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Abstract

Background Precise, quantitative assessment of disease features on histological images from preclinical models is
essential for therapeutic development in diseases such as pulmonary fibrosis. However, current histological fibrosis
scoring methods, such as Ashcroft Scoring have several limitations, including high time and labor requirements

by expert pathologist readers, subjective semi-quantitative assessment and interobserver variability. The goal

of this study was to assess the feasibility of a supervised Al/ML-based framework for automated, rapid, objective
quantification of fibrosis content and spatial distribution in histology slides obtained from a variety of preclinical
fibrosis models.

Methods Lung histology slides stained with Masson’s trichrome were obtained from 194 individual mice from

two independent cohorts of preclinical mouse models of pulmonary fibrosis. A supervised Al/ML algorithm was
trained, validated and independently tested to automatically detect, segment and quantify fibrosis compared against
independent Ashcroft scoring by an expert pathologist reader. Spatial distribution of Al/ML-segmented fibrosis
patterns were compared across histology images.

Results Al/ML-based fibrosis quantification demonstrated strong correlation with Ashcroft score, both in the
validation cohort (Spearman p=0.85, Cl: 0.72-0.92), and in the independent, de novo test cohort (Spearman p=0.89,
Cl: 0.84-0.93) with rapid assessment time (~ 1.5 times faster). Additionally, Ripley’s K analysis revealed differences in
spatial distribution of Al-segmented fibrosis patterns among samples with similar Ashcroft scores and overall fibrosis
content.

Conclusions The Al/ML framework developed and independently validated in this study provides a robust,
computationally-efficient method for precise, user-friendly, objective measurement of fibrosis content and spatial
distribution, which would have major utility in preclinical therapeutic trials and investigations of disease pathogenesis.
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Introduction

Effective therapeutic development in pulmonary fibrosis
requires robust, preclinical animal studies before advanc-
ing to human clinical trials, both to assess therapeutic
efficacy and investigate underlying disease pathogenesis
[1, 2]. The bleomycin mouse model is a well-established
model of pulmonary fibrosis used in pharmacologic pre-
clinical studies [3]. Current methods for quantitative
fibrosis assessment (i.e., hydroxyproline assay) require
destructive tissue homogenization, prohibiting spatial
assessment of fibrosis distribution/pattern [4, 5]. Ash-
croft scoring, the current accepted method for visual
histologic fibrosis assessment, provides only ordinal
data, requires considerable effort and expertise from a
pathologist reader, and is prone to interobserver variabil-
ity [6-9]. Recent advances in digital pathology, including
whole slide imaging, provide opportunities to investigate
efficient, objective methods for automated quantification
using machine learning (ML) and artificial intelligence
(AI), which may overcome limitations of manual, semi-
quantitative Ashcroft scoring [10, 11]. Here, we train, val-
idate and independently test an AI/ML-based framework
for automated detection, segmentation and quantifica-
tion of fibrosis in digitized trichrome-stained histology
slides obtained from a variety of preclinical fibrosis mod-
els and compare AI/ML-derived measurements against
independent Ashcroft scoring.

Materials and methods

Preclinical models

Lung histology slides from 194 individual mice (156
bleomycin-treated and 38 healthy control sham) were
stained with Masson’s trichrome (one slide per mouse, 5
um thickness) obtained from two independent research
groups, referred as Cohort 1 (1 = 60) [12, 13] and Cohort
2 (n = 134, from Pliant Therapeutics). Cohort 1 consisted
of bleomycin-treated and untreated mice with transgenic
endothelial-specific deletion of Rho kinase (ROCK1/2) or
Sphingosine-1-phosphate receptor 1 (S1PR1) or global
deletion of Sphingosine kinase 1 (SPHK1), therapeutic
intervention and/or sham-saline treatment. Cohort 2
consisted of healthy control and bleomycin-treated mice
with therapeutic intervention and sham-saline treatment.
Histology slides from each cohort were digitized on sepa-
rate slide scanners (#00x magnification). Detailed infor-
mation including the dosage, treatment administration
route and duration from treatment administration to col-
lecting sample for both cohorts are provided in Table 1.

Al/ML-based framework

Digitized slides from 7 mice in Cohort 1 were used to
train the AI/ML algorithm. Fibrosis, normal alveoli,
bronchi, bronchovascular support collagen, blood, and
non-tissue areas were manually annotated on training
slides using FIJI (https://imagej.net/software/fiji/). A
supervised AI/ML algorithm, based on Trainable Weka
Segmentation framework, was trained using manual
annotations as ground truth [14]. The ability of the AI/
ML algorithm to measure fibrosis was subsequently
validated on the remaining 53 mice from Cohort 1 and
independently tested de novo on 134 mice from Cohort
2. Similar to Ashcroft scoring, histology artifacts were
visually identified and excluded from analysis. Fibrosis
percentage was automatically calculated by dividing the
number of pixels labeled as ‘fibrosis’ by the AI/ML algo-
rithm by the total number of pixels in the tissue for each
slide/mouse.

Ashcroft scoring

A board-certified pathologist with expertise in Ashcroft
scoring applied the modified Ashcroft scale to each his-
tology slide as previously described, blinded to AI/ML
algorithm results [6, 7]. Each slide was divided into 20x
fields of view, which were each assigned an individual
Ashcroft score and subsequently averaged to obtain a
total Ashcroft score for each mouse.

Statistical analysis

Percent fibrosis quantified by the AI/ML algorithm was
compared against averaged Ashcroft score for each
mouse using Spearman’s rank correlation for the valida-
tion dataset from Cohort 1 and separately for the de novo
test dataset from Cohort 2. P-value of < 0.05 was con-
sidered statistically significant (R, version 4.0.2). Multi-
distance Ripley’s K analysis (Python, version 3.9) was
performed to assess the spatial distribution of AI/ML-
segmented fibrosis patterns from each histology image in
both cohorts [15].

Results

Fibrosis percentage measured by the AI/ML framework
for the validation dataset in Cohort 1 (53 mice) ranged
0.51-37.76% (mean: 8.62%, SD: 8.27%), while the aver-
aged Ashcroft scores ranged 0.10-4.73 (mean: 2.35,
SD: 1.44). AI/ML-based percent fibrosis measurement
demonstrated strong correlation with Ashcroft score
in Cohort 1 (Spearman p=0.85, CI: 0.72-0.92). The AI/
ML-based fibrosis measurement in Cohort 2 (134 mice)
ranged 0.14-77.81% (mean: 18.12%, SD: 1.15%) and aver-
aged Ashcroft scores ranged 0.27-5.54 (mean: 3.46, SD:
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Table 1 Preclinical mouse models included in study cohorts 1 and 2. Cohort 1 (n=60 mice/slides) contains lung histology from
experiments performed in the same research laboratory that were used for both training (n=7) and testing of the Al/ML model
(n=53). Cohort 2 (n=134 mice/slides) contains lung histology from experiments performed in a separate research laboratory,
prepared in a different histology facility, and scanned with a different digitized scanner manufacturer than cohort 1. Cohort 2 was used
solely for de novo independent testing of the Al/ML model. * Indicates the number of slides from a group in cohort 1 used for model
training. Parenthetical number indicates publication reference for relevant study

Treatment and/or Total Treated with Not Bleomycin  Treat- Harvest Day Digital
Modification Number Bleomycin  Treated with Dosage ment after Bleomycin Scanner
Bleomycin Route
Cohort 1
Endothelial STPR1 deletion [12] 19 1% 8 1.20r05U/  Oral 0,7,0r 14 days Hamamatsu
kg Nanozoomer
Endothelial STPR1 floxed control [12] 14 8 6
Sphingosine-1 Kinase deletion 6 6*** 0
Endothelial ROCK1 deletion 3 3 0
Endothelial ROCK1 floxed control 2 2 0
Endothelial ROCK2 deletion 2 2 0
Endothelial ROCK2 floxed control 1 1 0
Simvastatin [13] 4 3xx 1
Saline [12, 13] 9 8% 1
Cohort 2
3G9 18 18 0 3then2 Oral 28 days Leica Aperio
then 1.5U/kg
I9G 18 18 0
Integrin Inhibitor 1 40 40 0
Integrin Inhibitor 2 18 18 0
Saline 18 18 0
Water 22 0 22 N/A
1.36). Spearman rank correlation between the AI/ML-  Discussion

based fibrosis measurement in Cohort 2 showed strong
correlation with Ashcroft score (Spearman p=0.89, CL:
0.84-0.93), demonstrating accuracy of AI/ML-based
fibrosis quantification in an independent, de novo test
dataset. The AI/ML framework demonstrated high accu-
racy for histology images with patchy, minimal fibrosis
content (Fig. 1a), high fibrosis content (Fig. 1b) and no
fibrosis in control mice (Fig. 1c). Mean time required
for assessment of one slide/mouse was 6.8 min for the
AI/ML algorithm versus >10 min for Ashcroft scoring.
Ripley’s K analysis evaluating the spatial distribution of
Al-segmented fibrosis patterns show clear differences
amongst samples with varying fibrotic distributions,
including between histology images with similar Ash-
croft scores. Histology slides from mouse lungs with
sparse, evenly distributed fibrosis shows an observed
Ripley’s K plot with high similarity to the predicted Rip-
ley’s K plot for completely random spatial distribution
(Fig. 2a). Histology slides from mouse lungs with more
dense, clustered fibrosis regions interspaced with unaf-
fected lung parenchyma (Figs. 2b and c) show deviation
from the predicted Ripley’s K plot for completely random
spatial distribution.

Use of preclinical models of lung fibrosis in pathophysi-
ologic and pharmacologic investigational studies require
rapid, precise methods to objectively identify and quan-
tify fibrosis content. Ashcroft scoring is time- and labor-
intensive, semi-quantitative, requires expertise, and has
known interobserver variability. Here, we developed,
trained, and independently validated an AI/ML frame-
work to automatically detect, segment and quantify
fibrosis on histology, including in bleomycin-treated and
untreated mice with transgenic modifications, therapeu-
tic interventions, sham-saline treatment, and healthy
control mice. The two cohorts consisted of different
mouse populations, with transgenic mice prevalent in
Cohort 1 and therapeutically-treated mice prevalent in
the independent de novo test Cohort 2, with staining per-
formed in different labs and slides scanned on different
scanner systems/manufacturers. We demonstrate high
accuracy of the AI/ML framework for fibrosis quantifi-
cation in both Cohorts, highlighting the robustness and
general applicability of the algorithm for use in preclini-
cal studies of fibrosis.

The current AI/ML framework allowed for ~ 1.5 times
faster assessment of fibrosis per mouse compared to Ash-
croft scoring by an expert reader (6.8 versus > 10 min),
demonstrating comparable accuracy while reducing time



Roop et al. Respiratory Research (2026) 27:114

Page 4 of 7

M Fibrosis
Background Lung

Fibrosis

Fig. 1 Al/ML-based algorithm for fibrosis segmentation and quantification in preclinical mouse models of fibrosis. (a) Patchy, low fibrosis content and
(b) high fibrosis content in preclinical mouse model of fibrosis and (c) no fibrosis content in healthy control mouse is accurately segmented by the Al/
ML-based algorithm. Original histology scan (left), Al/ML-segmented fibrosis mask (green) overlaid on background lung (blue) (middle), and overlaid Al/
ML-segmentation of fibrosis (green) on histology (right), (20x), with boxed regions magnified (bottom right inset, 100x). Scalebar on the main histology

figures: 2.5 mm, Scalebar on the magnified inset figures: 250 um

and labor required from an experienced pathologist. The
discrete, subjective nature of Ashcroft scoring is sub-
ject to known interobserver variability. Automated, Al/
ML-based quantification provides more precise, objec-
tive, continuous measurement of fibrosis. Previous stud-
ies using AI/ML to perform automatic Ashcroft scoring
and fibrosis quantification showed similar results but had
several limitations, including output of Ashcroft class
probabilities rather than continuous measurements, use
of specialized software not readily available, and lack
of generalizability and robustness of their AI/ML algo-
rithms across various preclinical models of fibrosis, scan-
ner models, and histopathology staining laboratories [11,
16].

The objective fibrosis segmentation from the AI/ML
framework provides unique opportunities to quantita-
tively assess fibrosis spatial distribution, in addition to
measuring bulk fibrosis content. Representative examples

of Ripley’s K plots in Fig. 2 show the utility of the spa-
tial analysis as it pertains to our AI/ML fibrosis quanti-
fication framework. In examples of lung histology slides
with similar Ashcroft scores, the Ripley K plots showed
differences between histology images with sparse, evenly
distributed fibrosis and images with dense, clustered
fibrosis regions interspaced with unaffected lung paren-
chyma. This highlights an added advantage of the AI/ML
framework over classical Ashcroft scoring. Future stud-
ies may evaluate the role of spatial distribution analysis in
the context of different mouse models and assessment of
disease pathogenesis and treatment response.

There were some limitations in this study. The cur-
rent framework used manual supervision to identify
coverslip air bubbles, cutting, and/or staining artifacts
and exclude them from analysis, similar to a pathologist
reader. Future iterations may integrate automated analy-
sis tools to detect and exclude artifacts [17]. Although
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Fig. 2 Spatial analysis of fibrosis patterns segmented by the Al/ML-based algorithm. Ripley’s K analysis evaluating the spatial distribution of Al/ML-
segmented fibrosis patterns is plotted as a function of different search radius in pixels. The observed K-distribution (red line) is compared against a pre-
dicted K-distribution with completely random spatial distribution (black dashed line) to determine if the distribution is dispersed or clustered. Each panel
shows the original histology image (left), the Al/ML-segmented fibrosis (green) overlaid on background lung (blue) (middle), and corresponding Ripley’s
K-distribution plots (right) showing the observed Ripley's K- distribution (red line), completely spatially random distribution (black dashed line) and 95%
confidence intervals (gray). (@) In a sample with Al/ML-segmented sparse, evenly dispersed fibrosis pattern, the observed Ripley’s K-distribution (red line)
shows close proximity to the predicted spatially random distribution (black dashed line). (b) In a sample with similar Ashcroft score as (a) but with slightly
higher Al/ML-segmented fibrosis content, the spatial distribution shows more densely aggregated fibrosis clusters with intervening regions of unaffected
lung parenchyma. The corresponding observed Ripley’s K-distribution (red line) shows deviation from the predicted random distribution (black dashed
line). (c) Sample with high Al/ML-predicted fibrosis content with dense fibrosis clusters alternating with regions of unaffected lung parenchyma. The cor-
responding observed Ripley’s K-distribution (red line) shows consistent deviation from the predicted spatially random distribution (black dashed line).
Scalebar on the main histology figures: 2.5 mm
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hydroxyproline assay is an accepted method of fibro-
sis quantification, it is destructive of the lung tissue by
nature, and therefore, direct comparison cannot be made
with the AI/ML-based segmentation model that requires
histology images. A relatively small fraction of cases were
manually annotated for model training, as compared to
conventional larger AI/ML training datasets. Despite
this, the AI/ML framework generalized well and demon-
strated high accuracy on histology images from a wide
variety of preclinical fibrosis models.

Conclusion

In conclusion, we successfully trained, validated, and
independently tested an AI/ML-based framework for
precise quantification of fibrosis on histology from pre-
clinical mouse models. This provides a robust, compu-
tationally-efficient method for objective, reproducible
measurement of fibrosis content and spatial distribution,
which has utility for both therapeutic trials and investiga-
tions of disease pathogenesis using preclinical models.

Abbreviations

Al Artificial intelligence

ML Machine learning

ROCK  Rho-associated coiled-coil-forming protein kinase
SPHK  Sphingosine Kinase 1

SD Standard deviation
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