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ABSTRACT: In recent years, zebrafish (Danio rerio) have proven to be a new, cutting-edge animal model that successfully 
meets the rising demand for personalized cancer studies. This is because zebrafish produce a large quantity of eggs, allowing a 
vast number of animals to be used in drug trials. Furthermore, when zebrafish are born, their transparent bodies facilitate internal 
anatomical imaging that is unparalleled among other animal models. The xenografting technique takes advantage of these traits 
and utilizes ex vivo tumor biopsy implantation to specifically test cancer response to different drug regimen. After fluorescently 
labeled tumors are xenografted and fluorescently imaged, images are usually analyzed using ImageJ. However, like CellProfiler, 
developed by the Broad Institute, can automatically assess hundreds of images using an automated pipeline system which works 
several times faster than manual methods like ImageJ. This study compares the CellProfiler pipeline to the manual approach to 
determine whether it is a better method to use in subsequent research. For this analysis, 200 images comprised of zebrafish in four 
different drug trial groups were used: (1) a fish water control treatment, (2) 100 µM Gemcitabine test treatment, (3) 0.5% DMSO 
control treatment, and (4) a 100 µM Gemcitabine in 0.5% DMSO test treatment. Initial images were then taken of the embryos 
post-implantation and again after four days of drug exposure according to their treatment group. Subsequently, the images were 
manually and automatically analyzed in ImageJ and CellProfiler. The two manual and automated analysis groups indicated that 
CellProfiler produces the same level of statistical validity when compared to ImageJ. In addition, the CellProfiler pipeline proved 
to be far quicker at analyzing images and preserved significant study hours when run independently from human supervision. 
Overall, these findings conclude that CellProfiler is an effective and rapid way to analyze high-volume datasets that produce 
information on-par with the human eye while outpacing ImageJ in the process. It was able to cut down image analysis time by 
98% while maintaining statistical accuracy comparable to ImageJ.  It also provides a new computational method to analyze images 
using machine learning and high-throughput neural networks that can even more rapidly assess and categorize images to better 
inform clinicians of drug responsiveness. 
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�   Introduction
In the domain of personalized medicine, the ubiquity of ze-

brafish serves as an optimistic indicator of both rapid progress 
and access to customizable cancer treatment trials. Their ver-
satility, ability to produce large quantities of transparent eggs, 
and low-maintenance care regimens allow them to be the ide-
al candidate to use in high-volume cancer studies and drug 
trials.¹,² However, when working with many zebrafish in any 
cancer study, the biggest and most time-consuming aspect are 
the manual analysis of fluorescent microscopy images and scor-
ing tumorigenesis progression by eye. This inherently requires 
expending excessive person power on a process that can be 
automated, resulting in more available time to refine research 
methods to ensure accuracy in these high-throughput studies. 
Earlier research in xenograft automation like the ZeOncoTest 
aimed to completely standardize the implantation and drug 
testing procedure to optimize image data results and over-
all study reliability.³ The aforementioned study by Cornet et. 
al. demonstrated that the ZeOncoTest can better unveil the 
complex way drugs interact and behave with cancers and their 
attempts to standardize the implantation methods explored 
new avenues to assess drug responsiveness that we incorporat-

ed in our study. Furthermore, open-source technologies such 
as QuantiFish developed by Stirling et. al. worked to auto-
mate approaches for assessing progressing bacterial infections 
within zebrafish models and demonstrated results that were 
well-correlated to those derived from software like ImageJ.⁴ 
In our research, QuantiFish served as a reference point for 
developing high-fidelity automated pipelines despite the fact 
that the software was specific to evaluating progressive infec-
tious diseases and other pathology within fish. Using our prior 
oncolytic analysis methods, we enhanced our automation ap-
proaches and drew inspiration from QuantiFish, whose ability 
to perform well against manual technologies matched one of 
our goals for this research study.

Lastly, automated object recognition analyses have been per-
formed in previous zebrafish xenograft studies which utilize 
full image thresholding to differentiate tumor clusters from the 
surrounding embryonic environment. Research conducted by 
Ghotra et. al. utilized an automated image measurement tool 
to orient images along a standardized coordinate system for 
analysis. This allowed for later tumor object recognition to find 
tumor clusters and place them at specific locations within the 
coordinate system.⁵ By using a large sample of ~90 images, the 
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various coordinate plots of tumor cell clusters were overlayed 
to create an aggregated coordinate graph that showed how 
various tumor implants progressed from their 2-day implant 
stage to their 6-day stage. In our study, we took similar thresh-
olding approaches to refine our automated object recognition 
approach as we developed the CellProfiler pipeline. Ghotra et. 
al. successfully developed a reliable and consistent method to 
locate fluorescent tumor cells using a thresholding system. We 
decided that a similar approach would provide a fruitful av-
enue towards achieving consistent tumor recognition in our 
automated analysis. However, while the earlier study used an 
image measurement tool to automatically orient images prior 
to being analyzed, our study did not attempt to apply a stan-
dard orientation to each embryo image. This was primarily due 
to the fact that our data would not be represented in the same 
coordinate system as the previous study; instead, we could ex-
tract the tumor area measurements from each image regardless 
of the embryo’s orientation. Nonetheless, the study of Ghotra 
et. al. allowed us to construct a preliminary foundation for our 
object recognition approach that would prove successful in our 
study.

In zebrafish cancer studies, ImageJ is one of the most widely 
used software for manual image analysis but is limited by its 
inability to automatically run its visual processing algorithms. 
This means that researchers are required to spend excessive 
time running the same calculations on the images they gather 
when imaging tumor cells, particularly in zebrafish xenograft 
assays. This study aims to research how effective the CellPro-
filer pipeline system automatically analyzes zebrafish tumor 
images when compared with the manual method by human 
eye in ImageJ. The significance of this research aim is under-
scored by the need to distribute research data more rapidly to 
clinicians to help cancer patients. It is also emphasized by the 
demand to reduce tedious image processing hours that hinder 
scientists in their research approach. Using a large dataset of 
almost 800 images collected previously from various zebrafish 
xenograft assay studies, an optimized CellProfiler pipeline was 
designed to analyze the tumor images and was tested against 
ImageJ. Based on initial estimates during pipeline testing and 
development, the data produced by the automated pipeline 
was anticipated to have a lower process time than the ImageJ 
dataset while maintaining the same level of reliability.
�   Methods
Zebrafish Tumor Biopsy Implantation:
Pancreatic cancer tissue was collected following a Whipple 

procedure. Tumor tissue was collected by a pathologist, 
evaluated, and immediately placed in transfer solution on ice, 
where it was delivered to our laboratory. Next, the pancreatic 
cancer biopsy was cut from its 1 cm3 biopsy size into smaller 
~1 mm3 samples at the lab. Following, the smaller tissue 
samples were stained with DiI, a red fluorescent dye. Once 
the tumor fragments are stained, they were placed in a pre-
implant preparation solution of 90% fetal bovine serum, 1x 
tricane, 50 U/mL penicillin, and 0.05 mg/mL streptomycin.⁶ 
Next, the two-day old embryos with green, fluorescent blood 
vessels were sedated and embedded in a shallow layer of 1.5% 
low-melt agarose in a custom implant plate and immersed in 

implantation. Following, the stained tumor fragments were 
aligned on a small glass shelf on the surface of the implant 
plate, cut to size, and implanted into the yolk of the embryo 
using a tungsten needle. Post implantation, the embryos were 
transferred to 96-well plates and submerged in a solution of 
sterile PTU water to prevent pigmentation. The embryos were 
photographed using an Olympus Vanox AH2 high-power 
fluorescent microscope to confirm successful implantation. 
The embryos were separated into their four treatment groups 
to assess Gemcitabine efficacy on tumor size mitigation: a 
fish water control group, 0.5% DMSO control group, 0.5% 
DMSO and 100 µM Gemcitabine drug group, and 100 µM 
Gemcitabine only group. After four days of exposure to their 
designated drug regimen, the embryos were re-imaged and 
photographed to track tumor progression.  

CellProfiler Pipeline Development:
In order to design an optimized pipeline to run on any 

image with fluorescently labeled tumor implants, a set of 
approximately 750 randomly assorted images were imported 
into CellProfiler to help test the quality of the automated 
pipeline being built. The randomization of these images 
ensured that the different measurement and image processing 
modules could be reliably exposed to a wide array of different 
image features as the pipeline went through various testing 
phases. By running the pipeline in the designated Test Mode, 
each image was individually assessed from start to finish 
to pinpoint different specific flaws in the pipeline interface 
and check to confirm that the pipeline was collecting data 
about the right objects using the proper object identification 
algorithm. 

These algorithms mainly utilized image thresholding to 
separate different pixel intensities into clusters that correlated 
with the objects found in the image. Using that technique, 
the pipeline successfully separated multiple objects based 
on the threshold (or pixel brightness for greyscale images) 
of the pixels associated with it. Of the many thresholding 
methods that were tested, the two that yielded the most 
promising results were the minimum cross entropy and Otsu 
triple-class thresholding algorithms. Minimum cross entropy 
(MCE) uses the idea of “entropy,” a measurement of how 
easily an image can be separated into two different layers by 
grouping intensity values into two, binary segments.⁷,⁸ In 
order to differentiate between objects, the MCE thresholding 
algorithm measures its new thresholding separation against 
the original non-binarized picture and minimizes the 
variance between the entropies in each image. The Otsu 
triple-class algorithm uses three separate threshold classes 
to separate pixels into groups by minimizing the variance 
between each class. This method allowed the algorithm 
to take advantage of three different threshold channels to 
develop an optimized object recognition profile compared to 
the MCE binary approach. This ultimately proved to be more 
successful in recognizing different focal layers of the embryo 
photos among the test images and was ultimately used in the 
finalized CellProfiler pipeline.
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cropping or masking edits prior to being run on the pipeline. 
Once the pipeline was complete, the images from the Gem-
citabine trial were passed through the automated analysis and 
the data exported into a spreadsheet for manual data cleaning 
and calculations.

Statistical Analysis in R Studio:
After the data was exported from CellProfiler, it was 

piped into an R Script that was able to filter and segment 
the data into multiple data frames for visual analysis in 
several steps (Figure 4). Initially, the aggregated dataset was 
summarized to determine general trends in the different 
treatment groups.¹⁰ This was done by taking the entire image 
dataset and analyzing all treatment groups using a boxplot to 
assess differences in data spread and distribution among the 
treatment groups. 

This produced a visual that was rapidly able to demonstrate 
that the 100 µM Gemcitabine drug was most effective at re-
ducing tumor area in the absence of 0.5% DMSO, while also 
having the largest data spread compared to the other trials. 
However, it also indicated that the Gemcitabine alone did not 
produce a very significant negative change in tumor area. From 
there, the data was filtered into two distinct data frames: one 
DMSO trial group data frame and one control group data 
frame. This facilitated separate but simultaneous analysis of 
both treatment types to compare the effect of DMSO on the 
embryos while also tracking the effect of 100 µM Gemcitabine 
on both groups without the influence of DMSO. In that way, 
the strategic separation of the trial groups allowed for a more 
diligent assessment of the usefulness of DMSO in the context 
of drug delivery, especially in future xenograft assays.
�   Methods
Comparative Data Analysis:
The final component in the automated image analysis 

process was making sense of the measurements that were 
produced and comparing them to the manual ones made 
using ImageJ. For that reason, a standard calculation was 

Data Collection and Pipeline Utilization:
After the test images were removed from the pipeline, the 

~200 images from the experiment were loaded into the fi-
nalized CellProfiler pipeline where an additional exportation 
module was added into the pipeline workspace to collect the 
image measurements and compile them into a spreadsheet da-
tabase.⁹ Using the aforementioned Otsu triple-class algorithm, 
the primary object recognition module was able to correctly 
distinguish between the three different image layers (back-
ground, the surrounding body of the fish, and bright tumor 
cells) and accurately recognize high contrast tumor cells as the 
most important objects to be investigated in the pipeline. The 
pipeline was also able to further differentiate primary objects 
(Figure 1) from secondary objects (Figure 2) using the Otsu 
algorithm to pick out the background of the fish, producing 
better thresholding baselines and more accurate density calcu-
lations in the process. 

In addition, an object-relation and object merging module 
set was able to group tumor clusters and eliminate extraneous 
objects found in the zebrafish images to avoid unneeded mea-
surements. The object relation function took the surrounding 
secondary object (the entire fish including the tumor cells) and 
related it to the included interior primary objects (the tumor). 
Using this relationship, the pipeline was then able to merge 
all bright fluorescent cells found via the primary object recog-
nition module and produce one final object to measure using 
the outer secondary object as a guide. The final output (Figure 
3) shows the bounded area that merges all interior primary 
objects into a unified object that stores a single composite 
measurement that avoids divergent information. In addition 
to testing images to develop a high-accuracy pipeline, imag-
es were edited and cropped to reduce interference with the 
thresholding and object recognition algorithms. Though ide-
ally all images should be designed and taken to directly enter 
the pipeline, small errors in the photographs necessitated small 

Figure 1: Otsu triple-class primary object recongnition identifies tumor 
objects from greyscale image. Overall, comparison of control and analyzed 
images suggest that CellProfiler can accurately identify tumors from images 
with high accuracy.   

Figure 2: Output general image thresholding and secondary object 
recognition using Otsu triple-class differentiation indicate that CellProfiler 
identify zebrafish bodies separately from tumor masses using image layering.    

Figure 3: Secondary object recongition and inclusion merging will group 
primary object clusters (tumor cells) into one object to be analyzed once, 
allowing the pipeline to analyze only one composite tumor object, elimiating 
duplicate measurements.   

Figure 4: The R Studio analysis process is broken into five steps, from data 
importation to post-processing and human eye analysis to ensure statistical 
reliability.      
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developed to assess the percent change that occurred post-
treatment after initial images were assessed and tumor area 
recorded. First, a decimal value of tumor area change (1) was 
used to classify the type of difference observed post drug 
treatment. Then, a percentage was obtained (2) that accurately 
quantified tumor growth. A negative percentage was noted 
to represent a decrease in tumor size or a negative trend in 
growth/metastasis when the initial and post-treatment images 
were compared. Conversely, a positive percentage indicated an 
increase in tumor growth or a progression in tumor metastasis 
when initial and post-treatment images are compared. 

∆ = post-treatment area/initial area   (1)
 100 • (∆ – 1)   (2)

The resulting signed area change percentages were then 
averaged and compared between the CellProfiler dataset and 
the ImageJ analysis (Table 1). Since each analysis technique 
used images from zebrafish embryos with different treatment 
types, the fish were separated into their different treatment 
groups where averages from each group were obtained 
individually. This allowed us to analyze how each analysis 
technique assessed the different images across treatment 
groups and observe any discrepancies in the data. To do this 
more rapidly, a Raw Difference (Table 1) was computed 
by taking the absolute difference between the ImageJ and 
CellProfiler averages. This was used as an indicator of how 
closely the CellProfiler pipeline was able to approximate the 
measurements found using ImageJ and comprised a significant 
portion of our statistical findings beyond the different graphs 
of the data we gathered from R Studio.

a.Image data sets have been edited to eliminate outlier datapoints that reflect 
poor image quality. Datapoints that illustrate high contrast tumor changes 
are kept. 
When constructing these averages, several important 
differences between the CellProfiler and the ImageJ datasets 
emerged. During analysis, a few images had to be removed 
from the experiment due to poor quality (see a) but the 
parameters for considering whether to eliminate images from 
the experiment were different in each analysis. CellProfiler’s 
100% automated setup required higher quality images to be 
used in the experiment because it lacked the same human 
input to decide what objects were important in zebrafish 
images. However, determining tumor area in ImageJ using a 
blurry image was possible for many photos, so a larger number 
had to be removed from the CellProfiler analysis as it would 
have been unable to produce meaningful results from low-
quality visuals. This caused the size of the manual ImageJ 
dataset to be seven points larger than the CellProfiler set but 
had a minimal effect on the resulting data (Table 1) since 
the raw differences between observed averages for the trial 
groups between each analysis technique did not exceed 6.5%. 

Overall, this indicates high statistical and numeric congruency 
between the CellProfiler and ImageJ analysis, supporting the 
high-integrity processing ability of the automated approach 
which could match observations by the human eye. Initially, 
the CellProfiler pipeline was predicted to preform identically 
to the manual ImageJ techniques while saving a significant 
amount of time in the process. 

Based on the charts that measured both datapoint density 
and spread for each trial group, that hypothesis was confirmed. 
The CellProfiler dataset for both the two DMSO categories 
(Figure 5) and the two control categories (Figure 6) exhibited 
similar data trends, confirming that the automated pipeline 
could not only outpace ImageJ in time efficiency, but also remain 
as efficient in processing zebrafish images by comparison. The 
only notable difference between the raw datasets was the 
spread that was observed and the density of datapoints. Most 
of the time, the CellProfiler analysis tool produced data with 
a larger spread than that of ImageJ, most likely due to small 
errors in the thresholding and Otsu differentiation algorithm 
that produced a small quantity of statistically significant 
outliers that reflected poor image quality. Though these 
differences in data spread were important to note between each 
analysis method, the high level of comparability and low Raw 
Differences (Table 1) observed in each trial category suggests 
that these differences in data spread do not hinder the ability 
for CellProfiler to produce high-quality image analysis results.

Furthermore, given that the data produced from both 
analysis methods were extremely similar to one another, the 
reduced processing time in CellProfiler suggests that minor 
data discrepancies are compensated for by the rapid pace 
of automated analysis. On average, analyzing one image 
using ImageJ required ~5 minutes depending on how many 
measurements were needed to be extracted from the image. 
Mainly, the large amount of time was due to measurement 
tools being located in different areas in the analysis interface. 
Using a histogram to manually threshold different regions of 
the fish to isolate tumor cells necessitated a long process of 
trial and error that took up a considerable portion of time. 

Figure 5: ImageJ (left) and CellProfiler (right) violin plots show similar 
trends for the 0.5% DMSO only (in pink) and 100µM Gemcitabine in 0.5% 
DMSO (in blue) groups. Red boxes show mean and standard deviation. 

Table 1: Comparative Data Analysis of Image Measurement Results. 

Figure 6: ImageJ (left) and CellProfiler (right) plots show similar trends 
for the 100 µM Gemcitabine (in pink) and Fish Water (in blue) groups. Red 
boxes show mean and standard deviation.
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After these measurements were completed, each image 
feature that was numerically measured had to be saved in a 
separate spreadsheet. As such, it was no surprise that the total 
processing time for the entire batch of 144 images totaled 
approximately 12 hours if done by a single person. Compared to 
the automated analysis process that took just above 12 minutes 
to complete in CellProfiler, ImageJ’s adjustable measurement 
capabilities that were once considered advantageous were 
instead determined to be tedious. Overall, it was not surprising 
to discover that the CellProfiler pipeline took less than 2% 
of the time to analyze the same number of images while also 
upholding the same standards of data reliability as illustrated 
by the generated charts and aforementioned analysis. Thus, 
CellProfiler was definitively proven to be both equally reliable 
and vastly more economical when analyzing large quantities of 
images for xenograft studies such as these.

Object and Trait Classification Using CellProfiler Analyst:
Once statistical analysis was completed through R Studio, 

the data was exported into a MySQLite database and im-
ported into CellProfiler Analyst for further machine learning 
object-trait classification. This classification tool in CellProfil-
er Analyst would be able to use several different techniques, 
include a neural network and optimized algorithmic classifi-
ers, to automatically differentiate images based on a sample 
set of images classified by eye.¹¹ Thus, using this tool it would 
theoretically be possible to take datasets with more than 200 
images and automatically classify each image based on a set of 
measurements to group them into drug-responsive, drug-unre-
sponsive, and control groups, or produce groups that exhibited 
bright tumor fluorescence, low tumor fluorescence, or no ob-
served tumor fluorescence to automatically separate successful 
xenografts from the rest. After the database was imported into 
the Analyst tool for processing, all images from the study were 
automatically aggregated and funneled into the software for 
manual classification. Next, twenty images were loaded into 
the classifier tool and manually sorted into a “bright tumor” 
and “light tumor” group to separate images based on tumor cell 
fluorescent intensity. 

Based on the sorted groups done manually, two classification 
methods, the AdaBoost and 50x50 neural network, were tested 
on the image sets to determine which worked the best to sepa-
rate images based on observed xenograft quality. Though not all 
images were sorted thereafter, a statistical summary obtained 
from the Analyst tool showed that the neural network classifier 
had a 93.33% accuracy score compared to the 73.33% accuracy 

of the AdaBoost classifier (Figure 7). However, the AdaBoost 
classifier has the bonus of producing a set list of measurements 
used by the algorithm to classify the different images based 
on the sample set done by eye. Based on the desired number 
of important measurements to be used when classifying image 
sets, the resulting output from the AdaBoost process will out-
line the most important features it looked at when making the 
choices it did to classify the images in the sample set. For this 
study, the AdaBoost classifier used: Integrated Intensity Edge 
of the greyscale images, tumor area Euler Number, the fish area 
Euler Number, Integrated Intensity Edge of the tumor, and 
number of Light Tumor Objects per image to differentiate im-
ages. While the neural network was much better at classifying 
images correctly, it could not output a list of important features/
measurements to look at in the study to differentiate images 
based on a common group trait. This indicates that while the 
neural network was best suited for classifying all images in the 
set rapidly, an AdaBoost algorithm used in conjunction with 
the machine learning abilities of CellProfiler Analyst produced 
meaningful and rapid results that could not be achieved else-
where.
�   Discussion
Study Outcome:
Overall, this study demonstrates high potential for CellPro-

filer to expedite personalized cancer treatments. CellProfiler 
was able to significantly reduce the analysis period for zebrafish 
xenograft images while offering new avenues to pursue image 
classification through neural networks and machine learning. 
On the whole, these factors highlight important benefits of the 
CellProfiler system compared to the old ImageJ system. While 
scientists have to spend many hours measuring large quantities 
of tumor images by hand and expend precious research hours 
in the process, CellProfiler actively cuts these hours down to 
just 2% of the previous total while retaining recognition ac-
curacy. In short, CellProfiler reduces the “carbon footprint” of 
image analysis by offering a more efficient method that offers 
increased refinement and innovation to provide even more in-
formation to zebrafish labs and clinicians on a whole.

The Impact of the CellProfiler System:
Though various research groups around the nation have used 

ImageJ to analyze zebrafish images, this data suggests that the 
automated computational ability of CellProfiler can rapid-
ly save time and energy when processing zebrafish drug trial 
studies. Software like MATLAB can be used to complete sim-
ilar automated image analysis using a modular coding interface 
but lacks the same machine learning classifications that can be 
done using CellProfiler’s native Analyst plugin. 

CellProfiler Analyst is capable of running multiple machine 
learning algorithms to classify different properties that can 
be used to differentiate tumor clusters from one another. This 
ability allows researchers to rapidly separate images based on 
a visual trait that can be observed from images alone. In es-
sence, CellProfiler Analyst can automatically sort images based 
on phenotypes seen within the visuals themselves and use that 
information to inform future observations.¹¹ For instance, sort-
ing images automatically using a neural network can allow for 
separate analysis based on the type of images sorted. 

Figure 7: AdaBoost (left) drastically underperforms against the neural
network (right) classifier but has the added benefit of exporting a list of 
measurements features used in the algorithm’s classification.
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With the AdaBoost method, specific measurements can be 
extracted from images when run through the classifier that can 
be recirculated into the study environment to help determine 
which visual aspects are most critical in the research context. 
Though this isn’t the only application of CellProfiler Analyst, it 
presents a compelling case when it comes expanding and refin-
ing high-throughput research studies that incorporate a lot of 
data into building a clinical impact. Its other statistical analysis, 
plate viewer, and object preview features make it even more 
capable of assessing image analysis components to meet quality 
control requirements in the research space.

More specifically, CellProfiler’s stored image metadata and 
extraction tools that work in both the pipeline and analyst 
tool allow for rapid screening and image separation that can 
be done almost seamlessly between both software. CellProfil-
er can rapidly measure image traits and export metadata into 
Analyst, where it can quickly relay measurement trends and 
dosage information in a matter of seconds once processing is 
done. For clinicians and other healthcare professionals, this 
tool will provide an invaluable resource when working in per-
sonalized cancer trials, where the rapid turnaround of research 
findings can allow precious time and energy to be saved on a 
patient’s behalf. This opens doors for more accessible and stan-
dardized zebrafish xenograft assays that can be collaborated on 
with multiple labs and compared across various similar studies. 
Thus, hospitals should consider exploring the extensive impact 
of this automated xenograft analysis system to better serve can-
cer patients from multiple backgrounds.
�   Conclusion
In conclusion, CellProfiler provides a promising new avenue 

to expedite and improve existing zebrafish xenograft assays 
using photoimaging. The unique capabilities of CellProfiler 
and its ability to work effectively with R Studio make it ideal 
to complete rapid interpretations that can more easily inform 
clinicians about nuances in applied personalized medicine that 
can improve patient care. However, the most important impact 
of this study are the new implications for machine learning 
and computer-driven interpretations that can exponentially 
increase the clinical applications of future research in zebrafish 
xenografts. CellProfiler’s compatibility with CellProfiler 
Analyst, a machine-learning engine that uses neural networks 
and classifying engines to categorize cell images based on 
preliminary sorting by eye, dramatically expands information 
about critical dosage effect and widespread analysis trends that 
will undoubtedly make these zebrafish studies all the more 
relevant and effective.

Despite these findings, it should be noted that several 
imaging issues contributed to the need to edit images prior to 
being analyzed, which contributed to the overall analysis time 
that was used in the study. This weakness in image capturing 
can be avoided by ensuring all microscope imaging settings 
are properly set and recalibrating them between imaging 
sessions but can be a contributing factor in the analysis time 
for subsequent trials. For future research, our lab is working 
on ways to use embedded image metadata and measurement 
tools in CellProfiler to develop dosage curves that can quickly 
be used to evaluate not only drug efficacy, but the threshold 

at which drug effects can be observed. Furthermore, with the 
new machine learning capabilities of the software on hand, we 
will continue to explore how the trait classifier can help build a 
standard set of measurements that can be selected for to assess 
drug impacts more reliably. In years ahead, wider research 
in this area should seek to develop more intelligent analysis 
methods that can utilize artificial intelligence and analytical 
computation to combine the pipeline and post-processing 
study modules into a single step, allowing for immediate access 
to trial results from images as they are taken.
�   Acknowledgements
This study would not have been possible without the support 

and mentorship from Dr. Glasgow at the Georgetown Uni-
versity Medical Center. Furthermore, the support provided by 
his students and additional staff was invaluable in creating a 
successful study environment. It is a privilege and deeply hum-
bling to be working on such an exception team. This work was 
supported in part by the Lombardi Comprehensive Cancer 
Center Microscopy and Imaging Shared Resource, U.S. Public 
Health Service Grant 2P30-CA-51008 and 1S10 RR15768-
01.
�   References

1. Glasgow, E.; Xiao, J.; Agarwal, S. Zebrafish Xenografts for Drug 
Discovery and Personalized Medicine (Trends in Cancer). Cell 
Press Reviews 2020.

2.Grunwald, D. J.; Eisen, J. S. Headwaters of the Zebrafish — 
Emergence of a New Model Vertebrate. Nature Reviews Genetics 
2002, 3 (9), 717–724. https://doi.org/10.1038/nrg892.

3. Cornet, C.; Dyballa, S.; Terriente, J.; Di Giacomo, V. ZeOncoTest: 
Refining and Automating the Zebrafish Xenograft Model for Drug 
Discovery in Cancer. Pharmaceuticals 2019, 13 (1), 1. https://doi.
org/10.3390/ph13010001.

4. Stirling, D. R.; Suleyman, O.; Gil, E.; Elks, P. M.; Torraca, V.; 
Noursadeghi, M.; Tomlinson, G. S. Analysis Tools to Quantify 
Dissemination of Pathology in Zebrafish Larvae. Scientific Reports 
2020, 10 (1). https://doi.org/10.1038/s41598-020-59932-1.

5. Ghotra, V. P. S.; He, S.; de Bont, H.; van der Ent, W.; Spaink, 
H. P.; van de Water, B.; Snaar-Jagalska, B. E.; Danen, E. H. J. 
Automated Whole Animal Bio-Imaging Assay for Human Cancer 
Dissemination. PLoS ONE 2012, 7 (2), e31281. https://doi.
org/10.1371/journal.pone.0031281.

6. Westerfield, M. The Zebrafish Book: A Guide for the Laboratory 
Use of Zebrafish (Danio Rerio); M. Westerfield: Eugene, Or, 2007.

7. Al-Ajlan, A.; El-Zaart, A. Image Segmentation Using Minimum 
Cross-Entropy Thresholding; , 2009.

8. Sankur, B. Survey over Image Thresholding Techniques and 
Quantitative Performance Evaluation. Journal of Electronic 
Imaging 2004, 13 (1), 146. https://doi.org/10.1117/1.1631315.

9. Lamprecht, M.; Sabatini, D.; Carpenter, A. CellProfiler: Free, 
Versatile Software for Automated Biological Image Analysis. 
Biotechniques 2007, 42 (1), 71–75. https://doi.org/PMID: 
17269487.

10.R Core Team. R: The R Project for Statistical Computing https://
www.r-project.org/.

11.Jones, T. R.; Kang, I.; Wheeler, D. B.; Lindquist, R. A.; Papallo, 
A.; Sabatini, D. M.; Golland, P.; Carpenter, A. E. CellProfiler 
Analyst: Data Exploration and Analysis Software for Complex 
Image-Based Screens. BMC Bioinformatics 2008, 9 (1), 482. 
https://doi.org/10.1186/1471-2105-9-482.

ijhighschoolresearch.org



 27 DOI: 10.36838/v4i2.4

�   Declarations
The author reports no conflicts of interest in this work. The datasets 

used and/or analyzed during the current study are available from 
the corresponding author on reasonable request. All applicable 
international, national, and/or institutional guidelines by Georgetown 
University for the care and use of animals were followed in accordance 
with IACUC policies during this study. Furthermore, tissue samples 
were collected and used in accordance with the consent and usage 
policies outlined in the National Health and Research Council Act of 
1992 and the Human Tissue Act of 1982.

The digital CellProfiler and R Studio files are available online for 
open-source usage at https://github.com/ibarrett10/Automated-
CellProfiler-Pipeline-for-Zebrafish-Xenografts.

�   Authors
Ishaan Barrett is a current senior at the Maret School in Washington, 

DC. His work in biomedical research at the Glasgow Lab has mainly 
encompassed the ongoing process of streamlining and expanding 
access to personalized zebrafish xenograft assays for cancer treatment. 
This is his first published paper.

 ijhighschoolresearch.org




