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ABSTRACT
Large-scale data often suffer from the curse of dimensionality and
the constraints associated with it; therefore, dimensionality reduc-
tion methods are often performed prior to most machine learning
pipelines. In this paper, we directly compare autoencoders perfor-
mance as a dimensionality reduction technique (via the latent space)
to other established methods: PCA, LASSO, and t-SNE. To do so, we
use four distinct datasets that vary in the types of features, meta-
data, labels, and size to robustly compare different methods. We test
prediction capability using both Support Vector Machines (SVM)
and Random Forests (RF). Significantly, we conclude that autoen-
coders are an equivalent dimensionality reduction architecture to
the previously established methods, and often outperform them in
both prediction accuracy and time performance when condensing
large, sparse datasets.

CCS CONCEPTS
•Computingmethodologies→ Feature selection; Cross-validation;
Supervised learning by classification; Learning latent repre-
sentations; Classification and regression trees; Support vector
machines.
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1 INTRODUCTION
Dimensionality reduction is a common task in most machine learn-
ing frameworks.When dealing with extremely large data it is imper-
ative to reduce noise and other confounding factors that can either
complicate or introduce error when training a model. In bioinfor-
matics, this is traditionally approached using one of two methods:
Principal Components Analysis (PCA) [1] or LASSO (Least Abso-
lute Shrinkage and Selection Operator) [8]. A primary reason for
their general acceptance by the biological research community is
their ability to be easily interpreted.

More recently, deep learning methods such as autoencoders and
transformers have been making their way into more bioinformatics
applications. These models have been recognized as being able to
extract signal from hard to model datasets using a wide variety of
features including available metadata. One such example of this
was using autoencoders for predicting microbiomes from environ-
mental factors [9]. In another more recent example, Google’s BERT
transformer model was used to perform text analysis on DNA se-
quences [13]. We continue this trend by applying autoencoders
for dimensionality reduction on difficult to model microbial and
microbiome data.

1.1 Related Work
Similar work has been done in trying to better understand bio-
logical associations. One such tool is MetAML that pairs feature
selection (LASSO or Elastic Net) with machine learning classifiers
(Support Vector Machines (SVM) and Random Forests (RF)) [21].
Their results show that combining feature selection with a machine
learning classifier significantly improves performance for metage-
nomic prediction from microbiomes. The unnamed approach of
[9] is similar to our approach in that they use autoencoders to de-
velop an initial latent space based on species presence/absences;
however, their focus was using environmental data as the only
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input for predicting the composition of root microbiomes. No tra-
ditional feature selection or ordination was considered, and only
maize (corn) data was used to train and assess their framework.
Mian [14] is a newly available web-based microbiome visualization
and machine learning platform. In addition to regression models
used by [9] and similar classifiers, they provide customizable multi-
layer perceptrons (MLPs). An MLP-based approach typically did
worse on maize root microbiome data than an autoencoder-based
approach [9] and, in addition, Mian only uses simple dimensionality
reduction such as univariate feature selection. In our prior work,
we showed that single feature-based selection does not work as
well as LASSO-based feature selection on the most challenging data
considered here [23]. Moreover, autoencoders have been shown to
perform well in dimensionality reduction tasks [24, 28, 29].

1.2 Our Approach and Contributions
In this paper we explicitly compare pseudo-dimensionality reduc-
tion using autoencoders to the more traditionally accepted methods
of PCA and LASSO as well as to a common manifold learning tech-
nique (t-SNE). Specifically, we use an autoencoders’ latent space
representation in combination with classification algorithms, simi-
lar to how MetAML [21] pairs either elastic net or LASSO-based
feature selection with classification. We compare the feature selec-
tion approaches with and without additional metadata, and assess
the resulting prediction performance.

The primary contributions of this work are: (i) developing a
model architecture for using autoencoders and machine learning
classification for improved performance across multiple hard to
model datasets with different use cases, (ii) using this model archi-
tecture to improve speed/memory consumption when performing
prediction tasks on very large data. We conclude based on these re-
sults that autoencoder-based dimensionality reduction outperforms
previously used PCA, LASSO and manifold learning frameworks
in terms of both classification performance and runtime for very
large data.

2 MATERIALS AND METHODS
2.1 Data
We use four different datasets for comparing dimensionality reduc-
tion and classification. Each dataset consists of what we define as
“metadata” (features that describe information about each sample),
and “features” (the actual features for each sample). We will define
the specifics for each of these data / use cases below.

The first dataset we use comes from the TARA oceans project
[26], and is comprised of 124 samples by 9,305 features, 36 of which
are metadata. For these data, the metadata are variables about the
ocean sample (i.e., depth, pressure, etc.) and the primary features are
the observed gene abundances at each site grouped based on individ-
ual Kegg Ontology terms. We predict the ocean region where each
sample was collected and refer to these data as “TARA” through-
out. It is important to note that the TARA labels (9 ocean regions
total) are highly unbalanced. Since TARA has such a small number
of samples we perform SMOTE (synthetic minority-oversampling
technique) [4] to re-balance the data during the pre-processing step
of our pipeline (see Figure 1), but we note the ocean region label
has very strong signal even without re-balancing. Hence, these data

act as a good control for verifying our results because we expect
good performance relatively independent from which model we
choose.

The second dataset comes from soil rhizosphere samples [15]
(and will be referred to as “Rhizo”). It is made up of 62 samples
by 13,822 features, two of which are treated as metadata (habitat,
irrigation). The features themselves are sparse Amplicon Sequence
Variant (ASV) abundances from a structured experimental design
where two different poplar (Populus trichocarpa) genotypes with
either high or low drought tolerance, respectively, are grown in a
common garden under two different irrigation schemes: normal
or reduced. This is an especially difficult prediction task because
drought tolerance is defined based on the host poplar tree geno-
type and not an individual soil rhizosphere sample. We previously
analyzed these data using LASSO in [23]. These should be chal-
lenging data for a deep learning-inspired framework as the time
and resource-intensive nature of this common garden experiment
yielded at most 16 samples per genotype/treatment, e.g., drought
tolerant with reduced irrigation. It should be ideal for considering
metadata, however, because of the confounding factor of irrigation
in the experimental design.

The third set of data comes from a reanalysis of public malaria
expression data obtained in a clinic from infected patients [30]. It
contains 1,045 samples by 5,081 features, 22 of which are metadata.
The metadata contains information about each patient and sample
(ex: location, temperature of patient, time, drug used for treatment,
etc.), and the features are the normalized expression values for each
gene relative to a common lab strain (3D7). We predict the label
“resistant”, where a 1 represents a clearance value >= 6 (resistant),
and a 0 represents a clearance value < 6 (not resistant). Similar to
TARA, the labels for these data are highly unbalanced and SMOTE
is performed before prediction.

The final dataset is generated from GEM (Genomes from Earth’s
Microbiomes) project data, which consists ofmetagenome-assembled
genomes assembled from a diverse set of environments [18]. For
background, some microbes can be grown in culture very easily,
but most cells on Earth belong to species that resist growing in
pure culture [17]. It is likely that there is a biological reason that
many microbial species do not grow well under standard cultur-
ing conditions, e.g., slow growth or extreme sensitivity to specific
chemicals [10, 12]. As a step towards identifying this reason, we
compared taxonomic labels of GEM genomes to those of genomes
present in RefSeq, a database of genomes of microbes that have
been grown in pure culture [19]. GEM genomes were assigned via
the Genome Taxonomy Database [20] a label of “cultured” when
their taxonomic inference was present in the RefSeq database, or
“uncultured” if not.

This custom GEM data generated by us for this attempt at model-
ing culturability contains 52,515 samples by 4,389 features. The fea-
tures also include 12 taxonomy related metadata from the mapping
to RefSeq, i.e., inferred phylum, class, genus, species, taxonomic
distance to a known cultured organism. We predict the cultured
status as described above using either 71 pathway features that
represent coarse-grained COG assignments (aggregated into higher
biochemical-pathways) or 4,318 annotation features that are more
fine-grained COG assignments. The value of each feature is the
approximate number of genes in a given genome/species with a
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Figure 1: Our model pipeline for dimensionalty reduction and classification. Our pipeline first follows pre-processing steps,
then performs one dimensionality reduction technique followed by classification using either SVM or Random Forests on the
resulting reduced matrix.

specific COG assignment. These GEM data are an ideal input for an
autoencoder-based framework given prior work [9] because: (i) We
have tens of thousands of samples (genomes); and (ii) more impor-
tantly, there is no known model that can predict culturability
available to microbial ecologists. There have been prior efforts
to associate microbiomes with diseases (e.g., [16, 21]) or specific
plants (e.g., [6]) but to the best of our knowledge no one has trained
a model using genes/pathways within specific organisms to predict
cryptic phenotypes such as culturability.

2.2 Models for Dimensionality Reduction
We evaluate four different models for dimensionality reduction:
PCA, LASSO, manifold learning (t-SNE) and autoencoders.

PCA (principal component analysis) [1] is a model that works by
projecting data points into hyperplanes that best approximate the
original data via least squares error. PCA can either project into a K
dimensional space (i.e. create K components to represent the data),
or it can account for K% of variability (by creating N components).
For our model, we chose to account for 90% of variability based
on preliminary testing. This amount of variability created a small
enough number of components to be comparable (and fast) while
still accounting for the majority of variability in the data across all
of the datasets considered here.

LASSO [8] is a modified form of linear regression that uses a
cost function to tune the model based on an 𝛼 hyperparameter.
The lower the 𝛼 parameter, the more LASSO begins to approximate
linear regression, whereas higher 𝛼 values tend to cause coefficients
to trend towards 0. Unlike PCA and autoencoders, where we encode
the entire dataset into a lower dimensional space, LASSO reduces (or
increases) feature importance based on the determined regression
co-efficients. For our model, we tested 𝛼 values in range (1, 10,
0.1). The best value of 𝛼 was dataset dependent and was used in
each run to create the matrix passed to each classification model
based on 5-fold cross validation. The initial range was chosen based
on preliminary testing where 𝛼 values lower than 1 tended to not

perform as well when their results were passed to the classification
task.

Manifold Learning techniques [3] are often thought of as an
unsupervised, non-linear equivalent of linear projection methods
such as PCA. These algorithms are often used for visualization pur-
poses. There are many different manifold learning techniques, but
we specifically work with t-SNE (t-Distributed Stochastic Neighbor
Embedding) [27], which is often used in analyzing RNAseq data.
T-SNE converts “tendencies” of data points to probabilities based
on trends. The tendencies in the original space are represented by
Gaussian joint probabilities and then embedded using Student’s
t-distributions. Since t-SNE is heavily computationally intensive,
we use the Barnes-Hut approximation strategy, with the number of
components set to 3 (the max allowed). We note that since t-SNE is
generally used for visualization purposes, the number of compo-
nents is often set to 2; however, nc=3 had higher AUC across all
datasets tested here.

Autoencoders [2] are a type of neural network that involve an
input layer (referred to as the encoder) and an output layer (referred
to as the decoder). Autoencoders, in general, condense the original
input data down to a small number of layers (referred to as the latent
space) and then try to recreate that input from the latent space rep-
resentation. For our model, we use the latent space representation
as the reduced matrix to pass to the classification task. There are
multiple hyperparameters that can be tuned for autoencoders. We
find the best combination by varying the following parameters via
grid search with 5-fold cross validation and training of 10 epochs:
{latent dimensions: [10, 50, 100, 200], activation function: [relu, sig-
moid, tanh], loss: [MAE, binary crossentropy], optimizer: [SGD,
Adam]}. We use the best combination of parameters to encode the
latent space for each dataset prior to classification.

2.3 Architecture
Dimensionality reduction does not perform classification; there-
fore, we pass the dimensionality reduced feature vectors through
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Figure 2: Comparing LASSO (red) and autoencoders (blue) results using SVM classification on GEM feature vectors containing
no metadata. We note that the confusion matrices for PCA and t-SNE are not visualized here because they never completed
running in >2 weeks.

Figure 3: Comparing PCA (green), LASSO (red), t-SNE (purple) and autoencoders (blue) results using Random Forests for
classification with feature vectors containing no metadata from GEM.

SVM and Random Forests to perform classification on our labels
and assess the results. Figure 1 shows our model architecture. The
specifics of our pipeline are as follows: (i) pre-process the data; this
involves cleaning the data to remove any unknown values, calling
SMOTE if required on unbalanced data, and scaling the data based
on model requirements, (ii) perform dimensionality reduction using
PCA, LASSO, t-SNE or autoencoders as described in section 2.2; at
the end of this step a reduced matrix is created based on the speci-
fied algorithm, (iii) perform SVM or Random Forests based on the
reduced matrix; this is called with probabilities set to true in order
to compute the AUC and plot the ROC curve. We use SVM and
Random Forests for classification based on the pipeline previously
established by metAML [21]. Specifically, SVM is tuned with a grid
search of the following parameters: {C value: [0.1, 1, 10, 100, 1000],
gamma: [1, 0.1, 0.01, 0.001, 0.0001], kernel: [rbf, linear]}. Similarly,
Random Forests are tuned with grid search and standard associated
parameters: {number of estimators: [200, 500], max features: [auto,
log2, sqrt], max depth: [4,5,6,7,8], criterion: [gini, entropy]}. We
perform 5-fold cross validation and parallelize the classification
computations across 5 cores. We do note that this architecture is
not necessarily limited to classification, and could easily be applied
to other models besides SVM and Random Forest. Further, all of
our code and figures from the full analysis are available on GitHub
at ababjac/microbial-steen-project and are built off of scikit-learn
[22] and Keras [5] model API’s.

2.4 Metrics for Evaluation
To evaluate our models we look at both prediction performance and
speed of completion (reported as wall clock time from the standard
/usr/bin/time on Linux). To evaluate prediction we use AUC (area

under the curve) [11], which is a number between 0 and 1 calcu-
lated as the area underneath the ROC curve (showing true vs false
positive rate across all classification thresholds). For balanced data,
we would expect a minimum AUC of 0.5 if we predicted everything
as true for a baseline comparison. Because it is known that the meta-
data features contain the bulk of important information correlated
with the prediction labels, we perform the analysis described in
Section 2.3 both including and excluding the metadata features for
each dataset in order to compare dimensionality reduction methods
when given data with low signal.

3 RESULTS
3.1 Autoencoders produce the best condensed

representation when metadata features are
omitted

Tables 1 and 2 show the AUC scores produced from running our
model architecture across all three datasets. An autoencoder com-
bined with SVM classification has the best performance when meta-
data are not included for the ecological data (TARA and GEM). Al-
though t-SNE is the best performing model for the host-synmbiont
data, this method performs extremely poorly in all other cases and
autoencoders are the next best model (AUC=0.59). For the Malaria
data, PCA performs the best with SVM (AUC=0.76), but autoen-
coders are (again) the second best model (AUC=0.64).

The robust and consistent performance of autoencoders is sig-
nificant because (i) we are able to extract strong signal using deep
learning methods from datasets even if they have few samples due
to experimental constraints, and (ii) we are able to predict solely
based on hard to understand data with no external context. The
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Dataset TARA Rhizo Malaria GEM
Model PCA LASSO t-SNE AE PCA LASSO t-SNE AE PCA LASSO t-SNE AE PCA LASSO t-SNE AE
With Metadata 0.997 0.984 0.523 0.996 0.530 0.500 0.500 0.500 0.960 0.980 0.410 0.700 N/A 1.000 N/A 0.980
Without Metadata 0.990 0.976 0.536 0.994 0.470 0.500 0.680 0.590 0.760 0.510 0.540 0.640 N/A 0.700 N/A 0.960

Table 1: Table showing the AUC scores for each combination of dimensionality reduction and data using SVM for prediction.
The TARA AUC score is averaged across the 9 site prediction scores. The bolded scores represent the best performing model for
each dataset with and without metadata. PCA and t-SNE are shown as N/A because they did not complete (>2 weeks running).

Dataset TARA Rhizo Malaria GEM
Model PCA LASSO t-SNE AE PCA LASSO t-SNE AE PCA LASSO t-SNE AE PCA LASSO t-SNE AE
With Metadata 0.979 0.985 0.492 0.984 0.620 0.700 0.530 0.500 0.920 1.000 0.600 0.540 0.630 1.000 0.580 0.980
Omit Metadata 0.908 0.986 0.581 0.989 0.580 0.680 0.390 0.530 0.540 0.620 0.480 0.590 0.630 0.850 0.680 0.920

Table 2: Table showing the AUC scores for each combination of dimensionality reduction and data using Random Forests for
prediction. The TARA AUC score is averaged across the 9 site prediction scores. The bolded scores represent the best performing
model for each dataset with and without metadata.

latter is further supported by predicting with random forests (RF)
instead of SVM classification (Table 2). We can see that for both
TARA and GEM autoencoders again have the highest AUC when
predicting without metadata, but the others seem to be best with
LASSO and Random Forest. Since Rhizo is such a small dataset (62
samples), it is unsurprising that autoencoders have trouble extract-
ing signal without more data. Autoencoders suffer in training with
the Malaria data due to the unbalanced labels in the training set. For
GEMwhere we have a large amount of data (and balanced samples),
we see an increase of 46% over PCA, 8% over LASSO, and 41% over
t-SNE when predicting with Random Forest (see Figure 3).

3.2 Traditional feature selection methods
garner slightly more prediction power when
using metadata

PCA and LASSO tend to slightly outperform autoencoders when
metadata features are included in building the model. Looking at
Table 1, we can observe that when predicting with SVM the best
performing models are PCA (0.997 for TARA), PCA (0.53 for Rhizo)
and LASSO (1.00 for GEM). While autoencoders do not perform the
best in any case, we do note that they are consistently the second
best model (with the exception of the Malaria results) and only
trail behind by a few percentage points in all cases. Similarly, when
predicting with Random Forests, LASSO performs the best in all
three cases (0.985 for TARA, 0.700 for Rhizo, and 1.00 for GEM).
Again, we see autoencoders are the second best performing model
in all cases where the metadata is included, except for predicting
on Rhizo due to the small number of samples and the overall weak
signal in these data [15, 23].

3.3 Autoencoders can improve timing and
memory consumption for very large
datasets

Figure 4 shows the timing results for all models averaged across
five runs when running our pipeline without metadata. For small
data, PCA is consistently the fastest, followed by LASSO followed
by autoencoders. Autoencoder models have significant overhead
(even for small) data because of the extensive grid search combined

with cross-validation (and training for n epochs for each cross
validation step). However, autoencoders significantly increase time
performance when combined with other machine learning methods
(SVM) due to the nature of the latent space. For large data, machine
learning methods can be quite time consuming (especially if the
wrong parameters or kernel is chosen). Using autoencoders allows
for a much more condensed representation of the data than PCA
or LASSO while still retaining a majority of the information. For
large data, this significantly smaller representation allows for a
much improved classification runtime and outweighs the overhead
of training an autoencoder. Specifically, for GEM we can see that
the runtime when comparing autoencoders to LASSO is cut in half
when predicting with SVM (approximately 12 hours for GEM and 1
day for LASSO), and PCA/t-SNE takes more than 2 weeks to run,
which is not feasible for most projects. Autoencoders also have
additional memory overhead, but as the data size increases, they
tend to begin outperforming other methods (specifically LASSO for
Malaria/GEM).

4 DISCUSSION
One key distinction between our model and previous work is look-
ing at different types of dimensionality reduction with and without
metadata features on diverse data: microbiome abundances, host-
symbiont confounded by experimental treatment, clinical gene
expression, and gene content in thousands of genomes found in the
environment. Across all datasets whenmetadata are omitted, the au-
toencoder model combined with SVM classification finishes at least
second and outperforms the next best dimensionality reduction
model by a largemargin on the largest dataset (GEM). Autoencoders
are therefore not always the best suited for all data. For example,
autoencoders are the second best model to PCA and LASSO when
predicting malaria drug resistance without metadata for SVM and
Random Forest, respectively. Upon further inspection, we observed
that the autoencoder often mis-predicts the majority label, which
suggests it has learning bias from the originally imbalanced training
set (before SMOTE). In support of this, when additional preprocess-
ing of the data is performed to remove “close to resistant” labels
(i.e. labels with clearance between 5 and 6), the training data are
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Figure 4: Figures showing the timing for all combinations of models. The left plot shows the results for SVM and the right plot
shows the results for Random Forests. The statistics are averaged across 5 runs using our pipeline with no metadata. The timing
is the elapsed time in seconds (plotted as the log10). Note that for GEM, both PCA and t-SNE did not finish when combined
with SVM (>2 weeks running) and are therefore graphed with a max value of 2 weeks.

slightly more balanced and the resulting autoencoder performance
does improve.

The other exceptions are related to the Rhizo data. When model-
ing with SVM, t-SNE outperforms autoencoders. This is likely due
to the fact that t-SNE is actually designed to work with SVM (be-
cause it is split into 2 or 3 components which easily fit with SVM’s
various kernels). Since this is the only model where t-SNE performs
“well”, we do not consider this result particularly interesting. When
modeling with Random Forests, autoencoders are outperformed by
LASSO. Upon further inspection, when using LASSO on the Rhizo
data, it actually cannot establish which features are important with-
out the metadata – so it sets all coefficients to 0 and therefore
all OTU features are included in the model as default. This leads
to better prediction performance over autoencoders when using
Random Forests because no dimensionality reduction was actually
performed by LASSO on these data.

PCA similarly has trouble defining components without meta-
data. For example, when performing PCA on GEM, the PCA al-
gorithm reduces all variability down to one component (100% of
variability from all the abundance vectors). In turn, we are unable
to perform SVM using PCA (takes far too long to run, see Table
1), and the Random Forest models perform significantly worse
than both LASSO and autoencoders (Table 2). T-SNE in general
performs very poorly (both with and without metadata), and is
similar in its demand of computational resources to autoencoders
(see Figure 4). Based on these results, autoencoders consistently
perform the best when there are a large number of samples satis-
fying the requirements for deep learning methods. The fact that
Rhizo and Malaria are both historically hard to model datasets not
well paired with deep learning methods serves to demonstrate the
performance increase when using autoencoders on GEM. This sug-
gests our pipeline is a better alternative to PCA, LASSO or t-SNE
when modeling data that has no metadata information available,
especially for large data.

We also recognize that PCA and LASSO slightly outperform au-
toencoders when including metadata in the model. One reason for
this is that for all three of our datasets, multiple metadata features
are highly correlated with the labels of interest. For example, when
predicting on GEM with metadata, the LASSO model is able to

achieve perfect prediction performance (AUC=1.0, Table 1). Upon
further inspection of the features, we can see that two of the features
“cultured.level” (the level at which something has been cultured)
and “taxonomic.dist” (the distance from another species based on
taxonomy) are highly correlated with the cultured/uncultured sta-
tus label that we are predicting, especially when combined with the
feature “completeness” (how complete a sampled MAG is). LASSO
basically picks out these features and passes them to the classifier
which unsurprisingly performs well. When we remove these three
features but leave the rest of the metadata, we get an AUC=0.70 for
SVM and AUC=0.85 for RF which is exactly what LASSO predicts
when using no metadata at all. Similary for Rhizo, LASSO is able
to pick out the confounding factor, “irrigation”, which is extremely
helpful for downstream prediction, and for Malaria LASSO uses the
features: “Duration of lag phase, and “PC90”. LASSO when com-
bined with Random Forests far outperforms other models for Rhizo
(AUC=0.70, Table 2), which is consistent with previously reported
results [23].

Additionally, using autoencoders on large data significantly im-
proves speed performance when combined with machine learning
classifiers. Referring to Figure 4, we can see that autoencoders sig-
nificantly outperform LASSO when combined with SVM (12 hours
versus roughly 1 day), and PCA/t-SNE are unable to finish in a 2
week timeframe. We suspect this is due to multiple reasons: (i) au-
toencoders produce a much more condensed representation than is
possible from LASSO or PCA (i.e. LASSO and PCA can only reduce
the number of features from m to k, so you still have n samples
by k features, whereas autoencoders create layers and reshape the
data into an overall much smaller representation); and, (ii) PCA
and LASSO lose more information, which makes it harder for the
classification algorithm to discern how to predict.

It could also partially be affected by the fact that SVM can be
quite kernel dependent. For our pipeline we used both RBF (Radial
Basis Function) and a linear kernel. For both PCA and LASSO, the
RBF and linear kernels took significant amounts of time to process
at each cross-validation step because they could not easily discern
where to split the hyperplanes given the low dimensional data.
PCA/t-SNE took almost an hour at each cross-validation step for
RBF and upwards of 10 hours for each linear step, LASSO took
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about 10 minutes for RBF and upwards of an hour for linear, and
autoencoders took 1-5 minutes for both kernel functions. This
significant speed-up of autoencoders at each step, outweighs the
initial overhead of an extensive grid search. We also recognize that
autoencoders overhead could be reduced in all models by replacing
a grid search with a random search or Bayesian hyperparameter
optimization that has shown relatively similar performance [25].
Alternatively, cross validation in SVM could be replaced with DBTC
(distance between two classes) [7].

5 CONCLUSION
We have shown that autoencoders achieve highly competitive (if
not better) performance in comparison to other previously estab-
lished dimensionality reduction techniques. Importantly, we show
that our framework can process traditionally hard to understand
feature sets without requiring metadata context in the models, i.e.,
autoencoder performance on feature data alone does roughly as
well or better without these additional features. We do note that
autoencoder models do have some drawbacks (i.e. they are not
interpretable, and for small data the increase in performance may
not be worth the time/memory overhead); however, in the context
of large datasets the benefits and performance improvement of au-
toencoders far outweigh the interpretability for classification tasks.
While autoencoders are obviously not intended for small datasets
(for example, Rhizo), there is a clear performance improvement over
other methods when sufficient numbers of samples exist (GEM).
We leave to future work the further testing of our model pipeline
with other varying types of large data.
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