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Embedded Techniques for High Content Analysis Feature Selection
Guanpeng Andy Xu, CEE Intern

Mentors: Dr. Heather Pangburn, Dr. Patrick McLendon, Mr. Daniel Cowan

ABSTRACT

High content analysis (HCA) is a useful technique for extracting unprejudiced explanations for
phenotypic responses. However, the massive number of features generated -- often exceeding the
number of samples -- necessitates an intermediate feature selection step as part of an overall analytic
pipeline. While typical feature selection techniques in the literature focus on more modest feature sizes p
<100, we found that our large feature sets diminished the feasibility of direct wrapper-based approaches,
whereas filter-based approaches produced limited feature complementarity. We ultimately propose two
embedded methods for feature selection: one based on an ensemble of feature rankers, and one based
on iterative selection. Both methods score well with respect to accuracy and clustering metrics and are
readily tunable for hyperparameter searches.

BACKGROUND

Our research group ultimately aims to develop an analytic platform to understand
individual susceptibility to various toxicants based on underlying genetic differences. Initially, we
collect cells from a variety of genetic donors, and expose them to various compounds at
different concentrations. After staining and imaging the samples, we then perform a
segmentation step to identify individual cells; we measure around 11000 distinct features for
each cell. Lastly, we identify a set of features that best characterize cell responses and
associate differences in such responses with their genetic causes. My personal contribution to

the project focused on the feature selection stage of the pipeline.
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Figure 1: Overall analytic pipeline. My work focused on the feature selection phase.
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INTRODUCTION

In the world of data analysis, more is not always better. While adding measurements to a
dataset can often provide insight and improve model performance, attempting to model datasets
with too many features can give rise to the curse of dimensionality (Nasreen 2014). The
presence of extraneous features can severely hamper model training, and the increased
sparsity of high-dimensional feature spaces is detrimental to many distance-based learners,
such as k-means. Lastly, overfitting becomes a prominent concern whenever the dimensionality
of the data exceeds the number of training samples. Feature extraction approaches, such as
principal component analysis, reduce data dimensionality by aggregating features at the cost of
reducing the intelligibility of the resulting model -- a feature that adds a mass to a length, after
all, has little physical meaning. We instead focus on feature selection as a means of mitigating
the curse of dimensionality while maintaining the semantic content of our chosen features.

Filter and wrapper methods represent the two predominant paradigms for feature
selection. Filtering methods typically examine statistical properties of the dataset to evaluate
individual features, whereas wrapper methods use machine learning methods to evaluate
feature subsets. Since wrapper methods inherently take into account feature interactions and
model performance, they usually achieve superior accuracy. However, their exponentially
increasing subset search space means that wrapper methods are usually outpaced by their filter
counterparts. This is not usually problematic in many applications of feature selection with
smaller dimensionality (Ververidis et al 2008), but does restrict the usage of wrapper methods in
general.

Embedded methods offer a compromise between the speed of filters and the accuracy
of wrappers. Though embedded methods often use machine learning models in order to identify
relevant features, they do not search for optimal subsets as do wrapper methods. Instead,
embedded methods are able to select features in the process of learning the dataset. These

approaches therefore embed the feature selection routine within the training process itself. An
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example of an embedded method is LASSO selection, which uses an L1 regularized logistic
regression model. A noted tendency of L1 regularization as opposed to L2 ‘ridge’ regression is
that certain feature weights are often reduced to zero, thanks to the ‘sharp’ penalty expression.
This makes L1 regression a natural candidate for feature selection, as we may simply select
features with nonzero weights. A variation of LASSO regularization, elastic net regularization,
incorporates a mixture of L1 and L2 penalties. Elastic net selection generally produces results
intermediate between LASSO and ridge penalties, and varying the ratio of the L1 to L2 terms
serves as an alternative means to control the feature set size. However, all three L1- and L2-
based regularization schemes can be used naturally for feature ranking, provided features have

been adequately normalized beforehand.

METHODS

Our HCA data comprised several 384 well plates, each of which was analyzed via cell
segmentation to produce p ~ 11000 features for each cell; each well contained between n ~ 200
and n ~ 1000 individual cells. Each feature was normalized across the cells to have zero mean
and unit variance.

Initially, we considered an approach based on Sequential Floating Forward Selection
(SFFS). SFFS is an extension of the simpler Sequential Forward Selection (SFS) and
Sequential Backward Selection (SFS) that aims to solve the ‘nesting problem’, where once
selected or eliminated, features cannot be removed or re-introduced later in the search. While
SFFS has the potential to identify superior feature subsets compared to SFS and SBS, such an
improvement in performance must be balanced by its increased computational burden. SFFS
often evaluates markedly more feature subsets than its simpler counterparts: Reunanen
observes that for certain feature set sizes on the sonar dataset of the UCI Machine Learning

Repository, SFFS evaluates over 300 subsets, whereas SFS evaluates under 50 (Reunanen
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2012). Indeed, many of the noted performance gains of SFFS over SFS may be attributed
simply to the larger number of feature sets considered under the former wrapper. In any case,
our initial wrapper-based scheme did not attempt to execute SFFS over the entire HCA dataset.
After normalizing our dataset using a zero-mean, unit-variance scaler, we pre-selected p ~ 30
features using a Fisher-score filter. Lastly, we performed SFFS on this reduced feature set
(Figure 2). While SFFS is efficient on this smaller feature set size, this approach remains limited

in performance by the effectiveness of our filtering technique.

Evaluation
(Cluster metrics,
classification accuracy)

Main Feature Selection .
(SFFS)
~25 Features

Preliminary selection
(Filtering)
~30 Features

(Normalization)
~11000 Features

&

Preprocessing ‘

Figure 2: Proposed wrapper-based feature selection pipeline.

Our approaches to embedded feature selection were based on the LASSO and elastic-net
regularization schemes. The increased efficiency of these algorithms enabled us to be far less
aggressive in our initial feature filter, selecting p ~ 3000 features instead. To address the
instability of LASSO selection (Garauha 2016), we first used an ensemble of elastic net logistic
regression models to generate an aggregate ranking of features, as the normalized weights
provide a natural index of feature importance. Various methods of constructing such an
ensemble exist; we considered a range of models with differing L1 ratios to identify features that
performed well both within small and large feature set sizes. Lastly, we selected features from

our ranking until the cumulative feature set no longer increased the accuracy (Figure 3.)
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Figure 3: Proposed ensemble feature selection pipeline based on feature ranking.

The post-filtering pre-selection phase reduces the necessity of having to rank all p ~ 3000
features to around p ~ 200. If such a feature subset proves insufficient, the ranking phase may
include the remaining p ~ 2800 features behind the other features; we did not find this
necessary during testing.

An alternative approach to mitigating instability is iterative selection. After normalization
and preselecting features, we repeatedly selected additional features via the LASSO algorithm.
In order to avoid ‘masking’ issues where the presence of certain strong features could
discourage the selection of weaker, relevant features, we withheld previously selected features
at each additional stage of selection. The number of features selected at each stage, as well as
the number of rounds of iterative selection, are very tunable thanks to the parameters of the
underlying models. We typically selected p ~ 25 features per round and incorporated a 5
repetition maximum for our testing, although the number of features selected can vary between
rounds (Figure 4). This form of repeated selection is potentially vulnerable to some measure of
feature redundancy. As such, we implemented a pruning stage where less relevant individual
features would be removed so long as doing so would not impact the accuracy of a model
trained without them. This stage is not crucial to the selection procedure and omitting it did not

significantly degrade the algorithm’s performance.
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Figure 4: Proposed embedded feature selection pipeline based on iterative selection.

Equally as important as clever algorithms for producing feature sets are effective metrics
for evaluating them. We identified two categories of such metrics: accuracy, as trained by some
sort of statistical or machine learning model, and cluster quality. Importantly, we do not
emphasize an ideal size for feature sets, nor do we explicitly penalize correlated features;
Guyon et al note that including significantly correlated features can often improve performance
(Guyon et al 2003). For the former category, we simply evaluated the feature set by its ability to
enable a machine learning model -- in our case, a support vector machine -- to accurately
distinguish between several populations. Classification accuracy tends to reward
complementary feature sets that provide more information about the data as a whole, and a low
accuracy score may suggest that a feature set is not sufficiently comprehensive.

While many cluster quality metrics exist, we chose to focus on the Davies-Bouldin score
and silhouette score for our task (see Petrovic 2006); both indices compare within-group
similarity to out-of-group similarity. In contrast to accuracy, cluster quality metrics reward feature
sets with strong, relevant features that produce large separations between data in distinct
categories. Feature sets with many extraneous features will perform poorly under this metric,
even if they succeed in distinguishing populations via classification. By evaluating feature

complementarity and feature strength with these two indices, we hoped to gain a multifaceted
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understanding of the relative advantages and disadvantages of various feature selection

methods.

RESULTS

Initially, we compared the accuracy of existing and proposed feature selection methods
on both the Wisconsin breast cancer dataset from the UCI Machine Learning Repository (Dua et
al) and control populations between HCA plate datasets (Table 1); we limited the selection to p
= 30 features for the HCA dataset, with the top 10 features excluded. We considered our SFFS
and ensemble approaches in conjunction with SVM and LASSO selection, as the number of
features would be too small to properly evaluate an iterative approach. While our SFFS-based
approach was able to identify a highly accurate feature set for the breast cancer data, it did so
at the cost of a large number of selected features and significantly increased runtime. Moreover,
the performance gains of SFFS disappeared on the HCA dataset, suggesting that this approach
would be unsuitable for full-scale feature selection on the entire set of 11000 features. In
contrast, the three embedded approaches evaluated here performed efficiently and accurately
on both the breast cancer and HCA datasets. These observations encouraged us to discontinue

wrapper-based selection in favor of the embedded and iterative approaches.
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Table 1: Accuracy comparisons of various feature selection methods.

Selection Feature Set Size Accuracy Feature Set Size Accuracy
Method (Breast Cancer) | (Breast Cancer) (HCA) (HCA)
SFFS 18 97.2% 12 97.0%
SVM-RFE 15 97.0% 15 97.7%
L1 (LASSO) 7 96.7% 14 97.2%
Ensemble 6 96.8% 10 97.7%
None 30 96.7% 30 97.9%

Our second performance evaluation focused on the HCA dataset and compared filtering,
SVM, LASSO, ensemble, and iterative approaches with respect to accuracy and cluster quality
metrics (Table 2). Again, we excluded the top 10 features for more meaningful comparison
between methods. While the filter and SVM selectors enable direct control over the number of
selected features, each method enables adjusting internal parameters which directly impact the
size of the final feature set. Unsurprisingly, the filter method was the fastest and produced the
most separated clusters, at the cost of having the worst classification accuracy. The other four
methods performed similarly on the accuracy metrics, with the ensemble method performing

best; our iterative selection process was most successful on the clustering metrics.
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Table 2: Accuracy and cluster quality comparisons of various feature selection methods on our HCA dataset.

Selection Feature Set Size | Davies - Bouldin Silhouette Accuracy
Method
Filter 30 (manual) 0.958 0.385 96.4%
SVM 50 (manual) 0.620 0.291 99.1%
L1 (LASSO) 117 0.618 0.297 99.2%
L1 Iterative 135 0.728 0.359 99.0%
Ensemble 27 0.572 0.250 99.3%

Figure 5. Mean distance comparisons of iterative selection (left) and ensemble selection (right) on the control
populations of the HCA dataset. Note that the distances between positive control and negative control well means
(green) significantly exceed those between the positive controls (orange) and negative controls (purple).

Also of note are the mean distance comparisons of the feature sets generated by the
iterative and ensemble selection methods. Both methods produce significantly higher inter-
cluster distances than intra-cluster distances between the control populations (Figure 5). More
interesting, however, are the results of mean distance comparisons between compound-treated
wells. Although all compound-treated wells showed responses differing from the negative

control wells, such responses were not identical. 5-Fluorouracil and nocodazole have highly
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distinct cellular mechanisms and exhibit distinct feature profiles, whereas etoposide and
oxaliplatin both impact DNA synthesis and do not show a discrepancy between inter- and intra-

compound comparisons (Figure 6).

FBOZT-15.0 UM - M140:
Faature file: 2
Plate: 518

Figure 6: Mean distance comparisons between 5-Fluorouracil and nocodazole (left) and between etoposide and
oxaliplatin (right). The former pair show distinct feature profiles, while the latter pair do not.

These results suggest that our feature selection processes may provide insight into the
mechanisms of certain compounds; however, more work would be needed to explore such a

connection.

CONCLUSIONS

Our research highlighted two embedded approaches for feature selection for high-
content analysis. The former approach, ensemble selection, identified smaller, highly
complementary feature sets with good accuracy. The latter approach, iterative selection,
generated larger sets of strong features with comparable accuracy. Both methods are efficient

for our high dimensional datasets and are tunable for hyperparameter searches.
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