase in area
under ROC, balanced accuracy, and F1-Score. Interestingly, for
two datasets, Diabetes and Crabs, all the metrics improved
considerably. For the two datasets with no clear improvement,
Irish and Image, the performance of NB with constructed
features was similar to the base model. These results suggest that
our framework was able to evolve feature representations which
improved overall classification efficacy. Incorporating
information about the interactions between features seems to
increase the discriminative validity of the evolved
representation, in comparison to base features. Furthermore, the
versatile set of classification tasks at hand suggests that our
framework is generally applicable in diverse research domains.

TABLE IIL AVERAGE PERFORMANCE ON UCI DATASETS

Dataset Model ROC Acc F1 Brier Runs

Base 0.992 0.955 0.969 0.034
Breast 4/5
GE 0.997 0.973 0.980 0.026

Base 0.800 0.693 0.798 0.215
Pima 4/5
GE 0.805 0.709 0.804 0.193

Base 0.884 0.787 0.798 0.162
Heart 5/5
GE 0.873 0.822 0.847 0.153

Base 0.640 0.600 0.542 0.241
Irish 2/5
GE 0.596 0.570 0.504 0.247

Base 0.965 0917 0915 0.065
Image 2/5
GE 0.977 0.915 0914 0.066

Base 0.497 0.451 0.526 0.425
Tennis 4/5
GE 0.467 0.489 0.546 0.369

Base 0.960 0.925 0.881 0.073

Diabet. 4/5
GE 1 1 1 0.007
Base 0.646 0.590 0.591 0.295

Crabs 5/5

GE 0.982 0.900 0.897 0.066

B. Alzheimer’s diagnosis

Results on the clinical problem of AD diagnosis confirmed
our observations on the benchmark datasets. In Table IV the
results from the application of our framework to the
classification of AD vs HC are presented. Remarkably, the
representation evolved by our framework exceeded the baseline
performance on all four metrics in all five runs. It is evident that

the constructed features greatly benefited classification.
Therefore, it is plausible to suggest, that the consideration of

feature interaction provides additional discriminative
information.

TABLEIV.  DIAGNOSIS RESULTS ON AD DATASET
Dataset  Model ROC Acc F1 Brier Runs

Base 0.850 0.782 0.818 0.214
AD 5/5
GE 0.913 0.815 0.859 0.178

In addition to our first goal of improving classification accuracy,
our second goal was to maintain the explainability/human-
interpretability of the evolved representations. To establish the
interpretability of the GE constructed features, we investigated
their biological relevance based on known results from the
literature. Exemplary, two of the CF are discussed here. The first
feature was constructed during the fourth run of our approach
and represents a combination of three base features CF; =
X29 — X116 * X136- Although this CF integrates information
about complex interactions into the model, the relation between
the constituent base features is still understandable. The
underlying brain regions were the left temporal pole (TmP, x,),
the ventromedial putamen (vinPu, x;,4), and the right lateral
prefrontal thalamus (IpThal, x;3¢). The location of these regions
is depicted in Fig. 2. CF; suggests an interaction between TmP,
IpThal and the vmPu and all are known to be affected in AD
[31], [32], [33]. A second constructed feature, CF», represented
a combination of additional three regions, such that CF, =
X135 + X104 * X128 (Fig.3). In this case, the underlying regions
were the left lateral prefrontal thalamus (IpThal, Xi3s), the right
lateral amygdala (IAmyg, Xio4) and the right rostral temporal
thalamus (rTThal, Xizs). Apart from IpThal and rTThal for
which we have already shown involvement in AD, the l1Amyg is
another region that is highly affected during the disease [34],
[35]. The association of regional atrophy or co-atrophy in
different brain regions may hint at the underlying biological
mechanisms playing a role in development and course of AD.
On average, the five runs on the ADNI data produced 130
features. A set of selected expressions from the runs are shown
in Table V. Put in a clinical context, our approach is well suited
to identify disease-relevant patterns. It is evident, that our
proposed method is not only interpretable, but the basis on
which classification is performed can be easily explained by
analyzing the CFs.

Fig. 2 Superior view of the brain. Depicted are TmP (red), vmPu (green) and
IpThal (blue).
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Fig. 3 Superior view of the brain. Depicted are lpThal (blue), lAmyg (red) and
rTThal (green).

TABLE V. SELECTED EXPRESSIONS FROM 5 GE RUNS

Expression

CFy = Xa9- Xi16 * Xi36
CFy = X35+ Xios * Xing
CF; = X33~ Xs9 / X122
CFy = Xo6- Xiz2 * X
CFs = Xj36- Xs3 * X4
CFs = Xio1 * X119/ Xes
CF7 = Xus/ Xo3 * Xs6 / Xion
CFs=Xi10+ Xo3- Xiss
CFy = Xs; - X46 * Xes

CFo=Xe3/ Xas * Xs6

C. Alzheimer’s prognosis

Since AD is marked by a continuous loss of neurons, early
detection will play a vital role in future therapeutic methods. To
this end, we tested if the diagnostic models using the features
constructed for AD vs HC classification in the previous section
would also be suitable for prognosis—i.e. to detect if MCI
patients will later on convert to AD. If confirmed, it will indicate
the generalizability of the constructed features and speak for
their biological meaningfulness.

MCI is a neurological disorder that involves cognitive
decline beyond what is expected for a person’s age. It is
generally seen as a prodromal stage of dementia, especially of
AD [36]. Since not all MCI patients transition to dementia, it is
a constant endeavor to differentiate between subjects on the
verge of transitioning to AD (so-called converters), from stable
MCI patients (non-converters). As the constructed features of
our approach were able to pick up disease-relevant patterns in
AD, we hypothesized that the same patterns could be useful to
differentiate MCI-converters (MClIc) from stable MCI (MCIs)
patients. Therefore, we extracted the same 173 features from 138
MClIc and 138 MCIs subjects' sSMRI images from ADNI. The
classification was performed first with the base model (trained
on AD vs HC diagnostic data) and then using each of the five
grammar models separately (again, trained on AD vs HC).
Before applying the GE derived NB models, base features were

transformed to match the constructed features of the respective
model. In Table VI, the results of base and GE models are
shown. The results of both models are comparable to those
found in recent literature, although on the lower end of
performance [37][38][39]. Nevertheless, our GE models could
improve classification performance in comparison to the base
model on all four metrics. Since GE is not limited to naive Bayes
classifiers, but well compatible with more sophisticated learning
algorithms, future applications might yield even better results.

TABLE VL PROGNOSIS RESULTS ON MCI DATASET
Dataset Model ROC Acc F1 Brier Runs
Base 0.717 0.680 0.699 0.316
ADNI 5/5
Grammar  0.744 0.688 0.707 0.305

VI. CONCLUSION

We presented a simple GE based framework to evolve
complex yet interpretable feature representations and showed its
effectiveness on several benchmark datasets. We then tested the
framework on two clinically relevant problems, diagnosis and
prognosis of AD. In both cases, GE constructed features
provided improved classification over base features. Moreover,
the constructed features were interpretable. Our framework
could prove useful in translational applications like the ones
showcased here by providing both accuracy and interpretability.

Our framework is not without limitations. Firstly, we only
considered the NB classifier primarily for its desirable property
of low variance. However, other algorithms could provide
higher accuracy if their variance can be properly controlled and
should be tested. Secondly, we did not take special precautions
to avoid overfitting in the optimization process itself [21],
though our framework validates optimized models on hold-out
data to avoid optimistic estimates. Heuristics such as early
stopping could be investigated possibly further improving
performance. Additionally, there can be multiple evolved
solutions that perform equally well, which was the case for our
results. In such cases, it is important to choose the most
interpretable representation, which can be challenging.

Taken together, our simple framework can be useful for
generating complex yet interpretable feature representations that
can help improve both accuracy and interpretability.
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