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Abstract

The formation of hyphae is one of the most crucial virulence traits the human pathogenic fungus Candida albicans possesses. The
assessment of hyphal length in response to various stimuli, such as exposure to human serum, provides valuable insights into the
adaptation strategies of C. albicans to the host environment. Despite the increasing high-throughput capacity live-cell imaging and
data generation, the accurate analysis of hyphal growth has remained a laborious, error-prone, and subjective manual process. We
developed an analysis pipeline utilizing the open-source visual programming language Java Image Processing Pipeline (JIPipe) to
overcome the limitations associated with manual analysis of hyphal growth. By comparing our automated approach with manual
analysis, we refined the strategies to achieve accurate differentiation between yeast cells and hyphae. The automated method enables
length measurements of individual hyphae, facilitating a time-efficient, high-throughput, and user-friendly analysis. By utilizing this
JIPipe analysis approach, we obtained insights into the filamentation behavior of two C. albicans strains when exposed to human
serum albumin (HSA), the most abundant protein in human serum. Our findings indicate that despite the known role of HSA in
stimulating fungal growth, it reduces filamentous growth. The implementation of our automated JIPipe analysis approach for hyphal
growth represents a long-awaited and time-efficient solution to meet the demand of high-throughput data generation. This tool can
benefit different research areas investigating the virulence aspects of C. albicans.
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Introduction

A key attribute that makes Candida albicans a successful human
pathogen, is its ability to morphologically switch between yeast
and filamentous forms (true hyphae and pseudohyphae) (Ernst
2000, d’Enfertet al. 2021, Lopes and Lionakis 2022). The yeast mor-
phology is perceived as vital for commensalism (Pande et al. 2013)
and dissemination during systemic infection (Gow et al. 2002, Sav-
ille et al. 2003). While recent evidence suggests hyphae also play
a role during commensal stages (Liang et al. 2024), this morphol-
ogy is essential for tissue invasion and escape from the immune
system (Gow et al. 2002, Mayer et al. 2013, Austermeier et al. 2020).

The yeast-to-hypha transition is induced by diverse environ-
mental triggers such as serum (Taschdjian et al. 1960), neutral pH
(Buffo et al. 1984), physiological human body temperature (Mayer
et al. 2013), nutrient depletion (Mayer et al. 2013), N-acetyl-D-
glucosamine (Simonetti et al. 1974), or elevated CO, levels (Mar-
don etal. 1969), as well as synthetic culture media (Lee et al. 1975).
Importantly, over the past years it has become apparent that C.

albicans induces/potentiates its filamentous growth upon interac-
tion with specific host proteins (Case et al. 2021, Jaeger et al. 2024),
thereby adaptively regulating its pathogenicity in response to the
host.

Filamentous growth is closely connected to C. albicans virulence
(Berman and Sudbery 2002). Numerous genes expressed when
hyphae are formed contribute to virulence by mediating adhe-
sion (Als3, Hwpl) (Staab et al. 1999, Phan et al. 2007, Murciano
et al. 2012), protease activity (Sap4-6) (Naglik et al. 2003, Taylor et
al. 2005, Albrecht et al. 2006), toxin production (Ecel) (Moyes et
al. 2016), and defense against host reactive oxygen species (Sod5)
(Gleason et al. 2014). Thereby, hyphae formation is crucial for ad-
hesion and host cell invasion (Calderone and Fonzi 2001). While
filament initiation is associated with cell wall remodeling that
can promote immune recognition, it also facilitates immune eva-
sion (Jaeger et al. 2024). Innate immune cells struggle to phago-
cytose the growing hyphae, leading to the formation of frustrated
phagosomes (Maxson et al. 2018). Initiation of filamentation and
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elongation of hyphae within the phagosome of macrophages fa-
cilitates cellular disruption (Lo et al. 1997, McKenzie et al. 2010,
Uwamahoro et al. 2014, Erwig and Gow 2016, Tucey et al. 2020,
Westman et al. 2020, Olivier et al. 2022). Macrophages need to
fold ingested hyphae to fit them within phagosomes (Bain et al.
2021). Furthermore, the inability to form hyphae results in a loss
of candidalysin toxin production and delivery, hindering tissue or
immune cell lysis (Birse et al. 1993, Kasper et al. 2018, Ho et al.
2019, Mogavero et al. 2021). To quantify the phagocytosis of fungi,
automated image analysis of confrontation assays has proven to
be the methodology of choice in various studies (Kraibooj et al.
2014, Mattern et al. 2015, Cseresnyes et al. 2018, 2020, Hassan et
al. 2019, 2020, Schmidt et al. 2020).

Due to the multifactorial role of filamentation in host-
pathogen interactions, the degree to which filamentation is in-
duced can dictate the outcome of interactions. For this reason,
assessment of filamentation remains an important aspect when
studying fungal infection biology (Sudbery 2011, Chen et al. 2020,
Villa et al. 2020). Nevertheless, quantification of filamentation is
laborious. Commonly, microscopy images are examined in open-
source software such as Image] (Rueden et al. 2017), followed
by manual measurement of each fungal cell (Glazier et al. 2018,
Oliveira-Pacheco et al. 2018, Tams et al. 2020, Wakade et al. 2023,
Sprague et al. 2024). To ensure reliable outcomes, between 50 and
200 fungal cells are assessed per experimental condition (Glazier
et al. 2018, Oliveira-Pacheco et al. 2018, Tams et al. 2020). Besides
the time involved to perform accurate analysis, manual quantifi-
cationis susceptible to human error, biases, or fatigue, all of which
can influence the results.

Advances in imaging technologies (Cole 2014, Jensen et al. 2015)
have enabled visualization of filamentation in high detail and in
high-throughput. The combination of image analysis based on flu-
orescence staining with image-based systems biology approach
enables the quantification of the kinetics of hyphal development,
hyphal expansion, and epithelial invasion by C. albicans (Mech et
al. 2014, Medyukhina et al. 2015). Nevertheless, given that fluo-
rescent staining can affect biological function in live-cell analysis
(Cseresnyes et al. 2020), is associated with higher costs, staining
artefacts, and time investments, label-free analysis is preferred.

The implementation of computer-assisted image analysis can
address the limitations of manual filamentation measurements.
However, building automated image analysis pipelines requires
programming skills. The open source visual programming lan-
guage Java Image Processing Pipeline (JIPipe: http://www jipipe.
org) (Gerst et al. 2023) enables straightforward development of
pipelines. It incorporates the fundamental capabilities of the Im-
age] software (Schindelin et al. 2015), and is intended for use by
both image analysis experts as well as researchers without prior
programming experience.

In our study, we compared manual analysis of images to vari-
ous novel automated approaches using JIPipe (Gerst et al. 2023).
Our objective was to provide a high throughput automated and
user-friendly analysis using JIPipe software tool to replace the cur-
rent manual quantification of filamentation. We subsequently ap-
plied our tool to analyze how albumin, the most abundant protein
in serum, impacts filamentation. Since serum is a key inducer of
filamentation (Taschdjian et al. 1960).

Methods

Strains and culture conditions

Candida albicans strains used in this study were the commonly
used wildtype strain SC5314 (Gillum et al. 1984) and the oral

isolate 101 (Schonherr et al. 2017). To inoculate cultures, sin-
gle colonies were picked from yeast peptone dextrose (YPD) agar
plates and grown in 5 ml liquid YPD (with 2% peptone) medium
using a 25-ml Erlenmeyer glass flask. Cultures were incubated
overnight in an orbital shaker at 180 rpm and 30°C. Yeast cells
were harvested by centrifugation (20 000 x g, 1 min), washed three
times with phosphate buffer saline (PBS) pH 7.4, and adjusted to
2 x 107 yeast cells/ml in PBS (pH 7.4).

Live-cell imaging

To visualize the hyphae of the two clinical strains, 1 x 10* yeast
cells per well were inoculated in a 96-well plate in PBS (pH 7.4) or
RPMI-1640 medium with L-glutamine (RPMI, Thermo Fisher Sci-
entific), supplemented with or without 10 mg/ml human serum
albumin (HSA, Sigma). The cultures were imaged using a Cell Dis-
coverer 7 microscope (Zeiss) at 37°C with 5% CO,. Microscopy
images were captured at 10x magnification with different light
sources (bright-field, oblique, and phase) every 30 min for 4 h. Im-
ages of the 3 h time point were exported with an image size of
3724 x 2690 pixel and a resolution of 0.459um x 0.459 um per
pixel.

Manual hyphal measurement

Images were imported into ImageJ 1.54 g software (National Insti-
tutes of Health, USA). The distance from the yeast cell to the hy-
phal tip was measured using the segmented line tool. When fun-
gal cells had branching hyphae, only the primary hypha was mea-
sured. Two individual hyphae, with an easily detectable crossing
were measured. Yeast cells lacking any indication of germ-tube
formation were counted, but not measured. In each experimen-
tal setting, all fungal cells were quantitatively assessed in images
acquired from two distinct replicates. Fungal clumps or undistin-
guishable hyphal formation with more than one crossing as well
as cells that were not fully visible within the image were excluded

(Fig. 1).

Automated image characterization

To implement automated image analysis in a user-friendly tool
we used the open source visual programming language JIPipe
(http://www jipipe.org) (Gerst et al. 2023). The use of JIPipe also
facilitates a consistent reproduction of the image processing be-
tween experiments. The established analysis pipeline can be di-
vided into three distinct compartments: (i) the segmentation of
the fungi, (ii) the identification of the morphotypes, and (iii) the
measurement of cells exhibiting filamentous growth.

Segmentation of the fungi

The computer-based analysis required transformation (segmen-
tation) of the hyphae imaged in grayscale images into binary im-
ages. There are various approaches that can be used for this, each
with its own subtleties. Thus, we compared four approaches to
segment the fungus. We used two approaches based on classi-
cal image analysis. These differ in terms of the operators they
use, which are chosen to incorporate as much as possible image
features in the final binary image of fungal structures. We fur-
ther tested ilastik (Berg et al. 2019), a well-established machine-
learning-based segmentation tool, and Omnipose (Cutler et al.
2022) a deep learning approach.

We focused our first classical image analysis approach on min-
imizing the number of image processing steps to achieve seg-
mentation of the fungi, while preventing the introduction of ar-
tifacts. This approach was designated as the minimal viable prod-
uct (MVP). This procedure entailed the removal of the background
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Figure 1. Parameters for manual hyphal length measurement.

signal via a rolling-ball or paraboloid algorithm. A filter with a size
of 10 pixel was applied, which correlates with the diameter of a
yeast cell, whereby all objects smaller than a yeast cell are re-
moved. Subsequently, binarization is conducted with a threshold
of 10% of the maximum pixel intensity, with the objective of elim-
inating “noise” from the image. This optimal threshold level was
determined using the intensity histogram, in which only noise and
background signals represent 10% of the maximum intensity after
the preceding rolling-ball background removal. After transform-
ing the image to a binary image three postprocessing steps were
performed: (i) The despeckle operation was performed to remove
single pixel artifacts, which smoothes the contour of the binary
objects. (ii) Objects smaller than 40 pixels are removed, which in
the case of a circle corresponds to a diameter of 3.2 pm, which is
smaller than a C. albicans yeast cell. (iii) All objects that are con-
nected to the image border were removed. Subsequently, a quanti-
tative characterization is conducted on the binary objects, which
represent the contour of C. albicans hyphae and yeast cells. The
second classical image analysis approach is more advanced and
is described in the Supplementary material: Fungus segmentation
using White-Top-Hat algorithm.

The interactive machine learning-based tool ilastik (Berg et al.
2019) was the third method tested for segmentation. This ap-

‘Yeast cell

proach required manual annotation on two replicates for the
model training (Fig. S1), which was then applied to all other sam-
ples. However, as the training has high computational demands,
the training was restricted to only two samples. A key benefit of
ilastik is that it provides an immediate insight into the segmenta-
tion results through the application of individual markers, which
serve as labels for the tool itself (Berg et al. 2019). Annotations of
this nature are only required in the context of supervised machine
learning tools, with the purpose of demonstrating to the model
the knowledge it should acquire. Conversely, classical approaches
such as the MVP developed in this study do not necessitate such
markers. The segmentation of fungal structures in ilastik was con-
ducted using the pixel classification method, which employed all
intensity, edge, and texture features. Prior to this, the image was
smoothed using a Gaussian filter, with all of ilastik’s available and
recommended sigma values (0.7, 1.0, 1.6, 3.5, 5.0, and 10 pixels) to
capture as many features as possible.

The fourth method for segmenting the fungus was the deep
learning-based segmentation tool Omnipose (Cutler et al. 2022).
This tool has been designed for use with elongated or branched
cells. One of the two crucial parameters used in this approach
is the average object diameter, which was set to 10 pixels
(4.5 pm), the average diameter of the hyphae (Sudbery 2011,
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Chen et al. 2020, Villa et al. 2020). The second crucial parameter is
the selection of the pretrained model, with the Nucleus model be-
ing the most accurate with regard to the cell contour upon visual
inspection. The same postprocessing steps as in the MVP segmen-
tation approach were used.

Identification of the morphotype

Following the generation of binary images of the fungi, the mor-
photype (yeast or hyphae) of each individual object is identified.
In experiments where yeast cells are predominantly present, clus-
ters of yeast cells need to be separated into individual cells in the
binaryimages. At the same time, the splitting of clusters and over-
lapping filament structures leads to artifacts in experiments with
filaments, which affects the reliability of the measurements ob-
tained. To achieve this, we segmented experimental conditions
in which no hyphae were present or only a minimal amount.
The median value of each binary yeast cell was calculated. Us-
ing a histogram, we determined that a threshold value of 250 pix-
els (112 um) can effectively distinguishes images with predom-
inantly hyphae from those that have predominantly yeast cells.
We separated the cell clusters into their individual yeast using
a marker-based watershed algorithm, also referred to as seeded
watershed (Soille and Vincent 1990). The number of markers per
yeast cell is initially established through the utilization of a Lapla-
cian of Gaussian operator on the original image, which is partic-
ularly well-suited for the detection of edges. A kernel radius of
seven pixels (3.2 pm, representing the average expected diameter
of a yeast cell) was employed. To focus exclusively on the partic-
ularly prominent edges of the yeast cells, the output of the Lapla-
cian of Gaussian was taken above a threshold value of 60% of
the maximum intensity. To guarantee that solely the markers lo-
cated within the fungal structure are retained, we ensured that
only markers overlapping with the previously segmented fungal
masks are included. Subsequently, the seeded watershed opera-
tion is performed with the determined markers on the segmented
fungus mask (Fig. S2).

Per segmented object distinction between the yeast and hyphae
morphotypes is made using a two-parameter filter (Fig. S3A). An
object is designated as a yeast if it has a footprint area of <320
pixels corresponding to a diameter of 13.54 pm for a circle, and
a circularity value greater than 0.8 (with a value of 1 indicating a
perfect circle) (Fig. S3B). These parameters were determined using
histograms for all objects, whereby the circularity of yeasts that
have just initiated filamentation is in most cases below 0.8. All
objects not designated as yeast are automatically designated as
hyphae.

Measurement of filamentous structures

The hyphal length measurements were conducted via an auto-
mated image analysis pipeline in JIPipe, which entails the mea-
surement of filament structures. This measurement was carried
out on the previously segmented hyphae as well as on previ-
ously split yeast clusters, since yeasts that just initiated filamen-
tation are also included in the measurement. The measurement
is performed on the skeleton of each object, which reduces the
binary objects to one-pixel-wide representations of their shape.
Subsequently, the skeleton of each object is converted into JIP-
ipe’s own filament data structure, which was previously success-
ful in quantifying filaments of the bacterium Klebsiella pneumo-
niae (Ruhland et al. 2024). To obtain accurate measurements of
the individual hyphae over their entire length from the mother
cell to the tip of the hyphae, the average radius of a yeast (from

the yeast masks) was considered in the measurement process.
The final measurement of the filament structure takes place af-
ter the moving average has been formed on it. The moving aver-
age is formed over three consecutive pixels along the linear fila-
ments, thereby approximating the realistic course of these struc-
tures. Furthermore, the downscaling of individual positions along
the filament structure also serves to reduce any remaining dis-
tortions along the filaments. Prior to the measurement of the hy-
phae the overlapping filaments of distinct cells are distinguished
and branches of individual fungal cells are excluded (Fig. 1). This
process is of great importance to avoid the creation of artifacts
for an individual hypha, thus preventing the distortion of the hy-
phal length distribution. This was used to set the parameter con-
necting possible candidates of nodes at a filament intersection
was set to 17 pixels (7.65 pm) to receive as much as possible
proper connections among two filament structures. This was em-
ployed to identify potential candidates for overlapping filaments.
In order to identify the four points of two intersecting filament
structures, the distance between the opposite points was set to
17 pixels (7.65 pm). To ensure a consistent comparison between
the automated processing and manual measurements, only the
longest filaments connected with the yeast cell were measured
for each hypha. Subsequently, the filaments were measured, and
those shorter than 10 pm were excluded from the analysis. This
value was selected as in the early filament initiation stage hyphal
length also cannot be accurately quantified using a manual ap-
proach, as the germlings are difficult to distinguish from budding
yeast.

Analysis with Image] plugin AnaMorf

The automated analysis of filaments in fungi is not a novel con-
cept; it was already approached in 2009 with the development
of the AnaMorf tool (Barry et al. 2009) for Image]. This tool fa-
cilitates the characterization of filamentous fungal growth, along
with characteristics such as projected area, circularity, total hy-
phal length, number of hyphal tips, hyphal growth unit, lacunar-
ity, and fractal dimension. We used the AnaMorf tool (Barry et al.
2009) to compare its performance with our newly established JIP-
ipe hyphae analysis pipeline.

Performance measurements and statistical data
analysis

To ensure the validity of the automated quantification of filamen-
tous growth initiation and hyphal length in JIPipe, we compared
the automated measurements with manual measurements on
the same images. The number of data points between manual
measurements and the automated analysis, were compared us-
ing the Pearson product-moment correlation coefficient. In addi-
tion, to the comparison at the distribution level, a validation was
also conducted at the object level. To this end, all objects pro-
cessed by the MVP segmentation from each test condition were
evaluated to assess the extent to which they were recognized by
the automated process. Given the inherent difficulty in establish-
ing connections between overlapping filaments of distinct hyphal
cells, a comprehensive examination was conducted to assess the
integrity of the connections formed by each single crossing hypha
from the various experimental conditions. For these comparisons
at the object level, the accuracy, F-1 score, precision, and recall
could then be calculated using the classic metrics of true posi-
tives (TP), type 1 error (false positives, FP), and type 2 error (false
negatives, FN). The metric precision refers to the extent of the type
1 error (P = TP/TP + FP) and recall refers to the extent of the type


https://academic.oup.com/femsyr/article-lookup/doi/10.1093/femsyr/foaf011#supplementary-data
https://academic.oup.com/femsyr/article-lookup/doi/10.1093/femsyr/foaf011#supplementary-data
https://academic.oup.com/femsyr/article-lookup/doi/10.1093/femsyr/foaf011#supplementary-data

2 error (R = TP/TP + FN). The F-1 score provides a metric that
includes both errors (F-1 =2 x (precision x recall)/(precision + re-
call)).

Statistical comparisons were not only made between the man-
ual and automated hyphal length measurements, but also to what
extent statistical differences exist within the respective experi-
mental conditions. Subsequently, these comparisons were con-
trasted for the manual measurements and the MVP segmentation
approach.

Statistical analyses were performed using “SciPy” library in
Python, version 1.5.3. Two different comparisons were made
within this study with (i) the comparison between the manual
and automated quantification, with regard to the different au-
tomated analysis approaches, and (ii) the comparison between
HSA-treated and nontreated conditions were determined using
unpaired two-tailed t-tests. The effect size (d) was calculated as
defined by Cohen (1992). The ranges of effect size magnitudes are
referred to as negligible for |d| < 0.2, small for |d| < 0.5, medium
for |d| < 0.8, and large for |d| > 0.8.

Results

Development and optimization of automated
quantification

To verify the rigor of our pipeline to automatically quantify fila-
mentous growth initiation and hyphal length, we first determined
whether the automated analysis could identify all fungi within
the image. The vast majority of fungi were successfully recognized
using the MVP approach (accuracy of 96%, an F-1 score of 96%, a
precision of 93%, and a recall of 99%), with only a few artifacts that
could not be assigned to a fungus in the original image. A visual
inspection of the other image segmentation approaches, suggest
a comparable level of performance.

Subsequently, we tested the automated pipeline for (i) its ca-
pacity to differentiate yeast from hyphae, (ii) its accuracy in length
measurements, and (iii) the extent to which individual crossing
hyphae could be measured correctly.

Automated quantification allows for
identification of the morphotype

As a first step in the development of our automated analysis
tool, different segmentation approaches were compared for their
efficiency to assign yeast and hyphae morphology. The Pearson
correlation coefficient between the manual measurements and
the different segmentation approaches showed significant corre-
lations (P-value < .001) for all approaches, yet highlights the best
performance of the MVP approach (r = 0.958), followed by the
white-top-hat (WTH; r = 0.957), Omnipose (r = 0.887), and ilastik
(r = 0.848) (Fig. 2A). With the MVP segmentation approach show-
ing the best correlation with manual measurements, we exam-
ined this approach in detail regarding the number of yeast and hy-
phae quantified. Particularly, we checked whether the automated
image analysis tends to yield false positive detected yeast cells
and false negative detected hyphae across experimental condi-
tions (Fig. 2B).

We observed that the automated analysis falsely identifies
some objects as yeast cells. This can be attributed to a num-
ber of factors. The segmentation may introduce a gap in be-
tween the yeast cell and its corresponding attached hyphae. In
this instance, cells that induced filamentation were falsely identi-
fied as yeast cells, while the isolated corresponding hyphae mea-
sured <10 pm and was excluded, leading to an under detec-
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tion of hyphae. The MVP segmentation was applied as the best
performing approach for the quantification of filament initiation
(Fig. 3).

A second dataset was used to evaluate the segmentation ap-
proaches in the same manner and revealed the best performance
of the MVP and WTH segmentation approaches (Fig. S4). This time
WTH demonstrated the strongest correlation with manual anno-
tation (r = 0.973), followed by MVP (r = 0.915), ilastik (r = 0.812),
and Omnipose, which exhibited a considerable discrepancy and
even negatively correlated (r = —0.263). Except for Omnipose,
all segmentation approaches show a significant correlation with
each other compared to manual annotation.

Morphology annotations using the MVP and WTH segmenta-
tion approaches showed best performance on the first and second
evaluations, respectively. These methods exhibited only slight dis-
crepancies and with the comparisons being essentially the same.
Therefore, the evaluation of automated analysis performance was
continued with only the MVP method.

Reliable measurements of cells that exhibit
filamentous growth

We tested five distinct automated methodologies to accurately
measure the length of hyphae, and compared this to manual
measurements. We used the previously published ImageJ plugin
AnaMorf (Barry et al. 2009) as well as the different segmentation
approaches (MVP, WTH, ilastik, and Omnipose) implemented in
JIPipe. Our different approaches only differed in the segmenta-
tion of the fungi, which can result in differences in skeletoniza-
tion and the final measurement of the hyphae. Experimental con-
ditions used were the two different C. albicans strains (101 and
SC5314) in RPMI culture medium or PBS, and in the presence or
absence of HSA. This resulted in eight comparisons across all ex-
perimental conditions of each automated approach with the cor-
responding manual measurements (Fig. 4A). Since MVP segmenta-
tion achieved the best results, the detailed hyphae measurements
were individually shown for all conditions (Fig. 4B) in the proof of
principle section.

To be optimally implemented in the fungal research field, an
automated analysis of hyphal length should yield highly simi-
lar results as the manual measurements that remain to be the
standard in the field. When statistically comparing results com-
ing from the automated analysis pipelines with manual measure-
ments, the MVP approach showed the best performance (Fig. 4A).
Not a single comparison was a significantly different from man-
ual measurements, with a median P-value < .35 across the eight
comparisons. The smallest P-values (.09 and .15) were obtained
in the condition with SC5314 and 101 grown in PBS in the pres-
ence of HSA, respectively. As very poor filamentation was observed
in PBS (Fig. SSA), this highlights the limitations of the automated
image analysis to accurately measure hyphae grown under poor
filamentation-inducing conditions.

We observed that the automated analysis identified isolated
outliers for longer measured filaments in the experiments per-
formed with RPMI medium. However, statistical tests show that
this phenomenon is statistically negligible under the RPMI condi-
tions, with P-values ranging from .31 to .69 and effect sizes below
0.2.

When comparing the automated analysis approaches on
the second test data set, a superior analysis is evident in
its minimal number of significant differences compared to
the manual measurements. However, in contrast to the eight
comparisons included in the initial data set, only six were
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Figure 2. Performance of different segmentation approaches with manual measurements. (A) The correlation coefficient of the number of yeasts and
hyphae obtained for all segmentation approaches automated in JIPipe, each compared with the manual annotations. (B) Correlation of the yeast and
hyphae annotations by the automated image analysis pipeline applied with the MVP segmentation approach versus manual annotation of yeast and
hyphae. Each data point represents the number of corresponding yeast or hyphae cells identified per experimental condition.
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Figure 3. Comparison of the annotation of yeasts and hyphae between manual and automated MVP analysis. Annotation of yeast and hyphae
morphology in different conditions expressed as fraction of total identified objects. Experimental conditions represent C. albicans grown in PBS or RPMI

in the presence or absence of HSA (10 mg/ml, n = 4).

conducted, as no hyphae were measured in the PBS experi-
ments lacking albumin (HSA-). The ilastik, MVP, and Omnipose
approaches each exhibit two instances of nonsignificant differ-
ences. In the validation of the second data set, WTH demonstrated
the greatest performance, exhibiting four nonsignificantly differ-
ent comparisons between the respective conditions (Fig. S4B).

Collectively, automated quantification using classical image
processing methods, such as MVP and WTH, can be used to mea-
sure the length of hyphae, which are statistically equivalent to the
results manual measurements.

Single crossings correction for enhanced hyphae
quantification

A particular challenge in measuring hyphae using automated
analysis is the accurate measurement of those hyphae that cross
each other. During the hyphal growth, branches can be formed
by individual hyphae and different hyphae can also overlap when
growing closely together. We aimed to accurately identify and
quantify filaments in which a maximum of two different hyphae
cross at a maximum of one point, as these hyphae are also man-
ually measured without difficulty. In each automated analysis
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we determined whether such intersecting hyphae were correctly
measured. As the MVP analysis has thus far demonstrated the
greatest reliability, only this approach was validated. An accu-
racy of 69%, an F-1 score of 82%, precision of 69%, and recall
of 100% were determined. Thus, the MVP segmentation tends to
yield more single crossings than were actually present, but also
generally did not miss any crossings (Fig. 5A). Furthermore, JIPipe
facilitates the immediate visualization of the length of each indi-
vidually measured hypha in its immediate vicinity of the object in
the original image (Fig. 5B).

Proof of principle: application to determine
filamentation initiation and hyphal length

To compare our automated with manual analysis, we determined
the biological effect of HSA on the filamentation initiation and
hyphal length of C. albicans strains. In RPMI culture medium
(filamentation-inducing conditions) the presence of albumin did
not significantly impact filamentation ratio as assessed by both
methods (Fig. 3). In contrast, in PBS the presence of HSA was man-
ually quantified to significantly induce filamentation [Fig. 3; P-
value < .006, Cohen’s d (d) = 2.0 for strain 101, and P-value < .01,
d = 1.8 for strain SC5314]. With the automated analysis pipeline
the same result was obtained [Fig. 4B; P-value < .006, Cohen’s d
(d) =2.0for strain 101, and P-value < .01, d = 1.8 for strain SC5314].
Contrarily, the hyphal length in presence of albumin was found
significantly reduced in RPMI as determined by manual measure-
ments (P-value < .0001, d = —0.32 for strain 101) and the auto-
mated approach (P-value < .0001, d = —0.3 for strain 101; Fig. S6
and Fig. 4B). In conclusion, when comparing experimental condi-
tions, it can be observed that the same result could be obtained
when either using the manual or automated MVP approach.

Discussion

The improvement of techniques for fast, standardized, and un-
biased microscopic image analysis is essential to meet the ever-
increasing throughput capacity of microscopy systems. We devel-
oped an analysis pipeline for measurement of C. albicans filamen-
tation and hyphal lengths, which uses the easy-access and open
source software JIPipe (Gerst et al. 2023), offering time-efficient,
high-throughput, and user-friendly alternative to manual mea-
surements. Moreover, the use of the visual programming language
JIPipe opens up accessibility to researchers without programming
experience.

Automated image analysis enables researchers to generate and
reproduce more accurate and standardized data, facilitating the
study of fungal morphology. Numerous methodologies enable
quantification and measurement of fungal growth and biofilm for-
mation, such as counting colony forming units (Tessler et al. 1992,
Eneetal. 2013, Rossoni et al. 2015, Austermeier et al. 2021, Alonso-
Roman et al. 2022, Karkowska-Kuleta et al. 2023, Jaeger et al. 2024),
evaluating changes in optical density (Maidan et al. 2008, Rueda et
al. 2014, Cui et al. 2016, Austermeier et al. 2021, Dunker et al. 2021,
Karkowska-Kuleta et al. 2023, Jaeger et al. 2024), utilizing staining
techniques with crystal violet (Jin et al. 2003, Alonso-Roman et
al. 2022), or employing flow cytometry (Lynch et al. 1993, McMa-
hon et al. 2023). Particularly, quantification of hyphal length pose
challenges. The use of scoring systems, wherein distinct stages
of the filamentation process are assigned specific values offers
an alternative approach to manual measurements (Azadmanesh
et al. 2017, Rossoni et al. 2018, Wakade et al. 2021, 2022). While
scoring systems can speed up analysis, the assigned values are

approximations, leading to a subjective semiquantitative assess-
ment (Bettauer et al. 2022). Due to its reliance on estimations
on an ordinal scale, subtle differences in hyphal lengths are dis-
regarded, resulting in the loss of information within a dataset.
Cutting-edge quantitative imaging approaches with automated
analysis based on deep learning are a step forward in rapid analy-
sis of morphology, biofilm formation, and filamentation of C. al-
bicans (Wurster et al. 2019, Bettauer et al. 2022). To distinguish
between the diverse C. albicans morphologies, the deep learning
tool Candescence was developed (Bettauer et al. 2022). Through
implementing an innovative cumulative curriculum-based learn-
ing approach, Candescence differentiates nine distinct morpho-
logical variations of C. albicans, ranging from yeast to complex fil-
amentous structures. Candescence was applied to enable a mu-
tant library screening aimed at identifying genes regulating fil-
amentation within macrophages (Case et al. 2023). Yet, Candes-
cence does not facilitate measurement of hyphal length (Bettauer
et al. 2022). Also, other deep learning approaches can facilitate
automated analysis of filamentous fungi. NeuroTrack is a process-
ing framework originally designed measure growth and branching
of neurons imaged using the Incuyte (Sartorius) live-cell analysis
system. Yet, the potential of this tool was recognized and repur-
posed to quantify fungal growth and morphology (Wurster et al.
2019). Despite the diverse applications of this tool, its exclusive
to the Incucyte live-cell analysis system, limiting its accessibility
within the scientific community. Moreover, the output of overall
fungal hyphal length per square millimeter, as opposed to lengths
of individual hyphae, excludesits potential to analyze heterogene-
ity in the fungal population. Hence, the need for systems allowing
automated hyphal length measurements remains.

We identified the open-source visual programming language
JiPipe (Gerst et al. 2023) as a platform to design a complex au-
tomated filamentation analysis pipeline, while keeping it acces-
sible for researchers without programming experience. As quan-
titative measurements in automated analysis are performed on
binary images the segmentation approach used to get from the
original microscopy analysis to the binary images crucially deter-
mines the quality of analysis. We compared two classical image
processing approaches, namely MVP and WTH, with two based on
machine learning and deep learning methods, namely ilastik (Berg
et al. 2019) and Omnipose (Cutler et al. 2022). Visual inspection
of the Omnipose segmentation revealed that this method consis-
tently produces fragments within fungal hyphae, which impairs
its ability to accurately quantify their length. A potential expla-
nation for the poor segmentation relative to classical segmenta-
tion approaches is that the segmentation of the fungal structure is
typically coarser. The machine learning-based tool ilastik did not
show this limitation, and has the advantage that it is directly in-
tegrated in JIPipe. Further it allows rapid and efficient adaptations
to diverse light and contrast conditions through an interactive
training process. The ability to adapt to previously unseen data
was apparent when we validated on a second test dataset, where
ilastik performed marginally worse results than the best perform-
ing WTH quantification on this dataset. This makes ilastik a suit-
able solution for analyzing C. albicans and filamentous structures
in general, such as rod-shaped bacteria, within the user-friendly
interface of JIPipe.

The two classical segmentation approaches showed the best
performance in terms of achieving similar data as the manual hy-
phal length analysis. A direct comparison of the two approaches
revealed that MVP showed better performance over WTH in mea-
suring the length of hyphae. As WTH uses more operations and in-
termediate steps during segmentation, there is a greater potential
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(B)

Figure 5. Embedded visualization of the recognized filament structures in JIPipe. (A) Each color overlaid on a hyphen encodes a filament uniquely
assigned to an object and thus the assignment of the structures to the objects is indicated by this color coding. In the green-framed windows, the
crossing hyphae were correctly assigned, while the assignment in the red-framed window was incorrect. (B) In addition, the lengths of each measured

filament structure can be displayed in the representation of (A).

of introducing artifacts and generating errors. However, a more
straightforward approach can also constrain the capacity to cap-
ture complex aspects within the image. In the evaluation of our
second test data set, the WTH performed better than MVP in the
measurement of hyphal length and yeast-hyphal differentiation.
Highlighting that subtle differences in datasets can influence per-
formance of these two best performing datasets. Despite the fact
that classic methods are subject to a threshold value procedure
in which parameters must be determined manually and adjusted
if necessary, the great advantage of both methods in conjunc-
tion with JIPipe is that such parameters can easily be adjusted
and the results can be evaluated in the preview integrated in
JIPipe.

Previously the ImageJ plugin AnaMorf (Barry et al. 2009) was
developed for the characterization of fungal hyphae, offering the
possibility of determining a number of filament characteristics.
However, we observed that AnaMorf expressed difficulties in dis-
tinguishing between these characteristics and measuring them
accurately, particularly when there is a high density of fungal cells
in the image.

Collectively, from the pipelines we developed, those using MVP
or WTH segmentation achieve results similar to manual analysis.

An inherent difficulty of hyphal length measurements is the
ability to measure crossing filaments. While manual measure-
ments disregard larger groups or hyphae that are difficult to dis-
tinguish, straightforward crossing hyphae can be accurately mea-
sured. Excluding, such crossings in automated analysis will re-
sult in a loss of data. A step toward capturing these crossing hy-
phae would be to trace to which yeast cells the hyphae belong
to. Yet,s this requires images at different timepoints and far more
complicated analysis pipelines. Thus, the detection of crossing re-
mains an unresolved difficulty, particularly in the context of high
cell density. Furthermore, the potential of hyphae from C. albicans
and other filamentous fungi to form branches introduces an ad-
ditional layer of complexity to the automated hyphal measure-
ments. This represents an optimal point from which to launch
further development of automated quantification.

Apart from hyphae, C. albicans can form pseudohyphae as
an alternative filamentous morphology. The analysis pipeline
established in this paper cannot distinguish between the
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filamentous hyphal and pseudohyphal morphotypes. When a ho-
mogenous morphology shift is induced, the experimenter can
make a call based on specific features such as different septa dis-
tribution (Sudbery 2001) and a different width (Chen et al. 2020).
It is, however, challenging a heterogenous mixture of true hyphae
and pseudohyphae is induced. To setup an analysis pipeline that
can differentiate between true hyphae and pseudohyphae, further
data, particularly from pseudo-hyphae, is required. It would be
crucial to distinguish the ratio between filament width and length
in order to make a proper distinction. The incorporation of ad-
ditional steps in the analysis pipeline to distinguish filamentous
morphotypes in the future will offer further additional significant
opportunity for using automated quantification.

A benefit of our established analysis pipeline in JIPipe is that
it allows users, regardless of their computer expertise, to change
crucial parameters of the image analysis in a comprehensive and
accessible format (Gerst et al. 2023). This enables adaption of the
pipeline to specific datasets, like for example hyphae of other
pathogenic fungi. The MVP segmentation method is particularly
advantageous for adaptation by nonexperts, as the segmenta-
tion process is more comprehensible and sources of error can
be more readily identified than when using more complex ap-
proaches such as WTH. In the context of adapting the analysis
pipeline to novel data sets, the modified pipeline should be vali-
dated against manual measurements to ensure its performance.

Despite in-depth studies into the processes and genes driving
filamentous growth, many unresolved issues persist regarding the
intricate regulation of morphological transitions (Sudbery 2011,
Chen et al. 2020, Villa et al. 2020). Developments in fungal genetic
manipulation have led to the establishment of large mutant li-
braries (Uhl et al. 2003, Noble et al. 2010, Wang et al. 2022). Im-
plementation of our hyphae analysis pipeline would enable the
examination large data sets, such as mutant collections (Wang
et al. 2022). Previously a collection of 18000 mutant strains, was
screened to identify genes involved in filamentation using a scor-
ing system that is based on the appearance of the mutant colonies
grown on different solid media (Uhl et al. 2003). In addition, the
increasing focus on clinical C. albicans isolates has accentuated
the importance of comprehending the variability in filamentation
(Wakade et al. 2021, Brandquist et al. 2023). Implementation of
an automated image analysis pipeline like presented in our study
could stream-line the process and improve the quantity and qual-
ity of data that can be obtained from screening mutant and clini-
cal strain libraries.

The elucidation of filamentation in the context of host-fungal
interactions is complex, but can give insights in how C. albicans
adapts to particular host niches and recognizes favorable condi-
tions for infection (Wartenberg et al. 2014, O'Meara et al. 2015,
Case et al. 2021, Wakade et al. 2022, Jaeger et al. 2024). An im-
portant aim in development of therapeutics are strategies that
limit virulence, so-called antivirulence therapies (Siscar-Lewin et
al. 2019). Given the increasing importance of high throughput
screening for novel antifungal or antivirulence drugs (Siles et al.
2013, Ajetunmobi et al. 2023, Song et al. 2023), rapid automated
analysis of extensive data sets is a valuable asset.

To contribute to the understanding of how environmental cues
inflict filamentation, we used our automated approach to show
how albumin influences filamentation and hyphal length. Serum
is recognized for its ability to induce filamentation (Taschdjian
et al. 1960, Shapiro et al. 2011, Sudbery 2011). Albumin is by far
the most abundant protein and fulfills multiple roles within the
human body (Friedberg 1975, van der Vusse 2009, Taverna et al.
2013, Merlot et al. 2014, Pinsky et al. 2020). Albumin was shown

to increase growth of Candida species (Austermeier et al. 2021,
Pekmezovic et al. 2021), and promote germination and hyphal
growth in Aspergillus fumigatus (Rodrigues et al. 2005), yet the im-
pacton C. albicans filamentation induction and extension remains
unclear. With both our automated and manual hyphae analysis,
we made the observation that albumin promoted filamentation
under nutrient-depleted conditions, yet reduced hyphal length in
rich medium. The induction of filamentation may be attributed
to albumin providing essential nutrients like iron to C. albicans
(Pinsky et al. 2020). The upregulation of numerous iron acquisi-
tion genes during hyphal elongation emphasizes how closely con-
nected iron acquisition and hyphal formation are (Luo et al. 2021).
Albumin also is the main fatty acid binding protein in the plasma
(Fitzpatrick et al. 1984, Petitpas et al. 2001, van der Vusse 2009).
Albumin can bind prostaglandin E; ', which was shown to in-
duce C. albicans filamentation (Kalo-Klein and Witkin 1990). Albu-
min itself has the potential to serve as a nutrient source (Naglik
et al. 2003, Staib 1965, Hube et al. 1994, Martinez and Ljungdahl
2005, Kragh-Hansen 2018) following degradation by C. albicans se-
creted aspartic proteases (Naglik et al. 2003, Hube et al. 1994, 1997,
Brunke and Hube 2013). As human serum comprises proteins,
lipoproteins, globulins, lipids, hormones, electrolytes, and vari-
ous other components (Psychogios et al. 2011), its filamentation—
inducing potential likely relies on a complex combination of fac-
tors. GlcNac, a monosaccharide found in the human serum, stim-
ulates C. albicans hyphal growth (Simonetti et al. 1974) by activat-
ing the Ras1-cAMP/PKA signaling pathway (Du et al. 2020). Serum
contains «l-antitrypsin, which can increase filamentation in a
dose dependent manner (Jaeger et al. 2024). A serum fractiona-
tion study revealed that the highest filamentation induction was
achieved with a fraction composed for 98% of albumin (Barlow et
al. 1974). Yet, further fractionation pinpointed a lower-molecular-
weight compound of unknown identity. Collectively, many com-
ponents of the human serum differentially impact C. albicans fila-
mentation induction and hyphal growth.

Our study designed and implemented an automated image
analysis pipeline in JIPipe, which is based on the well-established
Image]J software. Our approach, significantly enhancing the effi-
ciency and accuracy of measuring hyphal lengths in C. albicans.
Our approach provides a future orientated solution that imple-
ments unbiased, accurate, reproducible, accessible, label-free and
high-throughput analysis of filamentation. By applying the auto-
mated analysis next to manual measurements, we show that both
methods yielded the same observation that human albumin re-
duces filamentation. Our findings underscore the importance of
integrating advanced computational methods in fungal research
to standardize the filamentation read-out throughout laboratories
worldwide.
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