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Background: Surgical site infections (SSIs) are among the most common and preventable postoperative compli-
cations, yet existing preclinical models lack physiological realism and do not enable quantitative assessment of
bacterial behavior. Wound pH critically modulates bacterial morphology and organization, underscoring the
need for systems that replicate controlled wound environments.

Objectives: To develop and validate a robotic wound care patient (RWCP) that reproduces SSI-relevant physical
and biological conditions, and to quantify pH-dependent bacterial morphology and spatial organization on
wound dressings using automated deep-learning image analysis.

Methods: A life-sized abdominal RWCP integrating layered soft-tissue simulants, respiration simulation,
controlled exudate delivery, and a laparotomy incision was engineered. Simulated wound fluid inoculated with
Lactobacillus delbrueckii subsp. bulgaricus was delivered at pH 5.8 (acidic) or pH 6.8 (mildly acidic). Dressing
samples were imaged with SEM, and bacterial morphology and topology quantified using a Cellpose-based deep-
learning model, FIJI macros, and Python algorithms. Outcome measures included bacterial count, area coverage,
circularity, roundness, aspect ratio, chain number, and bacteria per chain.

Resuits: Acidic pH increased bacterial counts by ~45% and produced morphological elongation (circularity and
roundness |; aspect ratio 1). Topological analysis identified nearly fourfold more bacterial chains and larger
assemblies under acidic conditions (p < 0.02), indicating enhanced cooperative aggregation.

Conclusions: The RWCP provides a physiologically relevant, reproducible platform for SSI research, enabling
sensitive detection of pH-driven bacterial morphological and organizational adaptations. This integrated
mechanical-biological system offers a robust preclinical tool for evaluating wound care technologies and
informing evidence-based SSI prevention strategies.

are associated with increased mortality risk, with pooled odds ratios of

1. Introduction

Surgical site infections (SSIs) remain one of the most common and
costly postoperative complications worldwide. In the United States,
more than 10 million inpatients undergo surgery each year, representing
over 25% of all hospital admissions, and SSIs account for ~36% of all
healthcare-associated infections [1,2]. SSIs occur at or near the surgical
incision within 30-90 days of surgery and remain largely preventable
[3-6]. Nevertheless, despite modern aseptic techniques, SSIs still occur
in 2%-10% of surgical procedures [3,7]. Laparotomies (abdominal sur-
geries), including cesarean delivery (C-section), carry the highest SSI
risk [1,3,8]. Recent evidence from abdominal surgery indicates that SSIs

1.62 (95% CI 0.74-2.50) for incisional SSIs and 2.75 (95% CI 2.56-3.54)
for organ/space SSIs, compared with non-SSI patients [9]. In addition,
SSIs prolong hospitalization, increase costs, and worsen patient out-
comes [10,11]. The predominant pathogens causing SSIs are
Gram-positive bacteria, commonly Staphylococcus aureus [12]. Resistant
bacterial strains, e.g., methicillin-resistant Staphylococcus aureus
(MRSA), carry an approximately 20% mortality rate among affected
patients [13,14].

The pathogenesis of SSIs is multifactorial, involving microbial
contamination, impaired wound healing, and host immune response.
Although strategies such as systemic antibiotic prophylaxis, improved
surgical techniques, and antimicrobial dressings exist, they have not
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Abbreviations

MRSA  Methicillin-resistant Staphylococcus aureus
NPWT  Negative pressure wound therapy

RWCP  Robotic wound care patient

SEM Scanning electron microscopy

RCT Randomized clinical trial

SD Standard deviation

SSIs Surgical site infections

SWF Simulated wound fluid

eliminated SSIs, especially in high-risk or complex cases [15]. In routine
clinical practice, sampling and analyzing wound fluid, without requiring
a tissue biopsy, is the preferred method for obtaining culture specimens
from surgical sites with suspected infection [16]. Traditional SSI man-
agement relies on silver-ion (Ag+) wound dressings and negative pres-
sure wound therapy (NPWT), yet their effectiveness remains uncertain
due to limited and low-certainty clinical evidence, heterogeneity across
studies, higher costs of the NPWT, and persistent challenges in con-
ducting robust randomized clinical trials (RCTs) [3,17,18]. Moreover,
RCTs can be complex, costly, and logistically demanding, compounding
the challenge of generating robust evidence for non-pharmaceutical
wound care technologies [5,19-21]. Consequently, the strength and
certainty of evidence supporting mainstream SSI prevention strategies
remain limited. This underscores the need for standardized, reproduc-
ible preclinical models capable of evaluating wound care technologies
under clinically relevant conditions [22,23]. Existing biological models,
such as ex vivo porcine skin models [24,25] and in vitro biofilm assays
[26,27], offer only partial insights and suffer from limited clinical
relevance, high variability, and substantial cost [22,23,28].

Preclinical SSI models must account for key biological variables,
particularly wound pH, which directly influences bacterial colonization,
morphology and survival [29,30]. Acidic conditions drive adaptive
bacterial morphologies such as filamentation and aggregation, and may
support bacterial survival and biofilm formation [31-34]. Lactobacillus
delbrueckii subsp. bulgaricus, widely used in dairy fermentation, is known
to exhibit pH-dependent physiological responses [35-38]. This
well-studied strain shifts from rounder to elongated morphologies and
forms longer chains under acidic pH compared with neutral or alkaline
conditions [39,40]. Critical pH thresholds were identified: moderate
acidity slows division while maintaining culturability, whereas pH < 3.5
induces marked elongation with incomplete septation [40,41]. Wound
pH broadly influences the behavior of major wound pathogens; clini-
cally, chronic wounds tend to remain alkaline, favoring biofilm growth
and reducing antimicrobial efficacy, whereas acute wounds begin acidic
and may shift toward neutrality if healing is impaired [29,30,42,43].
These findings indicate that wound pH is critically important in SSI
prevention and management and support the use of Lactobacillus del-
brueckii subsp. bulgaricus as an appropriate surrogate for evaluating the
sensitivity of preclinical SSI models.

Another important aspect of a preclinical SSI model is the ability to
track bacterial changes using computerized image processing, including
automated cell segmentation, morphological analysis, chain detection,
and counting [44]. Software developed for these purposes include Bio-
filmQ for high-throughput community-level image cytometry [45]; and
deep-learning pipelines such as Mask R-CNN, DeepLabv3+, and Yolact
for extracting geometric features from scanning electron microscopy
(SEM) biofilm images [46,47]. Semi-automated quantitative approaches
have also been described, including ImageJ/Object] which resolves
membrane- or DNA-stained chains into single cells and enable per-chain
cell counts [48]. In Streptococcus pneumoniae, for example, chain length
has been quantified microscopically, or with ImageJ, and linked to
adherence, colonization, and competence induction [49,50]. For lactic
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acid bacterial strains, deep-learning-based image analysis of SEM mi-
crographs quantified morphological adaptations of Lactiplantibacillus
plantarum under acidic stress [39,40]. Clinical applications were further
attempted, with Cellpose 3 for segmenting bacteria in Gram-stained
blood smears from septic patients [51]. However, wound-dressing ma-
terials contaminated with bacteria were not yet investigated using
advanced image processing approaches. Topological network analyses
of bacterial interactions on dressings, documented in SEM images,
would provide important insights and should be part of a preclinical
model of SSI.

The published work of Gefen and his research team demonstrated the
utility of robotic wound systems for efficacy research of various
advanced dressings and single-use NPWT in fluid handling, enabling
prediction of clinical performance of products in exudate management
[52-56]. Their robotic wound models, developed for sacral and heel
pressure injuries, diabetic foot ulcers, and venous leg ulcers, simulated
anatomical shape, loading, soft-tissue mechanics, wound and skin tem-
peratures, and continuous or bolus exudate flow using clinically realistic
fluid properties. [52-54,56]. Primary and secondary dressings or
single-use NPWT systems were applied and tested for hours to several
days while simulant wound fluid (SWF) was delivered under controlled
steady or pulsed flow. Temperature, flow and pressure sensors enabled
real-time performance monitoring, and fluid uptake, mechanical integ-
rity, and dressing durability were assessed post-use.

In this work, we extend this robotic wound concept for the first time
to a hybrid, integrated mechanical-biological system for SSI research,
referred to here as the robotic wound care patient (RWCP). The article
describes the engineering design and validation of this RWCP with a
laparotomy incision, incorporating a pH-controlled SWF inoculated with
L. delbrueckii subsp. bulgaricus and enabling automatic SEM-based
quantification of bacterial morphology and colonization behavior on
wound dressings, using image processing tools and deep learning codes.
This innovative RWCP represents a major advancement in SSI research:
It can strengthen the preclinical evidence base, facilitate quantitative
efficacy research of wound care technologies, support industry research
and development, focus RCT designs, and ultimately, contribute to
improved SSI prevention strategies.

2. Methods
2.1. Design and construction of the robotic wound care patient

The RWCP is a modular experimental phantom constructed to
replicate SSI conditions under controlled physical and environmental
conditions. The system is based on a life-sized 3D male torso (22 cm in
length, 35 cm in width, and 53 cm in height) that integrates layered soft-
tissue simulants, an incision site, bilateral lung cavities for simulated
respiration, and embedded irrigation tubing for controlled wound fluid
delivery. Wound exudation simulations are controlled through a multi-
channel syringe pump system (Fig. 1a), while respiration is reproduced
using internal balloon reservoirs inflated by air pumps (Fig. 1b). The
system is controlled electronically and the wound conditions are
monitored via integrated sensors as detailed below, allowing repro-
ducible laboratory simulations of the clinical conditions associated with
surgical wound care.

The RWCP was constructed using synthetic soft tissue simulants
molded in a custom-designed gypsum-silicone casting assembly. The
outer shell was constructed from solid gypsum, to provide structural
support and stability during and after molding. The inner mold, which
was specifically designed to accommodate embedded anatomical
structures such as the simulated lungs and the incision module, was cast
in silicone to ensure flexibility and anatomical fidelity in the soft tissue
regions (Dragon Skin FX, Smooth-On, Macungie, PA, USA). The phan-
tom creation included a removable 3D-printed incision structure (15 cm
in length and 3 cm in depth) with irrigation channels, and lung cavity
containers (Fig. 2a). The irrigation channels remain embedded in the
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Fig. 1. Schematic diagram of the robotic wound care patient (RWCP) system design: (a) Frontal (left frame) and lateral (right frame) views, indicating the location of
the surgical incision and configuration of the embedded, perforated irrigation tubing, which is connected to a multi-channel electromechanical syringe pump system
for controlled simulated wound fluid delivery. (b) The mechanism facilitating simulation of respiratory movements in the RWCP, including the simulated lungs,

inflated by means of a pump with its microcontroller system.

unit, whereas the incision structure and cavity containers are removable
(Fig. 2b). The phantom consisted of three stratified layers mimicking
abdominal soft tissue, fabricated using Dragon Skin FX silicone: a 2 mm-
thick skin simulant layer, a 16 mm-thick adipose simulant layer incor-
porating a Slacker (Smooth-On, Macungie, PA, USA) additive to reduce
hardness and mimic subdermal adipose tissue, and a base skeletal
muscle simulant layer. According to the technical datasheets, and
following the relevant testing standard ASTM D412-0616, the tensile
strength and tangent modulus (at 100% strain) of the Dragon Skin 20

silicone material are approximately 3.8 MPa and 340 kPa, respectively.
These silicone properties fall within reported ranges for macroscopic
large-strain behavior of skin and muscle tissues [57-63]. The adipose
simulant layer formulation with Slacker reduces these mechanical
properties by an order of magnitude to mimic the softer nature of adi-
pose tissue, which agrees with our reported stiffness measurements of
native, freshly harvested adipose tissue [64] and is also in line with our
previously published wound care robot designs [54].

After curing of the soft-tissue simulant materials, the balloon
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Fig. 2. The robotic wound care patient (RWCP) laboratory apparatus: (a) The RWCP includes a three-layer soft tissue simulant, with skin, adipose and skeletal
muscle being represented, and an incision wound, embedded with irrigation tubing for release of simulated wound fluid. (b) The casting mold and modular com-
ponents used for RWCP fabrication, including the removable 3D-printed incision structure and the lung cavity containers. The irrigation channels remain embedded
in the unit, whereas the balloon reservoirs and cavity containers used for simulating the breathing movements are insertable and removable.

reservoirs and incision module were integrated to represent breathing
dynamics and wound morphology, respectively. The system was further
connected with the embedded irrigation tubing to a multi-channel
electromechanical syringe pump (NE-1600, New Era Pump Systems
Inc., Farmingdale, NY, USA) for accurate flow rate control of fluid
delivery.

To simulate physiological respiration, including chest movements
and intra-abdominal pressure variations, two 12 V DC air pumps (D2028
pump, SparkFun Electronics, Niwot, CO, USA) were used to inflate the
internal balloons rhythmically, at a resting respiratory rate of 12-16
breaths/min. The entire system was controlled by an Arduino UNO R3
(Arduino AG, Somerville, MA, USA) microcontroller with feedback from
a digital pressure sensor (XGZP6847A, CFSensor, Wuhu, China), moni-
tored via LabVIEW software (2023Q3, National Instruments, Austin, TX,
USA; URL: https://www.ni.com/labview) (Fig. 1b).

2.2. The simulated wound fluid and surgical site infection

The bacterial model used in this study was based on Lactobacillus
delbrueckii subsp. bulgaricus (ATCC 11842), a non-pathogenic surrogate
strain with morphological and physical characteristics comparable to
common SSI pathogens. The SWF was prepared by culturing the bacteria
in a Lactobacillus bulgaricus agar medium (17154, Sigma-Aldrich, St.
Louis, MO, USA). The experimental design included two SWF conditions
representing different wound environments, to demonstrate the
discriminative power of the RWCP: low pH (acidic) and high pH (buff-
ered). For the low pH condition, the medium was prepared using agar at
7.6% (w/v) in distilled water, resulting in an initially acidic SWF pH of
5.8. For the high pH condition, 8% (v/v) acetate buffer (11.36% Sodium
acetate, 0.99% Acetic acid; Sigma-Aldrich, St. Louis, MO, USA) was
added to the medium, resulting in an initial slightly acidic SWF pH of
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6.8. The total final volume of the SWF was 250 mL in both conditions.
Given the relatively small buffer fraction, this dilution was not expected
to substantially affect the bulk rheological properties of the SWF. Bac-
teria were cultured in the SWF at 37 °C for 48 h under gentle shaking.
Then, the bacteria-containing SWF was subsequently maintained at 32-
33 °C during experimental delivery. All preparation and delivery pa-
rameters (culture conditions, temperature, and syringe-pump flow rate)
were identical across conditions, and three independent replicates were
performed per condition, enabling a controlled comparison of pH-

Infrared
heater
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dependent effects.

2.3. Experimental protocol

Each experiment involved incision closure using a zipper-based
wound-closure device (Senvok Medical, Lewes, DE, United States) fol-
lowed by placement of a commercially available, widely used and
market-leading wound dressing (ALLEVYN Gentle Border, 10 x 20 cm,
Smith + Nephew, Hull, United Kingdom) over the incision wound

Fig. 3. The experimental setup for surgical site infection studies using a simulant wound fluid (SWF) containing live Lactobacillus delbrueckii subsp. bulgaricus: (a)
Commercial zippers are used for primary closure, which is followed by application of a dressing to simulate clinical treatment of the incision wound. (b) The SWF
with cultured live bacteria is delivered using a syringe pump. A thermometer for real-time temperature monitoring is included. (c) The temperature of the wound
region is maintained at 32-33 °C using an external infrared heater, and is monitored throughout the experiment. (d) Multiple dressing samples are collected at
experiment end-points for subsequent scanning electron microscopy studies including bacterial visualization and counting.
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(Fig. 3a). Following SWF preloading and application of the dressing, the
syringe pump was set to deliver the SWF at a rate of 0.23 mL/h, corre-
sponding to a total delivered volume of 5.52 mL over 24 h (Fig. 3b). This
flow rate is in agreement with our previously published robotic wound
simulation studies using continuous low exudate flow conditions, and is
clinically relevant as detailed in our published work [55]. The surface
temperature of the wound and peri-wound region was monitored with a
thermometer and maintained at 32-33 °C using an infrared heating lamp
(Fig. 3b and c). After each experiment, the dressing was gently removed
and allowed to dry for 24 h with the inner surface facing upward. Then,
the dressing was cut into 1 x 3 cm samples for SEM imaging and further
analysis, as follows.

2.4. Scanning electron microscopy and image processing

The dressing samples were coated with gold-palladium for 45 s, then
mounted and examined under the SEM (Quanta 200F, FEI, Hillsboro,
OR, USA) with settings of high vacuum, high voltage (5.0 kV), and
magnification of x7000. For each dressing (i.e., each independent
experiment), at least 4 regions were imaged with at least 5 images per
region (>20 images per replicate). With three independent replicates
per condition, this yielded >60 SEM images per pH condition (Fig. 3d).
The SEM images were saved in TIFF format for further processing.
Specifically, bacterial quantification on the used dressing samples was
conducted using a combination of deep-learning segmentation and
image analysis in FLJI (Fiji Is Just ImageJ, distribution version 2.16.0,
URL: https://fiji.sc) which builds on ImageJ software for processing and
analyzing scientific images (version 1.54p, URL: https://imagej.net/).
Custom Python scripts were developed and used for software integration
and bacterial parameter extraction. A custom-trained implementation of
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the Cellpose image segmentation algorithm [65], a deep learning-based
tool, was adapted to recognize the specific morphology of Lactobacillus
delbrueckii subsp. bulgaricus in the SEM images. First, a Cellpose deep
learning model was trained on manually segmented SEM images to
detect bacterial objects with high accuracy. The trained model was then
applied in batch mode to segment all the remaining SEM images,
generating pixel-wise segmentation masks and visual boundary anno-
tations. False positive or false negative detections were corrected
manually. The mask images were saved as PNG files and served as the
basis for subsequent morphological and topological analyses. Repre-
sentative examples of original SEM images versus Cellpose-processed
images are shown in Fig. 4a and b (methodological details are pro-
vided in the Appendix).

2.5. Outcome measures and statistical analysis

To derive morphological parameters quantifying the bacterial
contamination in the simulated incision wound, a custom macro script
written in the ImageJ macro language was executed using FLJI. This
macro performed high-throughput batch analysis on the Cellpose-
generated mask images. Specifically, for each image, the script first
applied a fixed intensity threshold, then converted the result to binary
(Fig. 4c), and next used the “Analyze particles” function to extract the
total number of bacterial objects, their area coverage as a percentage of
the image, their circularity, roundness and aspect ratio. This process was
performed automatically over entire image file directories, facilitating
reproducibility and consistency across samples. In parallel, another
custom Python script was developed to extract additional topological
features from the same mask images, which was also designed for batch
analyses. For each bacterium (area >10 pixels), the principal orientation

Python chain detection

"
§~'@ 1 (3 cells)

Fig. 4. Representative image processing pipeline of post-experimental dressing sample. (a) Original SEM image of Lactobacillus delbrueckii subsp. bulgaricus on
dressing sample sputter-coated with gold-palladium, imaged at 5.0 kV under high vacuum conditions with a magnification of x7000. (b) Cellpose deep learning
segmentation of bacterial objects. (c) FIJI macro-generated binary mask used for morphological parameter extraction. (d) Representative output of the Python script
showing a single detected bacterial chain (subset of a full image). The computational workflow and validation process are detailed in the Appendix.
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of the microorganism was estimated via principal component analysis
(PCA) with orientation normalized to 0-180°. Contours of the bacteria
were extracted, and two ‘tips’ were defined for each identified bacte-
rium as the extremal projections along the principal axis. Candidate
neighboring bacteria were then screened with geometric and orienta-
tional criteria: components were linked when either: (i) the tip-to-tip
distance was <20 pixels with inter-orientation difference <45°, and
the inter-bacterial axis aligned with both principal axes (cos>0.4), or:
(ii) the minimum contour-to-contour contact satisfied an edge-contact
test enforcing axial alignment and limited lateral offset relative to the
principal axis of each bacterium. A mutual best-match rule enforced
only one matching neighbor per tip of a bacterium, preventing multiple
bacteria linking through the same pole for the purpose of these analyses.
The accepted links formed an undirected graph; ‘chains’ were then
defined as connected components with no less than 3 contacting bac-
teria. For each image, the script outputted the number of chains, the
mean and standard deviation (SD) of bacteria per chain, the total
number of bacteria analyzed, and an annotated image showing the serial
identification numbers of bacteria assigned by the code, the orientation
of each bacterium in the image, and a chain coloring. Images were
excluded from the final analyses, based on a Z-score retaining > 95% of
the images. A representative chain detection is shown in Fig. 4d (see the
Appendix for algorithm details).

Image-level measurements were first averaged within each inde-
pendent experiment (replicate), and statistical comparisons were per-
formed on replicate-level means (n = 3 per condition). Descriptive
statistics (mean + SD) were calculated for number of bacteria, their
percentage area coverage with respect to the image area, their circu-
larity, roundness, aspect ratio, number of bacterial chains, and number
of bacteria per chain. To identify potential statistically significant dif-
ferences in the above outcome measures between the two pH conditions,
independent two-sample, two-tailed Welch's t-tests were conducted for
each metric, and a p-value lower than 0.05 was considered statistically
significant. Data were organized and analyzed in Microsoft Excel
(Microsoft Corporation, Redmond, WA, USA) and graphed using
GraphPad Prism (version 8.4.2, GraphPad Software, San Diego, CA,
USA).

These combined workflows facilitated automated, accurate and
comprehensive quantification of bacterial colonization, their
morphology, and spatial organization. The resulting metrics were then
used for quantitative comparative analysis across the two experimental
groups, i.e., low-versus high pH at the simulated wound site.

3. Results

We found ~45% significantly more bacteria on the dressing when
the pH was low, however, the percentage of area covered by the bacteria
did not differ significantly between the groups, indicating morpholog-
ical changes which were confirmed through significant differences in the
circularity, aspect ratio, and roundness outcome measures (Table 1 and
Figs. 5 and 6). Specifically, under low, acidic pH conditions, the bacteria
became less circular (circularity and roundness |; aspect ratio 1),
collectively indicating elongation of the bacterium in an acidic envi-
ronment (Table 1 and Figs. 5 and 6). All values represent mean + SD
across three independent experiments per condition (n = 3). Further
topological analysis of the chain structures formed by the bacteria
revealed nearly fourfold more chains and 1.4-times larger chain as-
semblies under low pH conditions (p < 0.02), indicating that the acidic
conditions support cooperative bacterial aggregation into structured
chains. Notably, these chain formation trends aligned with the
morphological elongation of the individual bacterium, suggesting that
the unit elongation facilitates closer packing and stable associations
between neighboring bacteria (Table 1 and Figs. 5 and 6).
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Table 1

The outcome measures under high and low pH conditions. Values are presented
as mean + standard deviation across independent experiments (n = 3 per con-
dition). Each experiment contributed >20 SEM images, which were averaged to

obtain a single replicate-level value. 1 = increase; | = decrease; — = no trend.
Outcome High, slightly Low, acidicpH  p- Trend of
measure acidic pH (6.8) (5.8) value change for an
acidic pH
Number of 20.8 + 0.5 30.1 £ 2.7 0.02 t
bacteria®
Area coverage 3.76 £ 0.17 3.63 £ 0.30 0.55 -
[%]
Circularity 0.57 £ 0.01 0.46 + 0.02 0.004 1
Aspect ratio 3.3+0.2 4.5+ 0.4 0.02 1
Roundness 0.34 £ 0.01 0.25 £ 0.02 0.004 |
# of chains 1.1 +£0.7 42 +0.3 0.01 1
# of bacteria 4.0 + 0.5 5.6 + 0.6 0.02 1
in a chain

2 Counted in the field of view.
4. Discussion

This study reports, for the first time, a newly developed and vali-
dated RWCP system capable of simulating pathophysiologically and
clinically relevant SSI conditions. By integrating the novel RWCP with a
pathogen simulant and automated analyses of SEM micrographs, we
established a standardized, reproducible platform that bridges preclin-
ical assays and clinical wound care research. The RWCP reproduces key
clinical features of infected laparotomy wounds, including exudate
production, incision-treatment protocols, and importantly, potential
bacterial colonization. In addition, the RWCP enabled detailed quanti-
tative assessments of bacterial morphology and spatial organization
under simulated wound conditions.

A key strength of this study is that, unlike previous robotic wound
phantoms focusing on fluid handling or pressure simulations [52,54,55],
this RWCP uniquely integrates biological infection simulation and bac-
terial growth analysis. This considerably expands the scope of
wound-robotic research toward covering microbiological aspects,
increasing its clinical relevance. Integration of microbiology and infec-
tion modeling into the RWCP was enabled by complementary, advanced
computational tools. Specifically, deep learning-based segmentation of
the bacteria using Cellpose software, FIJI morphometric analysis tool
and custom Python algorithms enabled objective, automated
high-throughput quantification of bacterial morphology and topology.

Our results showed that wound pH strongly influences bacterial
colonization and organization (Table 1, Fig. 6), with low pH inducing
elongated morphology and chain formation. These findings align with
prior observations that low pH promotes elongation and chain formation
in lactic acid bacteria [39,40], reinforcing the biological plausibility of
the RWCP results. Together, these findings confirm that the RWCP
sensitively detects microscale phenotypic and organizational adapta-
tions, highlighting its potential as a discovery, validation and efficacy
research platform for assessing environmental or therapeutic effects on
surgical wound microbiology [66]. Our pipeline defines chains via ge-
ometry- and orientation-based neighbor linking on SEM images,
enabling fully-automated morphology and topology quantification
(Table 1, Fig. 6). While prior work described chaining of lactic acid
bacteria and Streptococci only qualitatively [39,49,50], quantitative,
automatically-acquired metrics of chain length and bacteria-per-chain
had not yet been provided. To our knowledge, this is the first pipeline
to provide fully-automated detection and quantification of bacterial
chains in SEM images acquired from wound dressing specimens. The
developed metrics, integrating structural and functional image analysis,
offer a distinctive contribution to wound care related bioengineering
and computational microbiology research.

The observed morphological and topological changes likely reflect
adaptive strategies of the studied bacteria; it has been reported that
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Cellpose detection ~—-

Fig. 5. Scanning electron microscopy (SEM) images of Lactobacillus delbrueckii subsp. bulgaricus on post-experimental dressing samples under different pH condi-
tions. Dressings samples were sputter-coated with gold-palladium and imaged at 5.0 kV under high vacuum conditions with a magnification of x7000: (a)
Representative SEM image from the high pH group. (b) The same image after bacterial segmentation and quantification using the Cellpose software (deep lear-
ning-based image analysis tool). (c) Representative SEM image from the low pH group. (d) The same image after Cellpose-based analysis.

different bacteria minimize their exposed surface area under acidic or
thermal stress (which is associated with membrane integrity and protein
profile changes) for a more sustainable metabolism [36,39,40,67,68].
The RWCP nicely captured pH-dependent stress adaptations, high-
lighting its ability to detect not only static bacterial states but also po-
tential resilience trajectories. The RWCP therefore has the potential to
model complex multi-stressor environments relevant to wound compli-
cations, including surgical wounds that deteriorate to chronicity [69].

The RWCP addresses a critical gap in wound care research: The lack
of standardized, reproducible, clinically relevant preclinical models for
SSI research [22,23,28,70,71]. Traditional evaluations of wound dress-
ings, including antibacterial types, often rely on heterogeneous RCTs
which may be limited in power, patient population, clinical setting or
scope, leading to uncertain effect estimates and low-quality evidence
[20,21,72]. By providing controlled conditions and quantitative end-
points, the RWCP enables rigorous, statistically powered, and compa-
rable preclinical benchmarks, supporting evidence-based clinical
guidelines and addressing the lack of consistency in preclinical wound
care studies [73]. Beyond laboratory validation, the RWCP can inform
clinicians how antibacterial dressings perform in specific contaminated
wound environments, offering a practical bridge to patient care.
Importantly, our findings demonstrate that the RWCP detects subtle,
environment-driven shifts in bacterial behavior, essential for evaluating
not only antimicrobial efficacy but also broader impacts on wound
microbiology and healing trajectories [70,74]. The clinically relevant
RWCP may complement large RCTs, often challenging in wound care
research, thereby facilitating technological progress and ultimately,
contributing to improved SSI prevention strategies.

Despite the strengths of the RWCP, the current work has limitations.
First, while Lactobacillus delbrueckii subsp. bulgaricus is a safe surrogate
organism, it does not fully replicate the pathogenicity of clinically
relevant SSI pathogens such as Staphylococcus aureus or Escherichia coli.
Future work could incorporate clinically pathogenic strains, including
antibiotic-resistant strains (e.g., MRSA), to enhance relevance for
infection control and clinical translation [13,14]. Second, our study
focused on short-term colonization (24 h), whereas SSIs typically evolve
over days to weeks. Extending the experimental timeline, along with
incorporating immune-mimicking components (e.g., neutrophil-like
phantoms or cytokine gradients), could improve model fidelity. In
addition, although the RWCP included controlled exudate flow into the
simulated wound, the rheological properties of the SWF were not
independently characterized. With that said, the SWF was not composed
of pure water or saline, but of a nutrient-containing bacterial medium
with dissolved solutes, so it functioned as a non-water carrier fluid
rather than a purely aqueous solution [75,76]. Thus, although a minor
effect of buffer addition on viscosity cannot be excluded, any such effect
would be expected to be modest relative to the shared base medium
composition. The SWF, which supported bacterial growth under stan-
dardized low-flow conditions, was hence considered a reasonable
low-flow surrogate for exudate in this experimental context, while not
representing the full rheological range of clinical wound exudate fluids
[75-77]. Future work may therefore incorporate direct rheological
measurements of the SWF to further refine its physiological realism and
better approximate clinical wound environments. Beyond fluid proper-
ties, additional refinements may be needed to simulate other physio-
logical and clinical parameters, such as immune interactions and
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Fig. 6. Quantitative analysis of bacterial morphology and chain formation
under high and low pH conditions. Bars show mean =+ standard deviation across
independent experiments (n = 3 per condition); each data point represents the
mean of >20 SEM images from a single dressing/experiment. (a) Number of
bacteria per image. (b) Bacterial area coverage [%]. (c) Circularity. (d) Aspect
ratio. (e) Roundness. (f) Number of bacterial chains. (g) Average number of
bacteria per chain. Low pH conditions were associated with significantly higher
bacterial counts, increased aspect ratio, and more extensive chain formation
and bacteria per chain, whereas circularity and roundness were reduced. Area
coverage did not differ significantly between groups. Statistical significance was
determined using Welch's t-test, with p < 0.05 considered significant.

prophylactic antibiotic treatments. Moreover, the computational

APPENDIX

Deep-learning segmentation and topology analysis: Training and validation

Journal of Tissue Viability 35 (2026) 101006

pipeline, while robust, will require adaptation for a wider range of
bacterial species and substrate types to become broadly applicable.
Future applications may assess diverse wound-care technologies under
realistic conditions, including silver-ion, honey, iodine dressings,
single-use NPWT systems, and varied dressing protocols [78]. The
RWCP may also be expanded to simulate high-risk conditions such as
diabetic or ischemic wounds, which carry elevated SSI risk and often
respond poorly to conventional therapies [23].

To conclude, the new RWCP system represents a significant meth-
odological advancement in wound care research, providing a repro-
ducible, ethically sustainable, and clinically relevant robust platform for
studying SSIs. The demonstrated sensitivity of the RWCP underscores its
potential as a benchmark laboratory system for both experimental
validation and translational evaluation of wound care products and
treatments. Collectively, this work sets the foundation for integrating
biomechanical, microbiological, and computational data into unified
preclinical testing standards for SSI mitigation. In the longer term, the
RWCP could support industry efficacy research, as well as development
of tailored treatment algorithms where clinical decisions are informed
by quantitative, preclinically validated data on how specific wound
environments affect both the bacterial dynamics and dressing perfor-
mance. Together, these advances position the RWCP as a standardized
preclinical system for testing SSI-relevant wound care technologies and
products, streamlining such evaluations and informing evidence-based
practice.
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From the available dataset, 80 SEM images representing both experimental conditions (i.e., high and low pH) were randomly selected for model
development and evaluation. An initial training set of 50 images (corresponding to approximately 1000 to 1500 bacterial instances, Table 1) was used
for preliminary segmentation using the pretrained cyto3 model implemented in Cellpose. Predicted masks generated by this model were manually
reviewed and amended, if necessary, within the Cellpose interface, to correct false negative and false positive detections, thereby generating ground-
truth segmentation masks for supervised training. The final masks were exported as PNG-format images.
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Model training was performed using single-channel input (NChan = 1), object diameter = 30 pixels, flow threshold = 0.07, the RAdam optimizer
(learning rate = 0.001), and 300 training epochs. The dataset was partitioned into independent training (n = 50), validation (n = 15), and test (n = 15)
subsets with no overlap between the sets. No images from the validation or test subsets were used for the training or hyperparameter tuning. Training
and validation losses were monitored throughout the training process to confirm stable convergence and absence of overfitting.

Segmentation performance was evaluated on the independent test set at the object level using the Cellpose evaluation metrics, which define true
positive detections based on an intersection-over-union (IoU) threshold of 0.5. The test set comprised 15 SEM images, corresponding to approximately
300-450 individual bacterial instances evaluated at the object level. For previously unseen images, the model achieved precision of 87.1%, recall of
85.7%, and F1-score of 86.4%. Performance metrics were computed at the object level to reflect the detection accuracy across individual bacterial
instances rather than an image-level agreement. A representative comparison between manual annotation and model prediction from the test set is
shown in Figure A.1.

For the full experimental dataset, automated segmentation outputs were subsequently subjected to minor manual quality control and corrections,
to fix occasional mis-segmentations prior to downstream quantitative analysis. In parallel, a custom Python script was developed to extract additional
topological features from the same mask images and implemented for batch analysis. For each bacterium (area >10 pixels), principal orientation was
estimated using principal component analysis (PCA), with orientation normalized to 0-180°. Two terminal “tip” points were defined along the major
axis of each bacterium based on extremal projections.

Candidate neighboring bacteria were screened using geometric and orientational criteria. Two bacteria were considered connected if either: (i) the
tip-to-tip distance was <20 pixels with an inter-orientation difference <45°, and the inter-bacterial axis aligned with both principal axes (cosine
similarity >0.4), or (ii) the minimum contour-to-contour contact satisfied an edge-alignment test enforcing axial proximity and limited lateral offset
relative to the principal axis. A mutual best-match rule allowed only one neighboring bacterium per tip, preventing multiple links through the same
pole.

Threshold parameters (20 pixels for tip-to-tip distance and 45° for inter-orientation difference) were determined through structured empirical
tuning within a biologically plausible parameter space. Candidate parameter values were systematically varied while executing the full detection
pipeline to ensure stable, biologically consistent chain identification and minimize spurious neighbor linkages. Sensitivity analyses confirmed that
moderate variations around the selected values (18-22 pixels and 42-48°, respectively) did not substantially affect chain counts or bacteria-per-chain
metrics, supporting robustness of the topology criteria.

Chains were defined as connected sequences of three or more bacteria, formed through consecutive neighbor linkages. For each image, the script
quantified the number of chains and the mean number of bacteria per chain for subsequent statistical comparison between pH conditions. To further
verify analytical rigor, a representative subset of SEM images (n = 20; balanced across high and low pH conditions) was independently inspected to
define bacterial chains and number of bacteria per chain according to the same >3-bacteria criterion. Automated chain assignments were compared
with manual visual classification at the chain level, demonstrating high concordance in both chain detection and chain length estimation. A repre-
sentative example of manual classification and algorithm visualization is provided in Figure A.2.

Trained model

Original image { Outlines Flow field Model mask Manual mask

TP=39,FN=6,FP =0

Fig. A.1. Representative example of manual ground-truth annotation and automated segmentation using the trained Cellpose model. From left to right: original SEM
image, predicted outlines, predicted flow field, model-generated instance mask, and manual ground-truth mask. In this example, 45 bacteria were manually an-
notated and 39 were correctly detected (True positive = 39, False negative = 6, False positive = 0).

Manual classification Python script detection

Identical results: 5 chains, bacteria per chain = 3,8,4,8,4 (top to bottom)

Fig. A.2. Representative example of topology-based bacterial chain identification. Left frame: Automated chain assignment with each detected chain colored
separately (chains were defined as connected components containing >3 bacteria). Right frame: Full algorithm visualization including principal orientation vectors
and geometric linkage criteria. The automated detection is consistent with a manual visual classification.
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