
An automated pipeline for imaging and analyzing 
spheroid development

Marc van Vijven, PhD1; Kim van Dongen, MSc1; Janina Mothes, PhD2; Alice Krebs, PhD2

1CytoSMART® Technologies B.V., Eindhoven, The Netherlands
2KNIME GmbH, Berlin/Konstanz, Germany

Introduction

Spheroids are three-dimensional cell aggregates with extensive 
cell-cell adhesions, thereby modeling the cellular interactions in 
a tissue [1, 2]. For a wide variety of tissues, spheroids have been 
produced: e.g. cardiomyocyte spheroids to model heart tissue 
[3], hepatocyte spheroids for liver tissue [4], and renal tubuloids 
representing kidney tissue [5]. These model systems can consist 
of one or multiple cell types that are naturally present in the 
tissue, and exhibit tissue-specific characteristics and functions 
[1]. Compared to traditional two-dimensional model systems, 
the three-dimensional structure of spheroids provides a more 
physiologically relevant cell morphology, cell polarity, cell-cell 
interaction, drug response, and gene and protein expression [2].
Spheroid cultures pose challenges compared to two-dimensional 
cultures. Large heterogeneities in spheroid properties are 
observed, originating from intra- and inter-operator variability 
in protocol execution, as well as differences in cell properties 
between batches and within samples [2, 6]. The heterogeneities, 
in combination with the labor-intensity of some of the currently 
applied methods for spheroid production [2, 6], impede the broad 
application of spheroids in high-throughput experiments [7].

The impact of these challenges could be largely reduced when 
using automated systems for spheroid culturing: the performance 
consistency of automated laboratory systems is much higher 
compared to manual tasks, while productivity and throughput can 
easily be increased [8, 9]. Such an automated system should also 
include components for sample monitoring and analysis. In this 
way, spheroid properties for experiments can easily be optimized, 
and possibly even the most suitable individual spheroids can be 
selected [10]. 

Therefore, this research aimed to create a proof-of-principle 
pipeline for automated imaging and analysis of spheroid cultures. 
For this purpose, HepG2 hepatoma cells were cultured to 
spheroids on various hydrogels, and meanwhile monitored using 
the CytoSMART® Lux2 and Lux3 BR. The KNIME® Analytics Platform 
4.5 was used to train a model that recognizes and characterizes 
spheroids, enabling a laboratory system to automatically take 
appropriate action required for the experiment: e.g. start exposure 
to test- and control compounds, medium change, or spheroid 
sub-culturing.

Materials and methods

Human hepatoma HepG2 cells– supplemented with 10% fetal 

bovine serum (Gibco) and 1% penicillin-streptomycin (Gibco) – 

were seeded on top of hydrogels in µ-Slide Angiogenesis plates 

(ibidi) at 2000 cells/well, and cultured in an incubator providing 

standard culture conditions (37 °C, 5% CO2). Cultures were 

monitored for 140 h, throughout which plates were placed on a 

CytoSMART® Lux2 or Lux3 BR for imaging. Whether the resulting 

images contained spheroids or not was manually annotated by 

two independent researchers. 

The spheroid detection model was based on the pre-trained 

ResNet-50 model [11], a deep learning neural network model in 

vPython™ with 50 layers. The last one-third of the layers was re-

trained using 3524 of our images: 2584 images without spheroids 

and 940 images with spheroids (Fig. 1). The spheroid detection 

model was trained to identify the presence of spheroids in an 

image (1 = yes, 0 = no). A schematic representation of the pipeline 

for the automated spheroid imaging and analysis is depicted 

in Figure 2A. The images were resized to 224 x 224 pixels (field 

Fig. 1. Survey of spheroid images for model training and evaluation, including example images.
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of view: 1.45 x 1.45 mm) and multiplicated to RGB channels, in 

order to meet the input requirements for the ResNet-50 model. 

Training was performed in the KNIME® Analytics Platform 4.5 (Fig. 

2B). The Keras Image Data Generator [12] was applied for data 

augmentation to add noise and avoid overfitting. The data was 

split into a training (70%) and validation set (30%), where the model 

fitting was automatically stopped as soon as the performance on 

the validation set was no longer improving. Class weights were 

used to compensate for the imbalanced data set (spheroids : non-

spheroids = 1:3). Model fitting was optimized using Adam [13] 

with a Binary_Crossentropy loss function [14] and Accuracy as the 

performance metric [15]. 553 images from one experiment were 

used as a hold-out data set for model evaluation (Fig. 2C). The 

spheroid identification performance was assessed by comparing 

the model prediction to the manual annotations. 

Results

Representative images for the entire data set made with the 

CytoSMART® Lux2 and Lux3 BR are shown in Figure 3. These 

images were used to train and evaluate the spheroid detection 

model. The training accuracy of the model was found to be 0.976 

and the validation accuracy was 0.965. Model performance 

on the 553 images in the data set for evaluation is depicted 

in Figure 4. For all 387 images that contained spheroids, the 

model correctly detected spheroid presence, providing a model 

sensitivity of 100%. With 477 images in total correctly classified, 

the overall model accuracy was 86.3%. In all 76 incorrectly 

classified images, the model predicted the presence of a 

spheroid where none was annotated. Consequently, the model 

specificity for spheroid detection was 54.2%.

Fig. 2. Automated spheroid imaging and analysis 
pipeline. A) Schematic representation of the 
pipeline. Cell culture and imaging steps (dark 
boxes): Cells were seeded (1) and placed in the 
incubator (2). At predefined moments, the plates 
were taken from the incubator (3), placed on the 
CytoSMART® Lux2 or Lux3 BR (4) and an image 
was taken (5). The plate was taken off the device 
(6) and placed back into the incubator (7). In the 
meantime, the image processing and analysis 
steps were executed (light boxes): The image 
was loaded into KNIME® Analytics Platform 4.5 
(1), and resized in order to meet the ResNet-50 
input requirements (2). 3524 images were used 
to re-train ⅓ of the ResNet-50 layers (3a). The 
remaining 553 images were analyzed with the re-
trained model (3b), and classified as ‘cell cluster’ 
or ‘spheroid’ based on the model threshold (4). 
If no spheroids were detected, the experimental 
procedure (dark boxes) would continue at step 
(3). If spheroids were detected, an analysis report 
was sent by email (8), after which the user could 
decide to either continue the culturing process 
(9a), or use the spheroids in an experiment (9b). 
B) Overview of the model training workflow done 
in KNIME® Analytics Platform 4.5. C) Overview of 
the workflow to evaluate model predictions in 
KNIME® Analytics Platform 4.5.  
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Discussion

The three-dimensional cell environment in spheroid cultures is 
physiologically more relevant compared to conventional two-
dimensional culture systems. However, spheroid cultures are 
subject to large variations originating from manual protocol 
execution and cell properties. These variations can be minimized 
using automated culture systems, and therefore this research 
provided a proof-of-principle pipeline for automated spheroid 
culture imaging and analysis. Spheroids consisting of HepG2 
hepatoma cells were monitored using the CytoSMART® Lux2 
and Lux3 BR. The KNIME® Analytics Platform 4.5 was used to 
train a deep learning model based on the ResNet-50 model to 
recognize and characterize spheroids. The resulting model was 
correct in every instance in the evaluation data where human 
observers annotated the presence of spheroids, as well as all 
images where the model predicted spheroids to be absent. The 
only incorrectly classified set of images consisted of images 
manually annotated with just single cells and cell clusters, 
whereas the model predicted the images to contain spheroids. 
For experimental read-outs involving spheroids, it is essential 
that the spheroid properties at the end of the preparation 
process are known, within a desired range, and as consistent as 
possible [16]. This consequently enables the fairest comparison 
between experimental groups. A possible strategy to achieve 
this is extensive culture protocol optimization, consequently 
assuming that the optimized (average) properties hold for the 
entire population in a reproducible manner [17, 18]. However, 
with intra- and inter-operator variability in protocol performance, 
as well as differences in cell properties between batches and 

within samples [2, 6], this assumption may cause experimental 
and practical challenges resulting from – preventable – spheroid 
variations. Therefore, it is highly beneficial to always monitor 
spheroid properties during production and experimental 
treatment – even after extensive protocol optimization [19]. In 
order to obtain more detailed insight in spheroid properties, 
brightfield monitoring has many advantages over fixation and 
histological examination [18] or fluorescent stainings [20], since 

the latter approaches are destructive or can alter spheroid 

properties [21].

In this proof-of-principle study, it was chosen to perform 

automated spheroid identification using a machine-learning 

approach, rather than an algorithm with pre-defined and fixed 

spheroid properties. This approach was chosen following the 

absence of a detailed definition for morphological spheroid 

properties: a size range is not defined [19, 22] and spheroid 

outline indications can be highly observer-dependent [16]. 

Besides that, surrounding individual cells may obscure the 

precise spheroid outline [23], further complicating the spheroid 

detection. The applied machine-learning strategy enabled 

spheroid detection and selection, while aiming at minimal 

subjectivity. The presented model proved to be very good 

in detecting spheroids, indicated by the sensitivity of 100%. 

However, the selectivity of 54.2% underlined the challenges 

caused by the absence of an indisputable definition of spheroids. 

Fig. 3. Representative images for the training and evaluation data sets, made with the CytoSMART® Lux2 or Lux3 BR. Images with spheroids as well as 
images without spheroids are shown. Scale bar = 250 µm.

Fig. 4. Spheroid identification performance on test images. The model prediction was compared to the manual annotations. The model was always 
correct when it predicted absence of spheroids, whereas spheroids were predicted to be present in certain images where no spheroids were 
annotated. 
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In the pipeline displayed in Figure 2C, the results of the 
spheroid detection model were sent to the SiLA Server. Since 
the CytoSMART® devices can also be controlled using SiLA, the 
entire system presented in this case study could be incorporated 
in a (pre-existing) SiLA-compatible workflow. Here, the benefits 
of standards for automated laboratory systems are highlighted. 
Nevertheless, the KNIME®- and CytoSMART® systems are not 
restricted to SiLA-compatible workflows: the flexibility of the 
systems enables incorporation via other approaches as well. 
The confluence quantifications over time indicated competition 
between the HeLa cells and the 3T3 cells. However, which of the 

cell types was eliminated was dependent on the initial ratio. In 
previous research, it was found that NAFs can prevent tumor 
growth [6]. We found this is only possible with a minimal initial 
percentage of fibroblasts. NAFs can suppress tumor growth 
via TNF-α excretion [6]. However, we observed that tumor-
suppressing properties of NAFs became stronger with higher 
environmental TNF-α concentrations. The Omni FL enabled 
monitoring of this multi-factor experimental setup, thereby 
revealing the interaction between the seeding ratio and the 
TNF-α concentration in establishing the dominant cell type.

 

Conclusion

This research provided a proof-of-principle pipeline for 
automated spheroid culture imaging using the CytoSMART® 
Lux2 and Lux3 BR, and analysis using the KNIME® Analytics 
Platform 4.5 recognizing and characterizing spheroids. The 
resulting model detected the presence of spheroids if a human 

observer did, although ambiguities in the definition of spheroids 
caused some disagreement between the model and human 
observer in indicating the absence of spheroids. Although the 
pipeline was now presented as a standalone solution, it can 
easily be integrated in automated workflows.
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