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Abstract

Neuroimplants represent an emerging medical technology, offering new therapeutic
approaches for severe neurological and psychiatric disorders. One of the key limitations
to long-term neuroimplant performance is the foreign body response elicited by
intracortical implantation. Among the contributing cell types, astrocytes play a central
role in glial scar formation around the implant, which can compromise device functionality.
Implantation-induced astrogliosis can be assessed by quantifying immunofluorescence of
the astrogliosis marker glial fibrillary acidic protein (GFAP) in brain sections. Here, we
used a pipeline-embedded random forest classifier implemented in the LabKit plugin for
Fiji software to compare GFAP expression and astrocyte morphology in peri-implant scar
versus distant cortical areas. We report an increase in GFAP expression, cell area and
astrocytic process length as well as redistribution of GFAP signal along astrocytic processes
within scar regions. We compare multiple classifiers producing different astrocyte
segmentation outcomes and describe a procedure for generating a robust set of classifiers
applicable to samples from repeated and independent experiments. Our results highlight
the potential of artificial intelligence-assisted image analysis for automated and
quantitative assessment of implantation-induced cellular and tissue responses.

Keywords: brain-computer interface, neuroinflammation, artificial intelligence, glia,
astrocyte, gliosis.

1. Introduction

Brain—computer interfaces represent a rapidly developing branch of medical
technology with the potential to transform the treatment of severe neurological and
psychiatric disorders [1,2]. Invasive interfaces, in particular, provide the spatial and
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temporal resolution required for neuroprosthetic applications and high-fidelity neural
recording [3,4]. However, implantation of cortical electrodes induces a foreign body
response (FBR) in the surrounding brain tissue, ultimately compromising device
functionality and long-term stability [5,6].

Multiple cell types contribute to the development of the FBR, including microglia,
astrocytes, oligodendrocyte progenitor cells, and vascular-associated cells [7-9].
Among these, astrocytes play a central role in the formation of the peri-implant glial
scar, which can mechanically and electrically isolate the electrode from surrounding
neurons [10]. During scar formation, astrocytes undergo astrogliosis characterized by
changes in gene expression, cytoskeletal organization, and cellular morphology [11,12].
Upregulation of glial fibrillary acidic protein (GFAP) is widely recognized as a hallmark
of reactive astrocytes in both foreign body response and diverse CNS pathologies
[13,14]. Furthermore, a limited number of studies have reported that quantitative
parameters of GFAP-stained astrocyte morphology can serve as markers of the cell
functional state and brain tissue pathology outcomes [15,16]. In contrast to purely
qualitative assessments, quantitative analysis of astrocyte morphology and GFAP
signal provides a set of measurable parameters that reflect astrocyte functional states
and tissue pathology. Therefore, quantification of the astrocytic GFAP expression
and cell morphology can be viewed as a promising readout of the severity of the FBR
caused by neuroimplantation and, more generally, for neuroimplant biocompatibility
studies.

Reliable morphometric analysis requires automated and unbiased image
processing pipelines that minimize operator-dependent variability. Machine learning—
based image segmentation has become a widely adopted strategy for biomedical
microscopy analysis over the past two decades [17,18]. Deep learning approaches
demonstrate high performance but typically require large annotated datasets and
substantial computational expertise, limiting their accessibility for routine laboratory
use [19,20]. With respect to astrocytes in brain sections, deep learning-based
segmentation tools have not yet become widely adopted although several highly
promising pioneering studies were reported [21,22].

Shallow learning approaches provide an attractive alternative for applications with
limited ground truth data. Several user-friendly implementations enable efficient cell
segmentation with minimal training data and rapid classifier generation [23,24]. In
the present study, we took advantage of the LabKit plugin for Fiji, which is based on
a random forest classifier and integrates seamlessly into reproducible image analysis
pipelines [24,25]. It has been successfully applied to segmentation of diverse
microscopy datasets including cultured cells, bacterial images, tissue sections, large
light-sheet volumes, and 3D ultrastructural datasets [24,26-28]. We demonstrate the
peri-implant scar-specific changes in astrocyte morphology, GFAP expression and
subcellular distribution. We further compare several classifiers with various astrocyte
segmentation outcomes and propose a procedure for generating robust classifiers
applicable to repetitive and independent experiments. We also provide an explicit
validation of annotation strategies for shallow learning—based astrocyte segmentation.

2. Results

We first asked whether the recently developed advanced algorithm for the shallow
learning-based image segmentation LabKit [24] can be used for segmentation of GFAP-
stained astrocytes in histological sections of mouse brain with the implantation-induced
scarring. At the 2 month time point after implantation cortical sections exhibited
pronounced GFAP-positive scars at the implantation sites (Fig. 1A-D). The GFAP-positive
astrocytes were tightly packed within the scar (Fig. 1C-D). In addition to that, some sparse
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GFAP-positive astrocytes could be observed in the cortex areas away from the implantation
sites.
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Figure 1. Astrogliosis within foreign body response to neuroimplantation. (a)
Schematic representation of cortical electrode implantation. (b) Scar-resident (violet) and
non-resident (green) astrocytes in a mouse brain section. (¢) GFAP-positive astrocytes
within the glial scar at the implantation site. (d) An enlarged region of interest
corresponding to the yellow rectangle in C. (e) A single astrocyte, shown in a white
rectangle in D. (e-i) Selection of an optimal square size for single cell image analysis.
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Figure 2. Training and comparison of Labkit classifiers in Fiji software. (a) Original
cell images used for shallow learning. (b) Foreground (red) and background (blue)
selection for shallow learning. (c) Originalimages for testing the classifiers. (d-f) Masksby
classifiers 1-3, respectively. (g) Object size threshold-filtered masks for classifier 3. (h)
Single cell intensity-area scatter plot for 10 cells, classifiers 1-3. (i) Classifier 1 produces
systematically higher mean GFAP fluorescence intensity results as compared to classifier
2. Data shown for the same 10 cells as in H. (j) Classifier 1 produces systematically lower
GFAP-positive cell area results as compared to classifier 2.

We then used the semi-automatic procedure for single cell perineuronal net analysis
[29] and adjusted it for picking single astrocytes in squares of desired size (Fig. 1E-I).
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2.1 Creation of classifiers. We created a few LabKit classifiers on astrocytes within
and away from the peri-implantation cites (Fig. 2 A-B) to check how robustly the algorithm
would perform on cells of various size, shape and GFAP intensity levels (Fig. 2 C-G). One
crucial advantage of the LabKit shallow learning method is that it takes a skilled human
researcher less than a minute to create a single classifier that can be then tested on many
astrocytes. The classifiers 1 and 2 segmented mostly large GFAP-positive objects
corresponding to the astrocytic cells with few or no small peripheral fragments (Fig. 2 C-
E). By contrast, classifier 3 segmented large numbers of small objects in the analyzed area
(Fig. 2 C, F). We performed extensive trials to find an optimal object thershold size to filter
away many small noisy fragments without compromising the main tree of astrocyte
processes (Fig. 2G).

2.2 Fiji pipelines with embedded machine learning. The Labkit plugin was designed
with implicit capacity for integration in Fiji pipelines and automated processing of big
data [24]. To build on those features we assembled two pipelines for semi-automatic and
automated processing of the brain section confocal images (Fig. 3). The pipeline 1 (Fig. 3
A) works on raw microscopy images. It starts by manual selection of a cell (region of
interest, ROI) center with the PointPicker tool followed by manual selection of the ROI
size (Fig. 1 E-I). Multiple cells (ROIs) can be selected within a single pipeline run. The
astrocyte-containing ROI is then segmented with a pre-defined Labkit classifier, the
resulting mask is filtered for the object size and the minimum operation is applied between
the raw ROI and the filtered mask. The cell mean intensity, area, perimeter, area-to-
perimeter ratio and circularity (isoperimetric) are written to the output files for further
analysis. The set of the quantified parameters can be easily expanded as needed. The
pipeline 2 (Fig. 3 B) works on a pre-selected set of ROIs, performs Labkit-based
segmentation with subsequent intensity and morphometry analysis in the same way as in
the pipeline 1. On average, this approach improves the speed of the image analysis by 5.2
times and reduces profoundly the number of manual operations for the whole
procedure.

2.3 Testing the classifiers. The results of astrocyte segmentation performed by those
classifiers exhibited consistently higher cell areas and lower mean GFAP intensities for
some classifiers as compared to others (Fig. 2 H-J). This result suggests that LabKit
classifiers can be created specifically either for the brightest GFAP cytoskeleton area (the
cell “core”) or for larger and dimmer areas reflecting more closely the astrocyte area in 2D
images and the astrocyte volume in 3D.

Figure 3. Testing Labkit classifiers on repeated and independent experiments. (a)
Original images for 3 astrocytes. (b-d) Applying classifiers 1-3 (shown in Fig.2) to
astrocytes from another mouse reveals systematic failure of cell border segmentation. (e)
Object size threshold-filtered masks for classifier 3.
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Figure 4. Comparison and selection of Labkit classifiers. (a) Five additional classifiers
(number 4-8) were trained and tested with different patterns of the foreground (red) and
background (blue)selection.(b) Comparison of segmentationresultsshowed thatclassifiers
4, 6, 8 systematically performed more successfully as compared to classifiers 5 and 7 on
images from repeated and independent experiments.

Efficient and standardized image processing implies that data from repetitive
independent experiments are subjected to exactly the same image analysis procedure.
Therefore, it would be crucial that we develop LabKit classifiers equally applicable to
astrocyte images from independent experiments. Testing the classifiers 1-3 on confocal
images from different mice (3 independent experiments) revealed that some cells were not
segmented correctly (Fig. 3). More specifically, classifiers 1 and 2 produced very blurred
segmentation masks (Fig. 3A-C), while classifier 3 segmented almost the entire analyzed
image as an uninterrupted syncytium of processes (Fig. 3 A, D, E) that does not reflect the
true astrocyte morphology previously described by various independent techniques in
glial scars [12,30].

2.4 Selection of the classifiers. To overcome the limited applicability of the LabKit
shallow learning approach to repetitive and independent experiments we developed an
extended panel of the LabKit classifiers producing different astrocyte segmentation results
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(Fig. 4). Altogether, we tested 100 cells from 4 mice (6 brain sections, 4 independent
experiments) processed with 8 different classifiers. Those extensive trials allowed us to
select 3 classifiers (number 4, 6 and 8), robustly and consistently performing astrocyte
segmentation in microscopy data from independent experiments.

2.5 Training rules for successful classifiers. Careful comparison of the foreground
and background sampling (the red and blue lines in Figs 2, 4) made it possible to suggest
some “rules of thumb” for the best classifier creation: 1) the classifiers 4, 6 and 8 were
made on cells from outside the scars; 2) the foreground line was traced through the cell
body and the longest process of an astrocyte; 3) the foreground line contained both bright
and dim pixels; 4) the foreground and the background lines were traced along and next
to each other. To further validate this set of rules we created 6 additional classifiers — 3
classifiers following the rules and 3 classifiers trained against the rules. Table 1 presents
the percentage of successful segmentation outcomes for those 6 classifiers tested with a
dataset of 20 astrocytes from 4 mice. The classifiers following the rules demonstrate
consistently higher success rates as compared to the classifiers trained against the rules.

Table 1. Segmentation performance of rule-violating and rule-compliant classifiers.

Rule-Violating Classifiers Rule-Compliant Classifiers

RV-1 RV-2 RV-3 RC-1 RC-2 RC-3

Analyzed cells 20 20 20 20 20 20
Successful segmentation 8 2 0 17 17 18
Success rate (%) 40 10 0 85 85 90

2.6 GFAP expression and astrocyte morphology as quantitative markers of the
foreign body response. After selecting the best classifiers we asked whether the LabKit-
assisted segmentation results can reveal specific quantitative difference in the GFAP
expression between the scars and distant astrocytes outside the scars. The magnitude of
standardized effects was interpreted using conventional benchmarks (small = 0.2,
medium =~ 0.5, large = 0.8) originally proposed by Cohen (1988) and discussed for
paired designs in Lakens [45],. Across all three classifiers, soma-level morphometric
parameters consistently indicated astrocyte hypertrophy in scar regions.

GFAP intensity was increased in scar tissue in all classifiers, with mean paired
differences ranging from 22.35 to 30.5 and bootstrap 95% confidence intervals consistently
excluding zero. Standardized effect sizes were large to very large (Cohen’s dz ranging
from 2.61 to 8.97), indicating a robust elevation of GFAP signal across animals (Fig. 5A).

Soma area was likewise elevated in scar regions, with mean paired differences ranging
from 137.5 to 223.2 um? and bootstrap confidence intervals consistently above zero. Effect
sizes were large across classifiers (dz = 1.02-1.51), supporting pronounced astrocyte
hypertrophy (Fig. 5B).

Soma perimeter showed a similar pattern, with mean paired differences between
112.6 and 210 um and large standardized effect sizes (dz = 0.849-1.09), consistent with
expansion of astrocytic cell contours (Fig. 5C).

The area-to-perimeter ratio was increased in scar regions in all classifiers (mean paired
differences 0.0639-0.1373), with large to very large effect sizes (dz = 2.67-7.45), indicating
systematic alteration of astrocyte geometry (Fig. 5D).

The isoperimetric index, in contrast, showed a modest decrease in scar regions (mean
paired differences -0.015 to —0.024). While effect sizes were moderate in magnitude (dz =
-0.60 t0-0.88), confidence intervals indicated greater variability across classifiers compared
to other parameters (Fig. 5E).

Taken together, the three independent classifiers demonstrated strong gross
consistency in detecting astrocyte hypertrophy and geometric remodeling in scar regions,
despite moderate quantitative variation in specific shape descriptors.

2.7 GFAP expression in the astrocytic processes. Astrocyte processes are a crucial
cellular compartment performing highly important physiological functions within the
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blood-brain barrier [31], regulation of synaptic transduction and plasticity [32] and the
"palicade” formation with the glial scars [12]. Being a cytoskeleton component GFAP is
expected to bear a structural function and to hold a role in shaping the astrocyte process
tree. Therefore, GFAP expression in astrocytic processes may be considered as a promising
distinct marker of the astrocyte functional state [30]. We first assessed what part of the
whole process tree is grasped by the Labkit masks. By comparing total process length in
the Labkit masks versus raw images from a random data subset we estimate that Labkit
reveals 83% of all processes on average (Fig.6 A-C).
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Figure. 5. Comparison of GFAP intensity and morphometry parameters for scar-
resident versus non-resident astrocytes. (a) GFAP intensity. (b) Cell area. (c) Cell
perimeter. (d) Area-to-perimeterratio. (e) Cell circularity (isoperimetric). Data are shown
for three classifiers (Nos. 4, 6, and 8) applied to 100 cells from four independent experiments.
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Figure 6. GFAP upregulation and redistribution in the processes of the scar-resident
astrocytes based on Labkit-assisted segmentation. (a). Originalimages for 2 astrocytes. (b)
Masks by the classifier 4. (c) Result of the Fiji Image Calculator “minimum intensity”
operationapplied toimages (a) and (b). (d) Astrocyteswithtraced processes. (e-h) GFAP
intensity redistribution upon scarring. (i) Process length measurements. (j) Number of
processes measurements. Data are shown for classifier 4 applied to 100 cells from four
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independent experiments.

We then used the LabKit-assisted segmentation results to measure GFAP expression
specifically in the astrocytic processes. At the level of astrocytic processes, classifier 4

Non-scar Scar

revealed consistent alterations in scar regions.
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Whole-process GFAP intensity (all pixels) was markedly increased in scar tissue
(mean paired difference = 37.08; bootstrap 95% CI: 34.94-41.17). The standardized effect
size was very large (Cohen’s dz = 9.1; bootstrap 95% CI: 8.24-749), indicating a highly
consistent elevation of signal along astrocytic processes (Fig. 6E).

When spatial compartments were analyzed separately, both distal and proximal
portions exhibited increased intensity. Distal process intensity increased with a mean
paired difference of 19.61 (bootstrap 95% CI: 9.864-25.82), corresponding to a large effect
size (dz = 1.93; bootstrap 95% CI: 0.929-744) (Fig. 6F). Proximal process intensity showed
an even larger increase (mean paired difference = 58.7; bootstrap 95% CI: 46.45-72.7), with
a very large standardized effect size (dz = 3.58; bootstrap 95% CI: 2.76-10.3) (Fig. 6G).

Consistent with this asymmetric increase, the distal-to-proximal intensity ratio was
reduced in scar regions (mean paired difference = -0.1116; bootstrap 95% CI: -0.236 to
—0.0139). The effect size was moderate to large (dz = -0.808; bootstrap 95% CI: -2.07 to
—0.55), indicating relative proximal enrichment of GFAP signal (Fig. 6H).

Regarding structural parameters, mean process length was increased in scar regions
(mean paired difference = 42.66; bootstrap 95% CI: 1.2-91.86), with a large standardized
effect size (dz = 0.812; bootstrap 95% CI: 0.044—4.07) (Fig. 6I). The number of processes also
tended to increase (mean paired difference =2.5; bootstrap 95% CI: 0-5), with a large effect
size (dz = 0.866; bootstrap 95% CI: 0-4.5), although confidence intervals indicated greater
variability (Fig. 6]).

Taken together, process-level analysis demonstrated robust increases in GFAP signal
intensity and process elaboration in scar regions, accompanied by relative proximal
enrichment of cytoskeletal signal.

3. Discussion

Foreign body response remains a major factor limiting the long-term performance of
intracortical neuroimplants [4,33]. Astrocytes are key contributors to this response
through formation of a dense glial scar that alters tissue mechanics, electrical properties,
and neuron-electrode coupling [5,6]. In the present study, we demonstrate that shallow
machine learning-assisted segmentation of GFAP immunofluorescence images provides
a practical and quantitative approach for assessing implantation-induced astrogliosis at
both whole-cell and process levels. Beyond its specific application to neuroimplantation,
the workflow described here may also be useful for quantitative analysis of astrocyte
morphology across diverse neuropathological contexts.

Astrogliosis represents a dynamic and graded response. Early stages involve reversible
GFAP upregulation and moderate morphological changes, whereas more severe injury
can lead to persistent structural remodeling and scar formation [11,13,34]. The increased
GFAP expression and morphological differences between scar-resident and distant
astrocytes observed in this study are therefore consistent with distinct stages of astrocyte
activation.

A key finding of our work is that LabKit-based random forest classifiers can reliably
segment GFAP-positive astrocytes in confocal images of tissue samples without the need
for extensive training datasets. This accessibility is particularly important because GFAP
immunostaining remains one of the most widely used approaches for evaluating
neuroinflammation in a broad range of brain pathologies and neuroimplant
biocompatibility. In contrast to deep learning approaches, which require large, carefully
curated ground truth datasets and substantial computational expertise, the shallow
learning framework implemented in LabKit offers a favorable balance between
performance, accessibility, and reproducibility. Classifier training can be performed
rapidly by a skilled researcher, making the approach well suited for iterative exploratory
analysis and routine laboratory workflows.
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Our systematic comparison of multiple classifiers revealed that segmentation
outcomes strongly depend on the foreground and background sampling strategy used
during training. Some classifiers preferentially captured only the brightest GFAP-
positive structures corresponding to the astrocytic “core,” whereas others included
extended and dimmer process networks. This variability indicates that different
classifiers capture distinct subsets of morphological features within the same cell image
dataset, suggesting that classifier design can be tuned to emphasize specific biological
aspects of cell morphology. Importantly, by testing classifiers across independent
experiments and animals, we identified a subset of classifiers that performed robustly
despite inherent variability between experiments. From this analysis, we derived
practical “rules of thumb” for classifier generation, including training on astrocytes
outside the scar, sampling both bright and dim GFAP regions, and closely juxtaposing
foreground and background annotations. Importantly, these guidelines were
subsequently validated by generating additional rule-compliant and rule-violating
classifiers, demonstrating that classifiers trained according to the proposed annotation
strategy consistently achieved higher segmentation success rates. This result indicates
that, in shallow learning-based segmentation workflows, the design of the annotation
strategy plays a critical role in determining classifier performance. To our knowledge,
systematic validation of annotation strategies for shallow learning—based astrocyte
segmentation has rarely been addressed explicitly. The resulting training guidelines
may therefore facilitate reproducible astrocyte analysis in future studies.

Using the selected robust classifiers, we detected increased GFAP expression in scar-
resident astrocytes (Fig. 5). This observation is consistent with multiple qualitative and
semi-quantitative reports describing GFAP upregulation as a hallmark of reactive
astrogliosis in foreign body response and other CNS injuries [35-37]. Importantly, our
approach moves beyond binary or region-based assessments of GFAP intensity and
instead enables single-cell-resolved quantitative analysis. Such cell-level resolution is
essential for dissecting the heterogeneity of astrocyte responses within and around the
glial scar.

Morphometric analysis revealed concordant enlargement of astrocytes in scar regions,
including increased cell area and perimeter together with elongation of GFAP-positive
processes. These findings are consistent with classical descriptions of reactive astrocyte
hypertrophy involving both soma expansion and remodeling of the process arbor
[30,31]. While GFAP labeling reflects the cytoskeletal domain rather than the full
astrocyte volume, the coordinated increase in soma size and total process length
observed here provides a quantitative account of cytoskeletal reorganization
accompanying astrocyte activation.

Notably, the circularity shape descriptor exhibited greater variability across classifiers
than size-related metrics. This observation indicates that parameters reflecting boundary
geometry are more sensitive to segmentation differences and should therefore be
interpreted cautiously. At the same time, such variability may help distinguish robust
hypertrophic changes from features that depend more strongly on segmentation
assumptions.

A particularly novel aspect of this study is the analysis of GFAP expression within
astrocytic processes. Astrocyte processes form the primary interface with synapses,
vasculature, and other glial elements and contribute critically to synaptic regulation,
blood-brain barrier function, and scar organization [31,32]. Notably, the relative
distribution of GFAP signal within astrocytic processes appeared shifted toward
proximal compartments in scar regions, as indicated by a reduced distal-to-proximal
intensity ratio (Fig. 6). To our knowledge, this quantitative pattern has not been
explicitly assessed before; however, it is consistent with previously reported qualitative
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descriptions of cytoskeletal remodeling and proximal enrichment of intermediate
filaments in reactive astrocytes [30,38]. The observed decrease in the distal-to-proximal
ratio may reflect increased local mechanical rigidity, redistribution of intermediate
filaments toward sites of mechanical load, or formation of a structural “support core”
around the implant accompanied by loss of thin distal processes [39,40]. These findings
may be particularly relevant for understanding how astrocytes mechanically and
biochemically contribute to electrode encapsulation.

The approach described here complements existing high-resolution 3D astrocyte
reconstruction techniques, which provide exquisite morphological detail but are labor-
intensive, low-throughput, and often rely on transgenic or viral labeling strategies. A
recent study by Faust and coauthors implemented Labkit for that kind of high-
resolution astrocyte imaging data analysis [41]. By contrast, our method is applicable to
conventional GFAP immunostaining and low-resolution imaging, allowing rapid
analysis of large numbers of cells and samples. This trade-off favors scalability and
translational relevance, especially in studies aiming to compare implant materials,
surface modifications, or pharmacological interventions across experimental cohorts.

Several limitations should be considered. GFAP labels only a subset of astrocytic
cytoskeletal structures and does not capture the full extent of fine perisynaptic
processes. Therefore the metrics reported here may be relevant for quantification of the
implant-induced scarring but not for addressing accurately the whole cell morphology.
Second, the number of analyzed cells was constrained by the density of GFAP-positive
astrocytes outside the scar and by the availability of well-defined scar regions.
Nevertheless, the methodological framework described here is readily scalable and
could be applied to hundreds or thousands of cells in future studies. Finally, while we
focused on GFAP as a canonical marker of astrogliosis, the same workflow could be
extended to other astrocytic markers or combined with multiplexed imaging
approaches.

In summary, shallow machine learning—assisted image analysis provides a reproducible
and accessible framework for quantitative assessment of astrocyte responses to
neuroimplantation. By enabling consistent single-cell and subcellular measurements
across experiments, this approach supports high-throughput evaluation of foreign body
response and has the potential to facilitate the development of strategies to improve
neuroimplant biocompatibility. The combination of shallow-learning segmentation and
explicit annotation rules may help standardize astrocyte morphometry in studies of
neuroinflammation and neuroimplant biocompatibility.

4. Materials and Methods

4.1 Animals. All animal protocols and experimental procedures were performed in
accordance with the requirements of Directive 2010/63/EC of the European Union and
Order of the Ministry of Health of Russia of 19 June 2003 No. 267 and were approved by
the Commission on Biological Safety and Bioethics of ITEB RAS (Pushchino, No. 40/2023
dated February 15, 2023).

4.2 Electrode implantation. Stereotaxic procedures were performed under general
isoflurane anesthesia (1-4%). Nichrome electrodes (50 pm in diameter) were implanted
into the primary visual cortex (V1) at the following coordinates: AP 2.8 mm, ML 2.5 mm,
DV 0.5 mm.

4.3 Immunohistochemistry. Five weeks after the beginning of the experiment,
animals were deeply anesthetized and transcardially perfused with 4% paraformaldehyde
in 0.1 M phosphate buffer (pH 7.4). The brains were removed and post-fixed in the same
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fixative for storage. Coronal sections (35 pum thick) were cut using a Leica VT1200 S
vibratome (Leica, Germany).

Brain sections were double stained for GFAP (anti-chicken ab4674, Abcam, USA) and
perineuronal nets (Wisteria floribunda agglutinin, Vector Laboratories, USA). Staining
was performed on free-floating sections. All incubation steps were carried out in 24-well
plates. Following sectioning, samples were washed three times in phosphate-buffered
saline containing 0.5% Triton X-100 (PBS-T; pH 7.4). Sections were then treated for 1 hour
with a blocking solution of 1% bovine serum albumin (BSA; Sigma, USA) in PBS-T.
Endogenous biotin was blocked using a Streptavidin/Biotin Blocking Kit (Vector
Laboratories, USA) according to the manufacturer’s protocol. Subsequently, sections were
incubated overnight at 4°C with primary reagents diluted in 10 mM HEPES in PBS (pH
7.4): biotinylated WFA (1:500) and anti-chicken GFAP (1:500). After incubation, samples
were washed three times for 5 min each with PBS-T. Sections were then incubated for 30
min with AlexaFluor 633-conjugated streptavidin (Invitrogen; dilution 1:100), followed by
three 5-minute washes with PBS-T. That was followed by a 2-hour incubation with goat
anti-chicken secondary antibody conjugated to AlexaFluor 488 (A11039; dilution 1:500).
Finally, sections were washed three times for 5 minutes each with PBS-T, mounted on
glass slides, air-dried, and coverslipped.

4.4 Microscopy. The sections were imaged with laser confocal microscope Leica TCS
SP5 (Leica, Germany). Observations were performed using oil immersion lens HC X PL
APO CS 20%/0.70 IMM UV (Leica Microsystems, Wetzlar, Germany), pixel size 300 nm.

4.5Image analysis. The FIJIsoftware was used forimage analysis. Astrocyte processes
were traced with the Line tracer tool. Pixel intensity values along the traced processes
were recorded. Average intensity values were calculated for 1) the whole process, 2) the
most distal 10 pixels, 3) the most proximal 10 pixels.

4.6 Statistical analysis. Paired differences were quantified using estimation statistics,
reporting mean paired differences with bootstrap confidence intervals rather than relying
solely on null-hypothesis significance testing [42,43].

Standardized paired effect sizes (Cohen’s dz) were calculated to characterize the
magnitude of within-animal differences [44,45].
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	1. Introduction
	Brain–computer interfaces represent a rapidly developing branch of medical technology with the potential to transform the treatment of severe neurological and psychiatric disorders [1,2]. Invasive interfaces, in particular, provide the spatial and temporal resolution required for neuroprosthetic applications and high-fidelity neural recording [3,4]. However, implantation of cortical electrodes induces a foreign body response (FBR) in the surrounding brain tissue, ultimately compromising device functionality and long-term stability [5,6].
	Multiple cell types contribute to the development of the FBR, including microglia, astrocytes, oligodendrocyte progenitor cells, and vascular-associated cells [7–9]. Among these, astrocytes play a central role in the formation of the peri-implant glial scar, which can mechanically and electrically isolate the electrode from surrounding neurons [10]. During scar formation, astrocytes undergo astrogliosis characterized by changes in gene expression, cytoskeletal organization, and cellular morphology [11,12]. Upregulation of glial fibrillary acidic protein (GFAP) is widely recognized as a hallmark of reactive astrocytes in both foreign body response and diverse CNS pathologies [13,14]. Furthermore, a limited number of studies have reported that quantitative parameters of GFAP-stained astrocyte morphology can serve as markers of the cell functional state and brain tissue pathology outcomes [15,16]. In contrast to purely qualitative assessments, quantitative analysis of astrocyte morphology and GFAP signal provides a set of measurable parameters that reflect astrocyte functional states and tissue pathology. Therefore, quantification of the astrocytic GFAP expression and cell morphology can be viewed as a promising readout of the severity of the FBR caused by neuroimplantation and, more generally, for neuroimplant biocompatibility studies.
	Reliable morphometric analysis requires automated and unbiased image processing pipelines that minimize operator-dependent variability. Machine learning–based image segmentation has become a widely adopted strategy for biomedical microscopy analysis over the past two decades [17,18]. Deep learning approaches demonstrate high performance but typically require large annotated datasets and substantial computational expertise, limiting their accessibility for routine laboratory use [19,20]. With respect to astrocytes in brain sections, deep learning-based segmentation tools have not yet become widely adopted although several highly promising pioneering studies were reported [21,22].
	Shallow learning approaches provide an attractive alternative for applications with limited ground truth data. Several user-friendly implementations enable efficient cell segmentation with minimal training data and rapid classifier generation [23,24]. In the present study, we took advantage of the LabKit plugin for Fiji, which is based on a random forest classifier and integrates seamlessly into reproducible image analysis pipelines [24,25]. It has been successfully applied to segmentation of diverse microscopy datasets including cultured cells, bacterial images, tissue sections, large light-sheet volumes, and 3D ultrastructural datasets [24,26–28]. We demonstrate the peri-implant scar-specific changes in astrocyte morphology, GFAP expression and subcellular distribution. We further compare several classifiers with various astrocyte segmentation outcomes and propose a procedure for generating robust classifiers applicable to repetitive and independent experiments. We also provide an explicit validation of annotation strategies for shallow learning–based astrocyte segmentation.
	2. Results
	3. Discussion
	Foreign body response remains a major factor limiting the long-term performance of intracortical neuroimplants [4,33]. Astrocytes are key contributors to this response through formation of a dense glial scar that alters tissue mechanics, electrical properties, and neuron–electrode coupling [5,6]. In the present study, we demonstrate that shallow machine learning–assisted segmentation of GFAP immunofluorescence images provides a practical and quantitative approach for assessing implantation-induced astrogliosis at both whole-cell and process levels. Beyond its specific application to neuroimplantation, the workflow described here may also be useful for quantitative analysis of astrocyte morphology across diverse neuropathological contexts.
	Astrogliosis represents a dynamic and graded response. Early stages involve reversible GFAP upregulation and moderate morphological changes, whereas more severe injury can lead to persistent structural remodeling and scar formation [11,13,34]. The increased GFAP expression and morphological differences between scar-resident and distant astrocytes observed in this study are therefore consistent with distinct stages of astrocyte activation.
	A key finding of our work is that LabKit-based random forest classifiers can reliably segment GFAP-positive astrocytes in confocal images of tissue samples without the need for extensive training datasets. This accessibility is particularly important because GFAP immunostaining remains one of the most widely used approaches for evaluating neuroinflammation in a broad range of brain pathologies and neuroimplant biocompatibility. In contrast to deep learning approaches, which require large, carefully curated ground truth datasets and substantial computational expertise, the shallow learning framework implemented in LabKit offers a favorable balance between performance, accessibility, and reproducibility. Classifier training can be performed rapidly by a skilled researcher, making the approach well suited for iterative exploratory analysis and routine laboratory workflows.
	Our systematic comparison of multiple classifiers revealed that segmentation outcomes strongly depend on the foreground and background sampling strategy used during training. Some classifiers preferentially captured only the brightest GFAP-positive structures corresponding to the astrocytic “core,” whereas others included extended and dimmer process networks. This variability indicates that different classifiers capture distinct subsets of morphological features within the same cell image dataset, suggesting that classifier design can be tuned to emphasize specific biological aspects of cell morphology. Importantly, by testing classifiers across independent experiments and animals, we identified a subset of classifiers that performed robustly despite inherent variability between experiments. From this analysis, we derived practical “rules of thumb” for classifier generation, including training on astrocytes outside the scar, sampling both bright and dim GFAP regions, and closely juxtaposing foreground and background annotations. Importantly, these guidelines were subsequently validated by generating additional rule-compliant and rule-violating classifiers, demonstrating that classifiers trained according to the proposed annotation strategy consistently achieved higher segmentation success rates. This result indicates that, in shallow learning–based segmentation workflows, the design of the annotation strategy plays a critical role in determining classifier performance. To our knowledge, systematic validation of annotation strategies for shallow learning–based astrocyte segmentation has rarely been addressed explicitly. The resulting training guidelines may therefore facilitate reproducible astrocyte analysis in future studies.
	Using the selected robust classifiers, we detected increased GFAP expression in scar-resident astrocytes (Fig. 5). This observation is consistent with multiple qualitative and semi-quantitative reports describing GFAP upregulation as a hallmark of reactive astrogliosis in foreign body response and other CNS injuries [35–37]. Importantly, our approach moves beyond binary or region-based assessments of GFAP intensity and instead enables single-cell–resolved quantitative analysis. Such cell-level resolution is essential for dissecting the heterogeneity of astrocyte responses within and around the glial scar.
	Morphometric analysis revealed concordant enlargement of astrocytes in scar regions, including increased cell area and perimeter together with elongation of GFAP-positive processes. These findings are consistent with classical descriptions of reactive astrocyte hypertrophy involving both soma expansion and remodeling of the process arbor [30,31]. While GFAP labeling reflects the cytoskeletal domain rather than the full astrocyte volume, the coordinated increase in soma size and total process length observed here provides a quantitative account of cytoskeletal reorganization accompanying astrocyte activation.
	Notably, the circularity shape descriptor exhibited greater variability across classifiers than size-related metrics. This observation indicates that parameters reflecting boundary geometry are more sensitive to segmentation differences and should therefore be interpreted cautiously. At the same time, such variability may help distinguish robust hypertrophic changes from features that depend more strongly on segmentation assumptions.
	A particularly novel aspect of this study is the analysis of GFAP expression within astrocytic processes. Astrocyte processes form the primary interface with synapses, vasculature, and other glial elements and contribute critically to synaptic regulation, blood–brain barrier function, and scar organization [31,32]. Notably, the relative distribution of GFAP signal within astrocytic processes appeared shifted toward proximal compartments in scar regions, as indicated by a reduced distal-to-proximal intensity ratio (Fig. 6). To our knowledge, this quantitative pattern has not been explicitly assessed before; however, it is consistent with previously reported qualitative descriptions of cytoskeletal remodeling and proximal enrichment of intermediate filaments in reactive astrocytes [30,38]. The observed decrease in the distal-to-proximal ratio may reflect increased local mechanical rigidity, redistribution of intermediate filaments toward sites of mechanical load, or formation of a structural “support core” around the implant accompanied by loss of thin distal processes [39,40]. These findings may be particularly relevant for understanding how astrocytes mechanically and biochemically contribute to electrode encapsulation.
	The approach described here complements existing high-resolution 3D astrocyte reconstruction techniques, which provide exquisite morphological detail but are labor-intensive, low-throughput, and often rely on transgenic or viral labeling strategies. A recent study by Faust and coauthors implemented Labkit for that kind of high-resolution astrocyte imaging data analysis [41]. By contrast, our method is applicable to conventional GFAP immunostaining and low-resolution imaging, allowing rapid analysis of large numbers of cells and samples. This trade-off favors scalability and translational relevance, especially in studies aiming to compare implant materials, surface modifications, or pharmacological interventions across experimental cohorts.
	Several limitations should be considered. GFAP labels only a subset of astrocytic cytoskeletal structures and does not capture the full extent of fine perisynaptic processes. Therefore the metrics reported here may be relevant for quantification of the implant-induced scarring but not for addressing accurately the whole cell morphology. Second, the number of analyzed cells was constrained by the density of GFAP-positive astrocytes outside the scar and by the availability of well-defined scar regions. Nevertheless, the methodological framework described here is readily scalable and could be applied to hundreds or thousands of cells in future studies. Finally, while we focused on GFAP as a canonical marker of astrogliosis, the same workflow could be extended to other astrocytic markers or combined with multiplexed imaging approaches.
	In summary, shallow machine learning–assisted image analysis provides a reproducible and accessible framework for quantitative assessment of astrocyte responses to neuroimplantation. By enabling consistent single-cell and subcellular measurements across experiments, this approach supports high-throughput evaluation of foreign body response and has the potential to facilitate the development of strategies to improve neuroimplant biocompatibility. The combination of shallow-learning segmentation and explicit annotation rules may help standardize astrocyte morphometry in studies of neuroinflammation and neuroimplant biocompatibility.
	4. Materials and Methods
	References

