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Rheumatoid Arthritis Synovial Inflammation Quantification
Using Computer Vision
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Diyu Pearce-Fisher,? Fan Zhang,*>%7# Soumya Raychaudhuri,*>*782° Caryn Hale,'° Caroline S. Jiang,'®
Susan Goodman,?> () and Dana E. Orange®'°

Objective. We quantified inflammatory burden in rheumatoid arthritis (RA) synovial tissue by using computer vision
to automate the process of counting individual nuclei in hematoxylin and eosin images.

Methods. We adapted and applied computer vision algorithms to quantify nuclei density (count of nuclei per unit
area of tissue) on synovial tissue from arthroplasty samples. A pathologist validated algorithm results by labeling nuclei
in synovial images that were mislabeled or missed by the algorithm. Nuclei density was compared with other measures
of RA inflammation such as semiquantitative histology scores, gene-expression data, and clinical measures of disease
activity.

Results. The algorithm detected a median of 112,657 (range 8,160-821,717) nuclei per synovial sample. Based on
pathologist-validated results, the sensitivity and specificity of the algorithm was 97% and 100%, respectively. The
mean nuclei density calculated by the algorithm was significantly higher (P < 0.05) in synovium with increased histol-
ogy scores for lymphocytic inflammation, plasma cells, and lining hyperplasia. Analysis of RNA sequencing identified
915 significantly differentially expressed genes in correlation with nuclei density (false discovery rate is less than
0.05). Mean nuclei density was significantly higher (P < 0.05) in patients with elevated levels of C-reactive protein,
erythrocyte sedimentation rate, rheumatoid factor, and cyclized citrullinated protein antibody.

Conclusion. Nuclei density is a robust measurement of inflammatory burden in RA and correlates with multiple

orthogonal measurements of inflammation.
INTRODUCTION

Rheumatoid arthritis (RA), the most prevalent autoimmune
arthritis, is characterized by inflammation in synovial tissue. There
is great interest in using synovial tissue samples to optimize treat-
ment decisions for patients with RA in the long term (1-3) and in
the short term; rigorous histologic assessments of synovial tissue
are needed as benchmarks for molecular approaches such as
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single cell RNA sequencing (RNA-seq) (4). Many groups have
compared and validated various methods of quantifying
antibody-stained cells such as T cells, B cells, plasma cells, and
macrophages in RA synovium (5). Three general methods of mea-
surement include semiquantitative scoring (whereby a pathologist
generates an ordinal summary score ranging from O to 4 to
describe the level of infiltrate), manual counting of individual cells
(which is laborious and not well suited for large-scale studies),
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and digital image assessment (whereby computer software is used
to quantify cell types). Although ordinal semiquantitative scores are
considered valid, the more granular continuous data generated
from manual counts and digital image analysis are more sensitive
for discriminating clinically involved and uninvolved joints (6). How-
ever, these approaches are currently limited by the need for special
antibody stains and field selection bias. Careful studies comparing
digital image analysis of either 60, 20, 6, or 1 high-power fields
(representing 7.5 mm?, 2.5 mm?, 0.75 mm?, and 0.125 mm? of
tissue, respectively) found that the variance increases when the
number of high-power fields drops from 20 to 6 (7).

Hematoxylin and eosin (H&E) stain is the most widely used
method for assessing any type of tissue. Some groups, including
our group, have also validated semiquantitative assessments of
H&E-stained synovium in RA (8,9). A key limitation of these semi-
quantitative methods is that they rely on the subjective selection
of a subset of high-power fields from the whole slide image. Given
that synovial inflammation tends to be heterogeneous, variability
in the selected high-power fields for assessment can lead to dif-
ferent scores. In a recent study from our group, the weighted
kappa for interrater reliability between two highly experienced
pathologists assessing synovial lymphocyte infiltration on the
same slides was only 67% (9).

Advances in computational pathology have been applied with
great success in oncology to predict cancer outcomes and treat-
ment response (10-13). In general, computational pathology seeks
to extract meaningful information from histology samples such as
detecting, segmenting, and characterizing key features. By auto-
mating these fundamental tasks, the entire sample can be effi-
ciently analyzed, and the burden on the pathologist and other
human biases in selecting a subset of high-power fields from the
whole slide image can be reduced (14). However, these computer
vision approaches have not yet been widely adopted for H&E-
stained synovial tissue analysis. Considering that hospitals are
beginning to incorporate digital pathology images of whole slides
into medical records (15), and our site alone performs over 5,000
arthroplasties per year, there is an opportunity to apply computer
vision at an enterprise scale to enable precise, rapid, and cost-
effective quantification of inflammation in synovial tissue samples.

In recent years, deep learning methods, such as convolutional
neural networks, have been successfully applied for quantifying his-
tological features and phenotypes in H&E-stained tissue samples
(16,17). Deep learning is a powerful tool that often outperforms tra-
ditional computer vision methods. However, the main drawback of
data-driven methods, like deep learning, is the need for large data-
sets with labeled annotations. Acquiring a sufficiently large training
dataset is often prohibitively time consuming and expensive. There-
fore, labeled data are often unavailable, and conventional computer
vision approaches, such as our proposed pipeline, are needed.

Synovial samples with dense inflammatory infiltrates typically
have more nuclei (18). We hypothesized that the density of nuclei
in H&E-stained synovial tissue samples can be used as a simple,

fast, quantitative measurement of inflammation. Here, we share
an algorithm (Figure 1) using computer vision techniques includ-
ing color deconvolution, local adaptive thresholding, watershed
segmentation, and shape filtering. We compare the output of
computer vision assessments of RA synovial nuclei density, which
yield hundreds of thousands of nuclei per whole slide image, with
semiquantitative histology scores, bulk and single cell RNA-seq,
and clinical measures of disease activity. These comparisons pro-
vide proof of concept that nuclei density is a robust measurement
of synovial inflammation, thereby laying the groundwork for
advancing computer vision in rheumatic disease.

METHODS

Patient data. This study includes data from 170 patients
with RA undergoing arthroplasty at the Hospital for Special
Surgery (HSS) in New York. All patients met either the American
College of Rheumatology (ACR)/European League Against
Rheumatism 2010 classification criteria and/or the ACR 1987 cri-
teria for RA (19,20). Patient data, including age, duration of dis-
ease, body mass index, tender and swollen joint counts,
Disease Activity Score in 28 joints (DAS28), erythrocyte sedimen-
tation rate (ESR), C-reactive protein (CRP), rheumatoid factor
(RF), and anti-cyclic citrullinated peptide (CCP), were collected
(9). This study was approved by the HSS Institutional Review
Board (approval number 2014-233), the Rockefeller University
Institutional Review Board (approval number DOR0822), and the
Biomedical Research Alliance of New York (approval number
15-08-114-385). All participating patients provided their signed
informed consent. The patients and the public were not involved
in the design of this study.

This study was approved by the HSS Institutional Review
Board (approval no. 2014-233), the Rockefeller University Institu-
tional Review Board (approval no. DOR0822), and the Biomedical
Research Alliance of New York (approval no. 15-08-114-385). All
participating patients provided their signed informed consent.

Tissue quantification. Whole slide images were split into
a set of smaller 1,024 x 1,024 pixel-sized images, termed
“tiles,” representing an area of 0.25 mm? (Figure 1A). To equitably
compare nuclei counts between tiles, it is necessary to quantify
and normalize for tissue. The RBG (Red Blue Green) image was
transformed into a grayscale image such that each pixel contains
an intensity value between 0 and 255. Next, we employed an
intensity value threshold of 30 to annotate pixels above this value
as tissue. Finally, a tissue metric was calculated based on the pro-
portion of the tile determined to contain tissue.

Color deconvolution and local adaptive threshold-
ing. Hematoxylin (blue) preferentially stains cell nuclei, whereas
eosin (magenta-red) stains cytoplasm (21). To separate the nuclei
from the cytoplasm, color deconvolution was applied to transform
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Figure 1. Algorithm pipeline for automated quantification of synovial nuclei. A, The whole slide image is decomposed into 0.25 mm? tiles with an
isotropic resolution of 0.5 um. Numbers in brackets indicate the amount of tissue identified by the algorithm in the tile (between 0 and 1). Tiles with
a tissue metric less than 0.10 are excluded from further analysis. B, Visualization of the algorithm’s image processing pipeline to identify synovial
nuclei. This process is repeated for all tiles meeting the tissue threshold. 1) Original colored tile with H&E staining, 2) grayscale image representing
the intensity of hematoxylin staining from color deconvolution, 3) global threshold image provides a rough estimate of nuclei locations, 4) local
threshold image provides a refined estimate of nuclei locations, and 5) individual nuclei are found using the watershed segmented image. C, Shape
filtering removes irregularly shaped artifacts as indicated by the red arrow that would be otherwise mistakenly identified as synovial nuclei.

the color image into grayscale images representing the concen-
tration of each dye (22). Color deconvolution was performed
using RBG channel weighting vectors of (0.65, 0.70, 0.29) for
hematoxylin and (0.07, 0.99, 0.11) for eosin. The resulting gray-
scale images have normalized pixel intensities ranging from 0 to
255 (Figure 1B).

Using the hematoxylin image, it is easier to separate cell
nuclei from the background. Pixels in the image were classified
as background (eg, empty space, cytoplasm, and stroma) or fore-
ground (ie, nuclei) based on a threshold. Otsu’s method was used
to automate selecting a threshold to separate the nuclei from the
background (23). Due to the heterogeneous staining intensity,
local adaptive thresholding was used to select threshold values
for different regions of an image. First, a global threshold was
applied resulting in a binary image with a rough estimate for the
locations of nuclei (Figure 1B). Local regions were then defined
based on an enlarged bounding box for each connected compo-
nent in the global binary image. Local threshold values were then
computed and applied to each local region to provide a refined
estimate for the locations of nuclei.

Nuclei segmentation and shape filtering. In regions
with densely clustered nuclei, an object in the binary image can
contain multiple adjacent or overlapping nuclei. Nuclei segmenta-
tion was thus performed using the watershed method to find
boundary lines between individual nuclei (24). We applied the dis-
tance transform to the binary image resulting in a map that repre-
sents the shortest Euclidean distance between the foreground
and background (25). The distance map and the hematoxylin
grayscale image were normalized and summed together (18).
The watershed method was then applied to the combined dis-
tance and image intensity map to identify individual nuclei.

Staining artifacts incorrectly identified as nuclei were
removed by filtering objects based on their shape with metrics like
circularity and Euler number (the total number of objects minus
the total number of holes in an object). Objects with a circularity
less than 0.4 and a Euler number less than O were removed
(Figure 1C). Nuclei density was calculated by normalizing the total
count of individual nuclei by the tissue metric. Whole slide image-
level mean nuclei densities were also calculated for each patient
by averaging all tile-level nuclei densities.
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Pathologist validation of nuclei detected. Nuclei iden-
tified by the algorithm were validated by a pathologist on a sample
of 10 tiles (two tiles from each lymphocyte grade). We used the
open-source software QuPath to annotate nuclei that were either
mislabeled or missing (26). Algorithm performance was evaluated
by calculating sensitivity, specificity, and the F1 score.

Histologic scoring. Given that the whole synovium is avail-
able for direct visual inspection after arthroplasty, the pathologist
selected the area that appeared most grossly inflamed. If there
were no obvious niduses of inflammation, synovial samples were
preferentially obtained from areas of inflamed synovium or stan-
dard locations as previously described (9). Histology features
were scored by a pathologist using a systematic approach
described in (9) and is also available at www.hss.edu/pathology-
synovitis. Chi-squared tests were conducted to determine
whether there were significant relationships among nuclei density
and the histology features. The Spearman correlation coefficient
was calculated for features with a significant relationship.

Gene expression analysis. RNA was extracted from
paired bulk synovial tissue samples and previously sequenced
as described in (Immport Accession #SDY1299) (9). In brief, these
libraries were prepared using TruSeq messenger RNA (MRNA)
Stranded Library kits; 50-bp paired-end reads were sequenced
on a HiSeg2500 platform, and reads were aligned to hg19 using
STAR (27). Samples with more than 0.1% globin mRNA were
excluded from further analysis. Consensus clustering identified
three gene expression clusters (low, mixed, and high inflamma-
tory). A principal component analysis was performed on the top
5,000 most variably expressed genes. The limma R package
was used to identify differentially expressed genes using mean
nuclei count as a continuous variable (28). Differentially expressed
genes were defined as those with a false discovery rate (FDR) less
than 0.05.

An enrichment analysis of 18 synovial cell type subsets
(200 marker genes per cell) was performed (Immport Accession
#3DY998) (4). Genes were ranked according to the moderated
t-statistic, and the fgsea R package was used for enrichment
analysis using the marker genes as gene sets (28,29).

RESULTS

Clinical characteristics. Among the 170 patients with RA,
81% were female, 41% were seropositive for RF, and 64% were
seropositive for anti-CCP. Disease activity was moderate to high
in 70% of patients, with 50% DASs of 3.2 or more and 17% DASs
of 5.1 or more. Patient characteristics are presented in Supple-
mental Table 1.

Automated quantification of synovial nuclei. Our
algorithm was used to identify synovial nuclei in 170 whole slide

images of patients with RA and detected a median of 112,657
(range 8,160 to 821,717) nuclei per whole slide image. This large
range of nuclei detected was partially due to the varying synovial
tissue sample sizes. The whole slide images were sectioned into
amedian of 579 (range 108 to 1,850) tiles. After tissue quantifica-
tion and removal of tiles containing mostly empty space, the
whole slide images had a remaining median of 249 (range 29 to
1,103 tiles, corresponding to a median tissue area of 1.25 cm?.
A median of 430 (range 1 to 3,437) individual nuclei was detected
in each tile. To account for varying synovial tissue sample sizes,
we normalized the whole slide image nuclei count by tissue area
per tile and refer to this value herein as the nuclei density.

Algorithm validation and robustness. Through a series
of experiments, algorithm performance was evaluated under
varying conditions to determine its accuracy and robustness.
The spatial distribution of nuclei (ie, sparse, dense, and clustered)
did not have a large impact on the algorithm performance pro-
vided because there was some separation between the nuclei
(Figure 2A). There were instances of multiple overlapping nuclei
being identified as one, but in most cases, even a trained expert
would have difficulty in separating the nuclei. The algorithm’s per-
formance under varying H&E staining concentrations was evalu-
ated by initially selecting multiple tiles and then digitally modifying
them to generate a broad range of realistic H&E stain variations
(80). The algorithm appears to be robust to a range of staining
variations (Figure 2B). An expert pathologist reviewed 10 sample
tiles ranging from low to high inflammatory grades. Each tile
was annotated for mislabeled or missing nuclei. Using that
assessment as the gold standard, the algorithm detected nuclei
with a sensitivity of 97% and a specificity of 100%, as shown
in Fig. 2C.

Comparison of nuclei density with synovial histol-
ogy features. Synovial tissue samples with a high histological
score for lymphocytic inflammation typically contained more
nuclei (Figure 3A and 3B). Nuclei density varies between tiles in a
whole slide image, and the distribution of nuclei density can pro-
vide useful insights into inflammatory burden. For example, the
nuclei density histograms demonstrated that increased lympho-
cyte infiltration is associated with increased nuclei density
(Figure 3C and 3D). This pattern is consistent when considering
all patients with RA across each lymphocyte grade (Figure 3E).
With increasing lymphocyte grade, the peak of the histogram
shifted to the right, and the histogram had a longer talil. Interest-
ingly, lymphocyte grade 4 had a wide distribution with two peaks
indicating that the most inflamed samples were the most heterog-
enous. This heterogeneity can be seen in the representative
example shown for grade 4 inflammation, in which a large range
of nuclei densities were observed over adjacent tiles.

Nuclei density was found to have the strongest correlation
with lymphocytic inflammation and was also correlated with many
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Figure 2. Validation of algorithm nuclei detection under varying conditions. A, Algorithm performance when nuclei are spatially distributed in a
sparse, dense, and clustered manner. Top row contains the original H&E-stained tiles, and the bottom row shows the nuclei detected by the algo-
rithm. Note that the same color can be reused to display multiple separate nuclei in the image. B, Number of nuclei detected for two representative
examples under a range of realistic staining concentrations. The first image in each row is the original tile and staining. C, Comparing nuclei
detected by the algorithm to nuclei annotated by a pathologist in 10 tiles with different grades of lymphocyte inflammation. H&E, hematoxylin

and eosin.

other histology features (Figure 4A). Sublining giant cells and stro-
mal features such as detritus, fibrosis, and mucin were not signif-
icantly related to nuclei density. The one-way Kruskal-Wallis test
demonstrated that there was a statistically significant difference
in the mean nuclei density (P < 0.05) between grades of lympho-
cytes and other histology features correlated with lymphocytes
(Figure 4B).

Comparison of nuclei density with gene expression
measurements. RNA-seq gene expression analysis was previ-
ously performed on a subset (n = 36) of synovial samples and
characterized as having either low, mixed, or high inflammatory
gene expression (9). Mean nuclei density was statistically different
among RNA subtypes (P < 0.05) and was increased in high
inflammatory RNA subtype samples (Figure 5A). From the princi-
pal components analysis, the first principal component (PC1)
explained 43% of the variance and was lowest in low inflamma-
tory subtypes and highest in high inflammatory subtypes
(Figure 5B). The PC1 score can therefore be interpreted as a

summary bulk gene expression score for general inflammatory
burden. Nuclei density was significantly correlated with the PC1
score (r=0.45, P < 0.05) (Figure 5C). We next used linear model-
ing to identify 915 genes that were significantly associated with
nuclei density (FDR less than 0.05) (Figure 5D). Genes that were
significantly increased in association with nuclei density included
chemokines, chemokine receptors (such as CXCL9, CXCL10,
and CCR5), and genes important for B cell activation and ectopic
lymphoid structure formations (such as IL21R, TNFSF13B, and
CD38), as well as JAK2, EOMES, and CTLA4. Genes that were
significantly decreased in association with nuclei density included
genes in the TGFB pathway such as TGFBR3, SMAD3, BMP4,
and TIMP2, as well as cartilage intermediate layer protein 1 (CILP)
and nerve growth factor receptors and neural guidance molecules
such as SEMA4C, NTRK1, and NTRK2. A comparison of gene
expression changes supervised according to nuclei density (log
Fold Change vs. significance in the volcano plot) highly overlap
with previously identified high inflammatory RNA subset genes
identified using unsupervised clustering (presented as orange
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Figure 3. Quantification of nuclei density in 170 RA patient synovial samples. A,B, Representative images of H&E-stained synovium with pathol-
ogist lymphocytic inflammation scores of grade 1 (low inflammation) and grade 4 (high inflammation). The nuclei density metric for each tile is
shown at the top left of the image. C,D, Normalized distribution of nuclei density across all tiles in a whole slide image for each representative sam-
ple of inflammation. E, Normalized distribution of nuclei density across all tiles in 170 patients with RA synovial samples grouped by inflammation

grade. H&E, hematoxylin and eosin.

vs. green in the volcano plot in Figure 5D). Of the 2,460 genes that
were increased in high inflammatory samples, 486 were also
increased in association with nuclei density, and none were
decreased in association with nuclei density. Of the 3,106 genes
that were decreased in high inflammatory samples, 360 were also
decreased in association with nuclei density, and none were
increased in association with nuclei density.

Eighteen synovial cell subsets were previously defined in the
RA synovium using single cell RNA-seq (4). We used gene-set
enrichment analysis on 200 marker genes for each of the synovial
cell type subsets in our paired bulk tissue RNA-seq data to deter-
mine whether nuclei density was associated with gene expression
changes in any of these subsets. Consistent with the prior report,
cells associated with leukocyte-rich RA synovium, such as

Russell Bodies

,'{,

Plasma Cells Fibrin

P

- IO'{K" 4
n ’l+ ’+l .
.‘%
e
o i

+ &

0

o

&+
0 1

Germinal Centers

Detritus

Synovial Giant Cells

*

i
¥
1

]
*

i
v%
0 2

Fibi

rosis

A B 1000 Plasma Cells L
Nuclei Density 0.8 800 -
Plasma Cells 0.6 600 s
Lymphocytes a00| g [ ¥
Binucleate Plasma Cellls 04 § 200 %
Russell Bodies © o
Fibrin 02 9
Lining Hyperplasia 0.0 S 1000 11" i
Neutrophils - = —
Synovial Giant Cells —02E g o0 .
Germinal Centers 3 a 80| . H i
Detritus -045 T 4o %3
Giant Cells 2 200 4 S
Mucin 06 = T 3
Fibrosis
—0.8 Giant Cells
‘)\d 1000
eﬂ‘
F2 &
RS
&%
&
L

1

Figure 4. Comparison of computer assessments of nuclei density with human pathologist assessments of synovial inflammatory features.
A, Heatmap of the Spearman correlation for 13 histological features and nuclei density. Correlation coefficients were only calculated for pairs of
features that were determined to have a significant relationship as determined by the Chi-squared test. B, Computer assessments of mean nuclei
density by pathologist assessments of histological features. The bar and ** indicate that there is a statistical difference according to the Kruskal-
Wallis test with a Dunn’s test corrected with Holm’s adjustment for multiple comparisons.



328 GUAN ET AL

>
W

600 E.
B cell-ABCs (SC-B3)| o
500 -1 Monocyte-IFN-activated (SC-M4,
2 ° ¢ h ( ) .
400 > ° 0.0 T cell-GZMK+GZMB+ (SC-T6) .
S oo e @ T cell-GZMK+ (SC-T4)

Nuclei Density

° Monocyte-C1QA+ (SC-M3), .‘

200 ] ° B cell-Memory B cells (SC-B2)| [ )
o

[ ]

[ ]

]

T cell-Treg cells (SC-T2)|
T cell-CTLs (SC-T5),

-log (Pag)

Low Mixed High PC1 (43%)

RNA Subset ®Llow “Mixed ®High T cell-Tph and Tth (SC-T3)|

C- D- Fibroblast-HLA-DRAhi sublining (SC-F2)

800 g:g::g 6 Monocyte-IL1B+ pro-inflammatory (SC-M1)| Y . 30

B cell-Naive B cells (SC-B1)| Y . 40

B cell-plasmablasts (SC-B4)| °

T cell-CCR7+(SC-T1), .

Fibroblast-CD34+ sublining (SC-F1)| Y

Monocyte-NUPR1+ (SC-M2), 'Y

Nuclei Density
»
o
o

0 T T T 1 0 Fibroblast-DKK3+ sublining (SC-F3) [ ]
Fibroblast-Lining (SC-F4)| @)

-0.01 0.00 0.01
Log Fold Change Nuclei Density

® Decreased in high Increased in high -2 0 2
inflammatory RNA subtype inflammatory RNA subtype Normalized Enrichment Score for Nuclei Density

Figure 5. Comparison of computer assessments of nuclei density with gene expression measurement of inflammation. A, Mean nuclei density
according to RNA subset. The bar and ** indicate that there is a statistical difference according to Kruskal-Wallis test with a Dunn’s test corrected
with Holm’s adjustment for multiple comparisons. B, Principal component analysis of the top 5,000 most variably expressed genes in 36 patients
with RA colored based on their characterization of having low, mixed, or high inflammatory gene expression. G, Mean nuclei density according to
PC1 score. Data presented indicate Spearman correlation and P value. D, Log fold change in gene expression according to nuclei density versus
significance (flog(pad/-)). Individual genes are colored according to whether they were significantly (P <0.05) increased or decreased in high
inflammatory RNA subtype. Dashed line indicates the threshold for significance at —log(p,g) = 1.3, E, Normalized enrichment scores for
200 marker genes from 18 synovial single cell RNA-seq cell type subsets according to mean nuclei density. Size of bubble indicates significance.
Location on x-axis indicates enrichment according to nuclei density. PC1, first principal component; PC2, second principal component; RA, rheu-
matoid arthritis; RNA-seq, RNA sequencing.
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age-related memory B cells, interferon (IFN) activated and IL1B+
monocytes, and HLA-DR+ (Human Leukocyte Antigen - DR Iso-
type) sublining fibroblasts were enriched in samples with
increased nuclei density, whereas cells that were previously asso-
ciated with leukocyte poor synovium were negatively associated
with nuclei density, such as lining fibroblasts and M2-lke
NUPR1+ monocytes (Figure 5E). Our analysis additionally
detected significant enrichment in T-cell subsets such as GZMK
+/GZMB+ T cells, GZMK+ T cells, C1QA+ monocytes, and
cytotoxic T cells in accordance with increased nuclei density.

Comparison of nuclei density with clinical mea-
sures. Nuclei density was compared with clinical measures of dis-
ease activity. Mean nuclei density was significantly increased in
samples labeled as RF+ or having high titer CCP (Figure 6A and
6B). Similarly, nuclei density was significantly correlated with ele-
vated acute phase reactants, ESR and CRP, and global physician
assessment of disease (Figure 6C-6E). There was no significant
correlation between nuclei density and age, duration of disease,
body mass index, tender joint counts, swollen joint counts, patient
global assessment of disease, or pain (data not shown).

DISCUSSION

Here, we describe the development and application of a
computer vision algorithm to automatically count hundreds of
thousands of cell nuclei within H&E-stained RA synovium whole
slide images. We assessed the validity of the algorithm by com-
paring nuclei density with histology features scored by a patholo-
gist, gene expression analysis of inflammation, and clinical
features of RA. We demonstrated that nuclei density was associ-
ated with histology features, such as lymphocytes, that are fea-
tures of inflammation in RA. Nuclei density was also significantly
increased in high inflammatory RNA gene expression RA subsets
and significantly correlated with the PC1 inflammation score. We
also found that marker genes from single cell RNA-seq subsets,
such as age-related memory B cells, IFN activated and IL1B+
monocytes, and HLA-DR+ sublining fibroblasts, that were previ-
ously found to be increased in samples with increased leukocyte
infiltration as assessed by flow cytometry were enriched in sam-
ples with increasing nuclei density. Our analysis further identified
additional significant associations with other T and monocyte cell
types. This discrepancy was likely due to nuclei density potentially
being a more accurate assessment of leukocyte infiltration by not
requiring tissue freezing or dissociation, which can lead to cell
death. Nuclei density was associated with RA clinical features
(ie, RF, CCP, ESR, and CRP) related to synovial inflammation.
Results demonstrate that whole slide nuclei density is a robust
measurement of inflammatory burden and correlates with multiple
orthogonal measurements of inflammation.

Computer vision nuclei counting provides the potential to
transform assessment of inflammation in synovial and other tissue

biopsies by providing a precise, automatic, cost-efficient, and
quantitative approach amenable to universal distribution and
use. Automated nuclei detection is an important step in develop-
ing standardized and reproducible assessments of synovial
inflammation, which are essential to build guidelines for incorpo-
rating histological findings in diagnosing RA and optimizing treat-
ment decisions. Highly inflamed synovium tended to be
heterogeneously distributed with some areas having approxi-
mately 200 nuclei per tile and others with upward of approxi-
mately 1,000 nuclei per tile (Figure 3C). This finding illustrates a
key challenge in interrater reliability when pathologists subjectively
choose a subset of high-power fields for assessment. Moreover,
nuclei density is a continuous measurement and likely can better
characterize and discriminate among inflammatory burden types.

The synovial samples assessed in this study were acquired
at arthroplasty, and some suggest that these are less informative
because the patients at arthroplasty have “end-stage RA.” How-
ever, we have demonstrated that patients with RA have active
disease at the time of arthroplasty, with moderate to high disease
activity present in 70% of patients. Moreover, we propose that
studies of inflammation in long-standing RA deserve consider-
ation, because this population represents the vast majority of
patients with RA and their ongoing management is an enormous
financial burden and warrants optimization.

Another limitation of this study was the assessment of only
one synovial biopsy per joint. Consistent with the patchiness of
inflammation in a single whole slide image reported here, others
have shown that there is a high degree of patchiness across the
whole joint, and the accepted standard in the field is assessment
of a minimum of six synovial biopsies for any one joint in order to
accurately represent the inflammation in that joint. As opposed
to ultrasound guided synovial biopsies, arthroplasty yields the
entire joint explant, which was inspected by our pathologist, and
the site of the most obvious inflammation (opaque and dull) was
selected for biopsy. This selection bias may enrich for detection
of inflammation. It is also important to note that the purpose of this
algorithm is to address interrater variability between two patholo-
gists rating the same image not to address intra-joint variability.
Studies comparing the variance within individual inflamed joints
indicate that six biopsy samples across a joint are needed to
decrease the variance to less than 10% (31). This need for mullti-
ple samples across a joint compounds the time needed for a
pathologist assessment as well as interrater variability, underscor-
ing the need to develop automated computer vision to standard-
ize assessments of synovial inflammation.

The algorithm uses classical computer vision techniques to
identify synovial nuclei based on color, shape, and size. Other his-
tology features and artifacts, such as excess staining with a simi-
lar appearance, can be incorrectly identified as nuclei. Dense
clusters of nuclei, especially those with adjacent or overlapping
nuclei, can be incorrectly labeled as a single nucleus. Typically,
the nuclei count far exceeds the number of falsely identified
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objects as demonstrated in the validation study. Thus, whole slide
image statistics are robust to this type of error, but local statistics
on smaller areas might be affected.

This work is an initial step toward the application of artificial
intelligence and computer vision for understanding RA and devel-
oping automated tools for analyzing H&E-stained RA synovial
samples. The proposed algorithm was developed for detecting
individual nuclei but can be refined to identify patterns or groups
of nuclei such as follicular structures, and it differentiate between
cell types such as lymphocytes and other stromal cells. Inflamma-
tion and inflammatory infiltrates are common to many patholo-
gies, and the proposed methodologies can be adapted for
analyzing whole slide images of other tissue types and diseases.
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