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Abstract
We have designed and implemented a fully automatic, high-throughput screen against the causative
parasite of the devastating illness, schistosomiasis, using computer vision and machine learning. The
computer vision component segments (individually recognizes and delineates) schistosomula in brightfield micrographs, including touching and partially overlapping parasites. A learning model employing
support vector machines to identify schistosomula which differ significantly from controls. Classification
is performed in a high-dimensional feature space, the dimensions of which correspond to measurements
of appearance, shape and texture. Because variation between different populations of schistosomula
unavoidably creates different baselines for different experiments, classification is conducted in two
stages: one in which putatively “normal” parasites are identified within each control image and used to
derive an estimated control centroid, and one in which all parasites are classified as “normal” or
“degenerate” on the basis of tuples composed of a given parasite’s feature vector and corresponding
control centroid. Finally, a continuous measurement of the phenotypic response to a particular
experimental condition (such as the concentration of a certain drug) is produced using the notion of
quantal response, or the proportion of individuals which differ from controls in a particular subpopulation.
The learning model is demonstrated to be highly effective, and for test data has an accuracy of 0.89.
Dose-response curves produced for four compounds (fluvastatin, niclosamide, praziquantel and
simvastatin) with the automated method are also tightly correlated to those produced by human experts,
with high statistical significance. Correlation values are > 0.97 in all cases with p-values << 10-3.

_____________________________________________________________________

Introduction
Background
Schistosomiasis is a devastating, parasitic illness which is widely considered to be the second most socioeconomically devastating disease (after malaria) [1]. The World Health Organization has declared an
urgent need for development of new drugs for treatment of schistosomiasis. In order to support rapid,
phenotypic screening against schistosomiasis, we have developed a fully automated assay for
determination of the quantal phenotypic responses of schistosomula (juvenile schistosomes) populations
to varying experimental conditions. In contrast to our previous work in automated, image-based
classification of parasites [2,3], as well as other work focused on hit detection within a single
experimental condition [4], the assay presented below produces quantitative measurements of drug
responses across multiple conditions. These data may be used to construct complete dose-response (or
time-response) curves, without sacrificing any functionality with respect to hit detection. In order to
demonstrate the efficacy of the novel automated assay, we present an application of the assay to screening
against four compounds (fluvastatin, niclosamide, praziquantel and simvastatin), including the
determination of complete dose-response curves for each drug.

Challenges and recent advances
Development of automated, phenotypic screens against complex macroparasites, such as schistosomula,
poses several challenges:






Segmentation of individual parasites and tracking individuals across time
Definition and accurate measurements of salient phenotypic features (descriptors)
Definition of phenotype as a function of descriptors
Methodology for automated classification of parasites based on phenotypic descriptors
Validation and/or comparison of the automated assay values vis-à-vis manual assays

Recently significant progress has been made in addressing these challenges in the context of screens
against Schistosomiasis [2,3,5] and introduction to the basic issues have become available [6].
Specifically, we have reported a novel segmentation method for micrographs of wells containing large
numbers of schistosomula, which is effective even for touching and partially overlapping parasites [5].
While existing segmentation methods have also been applied to schistosomula, these methods are
generally incapable of separating touching or overlapping parasites [4]. This leads directly to two
problems. First, schistosomula must be carefully re-suspended to minimize their contact with one another,
and second, any touching parasites which remain must be identified (e.g. by anomalous size) and
discarded. Sets of visual features for schistosomula as well as approaches to phenotype using on such
features have also been proposed [3,4]. Here we propose a new set of features partially overlapping with
those used in past works. These features are designed to effectively represent the appearance, shape and
texture of schistosomula. Compared with previously used features, this proposed set is significantly
expanded in terms of statistical analysis of images of single (segmented) parasites as well as the multiscale representation of textures. The above advances are all essential for the automated assay described in
this paper.

Methods
Data collection
Parasites were harvested, distributed into 96-well plates and exposed to compounds following the method
of [7]. Four compounds capable of generating phenotypic response dynamics were tested:




PZQ, the current therapy for schistosomiasis (with unknown mechanism) [8].
Two compounds from the statin family of drugs, simvastatin and fluvastatin. Statins have been
found to kill schistosomes by preventing mevalonate synthesis [9].
The anthelmintic salicylanilide, niclosamide, used previously against the disease vector and
secondary host snail [10].

Each drug was prepared in a 10-fold serial dilution from a 20 mM stock in DMSO, starting from 2 mM.
One microliter of each dilution was spotted into flat-bottom 96-well plates. Schistosomula (400
units/well) were then added in 200 µL Basch medium 169 [11] containing 5% FBS, 1x
penicillin/streptomycin solution (yielding final drug concentrations between 0.001 μM and 10 μM). The
final concentration of DMSO was 0.5% and plates were incubated at 37 °C and 5% CO2. Parasites were
photographed every 24 h for 4 days [7] using a Zeiss Axiovert 40 C inverted microscope (5X objective)
and a Zeiss AxioCam MRc digital camera controlled by AxioVision 40 (version 4.8.1.0) software. This
protocol was used to obtain 88 images containing approximately 4,056 schistosomules, representing four
complete sets of concentration points for each drug (plus controls).

Manual annotation
A human expert manually classified each of the segmented parasites as either “normal” or “degenerate”
relative to controls using a custom, web-based interface. Non-segmented parasites were ignored. This is
the extent of the “supervision” applied during the machine learning approach used herein. The
classifications were entered into a relational database which permitted association of each parasite with
the corresponding set of control parasites. In addition to training and validation for machine learning,
these data allow manually determined quantal responses to be computed by counting the degenerate
annotations.
Image segmentation
We use a previously described method, designed to surmount the difficulties presented by image
segmentation of schistosomula [5]. These include gross variation in morphology, texture and behavior as
well as the tendency for multiple parasites to touch or overlap one another, each of which may be
dramatically and unpredictably modulated by drug exposure. The segmentation algorithm avoids any a
priori shape models in favor of a purely signals based, bottom-up approach. A novel binary edge
classifier employing phase congruency and grayscale morphological thinning is used to split any
foreground regions containing multiple schistosomula. This method was shown to individually segment
95.9% of parasites with boundaries deviating from ground an average of 1.3 pixels [5]. This high level of
accuracy is essential for extraction of high-quality features for efficient representation of parasite
phenotype. The reader may note that with the use of this method, data sets need not be culled of
abnormally sized (i.e. erroneously split or merged) parasites, in contrast [4].
Feature extraction
A feature set partially overlapping with those of [3,4] provides a numerical representation of segmented
parasites. The descriptors compactly represent parasites in terms of appearance, shape and texture, and are
listed in Table 3. The features are briefly described below; more details can be found in the given
references.
Appearance
Pixel intensity distributions (as well as wavelet texture responses, vide infra) are summarized using the
mean, standard deviation and standardized central moments of up to fifth order (i.e. skewness, kurtosis
and tail asymmetry). The standard central moment Mα of order α for a distribution x is calculated from the
mean μx and standard deviation σ, following (1).
(1)
Recognizing that drug exposure alters internal anatomic features of schistosomula, we represent the
appearance and distribution of the visible internal anatomy using 1) a threshold separating pixels occupied
by anatomical structures within the parasite from parasite body and 2) the proportion of the parasite area
occupied by anatomical structures. Two thresholds are used, one obtained using the EM algorithm [12]
and one obtained using Otsu’s method [13].
Another aspect of parasite appearance is general shape. The relative convexity of a parasite is measured
using solidity, the ratio of the area of an object to its convex hull, while the shape of the spatial intensity
distribution is captured using the eight invariant image moments of up to order three [14]. Analogous to
moments of inertia, but with gray-level intensity taking the place of mass, these moments provide a
description of the spatial distribution of image intensities which is invariant to translation, rotation and
scaling.

Texture
Two approaches to the extraction and representation of texture are employed, based on gray-level cooccurrence matrices (GLCM) [15] and log-Gabor wavelet transforms [16–18].
Gray-level co-occurrence matrices hold the joint probability for a given pair of gray-levels to be separated
by a particular displacement vector. Texture is then represented via measurements of the statistical
properties of the GLCM (contrast, correlation, energy, entropy, homogeneity). Textures at different image
scales effects are captured using GLCM computed with five displacement scales (3, 7, 15, 29 and 59
pixels), and orientation independence within each scale is obtained by summing the GLCM across four
equally spaced orientations. In addition to GLCM entropy, the raw image entropy is also computed.
Wavelet response statistics are effective representation of visual texture [16]. In particular, we use logGabor wavelets, which have properties in common with some neurons in the mammalian visual cortex
[18]. Such filters optimally localize frequency and phase information in images and provide a natural
framework for multiscale analysis. Five scales with center frequencies roughly corresponding to the
displacement vector magnitudes used for GLCM construction are used. These log-Gabor filters are
constructed using (2). ω0 indicates center frequency, and the scale progression and a constant κ are
selected such that the ratio κ/ω0 remains constant.
(2)
In a manner similar to the representation of parasite appearance, wavelet textures are approximated using
mean, standard deviation and statistical moments of the filter as determined by (4). The five scales used
here have pixel wavelengths of
, leading to 25 wavelet texture dimensions.
In aggregate, the descriptors described above correspond to a feature space with 71 separate dimensions.
Table 1. Features used to represent phenotype.

Feature
Solidity

Note
Area : convex area
Min, max, stat.
moments
Gray level cooccurrence matrix
(GLCM)

Feature
Homogeneity
Foreground-background
difference
Internal thresholds

ML, Otsu, threshold
area proportion

Correlation

GLCM

Wavelet texture

Stat. moments of logGabor filter responses

Energy

GLCM

Invariant image
moments

All 8 invariant moments

Pixel intensities
Contrast

Note
GLCM
Mean

Automated classification of phenotypes
Schistosomula are automatically classified as “normal” or “degenerate” using the soft-margin SVM [19]
in conjunction with the sequential minimal optimization algorithm [20] and a Gaussian radial basis
function (RBF) kernel [21]. The scale of the Gaussian RBF σ and the magnitude of the soft-margin box
constraint C, constitute the key parameters of this method. We use values of σ = 6.9 and C = 3.28.
Training is conducted using 10-fold cross-validation and all 10 SVM obtained through cross-validation
training are applied to prediction (using majority voting between the classifiers). Cross-validation folds
were sampled using stratification in order to preserve the distributions of the “normal” and “degenerate”
classes.
Due to significant natural variations between subpopulations of parasites (e.g. those harvested on different
dates), we find that classification using parasite feature vectors directly is insufficiently accurate across
such subpopulations. In order to correct for these confounding variations, feature vectors for healthy

(“normal”) parasites from the control images for each subpopulation are averaged to yield a single vector
representative of that subpopulation. When parasites are classified using a tuple of vectors containing
their unique features as well as the average features of their corresponding controls, classification
performance is significantly enhanced.
Automated classification of parasite phenotypes is thus conducted using a two-step approach. First,
“normal” control parasites are identified using a set of SVM trained on raw feature vectors and are then
used to construct a subpopulation-specific set of control features. Subsequently, all parasites are classified
using a new set of SVM trained to identify tuples of parasite and control feature vectors.
Quantal phenotypic assay
Automated and manual versions of the phenotypic assay are conducted analogously based on the (manual
or automated) classifications of individual parasites. In either case, numerical phenotypic response values
are determined using the concept of the quantal response. Quantal responses are commonly used in
biology when a binary phenotype observed (e.g. “normal” versus “degenerate” schistosomula). The
quantal response is defined as the proportion of affected individuals (degenerate parasites) in a
subpopulation (plate well). Given n replicate experiments each containing Di degenerate parasites and Ni
parasites, the quantal response R is computed from (3).
n

R
i

Di
Ni

(3)

This definition gives a population weighted average across the imaged plate wells. In addition, the
standard deviation between these experiments is also calculated. When plotted against compound
concentration, these response values (naturally ranging from zero to one) yield complete dose-response
curves which are suitable for direct analysis and comparison.
The complete architecture of the automated assay, from imaging and manual annotation to output of
complete dose-response curves is depicted in Figure 1.

Figure 1. Architecture of the proposed automated high-throughput assay. The right side of the figure depicts feature extraction
and manual annotation of schistosomula images as used to train and test the dual-layer SVM bank classifier. The SVM bank in
the first layer is used to identify normal control parasites, which are used in the second layer to account for variation between
different populations of schistosomula. The left half depicts feature extraction and phenotype prediction used to generate drug
response information. Black arrows indicate data processing and data input steps, while blue arrows indicate training data used to
construct the classifiers. Solid red arrows indicate prediction by the SVM banks; dashed red arrows indicate simulated prediction
of unknown data using cross-validation. Note micrograph thumbnails have been subjected to lighting correction and while
segmented thumbnails show actual segmentation results, the manual annotations thumbnail is only schematic.

Results
We applied the automated assay presented in this work to the determination of dose-response curves for
fluvastatin, niclosamide, praziquantel and simvastatin based on the 88 images mentioned previously. The
SVM classifier was trained using 44 images representing two complete dose-response series for each
compound, and containing 2,044 segmented parasites. The remaining 44 images, also representing
duplicate sets of experiments, contained 2,012 parasites. These were placed into a test set, and although
expert annotations were available for these images, neither they nor the images were used in any way for
training of the classifier. Assay performance was then quantitated using two general approaches. First,
confusion analysis was applied to classification in the training set (using cross-validation), and also
directly to classification within the test set. Second, dose-response curves generated from test
classifications were compared to those obtained from expert annotations (which were not used for
training).

Confusion analysis
In the confusion analysis, manual classifications are compared to those produced by the SVM classifier.
The agreement between these sets of classifications is estimated using five measures of similarity between
binary vectors (i.e. sets of classifications as “normal” or “degenerate”). These measures, precision, recall,
F1-measure, Accuracy and Matthew’s correlation coefficient (MCC), are all defined in terms of the
number of true positive (TP), false positive (FP), true negative (TN) and false negative (FN)
classifications in (4)-(8).

recall 

TP
TP  FN
TP
TP  FP

(5)

TP  TN
TP  TN  FP  FN 

(6)

2  PPV  TPR
PPV  TPR

(7)

precision 

accuracy 
F1 
MCC 

(4)

TP  TN  FP  FN

TP  FP TP  FN TN  FP TN  FN 

(8)

The values of these measures, as estimated for the training set using 10-fold cross-validation, are given in
Table 2. The analysis was repeated using the classifications for the test set, and the results are presented in
Table 3. Again, these 2,012 parasites were not used in any way for training the classifier.
As demonstrated by Table 2 and Table 3, the classification performance is excellent during both crossvalidation and testing. In particular, in the test setting, only 11% of parasites were misclassified (the
accuracy was 0.890). These results strongly corroborate the efficacy of the two-stage SVM classification
procedure.
Table 2. Cross-validated classification performance (training set).

Precision
0.871

Recall
0.886

F1-measure
0.878

Accuracy
0.896

Matthew’s correlation
0.787

Accuracy
0.890

Matthew’s correlation
0.775

Table 3. Classification performance (test set).

Precision
0.824

Recall
0.909

F1-measure
0.864

Generation of Dose-response curves
The most important test of the automated assay described in this paper is its ability to reproduce accurate
dose-response curves from data which were not used for training. The dose response curves for the four
compounds tested (fluvastatin, niclosamide, praziquantel and simvastatin) as determined by both the
automated and manual versions of the assay are plotted in Figure 3. Visually, there is a close
correspondence between the dose-responses curves derived from the manual screen and those obtained
using the fully automated assay developed above. Pearson’s correlation coefficients between these curves
across all exposure times, as well as the corresponding p-values, are listed in Table 4. The p-values were
estimated using Student’s t-distribution under the alternative hypothesis that the correlation is not zero.
The correlations presented in Table 4 are all ≥ 0.97 and are highly significant (p-values << 10-3) for all
compounds.

It should be noted that the manual and automated dose-response curves for praziquantel deviates
qualitatively, because the phenotype induced by this drug includes subtle changes in parasite’s tegument,
which are not fully recognized using the computer vision approach in this paper. Nevertheless, the
correlation and the p-value for praziquantel are still quite good at 0.971 and 5.9 * 10-4, respectively.
Although the algorithm does not identify all of the degenerate parasites, the same relative proportions
exist across concentrations, and the automated response values thus represent a scaling of the manually
determined ones.

Figure 3. Dose-Response Curves. Manual (dashed) and automated (solid) dose-response curves after 4 days of exposure to
fluvastatin, niclosamide, praziquantel and simvastatin. Error bars represent one standard deviation centered on the median of
duplicate observations.
Table 4. Comparison of manual and automated dose-response curves.

Correlation
p-value

Fluvastatin
0.993
7.0 * 10-4

Niclosamide
0.995
4.9 * 10-4

Praziquantel
0.971
5.9 * 10-4

Simvastatin
0.980
3.4 * 10-4

Discussion
The final learning model demonstrates excellent performance for classifying phenotypes of schistosomula
both during cross-validation and in a test setting (Table 2 and Table 3, respectively). When used for
determination of quantal response values, the resultant dose-response curves are very close to those
produced manually (Figure 3). This agreement between manual and automated versions of the assay is
also supported by the tight correlation and low p-values reported in Table 4.
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