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Abstract 

 Aging is a near ubiquitous phenomenon prevalent across evolutionary lineages from 
single-celled organisms to humans. Natural aging is characterized by a progressive deterioration 
in cellular and tissue function. Age is the primary risk factor for the many of the most prevalent 
diseases and pathological conditions today. Lifespan and healthspan measurements are the gold 
standard phenotypes for aging research, integrating the influence of many complex molecular 
processes into a set of easily measurable physiological metrics. Due to the number of 
environmental, genetic, and phenotypic inputs, a high degree of variation is present between 
individuals within a given population. The roundworm Caenorhabditis elegans is among the 
most common model systems used to study aging, because of its short lifespan (~3 weeks), 
simplicity to culture in the lab, and availability of powerful genetic tools. Lifespan is 
traditionally measured through population-level survival assays counted by hand on petri plates 
containing solid nematode growth media (NGM) and seeded with a bacterial food sourec, with 
each plate containing a sample of a few dozen animals to represent a population. These studies 
can give an accurate measure of aging within restricted populations under experimental 
conditions but require many hours of human attention. The amount of resources required to 
create statistically well-powered data is inefficient in terms of cost, time, and labor. In order to 
alleviate this research bottleneck, different mechanical systems have been proposed and 
implemented, each with their own advantages and disadvantages. Robotic systems have been 
created that can recapitulate manual lifespan results. Most of these systems either rely on 
population-level assessment of lifespan, require manual input during data processing, or 
necessitate maintaining worms in a liquid culture environment. Liquid culture causes C. elegans 
to swim continuously, placing the animals into a stress state that can change the molecular 
processes that influence aging. Thus, by changing the environmental context, new discoveries in 
liquid culture cannot be directly compared to the majority of previous work on C. elegans aging 
conducted on solid culture. Here I describe Worm Paparazzi, a novel analysis system designed to 
automate lifespan and healthspan measurement for individual roundworms cultured on solid 
media. This system uses the WorMotel™ (Churgin et al. 2017) a 240-well plate constructed from 
polydimethylsiloxane (PDMS) that isolates individual C. elegans on solid media under 
conditions similar to traditional manual lifespan assays. By leveraging the characteristics of the 
WorMotel™, creating supporting robotics, and building a custom analysis architecture, the 
Worm Paparazzi analysis system is able to combine the accuracy of human lifespan screeners—
while removing one source of human bias—with the high-throughput capabilities of a machine-
based system for an individualized insight into C. elegans lifespan and healthspan assays, 
thereby providing researchers with a new, powerful tool to study the macroscopic result of 
lifespan and healthspan assays.  
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Introduction 

The roundworm Caenorhabditis elegans is a commonly used model system across the 
biomedical sciences and one of the most common models for aging and age-associated disease 
(López-Otín et al. 2013). Despite their evolutionary distance from humans and other mammals, 
many of the molecular and cellular processes that drive aging are conserved. C. elegans are easy 
to culture in the lab and offer multiple practical advantages over mammalian systems, such as 
powerful genetic tools including genome-wide RNA interference (RNAi) feeding libraries, a 
short generation time (2-3 days), and short lifespan (~3 weeks). Aging is a complex process 
influenced by a plethora of intrinsic and extrinsic processes. Within the aging research 
community, lifespan has long been considered the “gold standard” (Felker, Robbins, and 
McCormick 2020) phenotype for aging that integrates the complex interplay between cellular, 
molecular, and environmental inputs into a single quantitative output. In recent years, assessment 
of health during aging—aka “healthspan”—has become a ubiquitous metric of quality of life 
during aging (Rollins et al. 2017; Bansal et al. 2015).  

 
Survival analysis in C. elegans 
  C. elegans lifespan is most commonly measured with manually scored survival assays on 
60mm nematode growth media (NGM) agar plates with 35-50 individual animals. Every 1-3 
days a lab worker counts the plate by first agitating the agar plate and checking for movement 
before prodding each unresponsive animal 3 times. If the animal responds to the stimuli with any 
type of movement, it is recorded as alive; conversely, if the animal does not respond then it is 
recorded as dead and removed from the plate. The number of dead animals at each progressive 
time point is used to generate survival curves representing the fraction of animals remaining 
alive at each age. As the experiment gets closer to the median lifespan, the rate at which animals 
die accelerates and the lab worker must increase the frequency of counting sessions to ensure the 
temporal resolution of the observations can accurately estimate the number of animals that die 
between sessions. A typical experiment may consist of 3 60cm petri plates per condition each 
containing 30-40 animals. These experiments are then conducted in biological triplicate to 
validate that observed differences in lifespan are caused by the intervention under study rather 
than by individual experimental variation. The average amount of time required to count one 60 
mm plate is approximately 3 minutes. It can be longer if stimuli are necessary to determine if 
each animal is still alive, or shorter when fewer of the animals require direct stimulus. The 
maximum reasonable number of plates that a lab worker could be asked to count would be 
around 50 per day. Furthermore, this style of manual counting can only represent a pooled group 
as a population, as it is not possible to track individual worms over time. As the number of 
people required to effectively run experiments increases, so do all the associated costs with 
running manual experiments. Additionally, C. elegans are known to “flee” or “run” during 
experiments, crawling off the surface of the plate, resulting in censoring.  
 
Definitions of healthspan and lifespan 
 Lifespan in C. elegans is typically defined as the age at which an animal ceases 
movement after a stimulus Healthspan is a separate measurement of the age at which a worm 
ceases to be “healthy”, even if it remains alive. Practical definitions of healthspan in C. elegans 
are typically also defined by some aspect of movement, but the precise metric used varies 
between research groups and can influence experimental interpretation (Rollins et al. 2017; 
Bansal et al. 2015). The Worm Paparazzi analysis system is an analysis package with consistent 
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definitions of lifespan and healthspan allowing comparison across different experimental 
conditions. Consistent with manual methodology, an individual animal's lifespan is called when 
movement is no longer detected We define healthspan as the time point at which an animal is no 
longer able to move an entire body length over one day. Other metrics of health can also be 
calculated using movement data, including individual or population-based stimulated or 
spontaneous activity over time. The Worm Paparazzi system gives two time-to-event curves, one 
for cessation of health (e.g., healthspan) and survival (e.g., lifespan), effectively generating the 
equivalent population survival statistics generated by manual survival analysis while also adding 
individualized longitudinal health data for each animal.  
 
Robotic system advantages  
 Because manual lifespan assays take a long time, have significant cost, and limited 
accuracy, robotic systems have been developed to alleviate these constraints while also providing 
unique phenotypic information. The WormWatcher robotics system developed by Tau Scientific 
Instruments (“Multi-Plate Imaging” 2021) alleviates many of these constraining factors, allowing 
for the recoding of many individual experimental plates while keeping costs low. Additionally, 
WorMotel experimental plates – designed by the Feng-Yen laboratory out of the University of 
Pennsylvania – can separate individual animals out into separate experimental wells allowing for 
individual C. elegans analysis. If combined, the two systems form a high-throughput system that 
can track ~20,000 individual animals at once. Although hypothetically creating a powerful new 
system when combined, the WormWatcher system was not designed for analysis of WorMotel 
plates, and vice versa, therefore a custom analysis solution was necessary. Our analysis system, 
the Worm Paparazzi, combines image processing, and neural network analysis to track individual 
C. elegans as they age. Our analysis package automatically estimates individualized lifespan and 
healthspan with the capability to introduce environmental, genetic, and pharmacological 
interventions as separate conditions. The Worm Paparazzi analysis system is a novel 
implementation of biological and computational integration that aims to alleviate many of the 
common problems associated with manual scoring of C. elegans lifespan and healthspan. 
 

Methodology 

The WorMotel (Churgin et al. 2017) is a custom 240 well plate made out of PDMS, 
specifically designed for the individual lifespan screening of C. elegans. To efficiently record the 
data of many WorMotel plates, the WormWatcher robotic system was required to efficiently 
translate an imaging module through space to individually capture and record each separate 
WorMotel. After the WormWatcher robotic captures and records experimental data on 
WorMotel plates, our Worm Paparazzi analysis system then extracts pertinent individualized 
information for each animal in the experiments. The Worm Paparazzi system is a custom 
analysis package capable of individualized lifespan and healthspan analysis for C. elegans, 
giving researchers a powerful new tool studying the fundamentals of aging biology. There are 5 
basic steps to the analysis system, with an additional preliminary acquisition step: 

● Data acquisition with the WormWatcher robotics system 
○ Step 0. Acquire data. 

● Data processing and analysis with the Worm Paparazzi system  
○ Step 1 – Identify regions of interest and assign user-defined plate divisions. 



 7 

○ Step 2 - Create a t-stack (time-stack of images) for each plate. 
○ Step 3 - Process the integrated t-stacks. 
○ Step 4 - Analyze processed data. 
○ Step 5 - Plot and export final data. 

 
Fig. 1 provides a comprehensive visual overview of the Worm Paparazzi analysis system, with 
subdivisions for the major processing steps. The Worm Paparazzi analysis system can be 
generalized as a tool for converting long term stimulated and spontaneous movement data into 
estimates for lifespan and healthspan for individual C. elegans. Our system uses a combination 
of image registration, processing, and analysis in conjunction with object detecting neural 
networks to estimate lifespan and healthspan for each individual animal per study.  
 
Data acquisition with the WormWatcher robotics system 
 

Step 0 – Data acquisition 

The WormWatcher system (“Multi-Plate Imaging” 2021) is a commercially available 
WorkBee Computer Numerical Control (CNC) system initially modified by the Fang-Yen 
Laboratory out of the University of Pennsylvania for data recording of 24-well C. elegans plates. 
We further modifed the system to automatically and periodically image C. elegans housed on 
WorMotel™ experimental plates (Churgin et al. 2017) including upgrading the imaging module 
with improved lighting and higher resolution camera and adding a precisely control temperature 
enclosure. As previously described the WorMotel is a custom 240 well plate made from PDMS, 
specifically designed for the individual lifespan screening of C. elegans. Each individual animal 
is housed in a well containing the same elements from the classical 60 mm petri dishes: 
Nematode Growth Media (NGM or Agar), bacteria (generally E. coli) as a food source, and an 
individual C. elegans. The WorkBee CNC Wood Router system as purchased consists of a 
1500x1500 mm platform with a cutting tool positioned by a 3-axis (X, Y, and Z) control system 
constructed of extruded aluminum over a working area of 1300x1270mm. The control system 
consists of belt driven X- and Y-axes and screw driven Z-axis driven by 4 nema23 high torque 
stepper motors. The GRBL (an open-source machine code standard) machine controller is a 
BlackBox Motion Control System, capable of high-precision 3-axis movement and automation. 
The WorkBee CNC cutting motor and subsequent fasteners were removed and replaced with an 
imaging module consisting of a high-resolution camera red darkfield illumination LEDs, and 
high-powered blue excitation LEDs enclosed in a mirrored acrylic isolation chamber (Fig. 2A), 
allowing precise 3-axis positioning (±0.1mm Z axis, ± 2.0mm XY axis) of the imaging system 
within the working area of the CNC. The camera is an ImagingSource DMK 33GX183 
monochrome camera with a Sony Exmor CMOS sensor (IMX183) with an attached FUJIFILM 
FUJINON CF16ZA-1S 16mm f1:1.8 lens for small object detection and a Midwestern Optical 
BP635 M37.5 Light Red Bandpass Filter to accent the translucent C. elegans from the 
illumination LEDs, while also protecting the camera from photobleaching during the stimulus 
period by filtering out the blue light. I upgraded the camera module from the initial design to the 
described system to increase pixel density and small object detection. Above the camera are 3 
Luminus Devices LED Lighting Modules Blue 455-465nm LEDs that provide stimulus to the 
entire plate, while below the camera are Super Thin Ribbon LED Strips Red from Oznium 
mounted perpendicular to the translucent PDMS plates (Fig. 2B). The strip of red LEDs provides 
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a darkfield illumination to the PDMS WorMotel™ plates, which scatter light toward the camera 
to produce an image with visual contrast between C. elegans and the media, bacterial food, and 
the PDMS wells. This style of darkfield illumination is similar to darkfield imaging in 
microscopy but a condenser lens from the top-down illumination. Because C. elegans are semi-
transparent, darkfield illumination allows visualization of worms using a “floating” imaging 
module (Fig. 2C) placed above the sample without the use of dyes or a contrast-based 
transmitted light imaging system that requires mirrors and light source positioned on the opposite 
side of the sample from the camera (e.g., differential interference contrast, DIC). The camera has 
a custom isolation enclosure to ensure no light bleeds onto other experiments (Fig. 2C). The 
interior of the enclosure is mirrored to maximize stimulating blue light exposure to the animal. I 
replaced the standard working surface on the CNC system with a custom acrylic sheet with a 
mounted acrylic array of plate holders to accommodate a 9x9 grid of WorMotel™ plates (Fig. 
2A, 2D), with geometry designed to secure each plate at a unique set of 3D grid coordinates with 
the surface of the solid media within the WorMotel™ in the focal plane of the camera when the 
camera is in position (see below). Each plate consists of a custom WorMotel™ loaded with 240 
individual C. elegans, as described by Churgin et al. (2017). The strain, media, and bacterial 
food source can be customized to meet the specifications of the experimental design.  

Environmental temperature is a major determinant of C. elegans lifespan (Miller et al. 
2017). While the original WormWatcher design relied on passive temperature control, I 
upgraded the system by enclosing entire robotic system in a custom incubator to provide a 
climate-controlled environment. The custom enclosure is monitored in real time by a EIC 
Solutions Thermotec™ Series 1500 BTU Thermoelectric Solid State Air Conditioner. We built 
the climate-controlled environment structure using 1.5” T slotted extruded aluminum from 
McMasterCarr, while the walls were constructed out of Pro Select R-Matte Plus-3, 1” R-6.0 
Foam Insulation Board purchased from Home Depot. The entire climate control environment can 
hold up to 3 robotic systems at a constant 20ºC. The target temperature can be varied between 
15-25ºC (+/- of <1ºC) for specific experimental constraints. Lower temperatures relative to the 
ambient room temperature will require a more powerful air conditioning system.  

In order to optimize the throughput and resolution of the output data form the 
WormWatcher system, we image each plate 3 times per day (midnight, 8am, and 4pm). Image 
acquisition can be customized to different times per day or more frequent to increase temporal 
resolution (e.g., for populations with reduced lifespan) at the cost of reducing the number of 
plates that can be imaged in parallel.  

Due to intensity fluctuations, the red LEDs are turned on and allowed to equilibrate for 
15 minutes before each imaging session. Every imaging cycle the camera module is translated 
over each plate before being lowered to a pre-calibrated z-axis focal height. The system (Fig. 
3B) then collects static images at 5 second intervals for 60 seconds before and after a 9 second 
excitation period with the high-powered blue stimulus light. A single static image is taken during 
the blue light excitation period which is used as a reference (see below). Collected images (Fig. 
3A) are automatically stored in a defined directory. A typical experiment consists of 1 to 10 
WorMotel™ plates and is assigned to its own directory and images from each day are stored in a 
separate subdirectory on a local storage medium. Local images are periodically backed up to a 
server for long-term storage and analysis (Fig. 1.0.a). For each plate on the WormWatcher 
system, this process generates a series of 25-image sets representing and imaging session taken 
at a defined time point. Each image set consist of 25 images, 12 prior to blue light stimulation, 1 
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during blue light exposure, and 12 following blue light exposure. The collection of imaging sets 
for each experimental plate is the input data for the Worm Paparazzi analysis system. 
 
Data processing and analysis with the Worm Paparazzi system 
 
Step 1 - Identify regions of interest and assign user-defined plate divisions 

A major component of the Worm Paparazzi analysis system is the automatic 
segmentation of images captured in step 0. Without the use of any direct user input the system is 
able to characterize and locate each individual animal without any interaction. The first step after 
image acquisition is to identify where the data-rich well locations are, and then assign each well 
location a unique label. Due to the environmental design of the WorMotel™, each unique well 
contains a single C. elegans that is spatially constrained by the aversive moat. By determining 
the location of each well (i.e., the region of interest, ROI), we can therefore infer the area 
containing each individual animal. Well detection is a much simpler computational object 
detection task than detection of the much smaller, less regularly shaped, and semi-transparent 
worms. The raw data acquired by WormWatcher consists of a series of static images for each 
plate across the duration of the experiment (Fig. 3). Individual ROIs for every well must be 
identified in every image and each ROI is tied to the unique animal identifier as well as the 
associated experimental detail (e.g., genotype and treatment) provided by the user.  

Because we move the camera between imaging sessions, it results in small positional 
differences between imaging sessions. However, the camera is static for the duration of each 
individual session, a single “representative image” can be selected for each session for ROI 
identification, and those ROIs extrapolated to other images from the same session.  

By convention, we use the first image acquired after the stimulus image as the 
representative image for a session. This image is centrally located in the series and late enough in 
the session that there is a minimal amount of residual movement from the robotic system 
allowing it to be a good template for registration. Identification of each representative image is 
accomplished by parsing through every image in each daily directory and determining the 
average intensity of each pixel in each corresponding image creating a 1xn vector of data points 
representing the average intensity of each image throughout the day. This vector is then 
subdivided by average intensity. Images with a distinctly high average intensity were taken 
during the blue LED excitation period that only occurs once per imaging session. We use these 
images to define when an imaging session occurred. This step confirms that image acquisition 
and blue light stimulus were both successful. Because each session should have the same number 
of images (25), the 13th image in each session will always be the excitation light, allowing 
automatic detection of spontaneous and stimulated subsections of the recorded time periods. Any 
session that does not conform to the 25-image ratio is then flagged for inspection by the user. 
Once each image has been parsed into a specific session, the first image within each session after 
the excitation light is selected as the representative image for that session (Fig. 1.1.a). 

After the representative image for each session has been defined, it is then passed onto a 
machine vision system to identify the well ROIs. I created a machine vision algorithm based on 
the YOLOv5L (Ultralytics/Yolov5 [2020] 2021) neural network model, to identify each of the 
240 individual wells in each image. I selected an approach using an object detection network was 
after several failed attempts using a simple geometric cross-correlation between wells. Well 
shape varies sufficiently across plates and locations that that a generalizable geometric and edge 
finding algorithm frequently missed one or multiple wells within an image. Additionally, as the 
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robotic platform is not perfectly accurate at spatially placing the imaging module prior to each 
imaging session, each representative image is slightly translated relative to the representative 
image from the previous session, and therefore also slightly warped by the lens, resulting in a 
variable shape, size, and rotation of the wells. The YOLO algorithm uses a 225-layer 
convolutional, deep, and deconvolutional network to isolate and identify each well in the 
separate representative images (Fig. 4A) (Ultralytics/Yolov5 [2020] 2021). I trained the network 
with more than 100 hand annotated representative images of different plates with variation in 
well size and position, where I identified each unique well by a manually drawn bounding box. I 
specified that the base weights of the network would be a pretrained network on the ImageNet 
dataset provided by the YOLOv5 documentation (Ultralytics/Yolov5 [2020] 2021). The number 
of required images and labels for training was outlined by the YOLOv5 documentation 
(Ultralytics/Yolov5 [2020] 2021) (over 100 fully annotated images with variation between each 
image). I included an additional step where I added artificial noise (image rotation, translation, 
gaussian pixel intensity noise, blank images, blank images with randomly filled shapes, and 
random 2D arrays of the same shape and size of the representative images) to the training set to 
increase robustness of the network and artificially increase the size of the training set. For this 
style of network, when an object exceeds its intrinsic threshold for identification, the network 
then records 3 outputs from the YOLO system for that object, an assigned label (indicating the 
type of object detected), a bounding box (where in relation to the image the object is located), 
and a confidence score (a probabilistic result for the accuracy of the assigned label). The well 
location data is then transformed into unique ROI identifications for each session by converting 
the bounding boxes into centroids and subsequently labeled as an array. Each unique session is 
represented by an array with consistently labeled ROI subarrays that can identify each well’s 
location in each image (Fig. 4B, C; Fig. 1.1.b). The ROIs are saved as a 2D label array with the 
corresponding pixels for each ROI labeled 1 to 240, this style of label array can quickly be 
transformed into unique masks by searching for the specific labels in the 2D label array, and then 
any subsequent data can be quickly masked.  
 Once the ROIs have been created, a user-defined well map for each plate is used to assign 
each well to a specific experimental condition. While there can be up to 240 unique conditions 
on a single plate, there are usually 4-6 conditions per plate. I created a custom graphical user 
interface (GUI; Fig. 5) in MATLB that allows the experimenter to quickly define critical 
experimental details–which strain of C. elegans, bacterial food source, media type, drugs added–
for specified regions on the plate. The user-defined well map is then saved for later use in the 
exportation process (Fig. 1.1.c, Fig. 5D).  
 
Step 2 - Create a t-stack for each plate 

 Once well locations within each image have been identified and linked to a user-defined 
experimental condition, the next processing step is to transform the set of images from each 
session into a single data rich array that will be used for subsequent analysis and processing. This 
array contains worm movement data represented by pairwise differences in pixel intensity 
between temporally adjacent images for each animal in each session.  

From the ROI map defined in Step 1 a representative image was established for each 
imaging session; this image is used as the template for the t-stack registration process. I achieved 
this by registering each subsequent image across every imaging session onto the representative 
image from that imaging session to remove any rigid translational camera movements from the 
CNC system (Fig. 1.2.a). I employed Discrete Fourier transform (DFT) registration (Guizar-
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Sicairos, Thurman, and Fienup 2008) written in MATLAB to align each subsequent image onto 
the representative image based on their frequency domain properties, and then estimate a shift 
that is applied to that specific image (Fig. 6A). Our system does not independently register each 
ROI defined in previous steps as it is more efficient to register the entirety of the imaging session 
to each corresponding representative image using whole plate images. The DFT registration 
obtains an initial estimate of the cross-correlation peak by a Discrete Fast Fourier Transform 
(DFFT) of both the representative image and image to be registered, then refines that shift 
estimation by up sampling a small neighborhood of the estimate by means of a matrix multiple 
DFT (Guizar-Sicairos, Thurman, and Fienup 2008), before registering the two images from said 
neighborhoods. This is known as a single-step DFT registration, where the rigid 2D translation is 
calculated by matching absolute maximum of the Inverse 2D Fast Fourier transform from the 
template image’s neighborhoods to the image to be registered. This rigid shift is then applied to 
the DFFT of the entire image to be registered before Discrete Inverse Fast Fourier Transforming 
(DIFFT) the image back into a shifted 2D image array. In order to keep computational costs 
down, the upscaling factors are set to 1x, where single pixel rather than subpixel registration is 
used. The image registration process is then repeated for every image of each plate temporally 
across the experiment, creating a pre-processed time-stack, or ‘t-stack’.  
 Digital images contain inherent noise resulting from pixel-to-pixel variation across the 
sensor array. To minimize the impact of this noise, I subjected the registered images to 2D 
bilateral filtering using MATLAB’s imbilatfilt function (Fig. 1.2.b). Bilateral filtering (Tomasi 
and Manduchi 1998) is a type of edge-preserving Gaussian filter that effectively smooths out the 
image without removal of high-gradient areas containing important movement information (Fig. 
6B). The degree of smoothing for use in the filtering process is twice the grayscale intensity 
variation across the identified ROIs, reducing camera noise while maintaining worm-to-
background intensity gradients. 
 As described in Churgin et al. (2017), C. elegans exhibit two distinct movement profiles, 
spontaneous and stimulated. Spontaneous movement represents the typical foraging behavior of 
C. elegans as they attempt to locate food. Stimulated movement, represents maximal movement 
potential of a C. elegans in response to and aversive event, such as intense blue light exposure 
(Gong et al. 2016) (Ghosh et al. 2021). For this reason, I separated the registered stack of images 
into two t-stacks, one representing the spontaneous movement profile and the other representing 
the stimulated movement profile, with the former being all the images recorded before the 
stimulus light, and the latter being all the images after the stimulus light.  
 Before the t-stacks can be further processed to extract quantitative worm activity data, I 
apply two additional normalization techniques to homogenize–or normalize all the image stacks 
to themselves–the image stacks to account for temporal and spatial variation in pixel intensity 
(Fig. 1.2.c). This noise is inherent to any digital camera and needs to be mitigated before any 
analysis step can be performed consistently between images. Although there are steps built into 
the WormWatcher system to equilibrate the red LEDs (minimizing noise from differential 
brightness in the light source over time as the LEDs warm up) there will always be whole image 
variations that are manifested as slight changes in the overall average intensity in each image. 
For instance, once source of temporal variation results from the bright burst from the blue LEDs 
during stimulation causing subtle photobleaching of the camera sensor. To account for temporal 
variation in image brightness, I normalized the separated stacks of images by multiplying a 
scaling factor to match each image to the 2D mean intensity value of the furthest image in time 
from the stack from the excitation light. I normalized the spontaneous movement stack to the 
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first image in the recording session and the stimulated movement stack to the last image in the 
recording session. This normalization limits the stochastic noise from slight differences in 
exposure across images.  

I account for spatial variation in intensity by applying a well-by-well normalization step 
to correct for the fact that each ROI represents a different physical location on a WorMotel™. 
Intensity variation can result from the different spatial relationship to the illuminating red LEDs 
(e.g., central wells tend to be dimmer than outer wells because the light from the LEDs must pass 
through more PDMS to reach the center of the plate). Small differences in well geometry and 
bacterial food distribution can also contribute to well-to-well variation in intensity. Combined, 
these factors result in a slight variation in how much light reaches each individual well, and how 
much light is scattered to the camera sensor. To account for this spatial variation, I instituted an 
intensity normalization step is across each unique ROI. The mean intensity of every well in each 
stack is calculated before each well region is normalized then scaled to the overall well mean of 
the plate (Fig. 6C).  

In order to detect movement over time, the pixels that represent changes in worm body 
position need to be identified and isolated. In each static darkfield image, the worm is not the 
only object that scatters light. Bacteria, plate edges, and local deformities in the growth media 
will produce non-zero-pixel intensity. In contrast, the worm is the only object that is moving at a 
scale detectable by the camera. In order to isolate worm movement from static objects, I first 
calculate a “median image” from both before and after excitation. The median image of a group 
of registered images includes, for each pixel, the median intensity across images for that pixel if 
no movement occurs between images. This median image is the static background that represents 
the unchanging well, in contrast to the image-to-image differences that represent a moving 
worm. The median of each group is representative of what needs to be removed from every 
image to account for static objects without removing real signals (aka the slight image variations 
caused by the worm movement that we are trying to detect). In order to counteract digital noise 
(inherent to digital cameras) while still removing the static background, I scaled each of the 
median image intensity to 110%. The scaled median images are then subtracted from each image 
from the t-stacks and all negative values from the subtracted arrays are rounded to zero. In 
contrast to bilateral filtering, which smooths spatial noise in a single image, this intensity scaling 
removes temporal noise between images. Once the scaled medians have been subtracted from the 
2 t-stacks, what remains are the intensity fluctuations resulting from worm movement as an array 
for each image in the sequence, which we define as the processed t-stack (Fig. 1.2.d).  

In order to quantify movement across lifespan, I collapse the image-to-image movements 
for each animal into two individual 2D arrays representing total stimulated and spontaneous 
movement within a single session. The next step is to integrate the processed t-stacks into single 
2D arrays. The final step in this process is to create a two 2D arrays that represents all stimulated 
and spontaneous movement over the recording session. To this end, intensity values for each 
processed t-stack are projected along the t-axis onto a single 2D array. This process is also 
known as ‘flattening’ or ‘squashing’ and is accomplished by summing the intensity values of 
each individual image across time for every pixel. Integration of this type is performed 
separately for both pre- and post-excitation processed t-stacks, collapsing the processed t-stacks 
into integrated t-stack arrays (Fig. 6D).  
 
Step 3 – Processing and analyzing the integrated t-stacks for movement 
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 The next step in extracting activity data is to transform the integrated t-stack array data 
into single data points representing total movement of each animal during each session, which 
can then be used in subsequent analysis. The integrated t-stack arrays are representations of 
movement data but retain small amounts of noise that are not representative of actual worm 
movement (Fig. 7A). Before each session's unique integrated t-stack data is converted into a 
single data point, I apply two additional noise reduction strategies to counteract any small 
hotspot digital flux created during the registration and subsequent integration of the t-stacks (Fig. 
1.3.a). Registration artifacts can occur when image registration algorithms try to make spatial 
adjustments smaller than a pixel, generating artifacts with high intensity values around such 
objects. To remove registration artifacts—primarily resulting from bright bands around the edges 
of the wells, which can pollute the movement data binarization process (Fig. 7D)—I identify the 
first and last images from the representative t-stack data (Fig. 7B) and calculate the Sobel 
gradient of the two images (Fig. 7C)–a 3x3 pixel gradient kernel commonly used in edge 
detection (Duda and Hart 1973). I scale the Sobel gradient intensities to match the corresponding 
integrated t-stack array data, then subtract the scaled gradients from the two integrated t-stack 
arrays (Fig. 7D), rounding negative values to zero. Second, I pass the Sobel filtered integrated t-
stack through a binary area filter that removes any blobs from the array that are smaller than 15 
pixels (Fig. 7E). This removes random salt-and-pepper noise that persisted through the gradient 
cleaning process. While the t-stack filtering step is occurring, the same first and last images 
previously isolated from the initial stack are combined into a differential image that represents a 
subsection of the total movement profile of the entire plate (Fig. 7F). These differential images 
are stored for later use in the second neural network for subsequent data processing and analysis 
(Fig. 7G, Fig. 1.3.b). 
 After the integrated t-stacks have been filtered and cleaned I convert them into a single 
data point representations through binary characterization (Fig. 1.3.c). The now filtered 
integrated t-stacks are binarized to change the grayscale array to a binary array (with each ‘1’ 
indicating a pixel with detected movement and each ‘0’ indicating a pixel with no movement; 
Fig. 1.3.d, Fig. 7H), representing the total movement area of each C. elegans as a black and 
white trace. The two t-stacks have been previously registered to the same image and are therefore 
registered to each other; as a consequence, a single ROI selection can be used for both stimulated 
and unstimulated movement traces. The specific array indexes from each well are then isolated 
from the ROIs and passed onto the binarized and integrated t-stacks. For each unique ROI and 
session, two data points representing the unique individual spontaneous and stimulated 
movement for each animal are then created and stored. 
 
Step 4 - Analyze processed data 

While the binarized and integrated t-stacks are good visual representations of each 
animal's longitudinal movement profile, concise movement data is necessary for quantitative 
lifespan estimation. After the t-stacks have been processed, integrated, filtered, binarized, then 
finally summed into single data points (indicating total stimulated and spontaneous movement 
for each worm in each session), the first estimate of individual lifespan can be calculated (Fig. 
1.4.a). I calculate this initial lifespan estimate by combining spontaneous and stimulated activity 
into a single metric representing total movement for each animal within each session. Because 
there are multiple data points per day, the session data are combined into single-day data. For 
each unique worm the day of death is determined by finding the first day where there was no 
recorded movement. Occasionally, movement for a live worm will not be captured during 
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imaging session for one or even several days, particularly when it is less active later in life. To 
account for these periods, I instituted a buffer between active and not active days; if there is 
activity before and after a zero-activity point, then that point is discarded as a potential day of 
death and the next zero-activity day identified is assigned as the tentative day-of-death. This 
process is iterated until a zero-activity day is identified with at least 3 subsequent zero-activity 
days. This day is adopted as a tentative estimate for lifespan.  
 After lifespan is estimated for each worm, I use a second neural network to independently 
determine healthspan and flag animals for censoring (Fig. 1.4.b). I previously noted that there 
were differential images created for each session between the first and last frame. In a similar 
process to quantification of worm movement during each session, I first combine these 
differential session images into daily differential images before subdividing each image into their 
respective ROIs (Fig. 8A). I then feed these single ROI daily differential images into a custom 
object detection pipeline to determine if that unique worm on that specific day has moved at least 
one whole body length–our definition of health. The neural network – a retrained version of the 
model used to detect wells from the differential images – outputs both a confidence score that is 
representative of how sure the network thinks that a healthily moving worm was present in that 
daily image, and a bounding box to visually represent the health movement (Fig. 8B, C). I 
trained this system identically to the ROI detection network outlined in Step 1. However, instead 
of an entire representative image only a single combined differential ROI is given as the input 
data, to determine if that specific animal was healthy on that given day. The training set 
consisted of single well ROIs that were hand labeled to identify if and where a healthy animal 
has moved an entire bodies length in a single day (our definition of healthspan). The labeled 
training set’s bounding boxes were around any healthy worm movement trace that could be 
identified from the total single day movement paths. The training set contained 1000 different 
healthy and non-healthy worm images, plus an additional set artificially increased through the 
same adversity training outlined in Step 1. If the confidence score of the system is above the 
threshold (greater than 0.5, the system is more confident than not that the label is correct), then 
the system concludes that a worm was both present and healthy at that specific time point. I then 
combine all the daily health data into a single vector for each worm, and then feed it through a 
filter to determine when a worm's healthy period of life ends (e.g., healthspan), or whether a 
worm was ever present in the well to begin with. If no worm was detected in a well throughout 
the entire experiment, then the system concludes that the worm fled before the first imaging 
session and the worms I flagged to be censored (Fig. 1.4.c, Fig. 8B).  

Finally, the healthspan estimate is used to correct errors in predicted lifespan. If the 
lifespan and healthspan data are an exact match, then the system concludes that the worm fled 
the well on that day, rather than concluding that the worm went from full movement to dead in a 
single day (which is rare relative to a healthy worm fleeing a well). If the healthspan estimate is 
later than the lifespan estimate, then the next zero-activity point after the healthspan estimate is 
used to replace the earlier tentative lifespan (Fig. 1.4.d) using the same iterative system 
previously described to determine the tentative lifespan estimate. These two healthspan/lifespan 
monitoring steps allow more accurate determination of both metrics and provide a means for 
distinguishing between a worm that died and a worm that fled. 

In summary, there are 4 possible outcomes for a worm output by the Worm Paparazzi 
system:  

• the worm died prior to the end of the experiment 
• the worm is still alive at the end of the experiment 
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• the worm fled prior to the start of the experiment (i.e., was never present in the examined 
image set) 

• the worm fled during the experiment  
 
Step 5 - Plot and export final data 

The final step is to plot and export the data into usable and readable formats (Fig. 1.5.a). 
Each experiment and its subsequent conditions are combined and plotted as separate healthspan 
and lifespan time-to-event curves (Fig. 9A). In addition, the activity time course for each animal 
in each session is plotted for each condition (Fig. 9B). Activity over time for every animal within 
each experimental group is plotted as a 2D color weighted heatmap with survival curves overlaid 
allowing a visual comparison of activity levels to be compared between groups within an 
experiment (Fig. 9B, Fig. 1.5.b). The maximum value for each heatmap is scaled to the highest 
single-day activity value recorded for each experiment, allowing experimental groups to be 
compared on a common scale. All lifespan plots use an empirical cumulative distribution 
function survival curve (MATLAB ecdf function) to incorporate worms who fled into the overall 
lifespan and healthspan survival curves before censoring and reformatting for each flee or 
censor. All data is additionally exported as a comma separated variable (CSV) file for additional 
manual analysis or reprocessing by the user.  

Representative Results  

To demonstrate the capabilities of the Worm Paparazzi analysis system, we conducted 
several experiments to test well-characterized genetic and pharmacological interventions that 
impact lifespan in C. elegans. Lifespan extension by genetic inhibition of the insulin/IGF-1 
receptor, encoded by daf-2, in C. elegans was among the first genetic interventions shown to be 
causatively in longevity, mediated by activation of the FOXO family transcription factor 
encoded by daf-16. Reproducing the long and short lifespan of worms with reduced daf-2 or 
daf-16 activity, respectively, has become a “gold standard” for testing any new lifespan 
measurement system (Felker, Robbins, and McCormick 2020), Worm Paparazzi successfully 
replicated past lifespan phenotypes for worms subjected to RNAi targeting daf-2 or daf-16 (Fig. 
10C). These interventions produced a similar pattern for healthspan (Fig. 10D). Although each 
high throughput system measures lifespan of this experiment slightly differently (Stroustrup et 
al. 2013; Abbott et al. 2020; Rahman et al. 2020; Pitt et al. 2019; Mathew, Mathew, and Ebert 
2012; Le et al. 2020), each system finds that daf-2(RNAi) increases lifespan while daf-16(RNAi) 
decreases lifespan. There has been controversy in the past about whether worms with reduced 
DAF-2 activity healthspan extension that is similar to or greater than their lifespan extension 
which is dependent on the specific metric used to define healthspan (Bansal et al. 2015; Rollins 
et al. 2017). For the definition of healthspan employed in Worm Paparazzi—the age at which 
individual animals can no longer move at least one body length—daf-2(RNAi) increased median 
healthspan by 47% relative to empty vector (EV(RNAi); Fig. 10D), which was greater than the 
increase in median lifespan (35%; Fig. 10C). In contrast, daf-16(RNAi) similarly decreased 
median lifespan (30%; Fig. 10C) and healthspan (27%; Fig. 10D). All definitions of healthspan 
have advantages and disadvantages. Our definition represents a clear quantitative metric that can 
be assessed in individual animals. Advantages include the ability to compare healthspan with 
lifespan and other recorded phenotypes in individuals, easy comparison to population-based 
metrics, and a direct conceptual representation of the natural deterioration of motility as worms 
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age. This metric shares a limitation of virtually all other C. elegans health metrics in that it is 
based on motility alone and likely weights defects in muscle and nervous system aging over 
other tissue types. Another limitation is that it requires assessment of individual animals and will 
not be accessible on most current lifespan systems. We advocate using multiple metrics of health 
when assessing quality of life during aging, and plan to expand the types of data calculated by 
Worm Paparazzi as we continue to improve the system (see Discussion - Future Directions). 

To demonstrate the capability of Worm Paparazzi to detect changes to lifespan and 
healthspan induced by compounds, we validated a dose response for 3-hydroxyanthranilic acid 
from our recent work on the tryptophan-kynurenine pathway (Dang et al. 2021). Using Worm 
Paparazzi, we observed a 25% increase in median lifespan (Fig. 10E) and 33% increase in 
median healthspan (Fig. 10F) for animals treated with 1mM 3HAA relative to untreated animals, 
which is in agreement with our earlier findings using manual lifespan measurement. 

Finally, we sought to demonstrate the capability of Worm Paparazzi to detect changes in 
lifespan and healthspan resulting from transgenically modified animals. C. elegans is commonly 
used to model proteotoxicity resulting from toxic, aggregate-prone peptides in neurodegenerative 
disease. Expression of a 35-unit polyglutamine repeat (Q35) in body wall muscle results in 
accelerated age-dependent paralysis (Morley et al. 2002) and decreased lifespan (Lin et al. 2019) 
in C. elegans and is used as a model of polyglutamine toxicity in Huntington's disease (Morley et 
al. 2002). Using Worm Paparazzi, we detected a 41% decrease in median lifespan (Fig. 10G) 
and a 47% decrease in median healthspan (Fig. 10H). In our case, healthspan is similar to age-at-
paralysis, which is typically measured in this type of model by prodding animals in the head and 
tail and noting whether they can make forward progress on the plate. An additional compiled 
dataset (N = 7332) of wildtype control (strain N2; Fig. 10A, B) is presented as the generalized 
median lifespan (17 days past adulthood) and healthspan (14 days healthy from adulthood) for 
the system as a whole.  

These tests demonstrate the ability to measure changes in lifespan of worms subjected to 
a range of common intervention types (RNAi, drug treatment, and transgenic modification), 
while providing a novel healthspan metric. In addition to the lifespan and healthspan curves, a 
visual representation of movement for individual animals for each experimental condition is 
generated. 

Discussion  

 The Worm Paparazzi analysis system can successfully track individual lifespan, 
healthspan, and activity data for C. elegans over the course of an entire experiment. The 
hardware consists of an imaging and stimulus module that is autonomously positioned over 
individual WorMotel™ plates by a climate-controlled CNC system for image data acquisition. 
The software is a multi-step analysis package broken down into 5 steps: (1) identification of 
ROIs and user assigned plate divisions, (2) creation of t-stacks for each experimental plate, (3) 
processing of the integrated t-stack arrays, (4) analysis of processed data, and (5) exportation of 
data. The Worm Paparazzi analysis system was tested using different models including daf-
2(RNAi) and daf-16(RNAi), 3HAA dose response, Q35 paralysis, and a compiled wild type 
analysis (see Representative Results).  
 
WormWatcher robotic system  
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In a typical experiment, photographic imaging data is collected longitudinally using a 
customized WormWatcher system (see step 0 data acquisition) designed to monitor a 9x9 grid of 
240-well WorMotel™ plates per robotic platform simultaneously, with each plate supporting up 
to 6 conditions. This capacity is greater than 400 60mm plates, giving a single robot the 
equivalent capability of approximately 4 full time workers. Under our standard operating 
protocol, the robotic system images each plate 3 times per day, pooling each day's data into a 
single event, giving a higher temporal resolution than typical manual screening (scored once 
every 2-3 days) producing more accurate lifespan estimation. Unlike manual screening, where 
worms are stimulated to move through manual prodding with a platinum wire, a high intensity 
blue LED is activated for 9 seconds as a stimulant(Churgin et al. 2017). In addition to a high 
investment in human manual labor, manually scored lifespan measurement is subject to interrater 
reliability and studies should be cross validated by multiple screeners account for subtle variation 
in human scoring. Ideally each worker is blinded to the experimental condition tested on each 
plate to prevent human bias in recording animal lifespan. The robotic system provides consistent 
estimation of lifespan across experiments and is immune to the type of human bias that comes 
from understanding the purpose behind a specific experimental condition, such as a new drug 
treatment. The robot is always blinded, even in cases where a side effect of the treatment (e.g., 
altered media color) makes blinding impractical or impossible for human workers. The robotic 
system does have the potential for inherent systemic bias based on the specifics of the image 
analysis; however, humans are not immune to this type of bias either. The WormWatcher 
controlling software and Worm Paparazzi analysis system are at least guaranteed to be 
unchanging from experiment to experiment, allowing comparison between experiments. The 
robotic system provides the additional advantage of collecting image data that is stored and 
reanalyzed later to identify and correct any systemic bias retrospectively. In addition to having 
fewer biases than a normal manual screening, the unique characteristics of the WorMotel™ well 
plate allow each individual well to have a significantly lower media volume (14 μL/worm) than a 
corresponding 60mm plate (10 mL total, or 200 μL/worm), allowing a more than 10-fold smaller 
quantity of drug to be used per animal, reducing cost for screens that require expensive drugs.  
 
 
Worm Paparazzi Strengths 
 

There are multiple other robotic systems in current use that are able to process high 
throughput lifespan analysis (Stroustrup et al. 2013; Abbott et al. 2020; Rahman et al. 2020; Pitt 
et al. 2019; Le et al. 2020; Mathew, Mathew, and Ebert 2012). In general every system uses 
movement of stimulated C. elegans to characterize lifespan, while some use additional 
movement analysis to determine healthspan (Rahman et al. 2020; Le et al. 2020; Swierczek et al. 
2011). The Worm Paparazzi analysis system also uses simulated movement to determine 
individual C. elegans lifespan, but separately uses custom neural networks to analyze when each 
animal becomes unhealthy. Our system is capable of high throughput lifespan and healthspan 
analysis for individual C. elegans.  

An important advantage of the Worm Paparazzi system is uses solid media to replicate 
standard hand screening results and provide a tool whose data is comparable to the majority of 
published C. elegans lifespan findings. Liquid culture, although becoming more prevalent with 
an increasing number of microfluidic systems, represents a distinct environmental context 
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requiring worms to swim and can induce both oxidative stress and changes in gene expression 
(Laranjeiro et al. 2017).  

 The biggest strength of the Worm Paparazzi system is the ability to collect 
individualized healthspan and lifespan information that is scalable for high throughput 
applications. The Worm Paparazzi system can produce data that with current manual screening 
practices would be infeasible to reproduce at large scale. Each animal's individual activity is 
tracked through the entire duration of an experiment and used to estimate lifespan and healthspan 
that can be directly compared to other animals, either within the same population, in parallel 
groups, or in different experiments. Because each individual is isolated throughout its life, early 
life phenomena can be correlated with lifespan or other later life changes, allowing the potential 
for identifying early life aging biomarkers. This gives an unprecedented capacity to measure how 
different conditions can affect not just the population's survival but individualized health history 
within that population.  

 
Comparisons to other systems 
 
 Relative to other available worm lifespan analysis systems (Stroustrup et al. 2013; Abbott 
et al. 2020; Rahman et al. 2020; Pitt et al. 2019; Le et al. 2020; Mathew, Mathew, and Ebert 
2012), WormWatcher in combination with Worm Paparazzi is the first to employ an automated 
high-throughput system to characterize individual lifespan, healthspan, and movement 
information on solid media. Early robotic systems designed to automate worm lifespan 
measurement utilized flatbed scanners to image standard agar plates. Two systems to use this 
approach was the “The Caenorhabditis elegans Lifespan Machine” (Stroustrup et al. 2013) and 
“WormScan” (Mathew, Mathew, and Ebert 2012). These systems use flatbed scanners arrayed 
with C. elegans housed on 60mm solid petri plates to at regular intervals throughout lifespan. 
These systems offer the advantage of imaging animals on experimental conditions identical to 
standard manual screening but cannot monitor individual animals. Because the plates are 
stationary on the scanners, these systems are less scalable, requiring an additional scanner for 
each set of plates monitored in parallel.  

Other systems follow a general pattern where periodic imaging sessions record 
movement data across the lifespan of the experiment. These types of systems are capable of 
recording extremely large sample sizes but can suffer from complicated optical and robotic 
platforms. “WormBot” (Pitt et al. 2019) is very similar to the WormWatcher machine in that a 
robotic gantry moves a camera over an experimental plate for imaging and analysis. WormBot is 
designed to image populations of animals housed in 12-well plates instead of the WorMotel™. 
These plates provide the advantage of more closely replicating the environment used in standard 
manual lifespan assessment and calculates population-level lifespan data for each well of the 
experimental plate but cannot track individual animals over time. The Worm Paparazzi analysis 
system gives 240 individual data points (lifespan, healthspan, and movement data) while The 
WormBot system can provide lifespan data for up to 600 animals per plate (assuming a 
maximum density of 50 animals/well with no fleeing) and healthspan measurement for the 
population at different time points, but the lifespan and health data is not longitudinally linked 
for individual animals. Each WormBot platform allows 12 plates to be monitored in parallel 
(~7,200 animals), while WormWatcher can monitor 81 plates (~19,440 animals). This increased 
capacity is at the cost of a much larger physical footprint. WormBot utilizes brightfield imaging 
that requires a light source positioned on the opposite side of the experimental plate from that 
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camera—in contrast to the WormWatcher “floating” darkfield imaging module—resulting in a 
more complex robotic platform. 

Microfluidic systems are another approach to high throughput lifespan and healthspan 
systems. The advantages to microfluidics are the precise control over all environmental 
conditions and factors through the liquid media. The disadvantages are that each worm is in a 
stressed state from constantly swimming, complicating the comparisons to the standard solid 
agar studies. “NemaLife” (Rahman et al. 2020) is a recent microfluidic system that is optimized 
for longitudinal analysis of aging studies. The NemaLife system is capable of measuring lifespan 
and healthspan (defined in this case based on progeny production and pharyngeal pumping), with 
automatic removal of eggs, allowing experiments to be conducted in the absence of chemicals or 
genetic modifications that stop reproduction. NemaLife still requires manual engagement of a 
technician to determine lifespan and, like the Lifespan Machine, cannot track individual animals 
over time. NemaLife partially addresses the liquid culture limitation using integrated micropillar 
within each microfluidic device that allow animals to crawl in a manner similar to movement on 
solid media rather than the typical “thrashing” behavior exhibited in a free liquid environment. 
“Health and Lifespan Testing Hub (HeALTH)” (Le et al. 2020) is another microfluidic system 
that closely resembles the WormWatcher in data acquisition and houses animals in individual 
chambers, allowing longitudinal monitoring of individual animals, but like most microfluidic 
systems maintains animals in a liquid environment. A related system is the “Multi-Worm 
Tracker (MWT)” (Swierczek et al. 2011), designed high-throughput characterization of 
behavioral analysis. The MWT captured individualized health data but does not track an 
individual through its entire lifespan unless the strain or condition being tested is highly 
detrimental to the lifespan (<~1 day).  
 
Limitations 

As with any system, the advantages are accompanied by several inherent limitations. At 
present, Worm Paparazzi is specifically designed to work with WorMotel™ plates with worms 
constrained to a single well. WorMotel™ plates are more difficult and time consuming to set up 
on a per-animal basis than the standard 60mm petri plate used in manual lifespan analysis, or 
multi-well plates used in some alternative automated systems (e.g., Wormbot). This initial 
investment in time is greatly offset by the time saved in automated lifespan scoring. 
Additionally, healthspan data is not typically quantified during classic manual lifespan 
measurement and is typically measured on a separate sample of C. elegans. This increased initial 
investment, and the single-worm wells make it impractical to transfer animals to new plates or 
make other changes to experimental parameters once a plate is set up and elevates the risk of 
mold or fungus contamination if a transfer is attempted. This limits our ability to test serialized 
interventions (e.g., intermittent fasting) or refresh unstable drugs over the course of an 
experiment.  

A second complication associated with the WorMotels is that the plate material, solid 
media formulation, and bacterial food preparation are not identical to those used in the most 
common 60mm manual lifespan assays, which may introduce subtle environmental confounding 
factors. The small well volumes necessitate the use of low-melting temperature agarose in place 
of the standard agar in the solid nematode growth media (NGM). Although similar, agar and 
agarose have different material properties that may impact the worms’ interaction with the 
surface or availability of drugs or other media components. The small well size and 
impracticality of transferring worms to new plates also require that the bacterial food be 
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concentrated sufficiently to have enough food to last an entire experiment. Finally, WorMotels 
are made out of PDMS, a highly non-polar silicon matrix that could potentially absorb or 
otherwise affect availability of drugs put into the agarose. WorMotels are also more expensive to 
produce than a typical 60mm NGM plate. While we can reuse the PDMS-molded plates, we find 
that WorMotel™ plates develop visible artifacts after ~3 uses times and then need replacement, 
resulting in a greater material expense per plate and per animal even if the carrying capacity is 
significantly higher. 

Each of these issues is specific to WorMotels, and we intend to expand compatibility to 
other plate types (discussed below). In principle, the WormWatcher system could also be 
adapted to work with one or more available microfluidics systems, allowing more precise control 
over each worms’ environment, drug exposure, and food source. Such an adaptation is not 
currently a planned future direction.  
 
Future directions 

Worm Paparazzi is fully functional in its current form. Looking forward, there are several 
improvements that we plan to make to the system to speed up processing and/or generate richer 
data. Currently the Worm Paparazzi analyses are performed on a high-performance computing 
(HPC) system consisting of a 48-core AMD EPYC server processor. Switching this pipeline to 
graphics processing unit (GPU) acceleration, particularly for DFT image registration, would 
drastically reduce processing time. The CPU is slower than graphical processing on a GPU but 
has the advantage of a much larger pool of system memory (RAM) (useful for multithreaded 
applications) vs. the onboard VRAM on a GPU. The optimal system would use CPUs to handle 
all the multithreaded applications (disk reading/writing and dataset storage in RAM) and GPUs 
for intensive image processing tasks (Object detection Neural Networks, image processing, and 
large-scale image registrations).  

An additional avenue of improvement would be to use a dense neural network for 
determining both lifespan and healthspan from the movement data and confidence scores, similar 
to the current process used for healthspan determination. This would likely improve accuracy of 
the lifespan calls by explicitly considering the healthspan data, without use of the current 
iterative system that can potentially be skewed by digital artifacts or noise.  

While the system is currently designed for use with WorMotel™ plates, we aim to 
expand compatibility to include other multiwell plates, petri plates, and other plate types. The 
WorMotel™ plates, although extremely capable at individualized lifespan analysis, require a 
high up-front time investment in comparison to the more standard 6cm petri plates or 12-, 24-, or 
96-well plates. Additionally, great care must be taken in eliminating contamination in the 
WorMotel, as fungal and invasive bacterial contamination can more easily take hold. 
Conversely, while the standard well plates are less time intensive to create, they provide unlinked 
lifespan and healthspan results given the same populations of C. elegans. Depending on 
experimental goals, the benefit of individualized lifespan and healthspan data may be 
outweighed by the cost in plate preparation time. For instance, an optimized screening strategy 
may use multi-well plates for an initial longevity screen using compound or RNAi libraries, 
followed by detailed follow up for selected interventions on WorMotel plates. Ultimately, we 
aim to provide a system with the flexibility to process any style of well-plate, given the specific 
constraints for each unique experiment.  
 At present, Worm Paparazzi provides a stimulated and spontaneous movement for each 
animal at each timepoint, from which the downstream phenotypes lifespan and healthspan are 
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derived. The collected images are data-rich and can provide information about additional 
phenotypes without modification to the hardware or imaging pipeline. For instance, using 
another neural network or high-level graphical processing, information on body size, shape, and 
movement kinematics (e.g., body bend angle, movement speed) can likely be accurately 
extracted from existing images. We intend to pursue this type of system enhancement in future 
software versions. 
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