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With the development of bio-imaging techniques, an increasing number of studies apply these techniques
to generate a myriad of image data. Its applications range from quantification of cellular, tissue, organismal
and behavioral phenotypes of model organisms, to human facial phenotypes. The bio-imaging approaches
to automatically detect, quantify, and profile phenotypic changes related to specific biological questions
open new doors to studying phenotype-genotype associations and to precisely evaluating molecular
changes associated with quantitative phenotypes. Here, we review major applications of bioimage-
based quantitative phenotype analysis. Specifically, we describe the biological questions and experimental
needs addressable by these analyses, computational techniques and tools that are available in these con-
texts, and the new perspectives on phenotype-genotype association uncovered by such analyses.
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The development of imaging technology and quantitative imag-
ing analysis provide a promising new perspective to examine bio-
logical problems. Quantitative phenotype analysis based on
imaging analysis is an important area of bioimage informatics
[1]. Its applications range from quantification of cellular [2-4], tis-
sue and organismal phenotypes to behavior analysis of model
organisms [5-8], which will be summarized below.

1. Cellular phenotypes

Image-based assays have the advantage of unbiasedly and quan-
titatively observing and recording experimental results. Multiple
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fluorescent labels and morphology phenotypes can be quantified
at the same time by imaging techniques and analysis methods [4].

Combining RNA interference with image analysis is one of the
attempts to uncover the molecular underpinnings of cellular phe-
notypes. Neumann et al. developed a phenotypic screening plat-
form to identify genes required for basic functions of life [9,10].
For cells processed by RNA interference of each of the 21,000
human protein-coding genes, they took real-time images by 2 days
live imaging of fluorescently labeled chromosomes. Then they used
their image processing package to automatically identify each
nucleus and quantified ~200 features, such as gray level and shape
features, for each nucleus. They classified each nucleus into one of
16 morphological classes by support vector machines [11,12]
based on quantified features. These classes, describing chromo-
some configurations, include prometaphase, binuclear (two
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nuclei), grape (many micronuclei) and polylobed (multilobed
nuclei), etc. They then used the percentage of nuclei in each mor-
phological class to quantify and describe the response to RNAi of
each gene. Therefore, every time-lapse experiment can be quanti-
fied as a time series of percentage values. By testing the signifi-
cance of deviation between each gene and control, and clustering
of the genes’ time-resolved phenotypic profiles, they identified
hundreds of genes involved in basic cellular functions, such as cell
division, migration and survival. Kirsanova et al. developed a cellu-
lar phenotype database to manage phenotype data automatically
or manually quantified based on live cell imaging [13]. The data-
base has collected 93,578 RNA interference data sets from 10 inde-
pendent studies on 135 phenotype terms, and provides a platform
for querying and browsing cellular phenotypes. It can be queried
by gene, gene attribute, reagent, phenotype, study keywords or
ontology terms.

Horn et al. developed a method to identify genetic interactions
by double-RNAi [14]. They performed about 70,000 pairwise per-
turbations of signaling factors by Drosophila melanogaster cells.
They acquired the fluorescent images and extracted features, such
as the number of cells, intensity and area, from these images. These
quantified phenotypes of cells under single-RNAi or double-RNAi
were used to identify potential interactions. The interaction identi-
fication criterion is: if the phenotypes of the two genes simultane-
ously targeted deviate strongly from the cumulative distribution of
the two single-knockdown phenotypes. Deviations between the
expected results based on single-RNAi and the experimentally
observed double-RNAi effects were used to reveal negative (aggra-
vating for genes with single-RNAi effect) or positive (alleviating)
genetic interactions. Finally they identified more than 600 interac-
tions affecting the quantified phenotypes. Laufer et al. presented a
method to study genetic interactions based on high-throughput
imaging and RNAi [15]. They quantified many phenotypes of
human cancer cells, such as cell number, eccentricity and nuclear
area. In their experiments, they identified 2376 gene pairs’ interac-
tions affecting the quantified phenotypes. In these two studies,
Student’s t-test between the observed values and the non-
interacting model was used to evaluate the significance of an
interaction.

Boland et al. developed method to quantify the morphological
and textual features, then they used these features to classify dif-
ferent cellular protein localization patterns [16]. They quantified
two sets of numeric features, they are Zernike moments [17] and
Haralick texture features [18]. These features were then used to
train a classification tree and a neural network. They tested their
classification performance on independent image sets.

Recognition and segmentation of individual cells is a critical
operation in image analysis. Because almost all previous segmenta-
tion methods are dependent on specific analytic applications, it is
difficult to directly use these methods for other applications. Held
et al. developed an automatic parameter optimization method
based on genetic algorithm to determine the parameters of
different image segmentation methods, such as maximum-
intensity linking method and watershed image segmentation
method [19]. Bensch et al. developed a method based on the
min-cut approach [20] where they applied the notion that at all
cell borders there is a dark-to-bright transition to improve the
segmentation results.

Ramm et al. presented an automated image analysis system to
analyze neurite outgrowth [21]. They automatically quantified sev-
eral features, such as cell area, number of neuritis and neurite
length. Their results showed that their automatically quantified
results are similar to manually measured results.

Wang et al. developed a method to quantitatively analyze pol-
len tube growth based on images [22]. They quantified many fea-
tures, such as pollen grain area, longest backbone length and

width. These quantified features were then used to classify pollen
tubes into six groups.

For cellular phenotype analysis, Carpenter et al. developed the
CellProfiler, a versatile package in Python, to help biologists ana-
lyze cell-based experimental images [2,3,23-25]. It can quantify
many cellular phenotypes, such as cell number, cell size and mor-
phological phenotypes of cells. Fiji [26] is a batteries-included
package of Image] written in Java [27], bundling many plugins
for 2D and 3D image analysis. Other platforms are summarized
and compared in [28]. These platforms along with their modules
or plugins enable quantification of cellular phenotypes, including
size, intensity, and texture of single cell, and counts, topology
and relative distance of cell colonies [2,24]. More subtle pheno-
types such as the distribution pattern of peripheral chromatin in
the nuclei of cells [29] and molecule colocalization [30] are also
implemented in plugins of Image], such as JACoP [31].

After quantifying image features, data mining or pattern recog-
nition of the phenotypes then becomes more important [32]. A
classifier can be trained based on a feature vector extracted from
an image, using different machine learning algorithms. CellProfiler
Analyst [25,3] is a machine learning package designed for analyz-
ing features extracted from CellProfiler, using the GentleBoosting
algorithm [33]. Many algorithms, including nearest neighbor
[34], support vector machines [35], random forest [36] and neural
network [37] have been used to train classifiers. Image]/Fiji and
BIOCAT [38] are two platforms that provide several pattern recog-
nition models. The latter also provides algorithm comparisons and
thus enables selection for the most effective model.

2. Spatial and temporal information from tissue images

Development biology questions are often about location and/or
time. Tissue images help to quantitatively measure spatial and
temporal phenotypes, especially gene expression, a molecular phe-
notype. Microarray and sequencing techniques per se take advan-
tage of fluorescent signal detection and image processing [39,40],
however, their interpretation relies on tissue dissection, such as
laser microdissection [41] or fluorescence activated cell sorting
[42], and therefore generally have low spatial resolution. RNA
in situ hybridization (ISH) [43] can provide high-resolution expres-
sion signals from in situ images, even at single-cell level. Nonethe-
less, there was little need for computational quantitation, until the
recent booming of high-throughput tissue ISH images by auto-
matic pipelines [44-46]. Among them, Eurexpress project, Allen
Institute for Brain Science, St. Jude Brain Gene Expression Map,
GenitoUrinary Development Molecular Anatomy Project and so
on have generated or maintained large-scale ISH image resources
[47-53]. Eurexpress project provides ISH images for >18,000 genes
in E14.5 mouse embryo, and manual spatial annotations based on
the EMAP reference anatomy tree [54]. This manual curation
approach is robust across various image qualities, yet low-
throughput and low resolution with a few discrete categorical
levels. At the meantime, Allen Institute for Brain Science provides
brain images at multiple developmental stages for mouse and
human, and quantifies expression with an automated pipeline.
The pipeline constructs reference 3D models at specific stages that
agree with MRI images, registers series of ISH images to the corre-
sponding models by mutual information alignment, and digitally
summarize the signal intensities within each “voxel” [49,51,55].
In addition, automated methods mining these resources were
mostly developed based on mutual information [56,57]. To take
advantage of the robustness of manual curation and high efficiency
of image processing, semi-automated approaches were also devel-
oped to systematically retrieve molecular phenotypes. For exam-
ple, Hill and Baldock suggested a relatively fast constrained



22 W. Chen et al./Methods 102 (2016) 20-25

distance transform (CDT) method with mesh and geodesic dis-
tance, for simultaneously interactive image registration [58]. Either
automated or semi-automated registration with deformation at
the expense of resolution may not be suitable for some particular
biological questions. Huang et al. attempted to simplify the model
to 1D at very high spatial resolutions - at the single-cell level, and
proposed a semi-automated method to digitize high-resolution
signals from images, which captures single-cell level gene expres-
sion during embryonic neuronal radial migration in mouse brain
[59]. Such high-resolution spatial profiles allowed to identify
synchronized expression of chromatin remodeling genes in the
intermediate zone [59]. Besides ISH images, with the need for
improving resolution and throughput together, new techniques
are emerging, such as in situ sequencing [60,61], a technology that
sequence RNAs on site at the original location of the sample, and
generating more valuable spatial and temporal images for tissues.

3. Quantitative phenotypes of Caenorhabditis elegans

C. elegans is a powerful genetic model organism in studying
development [62], apoptosis [63,64], aging [65-67], RNA-
mediated interference [68] and drug effects [69]. In high-
throughput phenotyping of C. elegans, manual quantification is
subjective, laborious and sometime impossible. Thus effective
automated nematode image processing and quantification meth-
ods are urgently needed.

Quantitative image analysis of C. elegans can be intuitively
divided into two categories: static and dynamic image analysis.
On the static side, common phenotypes include size, shape, fertil-
ity, area, and distinguishing head from tail.

Size and shape can be accessed quantitatively by many software
packages, such as QuantWorm [70] or by plug-ins of widely-used
platforms like WormSizer [71]. Fertility is another important phe-
notypes of C. elegans and thus auto-counting of eggs is imple-
mented by QuantWorm [70]. QuantWorm first detects some
single eggs, which are distinguished by object edge detection,
image segmentation and region labeling. These detected single
eggs are then used to compute the egg parameters, such as the
average size and average gray value of eggs to find egg candidates
on binary images.

Head identification can be achieved by fluorescent markers
[72], direction of locomotion [73], or support vector machine clas-
sifier [74]. Features, such as area, perimeter and radial distribution,
for each of the detected foreground particles have been used to
train support vector machine models to distinguish pharyngeal
grinder from other particles, then the worm head is identified by
the presence of pharyngeal grinder.

Some interesting works on static image analysis also stem from
experimental needs, such as straightening worms [75] and untan-
gling worms [76] for comparison between individual worms. The
straightening worm method invented by Peng et al. facilitates
the comparability of worms with diverse shapes [75]. Untangling
worm developed in WormToolbox aims to untangle worms to
facilitate analysis of individual worms [76].

Using confocal image stacks, Long et al. built a 3D digital
nuclear atlas of the first larval stage (L1) of C. elegans at single-
cell resolution [77]. DAPI (4,6-diamidino-2-phenylindole) was
used to stain the nuclei of cells in each C. elegans, and a myo-3:
GFP transgene was used to mark some anchor cells of body wall
muscle. Then, based on the staining/fluorescence information, they
developed a support vector machine classifier to improve the seg-
mentation results of each individual nucleus, and a method to
automatically identify 357 nuclei of L1 stage C. elegans using a ser-
ies of machine learning approaches, such as random sample con-
sensus approach and bipartite matching algorithm with high

accuracy. They thus quantified 93 genes’ expression profiles in
363 cells [78].

As for the dynamic imaging analysis, since C. elegans has been
extensively used in aging studies [65-67], lifespan is one of the
most important phenotype. Traditionally, lifespan assay is done
on agar surface. However, for drug screen experiments, liquid cul-
ture is widely used [69] because it needs smaller amount of drugs,
maintains more accurate drug concentration and is more high-
throughput than solid media. Manual lifespan quantification in
either liquid or solid media is laborious and time consuming.

To automate lifespan assays, tools have been developed for dif-
ferent types of nematode cultivation [79]. For worms on agar sur-
face, the C. elegans lifespan machine [80] and WormScan [81] can
automate lifespan assay and plot survival curves. For worms in
microfluidic devices, WormFarm achieves a similar function [82].
For worms in liquid media, the WormToolbox [76] of CellProfiler
[2,24] can identify the dead worm by their straight shape, which
in practice is not precise enough to tell the live and dead worms,
especially when worms died of natural causes, such as aging,
rather than being killed by toxic reagents.

Worm tracking is important for scoring phenotypes in neuro-
science studies, as complicated locomotory and bending behavior
is a indicator of various gene functions [83]. Such a challenging
task can be solved by using centroid position based trackers [84]
or skeleton-based trackers [85] for single or multiple worms
[86,87]. In the tracking process, posture, forward or reverse move-
ment, speed and angular velocity can be measured as quantitative
phenotypes [88] to screen for stochastic behaviors [89] from stored
videos or real time feed-in images.

4. Behavior analysis of model organisms

Quantifying behavior is important for dissecting gene and drug
functions in cognition. Temporal dynamics of behaviors reflect the
way internal and external stimuli are memorized and integrated. A
common way to characterize behaviors of model organisms is
through visually analyzing videos of experiments. However,
human visual inspection is difficult to give a quantitative assess-
ment and cannot follow complex behaviors.

Rihel et al. developed a video-based behavior screen for small
molecules. They used zebrafish behavioral profiles to quantita-
tively screen for drugs that change the behavior phenotypes of lar-
val zebrafish [6]. They cultured larval zebrafish in 96-well plate
with different drugs. The movement of each larva over 3 days
was recorded using a video tracking system. Then from the activity
videos, they quantified many behavioral parameters, such as the
duration and number of rest bouts, waking activity, and rest
latency, by their in-house image analysis package. They screened
5648 compounds totally, and found 547 compounds significantly
altered the behavior of zebrafish.

Ant societies have division of labor. To learn about how the divi-
sion is generated, Mersch et al. developed an automated video
tracking system which can continuously monitor and distinguish
each ant in one ant colony [7]. They marked each ant with unique
matrix code. These code markers enabled their system to identify
each ant unambiguously. They recorded the activities of 6 ant colo-
nies over 41 days, and quantified ants’ positions and interactions
data. These quantified data indicate that colonies are structured
in three social groups (nurses, foragers, and cleaners), and their
social role changed from nursing to cleaning to foraging as they
age.

Similarly, de Chaumont et al. developed a computerized method
to study the social interactions of mice [8]. They defined and quan-
tified more than 20 behavioral phenotypes between two mice from
experiment videos, such as follow behavior and stop behavior.
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These quantified behavior events are useful for examination of
decision-making and complex behaviors in mouse models of neu-
rological diseases.

5. Human facial quantitative phenotype analysis

Human face is probably the most basic biometric identifier that
is normally used by humans to recognize people. Human face is a
morphological structure with complex traits. Human face has been
widely studied in many fields, including anthropology, psychology,
aging, biometrics, medicine and forensics. However, most of previ-
ous studies have been largely based on manual quantifications.
Visual assessment, subjectively given by an observer, is sensitive
to the judgment of observer. As acquisition of high content facial
images becomes easier, methods based on image analysis become
increasingly important to enable high-throughput quantitative
analysis of facial traits.

Normalization of different facial photos is essential for compar-
ison of different faces [90]. To compare 2D facial images of differ-
ent individuals, a commonly used normalization method is based
on landmarks and relative geometric relationships to describe face
shapes and quantify the differences. For example, Turaga et al. used
2D geometric attributes described by a set of facial landmarks to
perform 2D facial alignment and comparison [91]. They manually
labeled 47 facial landmarks (around mouth, nose, eyes and facial
contour, etc.) on each face, and used these landmarks to describe
the geometric attributes of each face. As using the 2-dimensional
coordinates of these landmarks to describe face shapes is sensitive
to affine transformation, Grassmann manifold G, 47 (47 facial land-
marks, each landmark has 2 coordinates from plane coordinate
system) defined as the space spanned by these landmarks was
used to interpret different facial shapes. Then each face will be a
point on the Grassmann manifold, and the average face or refer-
ence face was calculated as the ‘Karcher’ mean using training faces
[92]. Subsequently, new faces were quantified by a matrix indicat-
ing direction and speed of geodesic flow from the average face. The
matrix was then used as the normalized shape signature.

Du et al. used 2D human facial images to study facial expres-
sions of emotion [93]. They collected facial expressions of 230 sub-
jects, and then defined the feature space of face shape by a series of
quantified distances between fiducial points. They used these
quantified distance features to classify emotions with high
accuracy.

Vernon et al. used facial image analysis to uncover the informa-
tion driving our judgments of first impressions [94]. They quanti-
fied 65 facial features, such as head area, head width, nose width,
from each facial image. Then they characterized the relationship
between facial features and perceived social traits. They also built
prediction model from these quantified facial features to predict
the perceived social trait scores of each face.

Compared with 2D facial data, 3D facial data consists of spatial
coordinates, and retains more facial information. The 3D facial
image alignment method is also landmark-guided. These land-
marks are manually labeled [95] or automatically recognized by
machine-learning methods [96]. A reference face is warped to reg-
ister each individual 3D face under the guidance of landmarks by
thin-plate spline transformation. Then Generalized Procrustes
analysis (GPA) can be used to align all the registered faces into a
common coordinate system. After alignment, all 3D vertices can
be used as high density landmarks to be compared across all indi-
viduals [97].

Hutton et al. trained a face growth model based on 400 3D
human facial images [95]. Their results showed that face size chan-
ged greatly before adulthood, and no big changes in subjects older
than 18 years.

Fig. 1. The average 3D images of young and old female (upper panel) and male
(lower panel) faces, respectively.

To uncover facial phenotypes indicative of general health status
and age, Chen et al. collected more than 300 3D human facial
images; by analyzing these facial images, they identified quantita-
tive facial features highly associated with age, such as mouth
width, nose width increase with aging, while eye corners droop
with aging. They visualized the quantified 3D image-based facial
aging phenotypes. The average 3D human facial models reflect
the general facial aging patterns clearly (Fig. 1). They also con-
structed an age predictor based on 3D human facial images. The
identified slow and fast agers compared with subjects’ actual age
are well supported by their facial appearances and the levels of
health indicators [98].

6. Discussions

Bioimaging approaches to automatically detect, quantify, and
profile the phenotypic changes related to specific biological ques-
tion are becoming increasingly useful for modern biology studies.
In summary, quantitative phenotype analysis is not only a young
field that enables precise descriptions of a biological phenomenon,
but also an important platform that links different levels of biolog-
ical data, moving us closer to a more comprehensive understand-
ing of systematic change related to a specific biological question.
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