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Abstract 

Background  Drug discovery strongly relies on the thorough evaluation of preclinical experimental studies. In 
the context of pulmonary fibrosis, micro-computed tomography (µCT) and histology are well-established and com-
plementary tools for assessing, in animal models, disease progression and response to treatment. µCT offers dynamic, 
real-time insights into disease evolution and the effects of therapies, while histology provides a detailed microscopic 
examination of lung tissue. Here, we present a semi-automatic pipeline that integrates these readouts by match-
ing individual µCT volume slices with the corresponding histological sections, effectively linking densitometric data 
with Ashcroft score measurements.

Methods  The tool first geometrically aligns the vertical axis of the µCT volume with the cutting plane used to pre-
pare the histological sample. Then, focusing on the left lung, it computes the affine registration that identifies the µCT 
coronal slice that best matches the histological section. Finally, quantitative µCT imaging parameters are extracted 
from the selected slice. In a proof-of-concept test, the tool was applied to a bleomycin-induced mouse model of lung 
fibrosis.

Results  The proposed approach demonstrated high accuracy and time effectiveness in matching µCT and histologi-
cal sections minimizing manual intervention, with an overall success rate of 95%, and reduced time required to align 
µCT and histological data from 40 to 5 min. Significant correlations were found between quantitative data derived 
from µCT and histology data.

Conclusions  The precise combination of microscopic ex-vivo information with 3D in-vivo data enhances the accu-
racy and representativeness of tissue analysis and provides a structural context for omic studies, serving as the foun-
dation for a multi-layer platform. By facilitating a detailed and objective view of disease progression and treatment 
response, this approach has the potential to accelerate the development of effective therapies for lung fibrosis.
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Background
Histological examination, routinely performed in clinical 
practice, is the gold standard for analyzing tissue changes 
and staging diseases [1]. Despite its indisputable useful-
ness and widespread utilization, this approach suffers 
from several limitations: it covers only a limited portion 
of the lungs, it does not allow for longitudinal sampling, 
and it requires biopsy procedures, which involve discom-
fort and risk for the patient [2]. Histological analysis is 
also a typical terminal procedure in preclinical studies 
where, for highly resolved 2D regions of the interested 
organs, it provides information at a cellular level, while 
precluding longitudinal examinations and the acquisi-
tion of three-dimensional features [3, 4]. Furthermore, 
tissue distortion may occur during paraffinization and 
mechanical cutting of the samples. Conversely, in-vivo 
µCT imaging has a more limited micron resolution but 
allows for non-destructive 3D visualization of the organ 
and delivers valuable information complementary to 
that provided by histology [5–8]. While µCT can cap-
ture macroscopic changes and track disease progres-
sion longitudinally, histology provides detailed endpoint 
assessments of tissue structure and cellular alterations 
[9–11]. The integration of these technologies represents 
a significant advancement in various animal models, 
including preclinical pulmonary research, as combin-
ing in-vivo and ex-vivo assessments allows for a more 
comprehensive staging of the disease and evaluation of 
putative drugs with the possibility of monitoring disease 
progression through serial imaging, followed by endpoint 
determination of parenchymal changes via histologi-
cal analysis [9–11]. The matching of µCT and histology 
has the potential to be applied in other biomedical areas 
as well. Specifically, µCT can (i) help guide histological 
sampling by identifying specific areas of interest, ensur-
ing that diverse regions of the lung are adequately repre-
sented, and (ii) data from proteomic and transcriptomic 
analyses derived from histological samples could be cor-
related with the 3D structure of the lung, providing spa-
tial context, and associated with in  vivo structural and 
functional information. A well-matched combination of 
these approaches can provide integrated functional and 
molecular biomarkers that may lead to a more detailed, 
and more reliable monitoring of both disease progression 
and the effectiveness of novel therapeutic interventions.

However, image registration between 2D histological 
sections and 3D µCT scans is challenging. A major issue 
is associated with the sectioning of paraffin-embedded 
soft tissues, which can introduce non-uniform deforma-
tions, especially in porous tissues such as the lung [12]. 
The primary challenge is determining the exact posi-
tion of the cutting plane in a three-dimensional space. 
This is particularly relevant because any tissue alteration 

or damage on the histological slide may lead to shifts in 
the tissue-slicing process, thereby hindering the subse-
quent two-dimensional-to-two-dimensional problem 
(i.e. matching between 2D µCT slice to 2D histological 
slide). Therefore, the overall procedure can be divided 
into two main steps: first, identifying the cutting plane 
in the 3D µCT volume and then matching it with the 
2D histological slice. Various strategies, ranging from 
manual identification of the cutting plane [12] to semi-
automatic and automatic approaches, have been pro-
posed to address this problem. Two-stage approaches, 
with an approximate preliminary positioning and a sub-
sequent fine alignment have been proposed in clinical 
settings, especially for bone tissue [13–15]. In this case, 
the plane in the 3D volume is initially aligned by bring-
ing it close to a group of candidate sections. This is fol-
lowed by a refined correction of plane displacements and 
tilts based on the alignment of superimposable extrinsic 
markers and matched pixel/voxel intensities. Landmark-
based approaches have also been proposed for clinical 
applications [16–18]. Regarding the preclinical setting, 
specifically, Museyko et al. [19] applied a semi-automatic 
registration method, relying on conventional intensity-
based registration techniques, to mouse vertebrae and 
tibiae. To our knowledge, there have been no publications 
so far on the alignment of 2D histological slides to 3D 
µCT images of the lungs. Moreover, since soft tissue such 
as lung parenchyma is highly susceptible to deformation 
during paraffin embedding, the bronchial tree and the 
main pulmonary vessels are the only reliable landmarks 
that can be used for guiding the matching process.

In the present work, we describe a semi-automatic 
tool for matching 3D lung µCT scans with 2D histologi-
cal images. Following an initial geometric alignment to 
overlay the vertical axis of the µCT volume with the cut-
ting plane used for histological preparation, the process 
involves the extraction of a 2D coronal µCT slice that 
(best) matches the histological image. Our goal was to 
develop a semi-automatic method enabling the merg-
ing of pulmonary histological and µCT data. In a proof-
of-concept validation, the method has been applied to a 
mouse model of bleomycin-induced lung fibrosis. The 
proposed pipeline allowed the extraction of quantitative 
µCT imaging biomarkers from the selected 2D slice to be 
used for comparison with ex-vivo data, thus underlining 
the usefulness of the proposed solution as a novel tool 
capable of integrating multi-modal imaging parameters, 
while reducing manual interventions.

Materials and methods
Animal model
All experiments were carried out on 8–10-weeks-old 
male C57Bl/6 mice purchased from Envigo (San Pietro 
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al Natisone, Udine, Italy). The animals were housed in 
groups of five per cage under standard conditions, fol-
lowing the guidelines outlined in the European Direc-
tive 2010/63/UE, Italian D.Lgs 26/2014, and the revised 
“Guide for the Care and Use of Laboratory Animals” 
(National Research Council Committee, US, 2011) [20]. 
The study was conducted in an AAALAC (Association 
for Assessment and Accreditation for Laboratory Ani-
mal Care) certified facility at Chiesi Farmaceutici and 
was approved by the Italian Ministry of Health (proto-
col number n° 809/2020-PR) and by the internal AWB 
(Animal Welfare Body). Upon delivery, the animals 
were acclimatized to our local vivarium conditions for 
7–10 days (room temperature: 20–24 °C; relative humid-
ity: 40–70%; 12 h light–dark cycle; food and water ad libi-
tum). All necessary measures were taken to minimize 
pain or discomfort to the animals. A designated veteri-
narian or trained technician evaluated pain levels daily 
using a Visual Analogue Scale (VAS) ranging from 0 to 
10. Humane endpoints were defined as the presence of 
dyspnea, body weight loss ≥ 20%, and VAS ≥ 6.

In the BLM group, pulmonary fibrosis was induced by 
administering bleomycin hydrochloride (Baxter) diluted 
in 50 μl saline via a triple (day 0, 2, 4) oropharyngeal aspi-
ration (OA) under 2.5% isoflurane anesthesia, following 
previously described methods [8, 21, 22]. The negative 
control group received a triple OA of saline (SAL).

µCT protocols
Acquisition: mice were anesthetized with 2% isoflurane 
and scanned on a Quantum GX µCT (PerkinElmer, Inc. 
Waltham, MA). Lungs were scanned with X-ray tube 
voltage of 90  kV, and current of 88 µA, using the ‘high 
speed’ acquisition mode which is the fastest acquisition 
modality supported by the Quantum GX which also 
allows for gating monitoring. Briefly, after placing the 
animal on the scanner bed in supine position, the chest 
is aligned within the field of view using X, Y, and Z axis 
motorized stage controls in live mode with the respira-
tory region of interest (ROI) positioned over the dia-
phragm. The gating signal, the respiratory cycle lengths 
and the respiratory rate were monitored by reading the 
values inside the Respiratory Synchronization window. 
Projection images were collected in list-mode over a 
single continuous gantry rotation of 360°, total rotation 
time of 4 min, and 14,688 raw projections acquired, one 
per 16.33  ms (one per 0.024° angle of rotation). End-
inspiratory (P01) and end-expiratory (P02) projections 
were retrospectively sorted (on average 900 projections 
for each phase) and automatically reconstructed using 
a GPU-based filtered back-projection algorithm with a 
Ram-Lak filter. Reconstructions were performed in axial 
slice orientation with the array size of 512 × 512 × 512 and 

with 50-µm isotropic voxels size. The system is calibrated 
monthly with standard phantoms for noise, uniformity, 
low contrast, and resolution [23].

Conversion from grey levels to Hounsfield Unit (HU): 
it was performed with a homemade phantom contain-
ing water and air. The phantom was acquired both at 
the beginning and at the end of each imaging session to 
ensure system stability in “High Speed” mode without 
the gating with the following parameters: X-ray tube volt-
age, 90  kV; CT X-ray tube current, 88  μA; acquisition 
time: 8 s. Greyscale to HU conversion was then achieved 
by computing the intercept and slope values derived 
from the equation of the line passing through the points 
(− 1000 HU, mean of air grey level) and (0 HU, mean of 
water grey level), where the mean air and water grey lev-
els were obtained by averaging the air and water grey lev-
els of the two phantom images.

Segmentation of the lungs: A deep convolutional neu-
ral network (CNN) with U-Net architecture, previously 
introduced for automatizing µCT-based densitometry on 
murine models of lung fibrosis, was employed to auto-
matically segment, left and right lungs, and pulmonary 
airways [6, 21, 24]. Briefly, the segmentation module 
uses a multi-resolution strategy with two CNN models: 
a low-resolution model for initial processing, and a high-
resolution 2.5D CNN model for segmenting the image in 
different planes, and then consolidating the segmentation 
outcomes through voting. The algorithm achieved a Dice 
score of about 0.97 in rigorous evaluations [6, 24].

Lung histology
On day 21, animals were sacrificed due to an anesthetic 
overdose followed by abdominal aortic hemorrhage. For 
histological investigation, the lungs were excised and 
inflated through the trachea with 0.6 ml of 10% neutral-
buffered formalin and kept for 24 h. For each sample, a 
slice (5  µm) including the pulmonary hilum is cut with 
a rotary microtome (Slee Cut 6062, Slee Medical, Mainz, 
Germany) in the dorsal plane (coronal section). The sec-
tions were stained with Masson’s Trichrome to assess 
fibrotic changes, according to the manufacturer’s speci-
fications (Histo-Line Laboratories). Histological slides 
were acquired as whole slide images (WSI) by the Nano-
zoomer S-60 digital slide scanner (Hamamatsu, Japan).

Multiple 10X magnification fields were examined for 
each sample, and experienced histopathologists blindly 
graded the morphological changes using the Ashcroft 
score (AS) scale [3, 25]. Lung parenchyma was classi-
fied based on fibrosis severity into three classes: no/mild 
(AS ≤ 3), moderate (AS = 4), and severe (AS ≥ 5) [9, 25]. 
The average AS score on the left lung (ASL) was then cal-
culated for each animal, while the Ashcroft frequency 
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distribution was expressed as the percentage of each 
fibrosis severity class (%Mild, %Moderate, %Severe).

Processing pipeline
The proposed pipeline aims to find the µCT coronal slice 
that closely resembles the section obtained from histol-
ogy, and then perform densitometric analysis on the 
identified image.

Following µCT and histology image acquisition 
(Fig.  1a, b), the matching algorithm takes as inputs the 
segmented µCT volume and the histological slice corre-
sponding to the sixth level of magnification of the micro-
scope (Fig. 1c). Then, four main steps (Fig. 1d) constitute 
the core of the processing pipeline: (1) automatic µCT 
scans re-orientation; (2) user-guided identification of the 
regions to be matched in CT and histology and automatic 
setting of the constraints to the research space; (3) auto-
matic slice selection; (4) output: best match and 2D-den-
sitometry analysis.

Re-orientation of the CT volume is required to aligned 
µCT coronal slices with the histological image. In fact, 
before any manipulation, the virtual coronal cutting 
plane applied to the µCT volume differs from the cut-
ting plane used in histology (Fig. 1a, b, green line). This 
is because the orientation of in-vivo imaged lungs varies 
depending on the animal anatomy and the mouse’s posi-
tion in the scanner. As a result, the coronal plane’s posi-
tion also varies. On the other hand, histological sample 
inclusion in paraffin is more standardized with the coro-
nal cutting plane’s orientation usually fixed and parallel 
to the ground.

The second step of the processing pipeline involves the 
accurate delineation of the regions of interest (ROI) that 
will be matched which, in both re-oriented CT and his-
tological images, consist of the left lung lobe and the left 
branches of the airways included in the lung. Airways are 
included in the ROI since they serve as critical landmarks 
for alignment (Fig. 1d).

The right lung was not considered in the ROI since 
there is no correspondence between the right lung in CT 
and histology. This is because of the right lung anatomy 
consisting of four lobes which change and random spatial 
distributed during the paraffin inclusion procedure, since 

they are likely to separate, potentially impacting the effi-
cacy of the registration algorithm.

In addition, to reduce computational requirements and 
improve registration accuracy, we limited the range of 
coronal slices eligible for matching, by defining realistic 
physical boundaries, through prior knowledge about the 
acquisition of histological sections and inquiring the user 
whether the primary airway branch is visible in the histo-
logical image (Supplementary Fig. 1).

At this point, co-registration between the histological 
slice and each coronal slice of the µCT in the acceptabil-
ity range is performed, and the coronal slice achieving 
the highest metric is selected. On the selected slice, den-
sitometric parameters are computed to be compared 
with histological derived parameters.

Re‑orientation of the µCT volume
To achieve optimal µCT volume rotation, the left and 
right lungs should be aligned horizontally, and the vol-
ume adjusted to make the mouse’s spine vertical (Fig. 2). 
This results in a rotation of the µCT volume around the 
z-axis to align the right and the left lung with the hori-
zontal plane, followed by a rotation around the x-axis to 
align the spine parallel to the z-axis. Angle extraction and 
the subsequent rotation are completely automated.

The z-axis rotation angle α is measured on the axial 
plane by using the lowest y-coordinate point from the 
right and left lungs, which are extracted from the central 
section of the lung volume. The α angle is defined as the 
angle formed between the line connecting these points 
and the horizontal axis (Fig. 2b, pink).

The x-axis rotation angle β is determined on the sagit-
tal plane by identifying coronal slices with a visible spine. 
A thresholding process segments the skeleton, including 
the spine and other bones, with voxel values above + 500 
HU considered part of the skeleton. The rotation angle 
β is calculated as the median of the angles between the 
line passing through the highest and lowest lung points 
(Fig.  2b, green) projected onto the spine and the verti-
cal axis for each section (Fig.  2b, blue). The lung mask 
resulting from the DL-segmentation step is automatically 
rotated with the µCT volume.

Fig. 1  Proposed pipeline. a µCT image acquisition; b histology image acquisition; c the inputs to the matching algorithm are the segmented µCT 
volume and the histology slice corresponding to the sixth magnification level of the microscope. d The processing pipeline consists of four main 
steps: (1) Reorientation of Micro-CT scans aimed at obtaining coronal µCT slices that are comparable with histological images because the virtual 
coronal cutting plane applied to the µCT volume differs from the cutting plane used in histology (green line). (2) In both CT and histology 
reoriented images, the region of interest (ROI) must be accurately delineated. In addition, the delimitation of the coronal slice search space 
was constrained using knowledge of the histologic acquisition. (3) Co-registration between the histological slice and each coronal slice of the µCT 
in the acceptability range is performed, and the coronal slice that obtains the highest metric is selected. (4) Ouput: Densitometric parameters are 
calculated on the selected slice to be compared with histology-derived parameters

(See figure on next page.)
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Extraction of the ROIs and constraints of the physical space
ROI segmentation. Since the best match is sought by con-
sidering only the left lung and the airway branches con-
tained in it, it is necessary to identify the ROIs that will 
be matched on the re-oriented µCT scan and histological 
image.

On re-oriented µCT, the re-oriented lung mask is 
refined by creating a convex hull. The convex hull effec-
tively encompasses all lung points and helps avoid over-
filling in comparison to densely filling unsegmented 

areas. The airway portion within the convex hull of the 
left lung is selected using a multiplication operation. The 
resultant segmentation, which includes the left lung and 
its enclosed airways, is considered as the µCT ROI in the 
proposed pipeline (Fig. 3a).

On histological picture, the left lung is segmented 
with a GrabCut algorithm [26]. A graphical user-
friendly interface featuring two windows are provided 
for semi-automatically selecting the ROI in the his-
tological image (Fig.  3b). The interface includes an 

Fig. 2  Re-orientation of the micro-CT volume. To achieve optimal µCT volume rotation of the lungs of a mouse, one must horizontally align the left 
and right lungs and make the spine vertical. First, you rotate the volume around the z axis to align the lungs. The angle of rotation, α, is measured 
in the axial plane between the line connecting the lowest points of the lungs and the horizontal axis. Then, you rotate around the x-axis to align 
the spine parallel to the z-axis. The angle of rotation, β, is determined in the sagittal plane by segmenting the skeleton and calculating the median 
of the angles between the extreme points of the lungs projected onto the spine and the vertical axis
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interactive panel showing the initial segmentation 
result based on the GrabCut algorithm (green = object 
pixels, black = background pixels), overlaid on the his-
tological image with transparency, along with a sepa-
rate window showing the resulting segmentation. This 
algorithm represents pixel colours in the image using 
a multivariate Gaussian mixture. Through iterations, 
the algorithm updates the segmentation by estimat-
ing Gaussian parameters based on pixel proximity 
and probabilistically assigning labels to each pixel. 
Convergence is reached when pixel labels remain sta-
ble between iterations. The user can further refine 
the segmentation by marking areas as background or 

foreground using the interface brush, allowing for mul-
tiple iterations until satisfactory results are obtained.

Constrain of the search space: The research space for 
finding the optimal µCT coronal slice matching the 
histological section was restricted to reduce the com-
putational burden. Indeed, histological sectioning is 
performed in the first third of the lung, a strategic posi-
tioning for providing a comprehensive view across both 
hilar and peripheral lung regions, enhancing the detec-
tion of potential lesions. The first limit was set as the 
slice where the spine is no longer a continuous line, and 
the second as the slice where the lungs touch because 
of the accessory lobe (Supplementary Fig. 1). These lim-
its were set together with experts and were chosen as 

Fig. 3  Extraction of the ROIs and constraints of the physical space. a Left lung and left airway branches selection on Micro-CT. From left 
to right: an example of the 3D rendering generated by automatic segmentation. The left lung (in yellow) and airway (in blue) are then selected, 
and a convex hull is performed. The airways contained within the left lung (in cyan) are isolated by taking the intersection between the airways 
and the convex hull (magenta). This intersection constitutes the ROI on the rotated CT scan. b Left lung and left airway branches selection 
on Histology. The tool includes a semi-automatic interactive graphical user interface by which the user can select the ROI. From left to right: The 
user can mark areas belonging to the background (in black) or the ROI (in green) using a brush. The interface then proposes a new segmentation 
based on the input. The process can be iterated until only the left lung is contained in the ROI. c Input of the matching procedure. The matching 
procedure takes as input a list of acceptable 2D coronal slices from the micro-CT with the associated ROI and the histological image with its 
associated ROI
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reasonable limits in which the histological cut may have 
been performed.

Furthermore, to narrow down the research range, users 
are asked whether the main left bronchi is visible in his-
tology: if the branch is visible, the search is confined to 
sections with an airway area of at least 1.5 mm2; other-
wise, the search is restricted to sections lacking main air-
ways (airway area less than 1.5 mm2).

Co‑registration of the µCT with the histological section
To set up image registration, the two images must be 
in the same physical space. The scale factor for resam-
pling an image can be computed by dividing the histol-
ogy spacing by the µCT spacing, as the pixel dimensions 
differ between histology (0.625 × magnification, pixel 
0.028  mm) and µCT (voxel 0.05  mm). After resampling 
the histological image is co-registered with each of the 
2D coronal slices within the research range established 
in the previous step. A multi-resolution ("coarse-to-fine") 
approach is employed using a Gaussian pyramid with 3 
levels coupled with a stochastic optimization method. 
The similarity measure between the registered and the 
reference images is iteratively estimated from the coars-
est (low resolution image) to the finest (highest resolu-
tion) level of the pyramid. This strategy not only reduces 
the computational cost of the co-registration, but also 
minimizes the risk of encountering local minima during 
the optimization procedure [27, 28]. To further reduce 
the computational costs, only a fraction of the voxels of 
the image (75% sampled with regular strategy) is used to 
estimate the measure of similarity.

The co-registration procedure consists of two-steps: 
first, a global affine transformation, initialized by align-
ing the centre of mass of the histology and µCT ROIs, is 
estimated to roughly align the images. Next, another aff-
ine transformation is estimated to more finely align the 
two images based on the normalized mutual information, 
since the number of points between the two images is dif-
ferent. In both phases, the interpolator is linear, and the 
optimizer is the gradient descent with a learning rate of 1. 
The maximum number of iterations is set to 100, and the 
convergence value to 10–8.

Each coronal slice is associated with a metric evalua-
tion value. The slice with the highest metric value is cho-
sen as the solution to the problem, as illustrated in Fig. 4.

2D densitometry on µCT
From the selected 2D coronal slices, the tool auto-
matically derived left lungs areas and MLA densities 
(measured in Hounsfield Units, HU) together with 
other biomarkers of interest and aeration compart-
ments (Table  1). For the phantom-based grayscale to 
Hounsfield units conversion, the ranges for the aeration 

compartment were adapted from those computed by 
Mecozzi et al. [10].

In addition to the quantitative values, an image 
representing densitometry is also produced using 
the following colour codes: blue = hyper-aerated, 
green = normo-aerated, yellow = hypo-aerated, 
red = non-aerated (Fig. 1d).

Validation
The proposed pipeline was tested on an NVIDIA Tesla 
P40 graphics card with CUDA = 6.1 computational 
capability, under Windows operating system.

The accuracy of the process was determined by 
assessing: (1) the rotation angles, and (2) the selected 
coronal slices.

Rotation angles accuracy was determined on a sam-
ple of 22 mice divided in 9 SAL and 12 BLM. This was 
done by comparing the automatic and manual reori-
entation of the µCT volume. Manual re-orientation 
was performed using Analyze software (Analyze 14.0; 
Copyright 1986–2017, Biomedical Imaging Resource, 
Mayo Clinic, Rochester, MN). As for the previously 
described automatic procedure, manual re-orientation 
also involved first aligning the left and right lungs in the 
axial plane followed by positioning the mouse’s spine 
vertically along the sagittal view.

The accuracy of the selected coronal slices was eval-
uated on a total of 60 mice (10 SAL and 50 BLM) by 
comparing the manually selected slice number after 
automatic re-orientation with the slice number chosen 
automatically by the proposed pipeline.

The automatically selected µCT coronal slice should 
comprise densitometric biomarkers closely resembling 
the tissue-specific features measured by histology [5, 6, 
9, 10, 21]. Therefore, to confirm that the proposed pro-
cess matches reasonable µCT slices with histological 
sections, µCT-derived densitometry and histological 
Ashcroft Score measured on the left lung (ASL) were 
compared in samples in which a difference of up to 10 
slices was observed between automatically and manu-
ally selected slices (57 of 60 mice).

Statistics
Statistical analyses were performed with the Prism 
8 software (GraphPad Software Inc., San Diego, CA, 
USA). Correlation between µCT readouts and the 
Ashcroft scores was assessed by calculating Spearman 
correlation coefficients. The statistical significance 
threshold was set at a p < 0.05.
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Fig. 4  Co-registration of the µCT with the histological section. Matching procedure. For each coronal micro-CT slice in the acceptability range, 
a mutual information value is calculated between the micro-CT slice and the histological slice. The slice with low mutual information (red dot) 
represents a poor choice, even though the structures of interest are present. The slice that maximizes the mutual information (green dot) is the best 
choice and is therefore selected by the algorithm

Table 1  Biomarkers derived from µCT coronal slices

Name Description Units Formula

Area Area of the left mm3
voxelnumber · voxelsize

MLA Mean lung attenuation HU ∑
N

i

HUi

N

Gas Left lung area occupied by air mm3 Area·MLA

(−1000HU)

Tissue Left lung area without air mm3
Area− Gas

Ratio Gas/tissue ratio na Gas

Tissue

Normo aerated area Left lung area that is normo-aerated; reflects the number of no/mild lesions mm3 Voxels in range [− 630, − 307]

Hypo aerated area Left lung area that is hypo-aerated; reflects the number of moderate lesions mm3 Voxels in range (− 307, − 45)

Non aerated area Left lung area that is non-aerated; reflects the number of severe lesions mm3 Voxels in range [− 45, 230]

Hyper aerated area Left lung area that is hyper-inflated; reflects regions with high gas/tissue ratio, due to e.g mm3 Voxels in range [− 830, − 630)
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Results
Re‑orientation
The accuracy of the re-orientation step was evaluated by 
comparing the rotation angles calculated manually with 
those inferred automatically. The overall Mean ± stand-
ard deviation (SD) of Absolute Error (MAE) on the x-axis 
was 2.7° ± 2.8° and 1.3° ± 1.2° on the z-axis. This included 
an outlier within the SAL cohort, which was due to an 
incorrect paraffin embedding of the specimen. The cor-
rected MAE, calculated by excluding this outlier, is 
reported for the overall population and for each treat-
ment group (SAL, BLM) in Table 2.

Slice selection
Figure 5 illustrates the difference between manually and 
automatically selected coronal slice numbers. We defined 
a match as ‘perfect’ when the manually selected slice was 
identical to the slice predicted by the tool (Fig.  5, black 
line). We deemed an error of up to 10 slices (equivalent 
to 0.5  mm) as ‘acceptable’, while larger discrepancies 

were flagged as ‘glaring’ errors. The matching tool dem-
onstrated an overall success rate of 95%, which was cal-
culated as the ratio between the sum of perfect and 
acceptable matches and the total number of matches:

In the SAL cohort, a perfect match was achieved in 
5 out of 10 animals, corresponding to 50% of the entire 
group. For the remaining animals, the automatically 
selected slice differed from the manually selected one by 
fewer than 10 slices. In the BLM cohort, 27 out of 50 ani-
mals, i.e., 54% of the whole group, had a perfect match, 
while an acceptable match was obtained in 20 animals. 
Within the BLM group, the semi-automatic matching 
tool made significant errors in only 3 instances, corre-
sponding to discrepancies of 17, 12, and 11 slices, or 0.85, 
0.60, and 0.55  mm, respectively. Notably, the accuracy 
of the match was not affected by the location of the cut-
ting plane within a ventral or a dorsal region of the lungs. 
These three cases of marked inconsistency were excluded 
from correlation analysis between CT-derived and histo-
logical parameters but were manually matched for fur-
ther investigation.

Readout correlation
An example of a perfect match is shown in Fig. 6a, which 
highlights the accurate alignment of prominent pulmo-
nary structures such as the main bronchi.

Success rate =
number of perfect + acceptable matches

total number of matches

Table 2  Absolute error between automatic and manual rotation 
angles in the re-orientation step (excluded the outlier)

Group �X(◦) �Z(◦)

BLM + SAL 2.2° ± 1.9° 1.3° ± 1.2°

BLM 1.7° ± 1.2° 1.2° ± 1.0°

SAL 3.0° ± 2.5° 1.6° ± 1.5°
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Fig. 5  Automatic vs Manual slice selection. Difference between automatic and manual selected slices vs manually selected slice number. A match 
was considered “perfect” when the manually selected µCT slice corresponded exactly with the one predicted by the tool (black line). Any error 
up to 10 slices, corresponding to 0.5 mm, was considered “acceptable” (shadowed area). Both fibrotic (BLM, red) and healthy (SAL, light blue) animals 
are included in the plots
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An excellent concordance between the most severe 
fibrotic lesions and non-aerated voxels as well as between 
mild or no fibrosis and normo-aerated areas became 
apparent upon examination of the morphological bio-
markers and the aeration compartments derived from 
the µCT slice.

Spearman correlation analysis of 2D-densi-
tometry and histological data (Fig.  6b) revealed a 

significant correlation (p < 0.01) between the left-lung 
Ashcroft score (ASL) and all the CT-derived parameters 
expressed as percentages of the left lung area.

The correlation between CT-derived parameters and 
different grades of fibrosis (mild to severe) was con-
firmed upon subdivision of the ASL values into different 
classes, with a slight improvement in the correlation 
between the %Non. However, no significant correla-
tions were observed with the moderate fibrotic lesions.

a
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Fig. 6  Correlation of readouts. a Representative perfect match between a histological slice and the corresponding coronal µCT slice. On the left, 
the left-lobe histological slice, (bar corresponding to 2.5 mm). Regions of severe and mild fibrosis are magnified (bars corresponding to 250 µm) 
and respectively highlighted in red and green boxes. On the right, the corresponding 2D coronal µCT slice that automatically selected. The voxel 
of the left lung are classified into aeration compartments (Normo = green, Hypo = yellow, Non = red). b Heat-map representation of Spearman 
correlation coefficients (R) between µCT and histological-derived parameters derived in automatically matched slices. Non-significant (p < 0.05) 
correlations are not shown. The color bar indicates high positive correlations in red and high negative trends in blue
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Discussion
Despite significant progress in treating IPF, there remains 
an urgent need for novel, effective therapies capable of 
preventing or reversing lung fibrosis [2]. The develop-
ment of innovative drugs relies not only on the accuracy 
of experimental animal models to replicate the disease 
but also on the effective evaluation of these models. In 
this pursuit, integrating various technologies to assess 
disease progression and treatment response at various 
stages of the trial becomes crucial [21]. µCT imaging 
has emerged as a powerful tool for in-vivo evaluation, 
providing dynamic insights into disease evolution and 
impact of therapeutic interventions by enabling individ-
ual monitoring of lung morphology, density, and func-
tion at different timepoints [6, 8, 21]. On the other hand, 
histological investigation provides a detailed microscopic 
assessment of lung tissue, complementing µCT imaging 
[29]. While µCT offers a non-invasive 3D view ideal for 
longitudinal studies, histology provides high-resolution, 
histo-morphometric data, but is invasive and needs 
expert interpretation. The co-registration of histologi-
cal sections with corresponding 2D µCT scans can be 
considered a significant advance in preclinical research 
because it allows the extraction of functional and molec-
ular biomarkers for the same subject, which can be used 
to accurately estimate disease severity or therapeutic 
intervention efficacy.

The method described here facilitates the identification 
of the µCT slice corresponding to a specific histological 
section, thus allowing for a robust synchronization of his-
tological analysis and in vivo µCT data. As a result, the 
cross-talk between these two technologies is enhanced, 
reducing the time required for alignment from 40  min 
(manual) to just 5  min (automatic) and minimizing 
potential operator bias.

A key step of our procedure is the alignment of the 
µCT volume orientation with the configuration used 
during histological sample preparation. This is crucial 
for an accurate and reliable analysis, as any deviation 
or misalignment could introduce data inconsistencies 
and potential misinterpretations. Once the µCT vol-
ume is re-oriented, the proposed tool allows for sequen-
tial navigation through adjacent tissue slices, akin to a 
three-dimensional exploration of the sample. This unique 
feature of µCT underscores its complementarity with 
classical histological methodologies. While a histological 
section provides detailed information on a small fraction 
of the tissue thickness, the ability to navigate through 
the µCT volume offers a comprehensive, slice-by-slice 
view of the whole tissue. This multi-scale approach, 
which allows to transition from a histological section to 
the whole specimen, provides a deeper insight into the 
sample and uncovers structural information that might 

be missed by histology alone [12, 30]. Moreover, the use 
of µCT can guide the selection of the most representa-
tive region for histological examination, thus ensuring 
that histological data are indicative of the overall sample 
structure [31].

The precise inclusion of paired morphological details 
yielded by both imaging modalities is another fundamen-
tal prerequisite for accurate alignment. In this study, the 
left lung emerged as an ideal region of interest due to the 
maintenance of its structure post-paraffin embedding. 
Therefore, a step specifically dedicated to the segmenta-
tion of the left lung was implemented for both imaging 
modalities. For the µCT volume, segmentation is auto-
mated and relies on the DL method proposed by Vin-
cenzi et  al. [24], which was proved to be reliable across 
healthy and fibrotic tissue. On the other hand, the ROI 
on histology is defined by semi-automatic segmentation, 
facilitated by an application-specific intuitive interface. 
Although the development of highly refined segmen-
tation methods was not the primary goal of our work, 
implementing a semi-automatic approach was crucial to 
reduce inter-subject variability in the segmentation of the 
histological dataset, proving robustness in delineating 
lung contours across varying degrees of fibrosis severity.

Co-registering multimodal and multiresolution images 
is a complex task. We addressed this issue by employing 
an affine registration framework designed to compensate 
for alterations induced by various factors such as tissue 
fixation, dehydration, and paraffin inclusion. The seg-
mentation of the left lung guided the registration process, 
focusing on the lung boundary and dominant features 
such as the main airways. A key aspect of our approach 
is the use of normalized mutual information as a metric 
that quantifies the statistical relatedness between mul-
timodal images, enabling effective alignments between 
different modalities, even with complex, non-linear 
intensity relationships. We chose normalized mutual 
information as a metric for its robustness in geometric 
transformations, flexibility with different imaging modal-
ities, ability to capture complex relationships between 
pixels, and adaptability to the optimization algorithms 
used to guide the registration process [32].

Since no ground-truth exists for our matching frame-
work, we conducted both qualitative and quantitative 
evaluations. The qualitative assessment demonstrated 
a high degree of accuracy (approximately 95%), con-
sidering key factors such as the presence of the main 
bronchi, and the shape of the left lung fibrotic lesions 
distribution. This spatial correspondence, which rep-
resents the most critical prerequisite for reliable anal-
ysis, facilitated the localization of structural changes 
in the lung and their correlation with histopathologi-
cal features. Unlike previous studies [7, 9] that relied 
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on manual co-registration, our automated approach 
streamlines the overall process, with considerable time 
saving, enhanced workflow efficiency, and increased 
accuracy and reproducibility. For the quantitative 
evaluation of slice selection accuracy, we correlated 
µCT and histological parameters, as this represents 
the ultimate goal of the developed tool (i.e. establish-
ing a precise linkage between quantitative CT-imaging 
and histological data). We observed significant corre-
lations between all densitometric parameters derived 
from µCT analysis of the 2D coronal slice and the mean 
Ashcroft score of the left lungs. The “%Poorly” and the 
“Ratio” parameters achieved the highest R-squared val-
ues (R2 = 0.8). Although the correlation between the 
two methodologies was very high, the exploration and 
possible inclusion of additional histological readouts 
such as collagen content [33, 34] or the ALI score [35] 
could provide further insight and potentially improve 
the interpretation of µCT data, thus enhancing our 
ability to distinguish between different types of struc-
tural impairment.

Although the present pipeline significantly improved 
the alignment of µCT and histological slices, it cur-
rently relies on a few manual steps. Future work will thus 
be aimed at increasing automation, in order to enhance 
the overall effectiveness of the process while minimizing 
user interactions. Prospective strategies in this direction 
may involve the automatic classification of mouse health 
status based on histology and the application of super-
vised AI models for histology-based lung segmentation, 
thereby providing valuable information on airway detec-
tion and further improving the processing pipeline as 
well as the accuracy of the method [36].

The proposed semi-automatic approach represents an 
initial but significant advancement toward a precise inte-
gration of ex-vivo cellular-level information with in-vivo 
morphological data for preclinical drug discovery in lung 
fibrosis. The three-dimensional visualization offered by 
µCT combined with detailed histological information 
allows for a more accurate and representative analysis of 
the tissue, providing a comprehensive structural context 
for the molecular data derived from histology. Conse-
quently, the proposed approach improves the reliability 
and reproducibility of omic studies [37–39], represent-
ing the starting point for a multi-integrative platform in 
which transcriptomic and proteomic data from the same 
subject could be carefully combined to better understand 
the molecular process of fibrosis and aid in the discovery 
of new therapies By semi-automatically integrating these 
data types, we can gain a detailed and objective view of 
disease progression and response to treatment within a 
reasonable timeframe. While we tested the method only 
in healthy and BLM-treated mice, the pipeline is ready to 

be employed routinely in drug discovery trials to boost 
the assessment of drug efficacy for pulmonary fibrosis.

Moreover, the proposed pipeline can be readily adapted 
to other small animal models of respiratory diseases as 
well as to other imaging modalities such as MRI. It also 
sets the stage for different parallel applications, including 
CT “guided sectioning” for a more precise target acqui-
sition during biopsies. As demonstrated by Albers et al. 
[12] and Stalder et al. [40], μCT data can aid the identi-
fication of the most representative histological slices, 
which typically represent less than 1% of the total lung 
volume [10], thus reducing the risk of biased conclusions 
resulting from limited sampling [29].

Furthermore, automated identification of the correct 
virtual histology slice from the 3D CT dataset not only 
will facilitate routine integration of these two examina-
tion modalities, but will also allow co-registration of pre-
viously matched slices, for example with the use of an 
elastic registration workflow such as the one proposed by 
Chicherova et al. [17].

Conclusions
In the present work, we described a semi-automatic 
process that effectively combines µCT parameters with 
collagen deposition measurements and other histologi-
cal results in an animal model of pulmonary fibrosis. 
This system is instrumental to a detailed understanding 
of lung pathology and the development of a multi-layer 
integrative platform, potentially incorporating transcrip-
tomics and proteomics data. A precise combination of 
informative, yet methodologically distinct datasets may 
aid the identification of novel therapeutic mechanisms, 
personalized treatment strategies, and innovative cures. 
Our integrated analytical platform can be applied to dif-
ferent animal models for drug discovery purposes and 
expanded to include other imaging modalities, paving the 
way to additional future applications such as CT-guided 
sectioning for more precise biopsy retrieval.
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