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The grading of fibrosis in myeloproliferative neoplasms (MPN) is an important component of disease classification, prognostication
and monitoring. However, current fibrosis grading systems are only semi-quantitative and fail to fully capture sample heterogeneity.
To improve the quantitation of reticulin fibrosis, we developed a machine learning approach using bone marrow trephine (BMT)
samples (n= 107) from patients diagnosed with MPN or a reactive marrow. The resulting Continuous Indexing of Fibrosis (CIF)
enhances the detection and monitoring of fibrosis within BMTs, and aids MPN subtyping. When combined with megakaryocyte
feature analysis, CIF discriminates between the frequently challenging differential diagnosis of essential thrombocythemia (ET) and
pre-fibrotic myelofibrosis with high predictive accuracy [area under the curve = 0.94]. CIF also shows promise in the identification of
MPN patients at risk of disease progression; analysis of samples from 35 patients diagnosed with ET and enrolled in the Primary
Thrombocythemia-1 trial identified features predictive of post-ET myelofibrosis (area under the curve = 0.77). In addition to these
clinical applications, automated analysis of fibrosis has clear potential to further refine disease classification boundaries and inform
future studies of the micro-environmental factors driving disease initiation and progression in MPN and other stem cell disorders.
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INTRODUCTION
Reticulin fibers are an important component of the bone marrow
extracellular matrix (ECM) essential for the maintenance of
hematopoiesis. In normal marrow, silver impregnation techniques
highlight the reticulin substrate as a delicate network of thin,
uniform fibers coursing through the intertrabecular spaces, with
variable condensation around small blood vessels. While this
organized reticulin meshwork is perturbed in several pathological
conditions [1–3], the diagnostic and prognostic importance of
abnormal reticulin is best characterized in the Philadelphia-
negative myeloproliferative neoplasms (MPNs), a group of
disorders in which acquired mutations in hematopoietic stem
cells affect the MPL-JAK-STAT signaling pathway and drive
excessive proliferation of ≥1 blood lineage [4–7]. Although the
precise mechanisms driving marrow fibrosis remain poorly
understood, the initiation and progression of fibrosis in MPNs
reflects a pathological cytokine/chemokine-driven inflammatory

response to clonal myeloproliferation, induced by neoplastic
hematopoietic stem cells (HSC) [8–13].
The importance of fibrosis estimation in MPNs is embedded in

the World Health Organization (WHO) classification scheme of the
common MPNs: essential thrombocythemia (ET), polycythemia
vera (PV), primary myelofibrosis (PMF) and pre-fibrotic primary
myelofibrosis (pre-PMF) [14]. Fibrosis severity also has clinical
implications in MPNs, with minor fibrosis (MF-1) in PV associated
with inferior survival and more advanced fibrosis associated with a
complex karyotype [15, 16]. In PMF, increasing fibrosis is
associated with worsening hematological and clinical parameters
and overall prognosis [17–19], with the presence of MF ≥2
identified as a significant risk factor in the MIPSS70 prognostic
model that incorporates high-risk molecular mutations [20]. The
latest version of the WHO fibrosis scoring system comprises four
categories (MF-0–3) that attempt to encompass escalating
deposition of reticulin fibers, fiber intersections, bundling of
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collagen and/or osteosclerosis. In addition to reticulin staining, a
trichrome to detect collagen is also advised in cases of MF-2 and
MF-3. These grade descriptions are qualitative and subjective, but
several studies have demonstrated reasonable-to-good concor-
dance between hematopathologists [21–24]. Nonetheless, the
WHO grading scheme fails to comprehensively accommodate
fibrotic heterogeneity within BMT specimens, specifying only that
the final grade is determined by the highest grade present in
≥30% of the marrow area.
In response, we sought to develop an automated machine

learning (ML) methodology to objectively quantify reticulin
fibrosis using routinely prepared reticulin-stained BMT samples
of normal/reactive and MPN samples. Manually annotated regions
of fibrosis were used to create an initial ranked list of fibrosis
severity in which uniform image tiles received a predicted fibrosis
score between 0 and 1 (Continuous Index of Fibrosis [CIF]). The
predicted scores of new, unseen tiles were then converted to a
quantitative fibrosis map overlaid onto whole sample images.
Analysis of MPN sample cohorts allowed us to capture the full
spectrum and heterogeneity of fibrosis within established MPN
and normal/reactive BMT samples. We hypothesized that such an
approach would enhance the accuracy of fibrosis assessment in
MPN samples, with implications for improved disease classification
(particularly distinction of ET and pre-PMF) and refined disease
monitoring. To assess the potential for improving disease
prognostication, we also applied our methodology to a set of
well-characterized ET patients with long-term clinical follow-up.

MATERIALS AND METHODS
An overview of the methodologies employed in this study is given in Fig. 1.

Clinical samples
BMT samples fixed in 10% neutral buffered formalin prior to decalcification
in 10% EDTA (48 h) were obtained from the archive of OUH NHS
Foundation Trust. For inclusion, BMT sections had to be of sufficient size
(≥5 intact intertrabecular spaces) and quality for conventional reporting, as
determined by a specialist hematopathologist (DR). Whole slide scanned
images (Hamamatsu NanoZoomer 2.0HT/40×/NDPI files or 3DHISTECH 250
Flash III Dx/40×/MRXS files) were prepared from 2–3 μm reticulin-stained
(Gomori and Sweet) sections cut from formalin-fixed paraffin-embedded
(FFPE) blocks. The data set comprised 107 diagnostic samples from
patients who had received no disease-modifying treatment (36 ET, 19 PV,
23 MF, 17 pre-PMF, and 12 reactive/nonneoplastic), with “reactive” samples
sourced from patients in whom there was no evidence of malignancy or
persistent thrombocytosis. For two of the MF patients, sequential samples
(5 BMTs each) taken over 12 or 23 months were also included. All patients
diagnosed with MPN had been reviewed as part of a regional myeloid
multidisciplinary meeting (MDM). A summary of the key patient
characteristics is provided in Supplementary Table 1 and Supplementary
Fig. 1. Additional MPN samples (35) were obtained from the Primary
Thrombocythemia-1 (PT-1) trial cohort; a multicenter ET trial in which
newly diagnosed and previously treated patients were recruited into one
of three studies (previously published) depending on their risk of vascular
complications [25–27]. This work was conducted as part of the INForMeD
study (INvestigating the genetic and cellular basis of sporadic and Familial
Myeloid Disorders; IRAS ID: 199833; REC reference: 16/LO/1376; PI: Prof AJ
Mead), with all patients providing written informed consent.

Automated identification of fibrosis and severity assessment
Reticulin staining employs silver impregnation to highlight reticulin fibers
as black linear material. Minor variations in routine laboratory practice
(including counterstaining and toning) impart a range of colors to bone
and cellular elements. Digitized reticulin images were, therefore, converted
into grayscale to prevent any color variation from adversely influencing our
model’s performance [28, 29]. Two sets of BMT samples capturing the
spectrum of marrow fibrosis were used for the training (39 samples) and
validation (18 samples) steps of our model generation. For the initial
training and validation stages, uniformly sized tiles (512 × 512 pixels
[0.22 μm per pixel]) were extracted from manually segmented samples
deemed suitable for fibrosis estimation. A deep learning model based on

UNet [30] was used to assist in the segmentation and exclusion of bony
trabeculae (Supplementary Table 2). For subsequent rounds of training and
validation, a sliding window of 512 × 512 pixels with a stride of 256 pixels
(Supplementary Fig. 2) was used to extract tiles that satisfied each of three
criteria: fat regions account for <50% of the tile area; bone or bone
fragments account for <1% of the tile area; and, blood vessels account for
<10% of the tile area. We reasoned that this rule set maximized the
analyzable area of each sample while adhering to the convention of
restricting fibrosis grading to areas of hematopoiesis.
To accommodate a continuous spectrum of fibrosis severity within and

between MF grades, we employed a Learning to Rank (LTR) strategy called
RankNet to train a model that estimates sample fibrosis in the form of an
ordered ranking of feature severity [31]. This RankNet approach was then
combined with a Convolutional Neural Network (CNN) to build a Ranking-
CNN model [30, 32, 33] (Supplementary Table 3). To determine the ground
truth of analyzed images, a pairwise ranking strategy suitable for rapid and
intuitive human review was adopted, with three specialist hematopathol-
ogists selecting the most severe of two candidate image regions using
conventional WHO fibrosis criteria. (Please refer to Supplementary Fig. 3 for
an overview of the initial tile pair acquisition and model training.) A
normalized range of output scores between 0 and 1 was used as the
reference of fibrosis severity, with scores (CIF scores) approaching 1 being
the most fibrotic.
We adopted a human-in-the-loop approach for manual image ranking

(Supplementary Fig. 4) as this minimized the number of pairwise image
comparison tasks for each iteration of model training and validation
(Supplementary Methods: Training of the ranking-CNN; Supplementary
Table 4 and Supplementary Fig. 5).

Image mapping of fibrosis severity and feature extraction
Generating fibrosis severity maps from our CIF model output scores is an
efficient and intuitive method of visualizing fibrosis throughout a sample.
To acquire these CIF maps, a sliding window of 512 × 512 pixels was used
within the annotated region, with a stride of 256 pixels. To allow
subsequent comparison between samples, three sets of features relating to
the analyzed tiles extracted from each sample were used: average CIF
score, tile distribution, and Shannon entropy of tile distribution. Shannon
entropy (henceforth “heterogeneity”) captures the “unevenness” of tile
scores, with tile distribution reflecting the extent to which particular CIF
scores are enriched in each sample. As the output CIF scores from our
model were continuous between 0 and 1, scores were divided into four
“bins” that broadly correspond to WHO fibrosis grades MF-0, MF-1, MF-2
and MF-3. The difference in fibrosis between MPN subtypes was calculated
via the Mann–Whitney–Wilcoxon test (non-parametric with no assump-
tions of the data distribution) where P value (P) < 0.05 is considered
statistically significant.

Topological data analysis of ET and pre-PMF samples
To interrogate the relationship between fibrotic foci within ET and pre-
PMF, we employed topological data analysis (TDA), a relatively new field in
computational mathematics that studies the shape and connectivity of
data [34–36]. Persistent homology, a prominent and robust TDA algorithm
[37], enabled us to explore the connectivity pattern of fibrotic foci across a
continuous range of spatial scales within our samples. The input for this
analysis was the CIF tile scores and the output was a multiscale summary
of the spatial connectivity of the CIF scores called a barcode, a topological
fingerprint generated using Python Ripser version 0.6.2 [38]. The barcode
tracks the persistence and connectivity of fibrotic foci as they appear and
evolve in the image at different threshold values of the CIF score.
Quantitative properties of the barcode could then be used for subsequent
analysis and classification. To distinguish ET from pre-PMF, a random forest
classifier was applied in Python, using the package scikit-learn [39], with a
classifier comprising 100 decision trees. The importance of individual
features was assessed using Gini importance [40, 41]. For further details
and a description of the topological statistics used for this analysis, please
refer to Supplementary Methods: Topology data analysis.

RESULTS
Estimation of BMT fibrosis severity using a ranked list
approach
We employed a human-in-the-loop methodology to efficiently build a
ranked list of fibrosis severity comprising 11,448 image tiles extracted
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from reticulin-stained BMT sections. Following an initial round of
pairwise ranking using tiles extracted from manually annotated whole
slide-images, two subsequent rounds of manual ranking were fed
back into the ML model for further training. The average manual
ranking concordance by three hematopathologists after the first
round of training and validation was high (88.40%; Supplementary
Table 5). After three rounds of training and validation, our fibrosis

rankingmodel achieved 93.99% accuracy (see Supplementary Tables 6
and 7 for the ranking performance within different image pairs and
interobserver agreement). As expected, our model ranked highly
fibrotic sample areas as those containing numerous thick reticulin
fibers and bundles with frequent intersections (Fig. 2B and
Supplementary Fig. 6). To better understand the output of the
ranking model, we converted the normalized CIF tile scores to a color

Fig. 1 Overview of the computational steps for detection, quantitation and visualization of reticulin fibrosis in BMTs. A Image tiles are
extracted from manually segmented areas of fibrosis and labeled with the corresponding grade. Extracted tiles are then used to train a
ranking-CNN (convolutional neural network) model to output scores using a pairwise sample approach, with higher scores corresponding to
more severe fibrosis. Based on the initial trained model, we adopted a human-in-the-loop approach for manual image ranking. B With the
finalized model, a CIF map of each sample is acquired by predicting the scores of all extracted tiles and visualizing this as a color map
superimposed upon the original reticulin-stained image. C From the predicted CIF scores and measurements of tile distribution, the fibrosis
features are represented in two-dimensional disease space to allow comparison of MPN subtypes and indexing of individual patient BMTs
against a sample library. Fibrosis features can then be combined with those of other BMT constituents (e.g., megakaryocytes) to refine the
disease space.
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scale that could be superimposed upon a BMT image to generate a
false-colored image (Figs. 2A and 3).

Heterogeneity of reticulin fibrosis in BMT samples is
associated with MPN subtype
To compare fibrosis quantitation between MPN subtypes and
reactive samples, we determined average whole sample statistics
that captured fibrosis severity and heterogeneity (Figs. 2C, D
and 3). As expected, MF samples demonstrated significantly more

fibrosis (higher average CIF score) than other MPN subtypes or the
reactive/normal marrows. Equally expected was the finding of no
significant difference between the average fibrosis scores in ET
and reactive/normal samples; areas of minimal fibrosis amounting
to MF-1 being well described in healthy marrow. In keeping with
previous descriptions of patchy and variable fibrosis in PV, the
average fibrosis score for PV was moderately higher than that of
ET (PV 0.30 vs ET 0.19, P= 5E–4). Average fibrosis scores for PV and
pre-PMF were identical (PV 0.30 vs pre-PMF 0.30, P= 0.94). Of

Fig. 2 Distribution of tile CIF scores across MPN and reactive samples. A Example of a false-colored fibrosis heatmap, with CIF scores
overlaid onto the original reticulin-stained BMT image [summary of tile distribution in the bottom left]. B Individual tiles receive a CIF score
from 0 to 1 depending on the severity of reticulin fibrosis, with high scores assigned to tiles displaying increased fiber quantity, thickness and
intersections. Boxplots of the C average CIF score and D heterogeneity of tile distribution for MPN and reactive samples. E Boxplot for the
distribution of CIF scores (grouped into bins of increasing fibrosis) for MPN and reactive/normal samples. Results with P < 0.05 were
considered statistically significant and are indicated by an asterisk (*0.01 < P ≤ 0.05, **1.00e–03 < P ≤ 0.01, ***1.00e–04 < P ≤ 1.00e–03). All p
values are adjusted with Bonferroni correction. Confidence intervals of the median (CI)= 95%.
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particular interest, pre-PMF samples contained a significantly
higher average CIF score than ET (pre-PMF 0.30 vs ET 0.19,
P= 8E–5), despite meeting the diagnostic requirement of contain-
ing ≤ WHO grade MF-1 by conventional histological assessment.
Given the importance of BMT histological assessment in
distinguishing patients with ET and pre-PMF, this result suggested
that our automated fibrosis analysis may have clinical utility in
resolving this frequently challenging differential diagnosis.
In order to determine the distribution of the tile scores for each

MPN subtype, we subdivided the tile CIF scores into four distinct
bins that broadly correspond to each of the four established WHO
fibrosis grade categories (Fig. 2E and Supplementary Table 8). As
expected, MF cases accounted for almost all of the tiles assigned
to bin 3, although less fibrotic/non-fibrotic tiles were also
frequently encountered in MF samples. Also expected was the
observation that ET samples predominantly comprised tiles from
bins 0 and 1 (82.36% and 16.10%, respectively), consistent with
fibrosis in ET seldom exceeding focal areas of conventional WHO
grade MF-1 (Supplementary Table 9). The PV samples contained a
fairly wide distribution of tiles from bins 0 to 2, with significantly
more tile scores allocated to bin 1 than ET (PV 0.35 vs ET 0.16,
P= 0.002) and bin 2 (PV 0.17 vs ET 0.02, P= 5E–4). Notably,
samples of pre-PMF contained tile scores that were significantly
different from those of ET. Despite being predominantly
composed of tiles assigned to bins 0 and 1 (46.52% and 38.85%,
respectively), tile scores assigned to bin 2 were significantly
increased in the pre-PMF samples (pre-PMF 14.16% vs ET 1.51%,
P= 2E–4), although areas of obvious WHO grade MF-2 (as
determined by routine histological review) were absent from
these samples in line with current WHO diagnostic criteria
(Supplementary Table 9). Tile score distributions observed for
the PV and pre-PMF samples were not significantly different. Of
note, fibrosis heterogeneity did not appear to be simply correlated

to average CIF scores, with no significant difference observed
between the fibrosis heterogeneity of MF, PV and pre-PMF
samples (MF 0.80 vs PV 0.69, P= 0.50; MF 0.80 vs pre-PMF 0.74,
P= 0.96; PV 0.69 vs pre-PMF 0.74, P= 0.66).
These results revealed that a significant proportion of analyzed

tiles with CIF scores assigned to bin 2 were not, in fact, derived
from sample areas readily discernible by hematopathologists as
equating to moderate/severe fibrosis amounting to WHO grade
MF-2. This partly reflects the presence of microfoci or “hotspots” of
advanced fibrosis that are either too small or too subtle to identify
using conventional microscopy. Indeed, review of the CIF maps
confirmed the presence of such microfibrotic hotspots throughout
many MPN samples, most notably pre-PMF and PV.

Cohort indexing of automated MPN fibrosis supports disease
classification and assessment of disease progression
To enhance the visualization of our automated analysis, we
performed principal component analysis (PCA) to create an
abstracted two-dimensional space that incorporates the average
tile CIF score, tile distribution, and heterogeneity of tile distribu-
tion for our sample cohort (Fig. 4A). As expected, PCA demon-
strated clear separation of MF from reactive/normal and ET
samples, with cases of PV seen to overlap each region in PCA
space. The distribution of the PV samples in PCA space did not
appear to be strongly associated with the JAK2 V617F variant
allele frequency (Supplementary Fig. 7). The relationship between
driver mutation status and PCA distribution for the ET, MF and pre-
MF samples is shown in Supplementary Fig. 8.
Notably, when ET and pre-PMF samples were directly com-

pared, both appeared to aggregate in distinct regions of the PCA
plot with only minor overlap. Based on the PCA feature
representations, we trained a random forest classifier to distin-
guish ET (n= 36) from pre-PMF (n= 17) samples. In three-fold

Fig. 3 Variability of reticulin fibrosis within BMT samples. A Radar plots capture the average CIF tile score, tile distribution across the four
bins, and heterogeneity of tile distribution. Examples of homogenous and heterogenous patterns of fibrosis are shown. B Examples of radar
plots for reactive samples and each MPN subgroup.
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cross-validation (used to estimate the performance of a model by
which data are split into three groups of approximately equal size)
the classifier reached an area under the curve (AUC) of 0.71 for
discriminating between these MPN subtypes. Of note, two pre-
PMF samples were seen to overlap with the PCA space primarily
occupied by samples of MF, despite meeting WHO morphological
diagnostic criteria including an overall WHO fibrosis grade of ≤
MF-1.
In addition to allowing a simplified assessment of the

distribution of fibrosis within a cohort of reactive and MPN
samples, PCA analysis allows changes in marrow fibrosis to be
objectively detected and intuitively appreciated across sequential

samples. This is of particular value in the interpretation of BMTs
obtained from patients undergoing repeated biopsy to monitor
disease response or progression (Fig. 4B).

Topological data analysis (TDA) of fibrotic features in ET and
pre-PMF samples
Having identified significant differences in the average CIF tile
score, tile distribution and heterogeneity between ET and pre-
PMF, we sought to explore in more detail the fibrotic features
associated with each subtype. We therefore extended our fibrotic
feature analysis to include topological features as these have
provided useful insight into other complex biomedical datasets

Fig. 4 Disease cohort indexing discriminates between MPN samples and supports disease monitoring. A PCA plot of the abstract
representations of sample fibrosis reveals the clustering of reactive cases and MPN subtypes. B Indexing the multivariable representation of
fibrosis from individual patient samples to the PCA plot of the sample cohort enables monitoring of fibrotic progression. MF patients A and B
underwent allogeneic bone marrow transplantation with subsequent marrow sampling to monitor disease response. Patient A demonstrated
only modest improvement of marrow fibrosis post-transplant, with evidence of fibrotic relapse at 23 months (consistent with the results of
clinical and laboratory disease monitoring). By contrast, Patient B demonstrated a profound reduction/normalization of marrow fibrosis within
12 months of transplantation.
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[34–36, 42]. The identified topological descriptors were combined
with the original fibrotic features to train a random forest classifier
(Supplementary Fig. 9 and Supplementary Table 10) with
improved performance (AUC= 0.82 [combined TDA+ original
fibrotic features] vs AUC= 0.70 [original fibrotic features]). These
topological differences corresponded to the structure of the
fibrotic foci, with pre-PMF samples appearing to have a greater
number of fibrotic foci that were also more likely to be connected
by paths with high CIF scores when compared to ET, implying a
potential spatial relationship between areas of advancing fibrosis
in pre-PMF (Fig. 5).

Automated fibrosis analysis identifies patients at risk of
fibrotic progression
Given the evidence of good disease separation of ET and pre-PMF,
we hypothesized that our approach may allow improved early
detection of MPN patients at risk of progression to secondary
myelofibrosis. To evaluate this, we interrogated the PT-1 clinical
trial cohort for patients diagnosed with ET in whom there was
diagnostic evidence of progression to secondary MF in the course
of extended clinical follow-up. We identified 18 patients
diagnosed with ET at trial enrollment in whom there was
documented evidence of subsequent progression to post-ET
myelofibrosis (median days to progression = 2356), and for whom
we had access to analyzable pre-transformed reticulin-stained
sections. As an internal control group, we identified 17 PT-1 trial
participants in whom there was no diagnostic evidence of
progression over a comparable or longer period of clinical
follow-up (median follow-up = 4339 days). When indexed to the
PCA plot derived from our locally sourced sample cohort
(incorporating TDA), the PT-1 ET samples from non-transforming
patients aggregated in the expected PCA space (Fig. 6A). By

contrast, around half (9/17) of the subsequently transformed PT-1
ET samples were seen to aggregate in the PCA space correspond-
ing to cases of pre-PMF from our local cohort. A random forest
classifier trained to discriminate between patients who did or did
not subsequently transform to post-ET myelofibrosis achieved an
AUC of 0.77 (Fig. 6A and Supplementary Table 11).

Integration of fibrotic and megakaryocytic features in MPN
morphological assessment
Notwithstanding the diagnostic and prognostic potential of
automated reticulin analysis, reticulin fibrosis is only one of
several BMT features to be considered in the routine histological
evaluation of MPNs. Indeed, in previous work employing ML to
analyze megakaryocyte morphology and topology in BMTs we
highlighted the potential of improved megakaryocyte analysis in
the diagnosis and classification of MPNs [43]. Given the
importance of both reticulin fibrosis and megakaryocyte analysis
in MPN assessment, we sought to integrate both features using
PCA in an attempt to improve the morphological resolution of
MPN subtypes. When combined with our previous megakaryocyte
feature PCA, fibrotic feature analysis demonstrated improved
discrimination of ET and pre-PMF samples (AUC= 0.94 [mega-
karyocyte and fibrotic features] vs AUC= 0.92 [megakaryocyte
features alone]) (Fig. 7B and Supplementary Table 10). By contrast,
inclusion of fibrotic feature analysis did not enhance the
discrimination of reactive and MPN (all subtypes) using mega-
karyocyte features (AUC= 0.94 [megakaryocyte and fibrotic
features] vs AUC= 0.96 [megakaryocyte features alone]) (Fig. 7B
and Supplementary Table 12), or the discrimination of reactive/
normal and ET (AUC= 0.86 [megakaryocyte and fibrotic features]
vs AUC= 0.89 [megakaryocyte features alone]) (Fig. 7B and
Supplementary Table 13). This likely reflects the presence of

Fig. 5 Topological data analysis (TDA) of fibrosis in ET and pre-PMF samples. Illustration of TDA for fibrotic foci in an ET and pre-PMF
sample. Super-level set filtration on the images (left) allows computation of a topological fingerprint in the form of a barcode. The x-axis of the
barcode corresponds to filtration values, i.e., fibrosis score thresholds, in the super-level set filtration. At high filtration values only the most
fibrotic score pixels are included, with all points included at the lowest filtration values. The barcode in blue captures clusters or connected
components of the hotspots (light blue bars) across the filtration; for high filtration values this corresponds to fibrosis hotspots which then
merge with neighboring hotspots when all pixels between them are present in the filtration. Two examples of such hotspots in the filtration of
a sample of pre-PMF are shown as a pentagon and a star, with the filtration value at which they merge highlighted by a triangle. In the
barcode, we highlight the CIF values at which the hotspots are “born” in the corresponding bars with a pentagon and a star. When the
pentagon and the star hotspots merge, the bar corresponding to the star hotspot ends (indicated by the triangle) and the now joint star-
pentagon component continues to be monitored in the bar that corresponds to the pentagon hotspot. Infinite features, i.e. features that
continue beyond the end of the filtration such as the clusters that consist of all fibrosis pixels in the sample once all pixels are included in the
filtration, are represented as arrows extending beyond the x-axis. The barcode in red tracks one-dimensional holes (red bars) and their scale,
also called persistence, in the images. The most persistent hole in the pre-PMF image is highlighted as a circle. We show the fibrosis score at
which a hole appears (left endpoint) of the corresponding bar in the barcode with a circle.
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variable amounts of minor fibrosis frequently encountered in
healthy marrows, with significant feature overlap of non-fibrotic or
mildly fibrotic MPN samples (Figs. 4A and 7A).

DISCUSSION
Here we describe a set of computational methods designed to
systematically capture the key morphological characteristics of
marrow fibrosis and associate them with particular MPN subtypes.
This incorporates a platform that combines intuitive manual
image-handling tools with support from an ML model, thereby
aiding hematopathologists in the efficient ranking of marrow
fibrosis severity. Our approaches remove dependency on a
qualitative fibrosis grading system and have significant potential
to assist hematopathologists in the morphological assessment of
MPN patients, particularly in the challenging differential diagnosis
of ET and pre-PMF.
Using TDA we demonstrate that microfoci of advanced fibrosis

are a recurrent feature of pre-PMF, but are seldom encountered in
ET. Detection and quantitation of these fibrotic microfoci is well

beyond the scope of conventional histological assessment, and is
not captured in current fibrosis grading classifications [14, 21]. The
clinical significance of this finding is supported by our retro-
spective analysis of samples obtained as part of the PT-1 clinical
trial of patients diagnosed with ET and receiving long-term follow-
up. TDA identified fibrotic features, similar to those observed in
pre-PMF patients, in over half of those ET patients (for whom slides
were available) who subsequently progressed to post-ET myelofi-
brosis while enrolled on trial. Of note, patients eligible for PT-1 trial
entry from 1997 to 2012 met the Polycythemia Study Group
Diagnostic criteria for ET, before widespread recognition of pre-
PMF as a diagnostic category and formal adoption by the WHO in
2016 [25–27]. This raises the possibility that at least a proportion of
the ET patients subsequently transforming to secondary myelofi-
brosis might have had disease more in keeping with pre-PMF.
Prospective studies determining the power of automated fibrosis
assessment to predict myelofibrotic progression in ET and pre-PMF
classified using the latest WHO criteria are clearly indicated.
In addition to direct clinical application, objectively monitoring and

quantitating fibrosis in BMTs is ideally suited for studies evaluating the

Fig. 6 Combined fibrosis feature of ET, pre-PMF and PT-1 samples. A PCA plot of ET vs pre-PMF using fibrosis features (original+ TDA) with
overlay of pre-transformed and non-transformed cases of ET from the PT-1 cohort, along with the ROC curves for ET vs pre-PMF and pre-
transformed vs non-transformed PT-1 samples. B Examples of the CIF maps and corresponding radar plots of the analyzed samples.
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effect of current therapies on disease progression in MPN. The
outputs are also well suited for integration into future clinical trial
designs evaluating novel therapeutic targets/drug candidates [44, 45].
Without such approaches, incorporating marrow fibrosis assessment
into robust clinical endpoints for the investigation of disease-
modifying agents in myelofibrosis will remain challenging.
Our identification and description of fibrotic microfoci and

related topological features within pre-PMF, and their association
with fibrotic progression in ET, raises important questions about
the factors driving early microfocal stromal fibrosis within the
marrow. Recent evidence from murine and human studies
suggests that mal-differentiation of mesenchymal stem cells
(MSC), driven by neoplastic HSCs and their inflammatory
microenvironment, are a major determinant of distinct pre-
fibrotic and fibrotic phases of disease [10, 46]. The extent to
which this process of stromal reprogramming is responsible for
the microfoci of fibrosis identified in our current work clearly
warrants further investigation. Moreover, the extent to which such
early (potentially reversible) fibrotic foci may be important for
widespread pathological changes in the surrounding marrow
tissue, terminating in generalized marrow fibrosis, is also unclear.
Intriguingly, analysis of the topological features embedded within
our fibrosis data revealed not only increased numbers of fibrotic
microfoci in pre-PMF samples when compared to ET, but also
suggests that these fibrotic hotspots are spatially related, possibly
reflecting local conditioning of the surrounding stromal tissue that
predispose to further foci of early fibrosis development. This
model of microfocal fibrotic progression in MPNs is entirely

consistent with the growing body of evidence pointing to early
HSC-driven abnormalities of the stem cell niche driving highly
localized changes in the tissue microenvironment [8, 9, 47].
Statistical descriptions of bone marrow morphological features

using enhanced image analysis techniques have only recently
been described, and application to fibrosis complements our
recent work describing megakaryocyte features in MPNs [43, 48].
Of note, while the specific ML strategies employed for detecting
and quantitating fibrosis in the form of a continuous score (CIF
score) are distinct from those previously employed in our
megakaryocyte analysis, they draw upon shared technical and
infrastructural processes and deliver outputs that are readily
integrated into shared analytical workflows [49]. Indeed, we
demonstrate how combining the morphological and topological
features of fibrosis and megakaryocytes employed in conventional
MPN diagnosis can be used to explore and refine our current
understanding of disease boundaries. We recognize that addi-
tional cellular and stromal morphological features are important in
MPNs, particularly cellular changes in non-megakaryocytic
lineages and abnormalities of collagen deposition and bone.
However, such features are in turn well suited to novel ML
approaches. It is also acknowledged that the methods advanced
in this work to refine the histological assessment of MPNs
represent only one component of the integrated evaluation of
myeloid diseases endorsed by the latest iteration of the WHO
classification scheme. Further studies, including clinical trials, to
evaluate the additional prognostic value of the ML features
presented here are now indicated.

Fig. 7 Combining fibrosis and megakaryocyte feature analysis improves the discrimination of MPN subtypes. A PCA plots of the fibrosis
features, megakaryocyte features and combined features (fibrosis+megakaryocyte) reveal clustering of reactive samples and MPN subtypes.
B Corresponding ROC curves (ET vs pre-PMF, reactive vs ET and reactive vs MPN) demonstrate the utility of combining fibrosis and
megakaryocyte feature analysis in the assessment of MPNs, particularly for the discrimination of ET and pre-PMF samples (which includes TDA
analysis of fibrotic features). For the purpose of comparison between fibrosis and megakaryocyte analyses for the ROC curve calculations, only
samples for which both reticulin and H&E stains are available have been used (Reactive= 12, ET= 32, PV= 17, MF= 22, pre-PMF= 17).
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Fibrosis has long been recognized as an important pathological
feature in diverse diseases affecting several organ systems [50],
with ML approaches for fibrosis quantitation particularly well
described in liver disease [51, 52]. Our strategy of refining the
topological features of fibrosis in the context of curated patient
cohorts and combining them with additional histological features
is novel, and has significant potential for rapid translation into
other organ systems.

CODE AVAILABILITY
The computer code and datasets generated during this study will be made available
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data sharing guidelines and after review by CRUK-Cancer Research Horizons.

REFERENCES
1. Norén-Nyström U, Roos G, Bergh A, Botling J, Lönnerholm G, Porwit A, et al. Bone

marrow fibrosis in childhood acute lymphoblastic leukemia correlates to biolo-
gical factors, treatment response and outcome. Leukemia. 2008;22:504–10.

2. Fu B, Jaso JM, Sargent RL, Goswami M, Verstovsek S, Medeiros LJ, et al. Bone
marrow fibrosis in patients with primary myelodysplastic syndromes has prog-
nostic value using current therapies and new risk stratification systems. Mod
Pathol. 2014;27:681–9.

3. Buesche G, Teoman H, Wilczak W, Ganser A, Hecker H, Wilkens L, et al. Marrow
fibrosis predicts early fatal marrow failure in patients with myelodysplastic syn-
dromes. Leukemia. 2008;22:313–22.

4. Sabattini E, Pizzi M, Agostinelli C, Bertuzzi C, Sagramoso Sacchetti CA, Palandri F,
et al. Progression in Ph-chromosome-negative myeloproliferative neoplasms: an
overview on pathologic issues and molecular determinants. Cancers (Basel).
2021;13:5531.

5. Gianelli U, Fiori S, Cattaneo D, Bossi A, Cortinovis I, Bonometti A, et al. Prognostic
significance of a comprehensive histological evaluation of reticulin fibrosis, col-
lagen deposition and osteosclerosis in primary myelofibrosis patients. Histo-
pathology. 2017;71:897–908.

6. Rampal R, Al-Shahrour F, Abdel-Wahab O, Patel JP, Brunel JP, Mermel CH, et al.
Integrated genomic analysis illustrates the central role of JAK-STAT pathway
activation in myeloproliferative neoplasm pathogenesis. Blood.
2014;123:e123–33.

7. O’Sullivan J, Mead AJ. Heterogeneity in myeloproliferative neoplasms: causes and
consequences. Adv Biol Regul. 2019;71:55–68.

8. Mendez-Ferrer S, Bonnet D, Steensma DP, Hasserjian RP, Ghobrial IM, Gribben JG,
et al. Bone marrow niches in haematological malignancies. Nat Rev Cancer.
2020;20:285–98.

9. Reagan MR, Rosen CJ. Navigating the bone marrow niche: translational insights
and cancer-driven dysfunction. Nat Rev Rheumatol. 2016;12:154–68.

10. Gleitz HFE, Benabid A, Schneider RK. Still a burning question: the interplay
between inflammation and fibrosis in myeloproliferative neoplasms. Curr Opin
Hematol. 2021;28:364–71.

11. Verstovsek S, Manshouri T, Pilling D, Bueso-Ramos CE, Newberry KJ, Prijic S, et al.
Role of neoplastic monocyte-derived fibrocytes in primary myelofibrosis. J Exp
Med. 2016;213:1723–40.

12. Maekawa T, Osawa Y, Izumi T, Nagao S, Takano K, Okada Y, et al. Myeloproli-
ferative leukemia protein activation directly induces fibrocyte differentiation to
cause myelofibrosis. Leukemia. 2017;31:2709–16.

13. Maekawa T, Kato S, Kawamura T, Takada K, Sone T, Ogata H, et al. Increased
SLAMF7(high) monocytes in myelofibrosis patients harboring JAK2V617F provide
a therapeutic target of elotuzumab. Blood. 2019;134:814–25.

14. Arber DA, Orazi A, Hasserjian R, Thiele J, Borowitz MJ, Le Beau MM, et al. The 2016
revision to the World Health Organization classification of myeloid neoplasms
and acute leukemia. Blood. 2016;127:2391–405.

15. Barbui T, Thiele J, Passamonti F, Rumi E, Boveri E, Randi ML, et al. Initial bone
marrow reticulin fibrosis in polycythemia vera exerts an impact on clinical out-
come. Blood. 2012;119:2239–41.

16. Boiocchi L, Mathew S, Gianelli U, Iurlo A, Radice T, Barouk-Fox S, et al. Morpho-
logic and cytogenetic differences between post-polycythemic myelofibrosis and
primary myelofibrosis in fibrotic stage. Mod Pathol. 2013;26:1577–85.

17. Gianelli U, Vener C, Bossi A, Cortinovis I, Iurlo A, Fracchiolla NS, et al. The Eur-
opean Consensus on grading of bone marrow fibrosis allows a better prog-
nostication of patients with primary myelofibrosis. Mod Pathol.
2012;25:1193–202.

18. Vener C, Fracchiolla NS, Gianelli U, Calori R, Radaelli F, Iurlo A, et al. Prognostic
implications of the European consensus for grading of bone marrow fibrosis in
chronic idiopathic myelofibrosis. Blood. 2008;111:1862–5.

19. Thiele J, Kvasnicka HM. Grade of bone marrow fibrosis is associated with relevant
hematological findings-a clinicopathological study on 865 patients with chronic
idiopathic myelofibrosis. Ann Hematol. 2006;85:226–32.

20. Guglielmelli P, Lasho TL, Rotunno G, Mudireddy M, Mannarelli C, Nicolosi M, et al.
MIPSS70: Mutation-Enhanced International Prognostic Score System for
transplantation-age patients with primary myelofibrosis. J Clin Oncol.
2018;36:310–8.

21. Kvasnicka HM, Beham-Schmid C, Bob R, Dirnhofer S, Hussein K, Kreipe H, et al.
Problems and pitfalls in grading of bone marrow fibrosis, collagen deposition and
osteosclerosis – a consensus-based study. Histopathology. 2016;68:905–15.

22. Pozdnyakova O, Wu K, Patki A, Rodig SJ, Thiele J, Hasserjian RP. High con-
cordance in grading reticulin fibrosis and cellularity in patients with myelopro-
liferative neoplasms. Mod Pathol. 2014;27:1447–54.

23. Wilkins BS, Erber WN, Bareford D, Buck G, Wheatley K, East CL, et al. Bone marrow
pathology in essential thrombocythemia: interobserver reliability and utility for
identifying disease subtypes. Blood. 2008;111:60–70.

24. Gianelli U, Bossi A, Cortinovis I, Sabattini E, Tripodo C, Boveri E, et al. Reprodu-
cibility of the WHO histological criteria for the diagnosis of Philadelphia
chromosome-negative myeloproliferative neoplasms. Mod Pathol.
2014;27:814–22.

25. Harrison CN, Campbell PJ, Buck G, Wheatley K, East CL, Bareford D, et al.
Hydroxyurea compared with anagrelide in high-risk essential thrombocythemia.
N Engl J Med. 2005;353:33–45.

26. Campbell PJ, MacLean C, Beer PA, Buck G, Wheatley K, Kiladjian JJ, et al. Corre-
lation of blood counts with vascular complications in essential thrombocythemia:
analysis of the prospective PT1 cohort. Blood. 2012;120:1409–11.

27. Godfrey AL, Campbell PJ, MacLean C, Buck G, Cook J, Temple J, et al. Hydro-
xycarbamide plus aspirin versus aspirin alone in patients with essential throm-
bocythemia age 40 to 59 years without high-risk features. J Clin Oncol.
2018;36:3361–9.

28. Castellano G, Bonilha L, Li LM, Cendes F. Texture analysis of medical images. Clin
Radio. 2004;59:1061–9.

29. Kather J, Weis C-A, Bianconi F, Melchers S, Schad L, Gaiser T, et al. Multi-class
texture analysis in colorectal cancer histology. Sci Rep. 2016;6:27988.

30. Ronneberger O, Fischer P, Brox T. U-Net: Convolutional Networks for Biomedical
Image Segmentation. In: Navab N, Hornegger J, Wells W, Frangi A, Editors.
Medical Image Computing and Computer-Assisted Intervention – MICCAI 2015.
MICCAI 2015. Lecture Notes in Computer Science, vol 9351. p. 234–41. Springer,
Cham; 2015. https://doi.org/10.1007/978-3-319-24574-4_28.

31. Burges C. From RankNet to LambdaRank to LambdaMART: an overview. Learning.
2010;11.

32. Lyu J, Ling SH, Banerjee S, Zheng JJY, Lai KL, Yang D, et al. 3D ultrasound spine
image selection using convolution learning-to-rank algorithm. Annu Int Conf IEEE
Eng Med Biol Soc. 2019;2019:4799–802.

33. Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, et al. A survey
on deep learning in medical image analysis. Med Image Anal. 2017;42:60–88.

34. Edelsbrunner, Letscher, Zomorodian. Topological persistence and simplification.
Discret Computational Geom. 2002;28:511–33.

35. Carlsson G. Topology and data. Bull Amer Math Soc. 2009;46:255–308.
36. Vipond O, Bull JA, Macklin PS, Tillmann U, Pugh CW, Byrne HM, et al. Multi-

parameter persistent homology landscapes identify immune cell spatial patterns
in tumors. Proc Natl Acad Sci USA. 2021;118:e2102166118.

37. Ghrist R. Barcodes: the persistent topology of data. Bull Amer Math Soc.
2008;45:61–75.

38. Tralie C, Saul N, Bar-On R. Ripser.py: a lean persistent homology library for Python.
J Open Source Softw. 2018;3:925.

39. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-
learn: machine learning in Python. J Mach Learn Res. 2012;12.

40. Sandri M, Zuccolotto P. A bias correction algorithm for the Gini variable impor-
tance measure in classification trees. J Comput Graph Stat. 2008;17:611–28.

41. Nembrini S, König IR, Wright MN. The revival of the Gini importance? Bioinfor-
matics. 2018;34:3711–8.

42. Stolz BJ, Tanner J, Harrington HA, Nanda V. Geometric anomaly detection in data.
Proc Natl Acad Sci USA. 2020;117:19664–9.

43. Sirinukunwattana K, Aberdeen A, Theissen H, Sousos N, Psaila B, Mead AJ, et al.
Artificial intelligence-based morphological fingerprinting of megakaryocytes:
a new tool for assessing disease in MPN patients. Blood Adv. 2020;
4:3284–94.

44. Kosiorek HE, Dueck AC. Advancing effective clinical trial designs for myelofibrosis.
Hematol Oncol Clin North Am. 2021;35:431–44.

45. Waksal JA, Harrison CN, Mascarenhas JO. Novel therapeutics and targets in
myelofibrosis. Leuk Lymphoma. 2022;63:1020–33.

46. Gleitz HFE, Dugourd AJF, Leimkuhler NB, Snoeren IAM, Fuchs SNR, Menzel S, et al.
Increased CXCL4 expression in hematopoietic cells links inflammation and pro-
gression of bone marrow fibrosis in MPN. Blood. 2020;136:2051–64.

H. Ryou et al.

357

Leukemia (2023) 37:348 – 358

https://doi.org/10.1007/978-3-319-24574-4_28


47. Leimkuhler NB, Gleitz HFE, Ronghui L, Snoeren IAM, Fuchs SNR, Nagai JS, et al.
Heterogeneous bone-marrow stromal progenitors drive myelofibrosis via a
druggable alarmin axis. Cell Stem Cell. 2021;28:637–52. e8

48. Theissen H, Chakraborty T, Malacrino S, Sirinukunwattana K, Royston D, Rittscher
J. Learning cellular phenotypes through supervision. Annu Int Conf IEEE Eng Med
Biol Soc. 2021;2021:3592–5.

49. Royston D, Mead AJ, Psaila B. Application of single-cell approaches to study
myeloproliferative neoplasm biology. Hematol Oncol Clin North Am.
2021;35:279–93.

50. Majo J, Klinkhammer BM, Boor P, Tiniakos D. Pathology and natural history of
organ fibrosis. Curr Opin Pharmacol. 2019;49:82–9.

51. Yegin EG, Yegin K, Ozdogan OC. Digital image analysis in liver fibrosis: basic
requirements and clinical implementation. Biotechnol Biotechnol Equip.
2016;30:653–60.

52. Sarvestany SS, Kwong JC, Azhie A, Dong V, Cerocchi O, Ali AF, et al. Development
and validation of an ensemble machine learning framework for detection of all-
cause advanced hepatic fibrosis: a retrospective cohort study. Lancet Digit
Health. 2022;4:e188–99.

ACKNOWLEDGEMENTS
The research was funded by a Cancer Research United Kingdom (CRUK) Early Cancer
Detection Award and the National Institute for Health Research (NIHR) Oxford
Biomedical Research Center (BRC). JR is supported through the EPSRC-funded
Seebibyte programme (EP/M013774/1) and is an adjunct professor of the Ludwig
Institute for Cancer Research, Oxford Branch. HAH gratefully acknowledges funding
from EPSRC EP/K041096/1, EP/R005125/1 and EP/T001968/1, the Royal Society RGF
\EA\201074 and UF150238, Leverhulme Trust and Emerson Collective. HB is a senior
group leader at the Ludwig Institute for Cancer Research, Oxford Branch. BJS, HB, and
HAH are members of the Centre for Topological Data Analysis, funded by the EPSRC
grant (EP/R018472/1). BJS is further supported by a L’Oréal-Unesco For Women in
Science Fellowship. GG acknowledges funding from NSF MSPRF 2202895. Computa-
tion used the Oxford Biomedical Research Computing (BMRC) facility, a joint
development between the Wellcome Center for Human Genetics and the Big Data
Institute, supported by Health Data Research UK and the NIHR Oxford Biomedical
Research Center. The PT-1 study was funded by the Medical Research Council, United
Kingdom, and CRUK. The views expressed are those of the authors and not
necessarily those of the NHS, the NIHR or the Department of Health. We wish to
express our gratitude to members of the 2019 CRUK Sandpit Team (HaemAI) for their
support: Fayyaz Minhas, Wei Pang, Mathew Grech-Sollars, Peter R. Dunstan, and
Alistair Easton.

AUTHOR CONTRIBUTIONS
DR conceived and supervised the study with input from JR, BP, ALG and AJM. HR, KS,
AA, DR and JR designed the study. HR, AA and KS designed the human-in-the-loop

protocol for manual tile ranking. HR collected and summarized expert segmentations
and manual ranking outputs. HR and KS implemented ML algorithms. DR, GDHT and
GR verified ML predictions for fibrosis identification. HR and DR reviewed ML
predictions for fibrosis grading. HR and KS performed statistical analyses. GG, HB,
HAH, and BJS designed the topological data analysis. GG performed topological
computations and exploratory analysis. NS, BP, ALG, CNH and AJM identified samples
and collected/provided access to clinical and genetic data. HR, KS and DR drafted the
manuscript. All authors read and have given approval for the final manuscript.

COMPETING INTERESTS
KS, AA and JR are co-founders and equity holders of Ground Truth Labs Ltd. Both
University of Oxford and Cancer Research UK (CRUK) have intellectual property
interests relevant to the work that is the subject of this paper. The remaining authors
declare no competing interests.

ADDITIONAL INFORMATION
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41375-022-01773-0.

Correspondence and requests for materials should be addressed to Daniel Royston.

Reprints and permission information is available at http://www.nature.com/
reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in anymedium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022, corrected publication 2023

H. Ryou et al.

358

Leukemia (2023) 37:348 – 358

https://doi.org/10.1038/s41375-022-01773-0
http://www.nature.com/reprints
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Continuous Indexing of Fibrosis (CIF): improving the assessment and classification of MPN patients
	Introduction
	Materials and methods
	Clinical samples
	Automated identification of fibrosis and severity assessment
	Image mapping of fibrosis severity and feature extraction
	Topological data analysis of ET and pre-PMF samples

	Results
	Estimation of BMT fibrosis severity using a ranked list approach
	Heterogeneity of reticulin fibrosis in BMT samples is associated with MPN subtype
	Cohort indexing of automated MPN fibrosis supports disease classification and assessment of disease progression
	Topological data analysis (TDA) of fibrotic features in ET and pre-PMF samples
	Automated fibrosis analysis identifies patients at risk of fibrotic progression
	Integration of fibrotic and megakaryocytic features in MPN morphological assessment

	Discussion
	References
	Acknowledgements
	Author contributions
	Competing interests
	ADDITIONAL INFORMATION




