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Abstract—Normal and visually-impaired zebrafish larvae have differentiable light-induced locomotor response (LLR), which is
composed of visual and non-visual components. It is recently demonstrated that differences in the acute phase of the LLR, also known
as the visual motor response (VMR), can be utilized to evaluate new eye drugs. However, most of the previous studies focused on the
average LLR activity of a particular genotype, which left information that could address differences in individual zebrafish development
unattended. In this study, machine learning techniques were employed to distinguish not only zebrafish larvae of different genotypes,
but also different batches, based on their response to light stimuli. This approach allows us to perform efficient high-throughput
zebrafish screening with relatively simple preparations. Following the general machine learning framework, some discriminative
features were first extracted from the behavioral data. Both unsupervised and supervised learning algorithms were implemented for the
classification of zebrafish of different genotypes and batches. The accuracy of the classification in genotype was over 80 percent and
could achieve up to 95 percent in some cases. The results obtained shed light on the potential of using machine learning techniques for
analyzing behavioral data of zebrafish, which may enhance the reliability of high-throughput drug screening.
Index Terms—High-throughput drug screening, zebrafish, machine learning, classification, light-induced locomotor response
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INTRODUCTION

Z

EBRAFISH,

Danio rerio, is a freshwater tropical fish. The
fish are small and are easily reared in small aquariums.
Sexually mature fish have high fecundity and a pair of
healthy adult fish can lay up to 200 eggs at weekly intervals.
Moreover, the larval fish develop rapidly and are highly
transparent, which allow for easy observation of developmental process (for a comprehensive review, see Zhang
et al. [1]). In addition, its light-sensitive tissue in retina is
anatomically comparable to human [2]; hence, zebrafish is
an excellent model for eye disease and eye drug discovery
[1], [2], [3], [4]. A number of fish genetic mutants that affect
vision has been identified and/or generated over the years.
The visual defects in these mutants affect their response to
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light stimulus, and result in an alteration of their locomotor
response. Taken together, these advantages have made the
zebrafish amenable to high-throughput behavioral studies
and opened up a tremendous opportunity to rapidly identify chemicals that may alter light-induced behavior [5].
Recently, two light-induced behavioral assays have been
developed and used to characterize 14,000 and 4,000 drugs
on neural [6] and sleeping behavior [7], respectively.
During the course of their investigation, Emran and
colleagues further customized this light-induced behavioral
assay as shown in Fig. 1 and demonstrated that visual
mutants had a specific alteration during the acute phase of
light-transition [8], [9]. This acute response, also known as
the visual-motor response (VMR), is an eye-driven startle
response triggered by a rapid onset or offset of light stimulation [9], [10]. VMR is largely attenuated in genetic mutants
that have defects in vision, and it is completely abolished in
a mutant that fails to develop an eye and in larvae after
removal of the eye ball [9], [10]. Due to this unique relationship between VMR and vision, it has been proposed that
the VMR assay can be used to evaluate drug therapies on
different fish genetic mutants to expedite the discovery of
eye drugs [1].
To this end, Zhang et al. have recently utilized the VMR
assay to demonstrate the visual benefit of Schisandrin B
(Sch B), an active ingredient of a traditional Chinese medicine Fructus Schisandrae [11], on a visual mutant pde6cw59
[12], [13] (refer to as pde6c hereafter). The results from
Zhang et al. indicate that Sch B could enhance the VMR
response of pde6c under the light-ON stimulus, supporting
the potential eye benefits of Sch B [10], [14]. In humans,
mutations in pde6c cause similar phenotypes in the eyes as
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Fig. 1. Conceptual diagram for the timeline of light stimuli in the LLR
assay. The larvae were dark-adapted in the Zebrabox for 3.5 hours
immediately before the experiment, then the assay lasted 3 hours with
light stimuli: ON-OFF-ON-OFF-ON-OFF. Each stimulus was sustained
for 30 min.

in the zebrafish mutant. Thus, the study of drug effects on
the VMR of various zebrafish visual mutants can potentially facilitate the discovery of novel treatments for
patients.
There are multiple implementations of the lightinduced behavioural assays in the literature [9], [15]. The
differences in the settings led to controversy in the visual
contribution to the VMR. In this work, our usage of VMR
and experimental collection of data are restricted in the
same configurations established by Emran et al., which
will be discussed in Section 4.3. In order to avoid confusion, we describe this (Emran’s) collection scheme [9] as
an assay for measuring light-induced locomotor response
(LLR). The systematic analysis of this LLR output is
essential for determining the visual components and realizing the potential use of VMR for drug screening for
visual impairment. We characterized the LLR results
obtained from our recent VMR study using normal wildtype (WT) and visually-impaired mutant (pde6c) zebrafish
larvae in order to elucidate the influence of genetic mutations on the LLR [10], [14]. However, biological data are
intrinsically noisy and the individual variation may mask
the biological difference. To maximize the detection of
the true biological effect, these biological data were often
averaged to eliminate the noise or random movements
[7], [8], [9], [16].
With the rapid development of computation biology,
various machine learning methods are implemented to
assist multi-dimensional behavioral data analysis for specific purposes. For example, advanced studies in machine
vision investigated the animal behavioral data by categorizing them into discrete behavioral pattern. Kabra et al. developed an interactive tool to annotate the animal behavior
automatically by Gentle AdaBoost [17]. Mirat et al. used
support vector machine (SVM) to categorized the episodes
of movement for zebrafish into several maneuvers, e.g.,
slow forward swim, routine turn and escape [18]. Rather
than the widely used spatio-temporal features, BurgosArtizzu et al. proposed trajectory features to represent
the video data for behavioral pattern recognition using
AdaBoost [19]. On the other hand, hidden Markov model
(HMM) [20] was also implemented to investigate the underlying states by observed animal behavior. Franke et al. used
HMM to analyze the movements of caribous and to predict
their behavioral states such as bedding, feeding and relocating [21]. HMM was also used to study the behavioral
change before and after formaldehyde treatment in zebrafish to detect the change of underlying state in pre-defined
behavioral pattern [22], [23].
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Instead of categorizing behavior into predefined patterns
of machine vision based behavior analysis [17], [18], [19],
biological sample screening aims to classify different biological samples according to their difference in behavior [1], [5],
[6], [7], [8]. Additionally, being different from machine
vision based research which use videos as input [17], [18],
[19], the input of biological sample screening analysis is a
specific time-series behavioral curve generated by specific
metric (e.g., velocity) [1], [5], [6], [7], [8]. In a pioneering
drug screening study by zebrafish, Rihel et al. used Locomotor activity curve recorded by Zebrabox [24] to extract some
behavioral activity features, and then applied clustering
methods to study the similarity and dissimilarity in the
effectiveness of different drugs according to the change in
behavior [7]. Nevertheless, the behavioral data in [7] were
still averaged before feature extraction, which left individual differences unaddressed. In view of the limitations of
the current statistical studies [25] and the benefits of utilizing machine learning techniques in biological data analysis
[26], a novel machine learning based framework is introduced in this study to model the behavioral data of individual zebrafish for high-throughput screening.
In our proposed machine learning framework, LLR of
WT and pde6c could be studied individually. The influence
of different batches, i.e., embryos collected from different
heterozygous parents, could also be identified by our methods. Similar to [7], the behavioral data used in our study is
also time-series curve recoded by Zebrabox [24], and data
was labeled in advance to build the model. Discriminative
features were first extracted from the preprocessed data.
After that, supervised learning algorithms, including K
nearest neighbor (KNN) [20], Naive Bayes [27], SVM [28]
were implemented for classification. In addition, we also
conducted an unsupervised learning algorithm, expectation-maximization algorithm with Gaussian mixture model
(EM-GMM) [20], with the labeled data utilized for
initialization.
The contribution of this paper is fourfold:





2

We developed a machine-learning framework for
quantifying LLR of different zebrafish subtypes.
We demonstrated the importance of LLR, especially
the acute phase, in identifying visually-impaired
larvae.
The novel framework allows us to screen pde6c
mutants efficiently with relatively simple experimental preparations.
Through our framework, the zebrafish larvae that
do not respond differently from the majority of
the larvae from the same class can be automatically identified as outliers for further experimental
characterization.

METHODOLOGY

2.1 Zebrafish Maintenance
All fish lines used in this study were originated from the
strain AB [29] and maintained according to standard procedures [30]. Two genotypes, WT and pde6c, were used.
For the WT, the embryos were collected from two different batches of adults which were designated as #1 and
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TABLE 2
Features Used

The nomenclature of them are genotype-batch notation.

#2. And all pde6c embryos were collected from the heterozygous parents from batch #2. The WT embryos collected
from #2 were cousins of the pde6c embryos collected from
#2, while the WT embryos collected from #1 were from
an unrelated family. The two genotypes were robustly
discriminated by the lack of optokinetic response (OKR),
a stereotypic eye reflex in response to any movements in
the environment [31], [32], in the pde6c larvae [12]. Using
genotype-batch notation, three classes of zebrafish larvae
were used: WT-#1, WT-#2 and pde6c-#2, which are abbreviated as W1, W2, P2 in Section 4 for drawing the result
figures. The nomenclature of fish and their relationship
are summarized in Table 1. In each class, 24 larvae were
used. The embryos used for the experiments were collected and raised at 28 C in E3 medium [33]. All protocols were approved by the Purdue Animal Care and Use
Committee.

2.2 Behavioral Data Collection
The behavioral data were collected by Zebrabox (Viewpoint
Life Sciences) [24]. Before the assay, all the zebrafish larvae
were accommodated in a 96-well plate for overnight (In
this study, 72 wells are filled with zebrafish larvae while
24 wells are empty). Immediately before the experiment, the
larvae in the plate were dark-adapted in the Zebrabox for
3.5 hours. During the assay, a bright light stimulus was
given in the following sequence: ON-OFF-ON-OFF-ONOFF, in which each stimulus lasted for 30 min, as illustrated
in Fig. 1. The movement of the larvae was detected by an
infrared camera that captured videos in 30 frames per second. As the metric of the movement, burst duration was
defined and detected by the following extraction scheme.
First, a detection sensitivity was set to compare two successive frames to define active pixels, i.e., the pixels which have
a change in grey level more than the detection sensitivity. In
this study, the detection sensitivity was set at 6. These active
pixels represent the movement of a larva in successful
frames. And then, a burst threshold (BT) was set to define
actual movement (i.e., burst) when the number of active pixels
between two frames was larger than a predefined value.
Finally, the burst duration was defined as the summarized
actual movement duration per second, i.e., the fraction of second a larva actually move (bin size ¼ 1 s). In this study, we
tested two BTs: 0 and 4. For BT ¼ 0, all movements are
regarded as the actual movement, while for BT ¼ 4, small
movements lower than 4 active pixels were not regarded as
the actual movement. The latter value, i.e., BT ¼ 4 pixel, was
used in previous studies [7], [9]. This arrangement allowed
us to determine the contribution of the information from the
small movements in classification. And we used this scheme

to collect larval movement data at five days post-fertilization (dpf) and 8 dpf.

2.3 Machine Learning Framework
The Machine Learning Framework for data analysis consists
of three stages: pre-processing, feature representation and
classification. Most of the pre-processing in our work has
been done by Zebrabox. For instance, various threshold
parameters discussed above were used to filter out the
noise. Other necessary pre-processing will be discussed in
Section 4. Here, we focus on feature representation and classification. Feature representation aims to use small amount
of features to accurately describe the data set, so that large
inputs for algorithm in classification stage, which may lead
to curse of dimensionality, can be avoided. And by using
the features from former stage, classification is used to distinguish different samples into groups.
2.3.1 Feature Representation
We compared two candidate feature representation methods, i.e., Symbolic Aggregate approXimation (SAX) features
used in computer science for time-series analysis [34], and
the features used in the pioneering work by Rihel et al. SAX
features represent the histogram of segmentally coded,
symbolized time-series curve as features, where the symbolized curve is obtained by discretizing the original timeseries data. And The feature set used by Rihel et al. consists
of empirically selected metrics of the activity curve by the
biologists [7]. Note that although Rihel’s feature set was
designed for a much longer period (24 hours for each rest
+wake phases) than ours (1 hours for each ON+OFF stimuli), the bin size of Rihel’s collection scheme is 1 min while
ours is 1 second. Thus, the durations of Rihel’s assay and
ours are comparable when considering the total number of
bins, which makes Rihel’s feature set as a candidate feature
set for our assay. Classification tested on our zebrafish
behavioral data using the feature sets extracted by Rihel’s
method [7] and SAX [34] indicates that features used by
Rihel et al. offered best accuracy. Considering the wake/
rest phase of Rihel’s assay is also triggered by light ON/
OFF, the result demonstrates that Rihel’s features are sensitive to light changes, and they are suitable to represent our
zebrafish activity curve, even though this feature set was
originally proposed to study rest/wake phase. In this paper,
based on the work by Rihel et al. [7], the extended feature
set in Table 2 is extracted from both light-ON and light-OFF
stimuli. Thus, for each zebrafish in each ON-OFF trial, there
are 20 features in total.
Rest bout corresponds to the period with continual 1-second bins when zebrafish larvae do not move, i.e., the continuous bins of burst duration ¼ 0. And the opposite case is
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3.1 Evaluation Metric
Ten-fold 500 times cross validation was used for generating
training sets and validation sets for supervised methods
KNN, Naive Bayes and SVM. For unsupervised method
EM-GMM, the algorithm was initialized by the mean of the
training set from the cross validation to cluster the corresponding validation set.The evaluation metric is the classification accuracy, as (1):
accuracy ¼

# correctly predicted samples
 100%:
# total testing samples

(1)

Fig. 2. Illustration of key features used.

defined as active bout, as illustrated in Fig. 2. Sample entropy
is a widely applied measurement of complexity and regularity of biological time series [35].

2.3.2 Classification
Both unsupervised and supervised learning methods were
used in this study. They are: 1) K Nearest Neighbor (KNN)
classifier; 2) Naive Bayes classifier; 3) Support Vector
Machine (SVM); 4) Expectation-Maximization algorithm
with Gaussian Mixture Model (EM-GMM). The former 3
methods are supervised learning methods. While the latter
one, EM-GMM, is an unsupervised learning method which
can be incorporated with label information for initialization.
The neighbor parameter K ¼ 3 of KNN classifier [20]
was chosen as it was neither too global nor too local. The
standard version of Naive Bayes classifier as described in
[27] has been used in our experiment. For SVM method,
a“soft” margin SVM, C-SVM [20], [27], with Radial Basis
Function (RBF) kernel is used to gain a non-linear classification. The coefficient of slack variables C and the kernel
width parameter g is set to 2 and 0.125. A free C++ library
LIBSVM is available in [28]. For EM-GMM [20], to avoid
overfitting, the mean mm and variance s 2m of each Gaussian
were fixed as initialization by the labeled data, only the
prior of each Gaussian pm was updated.

3

RESULTS

The proposed framework was implemented to identify individual activity profiles of different genotypes and/or
batches. In order to investigate the effect of LLR under light
stimulus, the baseline activity after a prolonged dark adaptation was collected from the last 30 min of the initial 3.5hour dark phase in Fig. 1 as control.

3.2 Classification Accuracy
To examine the classification accuracy using only baseline
activities without light stimulus, the last 0.5-hour of the
3.5-hour dark adaptation data were used for classification.
And for LLR analysis, The data obtained from 3 ON-OFF
trials were averaged as the input of the classification algorithms, as illustrated in Fig. 3. To identify the significant
component of LLR, the data were segmented in three different durations: the first minute, the first two minutes as well
as the whole 30-min LLR after the change in stimulus for
testing. Since similar results were obtained among the four
classification methods, for precision, only the classification
results for 8 dpf using all 30-min LLR data were summarized here to illustrate the performance of all four methods
presented in Fig. 4. Considering SVM could slightly outperform others for most cases (especially for classifying genotypes of same batch, i.e., WT-#2 versus pde6c-#2), and it is
easy to implement (free libraries are available such as
LIBSVM [28]), we only illustrated SVM results hereafter.
For the complete results of the four methods, please refer to
supplementary data, which can be found on the Computer
Society Digital Library at http://doi.ieeecomputersociety.
org/10.1109/TCBB.2014.2306829.
The SVM results of 5 and 8 dpf zebrafish larvae using
both baseline activity and LLR are shown in Fig. 5. The
results demonstrated that the accuracy could achieve as
high as 95 percent (the classification accuracy WT-#1 versus
pde6c-#2 using first 1-min LLR, as the highest value of BT ¼
0 at Row 1, Column 2 of Fig. 5). And for all the cases in
zebrafish genotype classification using LLR, the accuracy is
over 80 percent.

4

DISCUSSION

This paper presented the implementation of various
machine learning methods for analyzing the behavioral

Fig. 3. Conceptual illustration of data extracted from each individual zebrafish for different classification schemes.
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Fig. 4. Classification results of 8 dpf zebrafish larvae using 30-min LLR. Activities of both BT ¼ 0 and BT ¼ 4 pixel were analyzed. We used four different classification methods, as bars from left to right: 3 Nearest Neighbor (3NN), Naive Bayes (NB), Support Vector Machine (SVM) and ExpectationMaximization algorithm with Gaussian Mixture Model (EM). In addition, 4 different classification problems were tested, in which W1, W2, P2 denoted
WT-#1, WT-#2, pde6c-#2, respectively.

data of zebrafish larvae by individual. The behavioral data
used in our work is named as LLR to avoid confusion
by different VMR measuring schemes of Erman [9] and
Fernandes [15]. We tested our methods on zebrafish larvae
of two age groups, which consisted of three classes in each
group. The experimental results indicate that our machine
learning methods are efficient and effective. The accuracy
can reach over 80 percent in general with the highest up to
95 percent for classifying zebrafish larvae of different genotypes. Note that although the following discussion are
based on SVM results as Fig. 5, same conclusion can
be deduced from the other three methods because they
share similar classification results.

4.1

Importance of Developing an Efficient Method
for Mutant Screening
Many visual mutants are recessive in nature. For example,
the pde6c mutant used in this study is a recessive mutant.
These recessive mutants, which comprise 25 percent of a
cross of heterozygous parents, have to be first identified
before any drug study can be conducted. While both alleles

of the gene are mutated in these individuals, these visual
mutants often do not have any obvious morphological
defects and this precludes an easy identification of them.
Currently, they have to be identified individually based on
pre-inserted reporter genes and/or optokinetic response,
which can be extremely inefficient to implement in largescale studies. By the behavioral models of mutants built
with the machine learning method, new individual mutants
can be identified automatically in parallel by a single VMR
assay. Thus, the computational algorithms developed by us
can significantly facilitate the genetic screening and in turn
drug screening.

4.2 The Benefits of the Proposed Classification
Framework to Drug Screening
In the current implementation of the LLR for drug screening, the behavioural profiles were averaged according to
one main parameter (e.g., the genotype of normal and
mutant samples) to investigate their mean differences.
Instead, our proposed method, which analyzes individual
behavioral data, would facilitate the determination of the

Fig. 5. SVM classification results using both Baseline and LLR data of 5 dpf (Top Row) and 8 dpf (Bottom Row) zebrafish larvae. For classification
using baseline data, the activities recorded in the last 30 min of the initial 3.5-hour dark period before the first light-ON stimulus was used as input.
While for LLR classification, three different amounts of data were used, i.e., first 1-min, first 2-min and all 30-min LLR data. Activities of both BT = 0
and BT ¼ 4 pixel were analyzed. Four different classification problems were tested, as the four subfigure columns. The other parameters are the
same with Fig. 4.
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most useful drugs by identifying those making mutants
resume similar LLR profile as the healthy controls. Our classifiers would be also an important first step to grouping
similar drugs by the LLR of treated mutants using a relatively simple experimental setup. This in turn would facilitate the determination of unknown drug action through the
known drugs with similar LLR profiles. In addition, our
method can efficiently identify outliers that behaved differently from other typical zebrafish in the same treatment
group for further neurobiological analysis. These outliers
may carry other natural genetic variations/single nucleotide polymorphisms that act as a modifier of the drug
response. The identification of these individuals may facilitate the further investigation of the drug action.

4.3 The Relationship between VMR and LLR
The VMR was first introduced by Emran and colleagues to
demonstrate the acute phase of light-transition that would
cause a specific alteration of visual mutants [8], [9].
Recently, Fernandes and colleagues attempted to characterize the neurological basis of photokinesis and claimed that
there are two additional non-visual components of VMR
including inputs from pineal gland and a region in the
hypothalamus [15]. In particular, they showed that an eyeless mutant chokh and eye enucleation would not completely
abolished VMR in normal larvae while Emran et al., showed
that the VMR was abolished in the same chokh mutant [9].
However, it should be noted that there are major differences
between the data collection and summarization in these
studies. In particular, Fernandes et al., calculated mean displacement per minute while Emran et al., calculated mean
fraction of movement per second. In other words,
Fernandes’ collection approach summarized the slow
response to light stimuli while Emran’s approach was used
for capturing fast response, which is more compatible for
measuring visual startle. This is likely the reason why the
chokh mutant did not have VMR in Emran’s study. In addition, non-visual contribution to locomotor response is by
definition not “visual” motor response; thus, we restrict our
usage of VMR and experimental collection of data in the format established by Emran et al. (as shown in Fig. 1). Since in
this collection scheme [9], the stimulus is changed every 30
mins, it is likely that non-visual contribution of locomotor
response would play a role in the later phase of the stimulus. In other words, one would expect the time immediately
after light stimuli change would be primarily visual-driven,
while the full 30-min data after light stimuli change would
be both visual and non-visual driven. Thus, we describe the
behaviour measured by the collection scheme in Fig. 1 as
light-induced locomotor response (LLR), which acknowledges the fact that the collection scheme would detect locomotor behaviour comprises visual and non-visual inputs.
4.4

Significance of Using LLR to Identify WT and
pde6c Zebrafish
Comparing the classification results using the baseline data
alone, the classification accuracy using 30 min LLR data
achieved the highest increase to more than 40 percent, as
shown between the first bar and the last bar of BT = 0, in
Row 2, Column 3 of Fig. 5. And this increase is more
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significant in 8 dpf zebrafish. Moreover, by using LLR data,
the classification of different genotypes can be carried out
with over 90 percent accuracy.

4.5 The Influence on Identifying WT and pde6c
Zebrafish by Different Amount of Behavioral
Data After Light Stimulus Change
Fig. 5 also shows that the classification of different genotypes using data collected from different durations after
light stimulus change were not significantly different from
each other. It demonstrates that the early component immediately after stimulus change (i.e., the first 1-min LLR) is the
most important for classification. Since the pde6c used in
this study is a visual mutant, this further implies that the
early component is primarily vision driven. This observation corroborates the empirical experience that the VMR is
an acute response of the LLR.
4.6 The Optimal Burst Threshold for Classification
Classification results were different for data extracted from
different BTs. A low BT allowed small movements to be
extracted, but such movements were filtered out when a
higher BT was set. High BT was often used to capture the
major effect of drug treatment or to identify different genotypes [7], [9].
However, our results shown in Fig. 5 indicate that activity profiles collected with BT ¼ 0 generally provide better
discriminative power. This indicate that potentially useful
information can be neglected by filtering out noise with BT
¼ 4. Thus, BT ¼ 0 is likely a more optimal setting for classification studies like ours.
4.7 The Necessity of Matching Controls
Our observations also indicate the importance of using
appropriate matching controls to maximize the discriminative power of the visual-behaviour analysis. For example,
WT-#1 and WT-#2 are both normal larvae and yet there are
instances that they could be classified fairly up to 80 percent
accurate with our algorithms (Fig. 5, Row 1, Column 1). In
addition, WT-#2 is genetically more related to pde6c-#2 as
they are cousins, while WT-#1 is not. It can be inferred that
(1) WT-#1 would be easier to be differentiated from pde6c#2, i.e., the accuracy of classification of WT-#1 and pde6c-#2
was generally high, especially for 5 dpf zebrafish (Row 1,
Column 2 of Fig. 5, 95 percent); (2) WT-#2 would be intrinsically harder to be differentiated from pde6c-#2 using baseline activity profile. Column 3 of Fig. 5 indicate that the
accuracy using baseline activity are 66 percent for 5 dpf
zebrafish and 45 percent for 8 dpf; and (3) WT-#2 should be
robustly separated from pde6c-#2 if the part of the activity
profile that is highly influenced by vision is used. This
agrees with our result in Column 3 of Fig. 5. Once we used
the 1-min LLR data for classifying WT-#2 and pde6c-#2, the
classification accuracy substantially increased (66 to 89 percent for 5 dpf, 45 to 85 percent for 8 dpf). Additionally,
using longer duration data only provided a modest increase
in classification accuracy for WT-#2 and pde6c-#2. Since
pde6c is a visual mutant, this observation indicates that the
1-min LLR (i.e., the VMR as defined by Emran et al. [9]),
which supposedly captures the visual startle efficiently,
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In particular, our results suggest that LLR is imperative
for the classification of normal zebrafish and zebrafish with
visual defects. We also showed that first minute data after
the light change was sufficient to capture the light-induced
movements initiated by the eyes and would give sufficient
accuracy for classifying visual mutants. Additionally, our
results show that activity data collected with burst threshold at 0 would give the best discriminative power between
different genotypes. In addition, it is essential to use matching controls that are closely related to visual mutant maximize the utility of the difference of the visual behavior for
classification and drug study. In summary, our framework
has laid down an important foundation to use visual behaviour, particularly VMR, for high-throughput drug screening.
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