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MACHINE LEARNING, COMPUTATIONAL PATHOLOGY, AND BIOPHYSICAL IMAGING

Deep LearningeBased Nuclear Morphometry
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Blastoid/pleomorphic morphology is associated with short survival in mantle cell lymphoma (MCL), but
its prognostic value is overridden by Ki-67 in multivariate analysis. Herein, a nuclear segmentation
model was developed using deep learning, and nuclei of tumor cells in 103 MCL cases were automatically delineated. Eight nuclear morphometric attributes were extracted from each nucleus. The mean,
variance, skewness, and kurtosis of each attribute were calculated for each case, resulting in 32
morphometric parameters. Compared with those in classic MCL, 17 morphometric parameters were
signiﬁcantly different in blastoid/pleomorphic MCL. Using univariate analysis, 16 morphometric parameters (including 14 signiﬁcantly different between classic and blastoid/pleomorphic MCL) emerged
as signiﬁcant prognostic factors. Using multivariate analysis, Biologic MCL International Prognostic
Index (bMIPI) risk group (P Z 0.025), low skewness of nuclear irregularity (P Z 0.020), and high mean
of nuclear irregularity (P Z 0.047) emerged as independent adverse prognostic factors. Additionally, a
morphometric score calculated from the skewness and mean of nuclear irregularity (P Z 0.0038) was an
independent prognostic factor in addition to bMIPI risk group (P Z 0.025), and a summed morphometric bMIPI score was useful for risk stratiﬁcation of patients with MCL (P Z 0.000001). These results
demonstrate, for the ﬁrst time, that a nuclear morphometric score is an independent prognostic factor
in MCL. It is more robust than blastoid/pleomorphic morphology and can be objectively measured.
(Am J Pathol 2022, 192: 1763e1778; https://doi.org/10.1016/j.ajpath.2022.08.006)

Mantle cell lymphoma (MCL) is a rare type of B-cell
lymphoma with a largely aggressive clinical course.1 Most
MCL cases have a CCND1 translocation, resulting in
overexpression of cyclin D1 and subsequent dysregulation
of cell cycle. Occasionally, MCL may lack the CCND1
translocation and cyclin D1 overexpression, but it still
shares similar clinical features and gene expression proﬁles
with cyclin D1epositive MCL.2,3 Such cyclin D1enegative
MCL can be identiﬁed with SRY-box transcription factor 11
(SOX11) positivity.4e7 Most patients with MCL present
with an advanced stage III or IV disease with lymphadenopathy, hepatosplenomegaly, and bone marrow

involvement.1 The median survival of patients with MCL is
about 3 to 5 years.1 Identiﬁcation of patients with poor
prognosis would aid in the consideration of a more
aggressive treatment, such as hematopoietic stem cell
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transplant. Mantle Cell Lymphoma International Prognostic
Index (MIPI), which includes patient age, Eastern Cooperative Oncology Group performance score, serum lactate
dehydrogenase level, and white blood cell count, is an
important clinical prognostic factor for patients with MCL
with an advanced disease.8 High proliferation rate is also
associated with poor prognosis in MCL.1 Biologic MIPI
(bMIPI), which combines MIPI and the proliferation index
Ki-67, has even stronger prognostic value than MIPI.8 Unlike most patients with MCL with extensive nodal
involvement, a small subset of MCL cases present as
leukemic nonnodal MCL, which usually follows an indolent
clinical course.9
MCL is usually composed of monomorphic small- to
medium-sized lymphoid cells with irregular nuclei (classic
MCL).1 A minor subgroup of MCL cases is composed of larger
lymphoid cells with blastoid or pleomorphic nuclei (blastoid or
pleomorphic variant), and these tumors have an even more
aggressive biologic behavior.1 Blastoid MCL is composed of
medium-sized lymphoid cells with ﬁne chromatin and small
nucleoli, morphologically similar to lymphoblasts. Pleomorphic MCL is composed of medium-sized to large lymphoid
cells with pleomorphic nuclei and more prominent nucleoli.
Although blastoid/pleomorphic morphology is associated with
poor prognosis, its prognostic value is overridden by proliferation index Ki-67 in multivariate analysis.10 Despite the
apparent correlation between morphology and prognosis, the
prognostic signiﬁcance of morphometric parameters in MCL
has not been evaluated to date.
This study developed a deep learning algorithm to automatically delineate nuclear contours of MCL tumor cells.
Morphometric parameters were extracted and calculated,
and their prognostic signiﬁcance was evaluated.

Materials and Methods
Case Selection
The overview of the study design is shown in Figure 1. A total
of 103 MCL cases diagnosed between 2002 and 2019 were
retrieved from the archives of Departments of Pathology of
two medical centers in Taiwan (Chang Gung Memorial
Hospital at Taoyuan and Chi-Mei Medical Center at Tainan).
The pathology slides were reviewed by two senior hematopathologists (W.-Y.C. and S.-S.C.) to conﬁrm the diagnosis. Cases with less than three high-quality regions were
excluded. A high-quality region was deﬁned as a square of
0.25  0.25 mm, in which >95% of the nucleated cells were
tumor cells and no prominent artifacts, such as crushing, tissue folding, areas out of focus, or air bubbles, were found. For
difﬁcult cases, immunostained slides were used to identify
areas with a high tumor cell percentage. All specimens of
biopsy or resection from either lymph nodes or extranodal
sites were obtained before treatment. All cyclin D1enegative
cases were positive for SOX11 (clone MRQ-58).4e7 Cases of
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leukemic nonnodal MCL were excluded because of their
unique indolent clinical behavior.9 All cases were restaged
according to the Lugano classiﬁcation.11 For each case, one
routine section (3 mm thick) of formalin-ﬁxed, parafﬁnembedded tissue with hematoxylin and eosin stain was used
for digitization. Whole-slide high-resolution digital images
were produced using a NanoZoomer S360 digital slide
scanner (Hamamatsu Photonics, Hamamatsu, Japan) with a
40 objective mode. Three high-quality regions per slide
were selected by a senior hematopathologist (W.-Y.C.). This
study had been approved by the Institutional Review Board of
Chang Gung Medical Foundation (Institutional Review
Board numbers 201902130B0 and 202000483B0).

Computer Hardware and Software
Experiments were conducted on a customized server with an
NVIDIA QUADRO RTX 8000 graphics processing unit
(NVIDIA, Santa Clara, CA). The instance detection module
and feature extracting algorithms were implemented with
Python 3.7 (https://www.python.org/downloads/release/
python-370) and PyTorch 1.7 (https://pytorch.org/getstarted/previous-versions) on a Linux platform. The
statistical analyses were performed using the IBM SPSS
Statistics 20.0 (IBM, Armonk, NY) and R language
(https://cran.r-project.org) on a Windows platform.

Nuclear Detection Model
Among the 309 selected high-quality regions, 66 regions of
interest (ROIs) with a size of 132  132 mm were randomly
sampled from 66 different cases for training (30 cases),
validation (6 cases), and testing (30 cases) of the nuclear
detection model. The case numbers of different morphologic
subtypes were balanced in each data set (Table 1). All nuclear contours of tumor cells in the 66 ROIs (10,459 nuclei)
were manually annotated under the supervision of a senior
hematopathologist (W.-Y.C.) using a free-hand contouring
tool on aetherSlide Digital Pathology System (aetherAI,
Taipei, Taiwan). For the testing set, all nuclear contours of
nontumor cells in the 30 ROIs (347 nuclei) were manually
annotated by a senior hematopathologist (W.-Y.C.). The
numbers of cases, ROIs, and annotated cells of each
morphologic variant in each data set are shown in Table 1.
A two-stage instance segmentation model was employed
to detect nuclei in the images. Our model was implemented
using MMDetection,12 an open-source software for object
detection and instance segmentation, and trained with
COCO13 formatted cell annotations. To be speciﬁc, a hybrid
task cascade region proposal convolutional neural network,
or HTC-RCNN,14 with a ResNet5015 backbone was trained
to segment the nuclear contour of each tumor cell in an
image. Images were randomly augmented on the ﬂy during
the training phase to increase the data variability. The
applied data augmentation methods included random
translation, random scaling, random rotation, random
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Figure 1 Overview of the study design. MCL,
mantle cell lymphoma; ROI, region of interest.

horizontal/vertical ﬂipping, random color jittering, and
random gaussian blurring. The increased diversity of
training images is known to make the model more generalizable and robust.16 The model was trained with a stochastic gradient descent optimizer, a learning rate of 0.001,
and a batch size of 16 for 1200 epochs. Nonmaximum
suppression technique was employed to remove overlapping
nuclei of model predictions. It selected one of multiple
overlapping instances that have an intersection over union
(IoU)  0.5 by keeping the most conﬁdent instance.
The performance of the nuclear detection model was
evaluated by mean average precision. In brief, an IoU was
Table 1

calculated for each predicted bounding box to assess the
extent of overlapping with a ground truth bounding box. A
prediction was considered correct if the IoU was at least 0.5.
The precision and recall of nuclear prediction were calculated from the highest prediction score object to the lowest
one, ranging from 1 to 0 iteratively. The average precision
of each object class was then calculated by summing up the
area under the precision-recall curve. Finally, the mean
average precision can be derived by averaging the average
precision of different object classes. Because we segmented
only one object class (namely, tumor cell nucleus), the mean
average precision is the same as the average precision. A

The Details of Cases Used for Training, Validation, and Testing of the Nuclear Segmentation Model and for Morphometric Analysis
Morphologic variant

Data set
Training set

Validation set

Testing set

Total cases for morphometric analysis

Classic

Blastoid

Pleomorphic

21 Cases
21 ROIs
3296 Tumor cells
4 Cases
4 ROIs
722 Tumor cells
21 Cases
21 ROIs
3784 Tumor cells
231 Nontumor cells
77 Cases
231 ROIs*

5 Cases
5 ROIs
732 Tumor cells
1 Case
1 ROI
160 Tumor cells
5 Cases
5 ROIs
671 Tumor cells
79 Nontumor cells
16 Cases
48 ROIs*

4 Cases
4 ROIs
438 Tumor cells
1 Case
1 ROI
106 Tumor cells
4 Cases
4 ROIs
550 Tumor cells
37 Nontumor cells
10 Cases
30 ROIs*

*All three ROIs of each case were used for morphometric analysis.
ROI, region of interest.

The American Journal of Pathology

-

ajp.amjpathol.org

1765

Chuang et al
bootstrapping method was employed to estimate the 95% CI
of mean average precision. In brief, the data set was
resampled through a sampling-with-replacement manner,
followed by evaluating the mean average precision for 1000
times. The lower bound and the upper bound of the target
statistics were computationally derived by taking the 2.5 and
97.5 percentile of the distribution, respectively. Mean IoU,
mean Sørensen-Dice coefﬁcient, and average aggregated
Jaccard index were calculated to evaluate the similarity
between segmented nuclei and annotated nuclei.

Feature Extraction Procedure
For each case, an ROI of 132  132 mm was randomly
cropped from each high-quality region. The three ROIs of
each case were analyzed by our nuclear detection model,
and eight nuclear morphometric attributes related to nuclear
size (length, width, perimeter, and area), shape (length/
width ratio, circularity, and irregularity), and texture (entropy) were extracted from each detected nucleus. The
deﬁnition of each morphometric attribute is listed below:
i) Nuclear length: length of the longest axis of the
nucleus.
ii) Width: length of the axis orthogonal to the longest
axis of the nucleus.
iii) Perimeter: length of the nuclear boundary.
iv) Area: area within the nuclear boundary.
v) Length/width ratio: ratio of the nuclear length/the
nuclear width.
vi) Circularity: ratio of the nuclear area/the area of a
circle with a diameter of the nuclear length.
vii) Irregularity: variance of the distance from the nuclear
center to vertices of the nuclear boundary.
viii) Entropy: randomness of the intensity of pixels
within the nuclear boundary.
The four statistical moments, including mean, variance,
skewness, and kurtosis, of each attribute were calculated
across all three ROIs for each case, resulting in a total of 32
morphometric parameters. The statistical moments are used
to describe different characteristics of the probability density
function of a random variable. The ﬁrst moment, or mean, is
the expected value of a random variable. The second
moment, or variance, is the expected squared difference of a
random variable from its mean. The third moment, or
skewness, is a measure of the asymmetry of the probability
distribution. The fourth moment, or kurtosis, is a measure of
the heaviness of tails of the probability distribution.

Statistical Analysis
Differences between categorical data were assessed by c2
test, and Yates’ correction was performed when the expected
frequency was less than ﬁve. Continuous parameters were
compared using t-test. The cutoff value of each morphometric parameter with the highest survival inﬂuence was
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determined by a free R-based software Evaluate Cutpoints17
(http://wnbikp.umed.lodz.pl/Evaluate-Cutpoints, last accessed
July 17, 2022) using the cutp algorithm. In brief, a Cox
proportional hazards model was used to calculate the
inﬂuence of a parameter on survival. An optimal cutoff
value was then determined statistically by a log-rank test
through comparing the test statistic with a brownian bridge
distribution. A value larger than the cutoff value was
considered high. Overall survival was analyzed by the
Kaplan-Meier method and compared by log-rank tests. The
inﬂuence of parameters on overall survival was analyzed
using univariate or multivariate Cox regression. A P < 0.05
was considered statistically signiﬁcant. To further examine
the robustness of each morphometric parameter on prognostic
effect, a bootstrapping was performed with the number of
repetitions set to 1000.

Results
Clinicopathologic Features
The clinicopathologic features of our MCL cases and their
inﬂuence on overall survival are listed in Table 2. The age at
diagnosis ranged from 33 to 96 years, with a median of 64
years. There was prominent male predominance (83.5%),
and 88.8% of cases had an advanced stage III or IV disease.
The induction therapy used included CHOP (cyclophosphamide, doxorubicin, vincristine, and prednisolone) (n Z 19),
R (rituximab)-CHOP (n Z 16), COP (cyclophosphamide,
vincristine, and prednisolone) (n Z 13), R-COP (n Z 7),
VR-CAP (bortezomib, rituximab, cyclophosphamide, doxorubicin, and prednisolone) (n Z 7), hyper-CVAD (cyclophosphamide, vincristine, doxorubicin, and dexamethasone)
(n Z 4), R-hyper-CVAD (n Z 4), BR (bendamustine and
rituximab) (n Z 2), CEOP (cyclophosphamide, epirubicin,
vincristine, and prednisolone) (n Z 2), R-CEOP (n Z 2),
and other regimens (n Z 7). Ten patients were not eligible
for treatment, and the information regarding treatment was
not available for an additional 10 patients. Using univariate
analysis, age >60 years at diagnosis (P Z 0.0026), stage III
or IV disease (P Z 0.018), presence of B symptoms
(P Z 0.011), elevated serum lactate dehydrogenase level
(P Z 0.0079), Eastern Cooperative Oncology Group score
of more than one (P Z 0.030), blastoid/pleomorphic
morphology (P Z 0.0085), and proliferation index Ki67  30% (P Z 0.0070) emerged as signiﬁcant adverse
prognostic factors. In addition, bMIPI risk group had stronger inﬂuence on overall survival (P Z 0.000099) compared
with MIPI risk group (P Z 0.00037). The survival curves of
patients stratiﬁed by clinicopathologic features with signiﬁcant prognostic value are shown in Figure 2, AeI.

Nuclear Detection and Feature Extraction
The learning curves and precision-recall curves of the nuclear detection model are shown in Figure 3, A and B,
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Table 2

Clinicopathologic Features and Their Inﬂuence on Overall Survival by Univariate Analysis

Parameter

n (%)

Age at diagnosis, years
Range, 33 to 96 (median, 64) years
60
>60
Sex
Female
Male
Stage*
I or II
III or IV
B symptoms*
No
Yes
Serum LDH*
Normal
Elevated
ECOG score*
0 or 1
>1
Extranodal site*
0 or 1
>1
BM/PB involvement*
No
Yes
MIPI risk group*
Low
Intermediate
High
Morphologic variant
Classic
Blastoid/pleomorphic
Cyclin D1
Negative
Positive
Ki-67, %
<30
30
bMIPI risk group*
Low
Intermediate
High

HR (95% CI)

P value

39 (37.9)
64 (62.1)

1
2.29 (1.33e3.92)

0.0026

17 (16.5)
86 (83.5)

1
1.60 (0.77e3.36)

0.21

11 (11.2)
87 (88.8)

1
3.03 (1.21e7.59)

0.018

66 (76.7)
20 (23.3)

1
2.21 (1.20e4.07)

0.011

52 (55.3)
42 (44.7)

1
2.00 (1.20e3.34)

0.0079

73 (81.1)
17 (18.9)

1
2.00 (1.07e3.74)

0.030

34 (37.0)
58 (63.0)

1
1.05 (0.63e1.76)

0.86

33 (37.9)
54 (62.1)

1
1.41 (0.82e2.42)

0.21

27 (31.0)
20 (23.0)
40 (46.0)

1.79 (1.30e2.48)

0.00037

77 (74.8)
26 (25.2)

1
2.06 (1.20e3.53)

0.0085

6 (5.8)
97 (94.2)

1
0.51 (0.18e1.42)

0.20

63 (61.2)
40 (38.8)

1
1.99 (1.21e3.29)

0.0070

17 (19.6)
25 (28.7)
45 (51.7)

2.15 (1.46e3.16)

0.000099

P < 0.05 shown in bold.
*Some cases excluded because of incomplete clinical data.
bMIPI, Biologic MIPI; BM/PB, bone marrow/peripheral blood; ECOG, Eastern Cooperative Oncology Group; HR, hazard ratio; LDH, lactate dehydrogenase;
MIPI, Mantle Cell Lymphoma International Prognostic Index.

respectively. The mean average precision was 0.887 (95%
CI, 0.845e0.892) and 0.836 (95% CI, 0.832e0.840) for the
validation and testing set, respectively. Our algorithm achieved a precision of 0.909 (95% CI, 0.891e0.924) with a
recall of 0.835 (95% CI, 0.817e0.857) in the testing set.
Regarding different morphologic variants, the mean average
precision was 0.837 (95% CI, 0.825e0.860), 0.875 (95%
CI, 0.829e0.929), and 0.799 (95% CI, 0.736e0.844) for
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classic, blastoid, and pleomorphic MCL, respectively
(Figure 3C). The mean IoU was 0.686, 0.680, and 0.680 for
classic, blastoid, and pleomorphic MCL, respectively. The
mean Sørensen-Dice coefﬁcient was 0.813, 0.801, and
0.810 for classic, blastoid, and pleomorphic MCL, respectively. The average aggregated Jaccard index of predicted
nuclei was 0.696, 0.696, and 0.685 for classic, blastoid, and
pleomorphic MCL, respectively. Examples of automatic
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Figure 2

Survival curves of patients stratiﬁed by clinicopathologic features (AeI), morphometric score (J), and morphometric Biologic Mantle Cell
Lymphoma International Prognostic Index (bMIPI) score (K and L). The asterisk indicates that some cases were excluded because of incomplete clinical data.
ECOG, Eastern Cooperative Oncology Group; LDH, lactate dehydrogenase; MIPI, Mantle Cell Lymphoma International Prognostic Index.

nuclear detection and contouring of MCL cases with classic,
blastoid, and pleomorphic morphology are demonstrated in
Figure 3D. Among all predicted nuclei in the testing set, the
mean proportion of nontumor cell nuclei was 0.85% (0.93%
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in classic MCL; 0.89% in blastoid MCL; and 0.38% in
pleomorphic MCL). The nuclear segmentation results of
representative ROIs of all cases can be found in
Supplemental Figure S1. The mean  SD nuclear length,
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Figure 3 Learning curves and precision-recall curves of our nuclear detection model and examples of automatic nuclear segmentation. A: The learning
curves show gradual decrease of loss and increase of average precision. B: The model achieved a precision of 0.909 with a recall of 0.835 in the testing set. C:
The mean average precision was 0.837, 0.875, and 0.799 for classic, blastoid, and pleomorphic mantle cell lymphoma (MCL), respectively. D: Our model
performed well in automatic contouring (yellow closed lines) of tumor cell nuclei in classic, blastoid, and pleomorphic MCL.

width, perimeter, area, length/width ratio, circularity, irregularity, and entropy of all cases were 8.440  0.898 mm,
6.587  0.710 mm, 24.900  2.677 mm, 45.125  9.739
mm2, 1.293  0.032, 0.759  0.015, 0.173  0.044 mm2,
and 5.752  0.228, respectively.

Comparison of Morphometric Parameters between
Morphologic Variants
Comparison of the 32 morphologic features between classic
MCL and blastoid or pleomorphic MCL is shown in Table 3.
Compared with those in classic MCL, 17 morphometric parameters were signiﬁcantly different in blastoid/pleomorphic
MCL. These parameters were related to nuclear size (length,
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width, perimeter, and area) and shape (irregularity). Blastoid
or pleomorphic MCL had higher mean, higher variance, lower
skewness, and/or lower kurtosis compared with classic MCL.
The study corroborated the different objective morphometric
features of the aggressive morphologic variants diagnosed by
hematopathologists.

Correlation of Morphometric Parameters with Overall
Survival
Using univariate analysis, the inﬂuence of nuclear
morphometric parameters on overall survival is listed in
Table 4. Sixteen of the 32 morphometric parameters
(including 14 signiﬁcantly different between classic and
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Table 3

Comparison of Nuclear Morphometric Parameters between Classic and Blastoid or Pleomorphic MCL

Nuclear
morphometric
parameter
Length
Mean, mm
Variance, mm2
Skewness
Kurtosis
Width
Mean, mm
Variance, mm2
Skewness
Kurtosis
Perimeter
Mean, mm
Variance, mm2
Skewness
Kurtosis
Area
Mean, mm2
Variance, mm4
Skewness
Kurtosis
Length/width
ratio
Mean
Variance
Skewness
Kurtosis
Circularity
Mean
Variance
Skewness
Kurtosis
Irregularity
Mean, mm2
Variance, mm4
Skewness
Kurtosis
Entropy
Mean
Variance
Skewness
Kurtosis

Classic MCL
(n Z 77)

Blastoid MCL
(n Z 16)

P value (blastoid
versus classic
MCL)

Pleomorphic MCL
(n Z 10)

P value (pleomorphic
versus classic MCL)

8.194
2.031
0.632
4.059






0.834
0.696
0.328
1.043

8.967
3.012
0.320
3.122






0.637
0.870
0.213
0.502

0.00073
0.000004
0.000037
0.000002

9.496
3.794
0.419
3.377






0.575
0.958
0.331
0.687

0.000007
<0.000001
0.056
0.048

6.401
1.062
0.285
3.902






0.660
0.522
0.326
0.807

6.946
1.720
0.247
3.538






0.495
0.587
0.302
0.817

0.0024
0.000021
0.67
0.11

7.448
2.445
0.167
3.333






0.521
0.729
0.228
0.579

0.000006
<0.000001
0.27
0.034

24.17
14.62
0.345
3.794






2.49
6.24
0.331
0.846

26.39
23.28
0.135
3.162






1.88
7.67
0.242
0.534

0.0011
0.000005
0.018
0.0052

28.10
31.34
0.192
3.164






1.79
8.57
0.253
0.514

0.000006
<0.000001
0.16
0.024

42.42
181.9
0.761
4.694






8.78
117.7
0.358
1.516

50.42
329.5
0.633
3.933






7.25
150.8
0.309
1.202

0.00097
0.000037
0.19
0.063

57.49
514.3
0.720
3.903






7.41
177.1
0.241
0.815

0.000001
<0.000001
0.73
0.11

1.291
0.038
1.389
6.108






0.032
0.008
0.299
2.138

1.304
0.040
1.297
5.647






0.027
0.006
0.323
2.129

0.14
0.26
0.27
0.43

1.293
0.043
1.600
7.449






0.362
0.015
0.645
4.916

0.88
0.30
0.33
0.42

0.760
0.008
e0.703
3.455






0.015
0.001
0.192
0.502

0.753
0.009
e0.662
3.324






0.014
0.001
0.209
0.581

0.096
0.083
0.45
0.36

0.758
0.010
e0.864
3.792






0.018
0.002
0.281
0.835

0.70
0.067
0.11
0.24

0.161
0.031
2.960
17.34






0.040
0.015
0.889
12.03

0.201
0.042
2.373
11.14






0.041
0.015
0.519
5.13

0.00062
0.0088
0.013
0.047

0.216
0.052
2.532
12.63






0.040
0.017
0.773
6.85

0.00013
0.00011
0.15
0.23

5.758
0.082
e0.082
3.281






0.238
0.023
0.203
0.588

5.707
0.080
e0.044
3.270






0.165
0.014
0.174
0.208

0.42
0.62
0.49
0.94

5.777
0.088
e0.043
3.128






0.243
0.022
0.213
0.284

0.82
0.42
0.57
0.42

P < 0.05 shown in bold. The values of morphometric parameters are mean  SD.
MCL, mantle cell lymphoma.

blastoid/pleomorphic MCL) had signiﬁcant inﬂuence on
survival. Of note, all 16 morphometric parameters
remained signiﬁcant prognostic factors after bootstrapping
for 1000 times, conﬁrming the robustness of prognostic
effect. These morphometric parameters with prognostic
signiﬁcance were related to nuclear size (length, width,
perimeter, and area) and shape (length/width ratio and
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irregularity), and short survival was correlated with higher
mean, higher variance, lower skewness, and/or lower
kurtosis. The distribution of each nuclear morphometric
parameter with a cutoff value determined by the software
Evaluate Cutpoints17 and the survival curves stratiﬁed by
each morphometric parameter using the cutoff value are
shown in Supplemental Figure S2.
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Table 4

Nuclear Morphometric Parameters and Their Inﬂuence on Overall Survival by Univariate Analysis

Nuclear
morphometric
parameter
Length
Mean, mm
Variance, mm2
Skewness
Kurtosis
Width
Mean, mm
Variance, mm2
Skewness
Kurtosis
Perimeter
Mean, mm
Variance, mm2
Skewness
Kurtosis
Area
Mean, mm2
Variance, mm4
Skewness
Kurtosis
Length/width
ratio
Mean
Variance
Skewness
Kurtosis
Circularity
Mean
Variance
Skewness
Kurtosis
Irregularity
Mean, mm2
Variance, mm4
Skewness
Kurtosis
Entropy
Mean
Variance
Skewness
Kurtosis

P value

HR (95% CI)
(bootstrapping
1000 times)

P value
(bootstrapping
1000 times)

(1.06e3.06)
(1.19e3.88)
(0.29e0.87)
(0.31e1.01)

0.031
0.011
0.014
0.055

1.79
2.14
0.49
0.55

(1.15e2.93)
(1.31e3.88)
(0.27e0.81)
(0.30e1.00)

0.034
0.013
0.013
0.051

1.77
1.98
1.31
0.72

(1.05e3.00)
(1.13e3.48)
(0.75e2.27)
(0.42e1.22)

0.032
0.018
0.34
0.22

1.82
2.02
1.34
0.70

(1.13e2.92)
(1.22e3.65)
(0.76e2.36)
(0.36e1.28)

0.027
0.015
0.31
0.20

23.41
12.07
0.5471
3.857

1.82
1.98
0.46
0.56

(1.07e3.10)
(1.14e3.44)
(0.23e0.90)
(0.33e0.96)

0.027
0.015
0.023
0.036

1.84
2.01
0.45
0.57

(1.15e3.17)
(1.22e3.53)
(0.22e0.82)
(0.31e0.93)

0.026
0.014
0.023
0.043

37.54
118.1
0.8512
4.738

1.81
2.10
0.65
0.75

(1.05e3.11)
(1.18e3.73)
(0.39e1.08)
(0.44e1.28)

0.032
0.012
0.096
0.29

1.83
2.11
0.64
0.76

(1.12e3.22)
(1.27e3.95)
(0.38e1.04)
(0.44e1.27)

0.030
0.012
0.088
0.33

1.295
0.03077
1.414
5.211

1.69
1.47
0.66
0.61

(1.03e2.75)
(0.74e2.90)
(0.40e1.10)
(0.37e0.99)

0.036
0.27
0.11
0.045

1.70
1.44
0.66
0.60

(0.99e2.88)
(0.69e3.52)
(0.35e1.11)
(0.35e0.96)

0.037
0.30
0.11
0.045

0.7686
0.008286
e0.8397
3.382

0.58
1.49
1.42
0.80

(0.32e1.05)
(0.92e2.41)
(0.79e2.53)
(0.49e1.29)

0.073
0.11
0.24
0.35

0.57
1.50
1.44
0.79

(0.28e1.07)
(0.90e2.57)
(0.74e2.88)
(0.48e1.33)

0.070
0.10
0.23
0.36

0.1304
0.02746
3.729
12.90

2.63
1.58
0.14
0.47

(1.34e5.18)
(0.96e2.60)
(0.03e0.57)
(0.28e0.77)

0.0050
0.073
0.0061
0.0029

2.64
1.58
0.13
0.45

(1.55e4.98)
(0.99e2.73)
(0.01e0.40)
(0.25e0.77)

0.0051
0.076
0.0048
0.0024

5.913
0.06866
0.1978
3.188

0.75
1.34
0.38
0.65

(0.41e1.38)
(0.78e2.31)
(0.12e1.21)
(0.40e1.07)

0.35
0.29
0.10
0.088

0.75
1.38
0.37
0.65

(0.33e1.45)
(0.77e2.64)
(0.01e0.84)
(0.39e1.03)

0.37
0.25
0.090
0.091

HR (95% CI) for
value > cutoff value

8.038
1.626
0.7112
4.170

1.80
2.15
0.50
0.56

6.211
0.7860
0.4814
3.274

Cutoff value

P < 0.05 shown in bold.
HR, hazard ratio.

Multivariate Analysis of Parameters for Overall Survival
The results of multivariate analysis of morphometric parameters and independent clinicopathologic parameters for
overall survival are listed in Table 5. Among the 16
morphometric parameters with signiﬁcant inﬂuence on
overall survival in univariate analysis, only low skewness of
nuclear irregularity (P Z 0.0054) and high mean of nuclear
irregularity (P Z 0.033) remained signiﬁcant adverse
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prognostic factors. Among the seven independent clinicopathologic parameters with signiﬁcant adverse prognostic
inﬂuence in univariate analysis, only age >60 years at
diagnosis remained signiﬁcant (P Z 0.025). Of note, blastoid/pleomorphic morphology and Ki-67  30% were no
more signiﬁcant in multivariate analysis.
The results of multivariate analysis of morphometric parameters, bMIPI, and non-bMIPI clinicopathologic parameters for overall survival are listed in Table 6. Only low
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Table 5 Inﬂuence of Morphometric Parameters (or the Morphometric Score) and Independent Clinicopathologic Parameters on Overall
Survival by Multivariate Analysis
Parameter
Morphometric parameters and independent
clinicopathologic parameters
Low skewness of nuclear irregularity
High mean of nuclear irregularity
High mean of nuclear width
High variance of nuclear length
High variance of nuclear perimeter
High mean of nuclear length
Low skewness of nuclear perimeter
Low skewness of nuclear length
Low kurtosis of nuclear length/width ratio
High mean of nuclear length/width ratio
High variance of nuclear area
Low kurtosis of nuclear irregularity
High mean of nuclear perimeter
Low kurtosis of nuclear perimeter
High variance of nuclear width
High mean of nuclear area
Age >60 years
Elevated serum LDH
Stage III or IV
B symptoms
ECOG score >1
Blastoid/pleomorphic morphology
Ki-67  30%
Morphometric score and independent clinicopathologic parameters
Morphometric score
Age >60 years
Stage III or IV
B symptoms
Elevated serum LDH
ECOG score >1
Blastoid/pleomorphic morphology
Ki-67  30%

Hazard ratio (95% CI)

P value

12.7 (2.13e76.5)
5.90 (1.16e30.1)

3.14
2.02
2.64
1.81
1.78
1.44
0.88

(1.15e8.54)
(0.95e4.30)
(0.76e9.21)
(0.77e4.27)
(0.76e4.19)
(0.55e3.77)
(0.36e2.18)

0.0054
0.033
0.056
0.058
0.15
0.20
0.37
0.53
0.55
0.69
0.86
0.88
0.88
0.88
0.90
0.91
0.025
0.070
0.13
0.17
0.18
0.46
0.78

2.40
1.69
2.31
2.07
1.45
1.77
1.05
1.12

(1.35e4.25)
(0.81e3.54)
(0.80e6.64)
(1.01e4.22)
(0.77e2.73)
(0.82e3.83)
(0.47e2.35)
(0.54e2.34)

0.0028
0.17
0.12
0.047
0.26
0.15
0.90
0.75

P < 0.05 shown in bold.
ECOG, Eastern Cooperative Oncology Group; LDH, lactate dehydrogenase.

skewness of nuclear irregularity [P Z 0.020; hazard ratio
(HR), 9.22; 95% CI, 1.42e59.7], high mean of nuclear irregularity (P Z 0.047; HR, 5.11; 95% CI, 1.02e25.5), and
bMIPI risk group (P Z 0.025; HR, 1.80; 95%
CI, 1.08e3.01) remained signiﬁcant adverse prognostic
factors. All other morphometric and clinicopathologic parameters, including blastoid/pleomorphic morphology, had
no more signiﬁcant inﬂuence on survival as indicated by
multivariate analysis.

Morphometric Score and Overall Survival
Morphometric score was calculated using the two morphometric parameters with independent adverse prognostic inﬂuence in multivariate analysis. One point was assigned for
each of the following risk factors:low skewness of nuclear
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irregularity (3.729) andhigh mean of nuclear irregularity
(>0.1304 mm2).
The morphometric score, ranging from 0 to 2, was an
adverse prognostic factor in univariate analysis for overall
survival (P Z 0.0011; HR, 2.34; 95% CI, 1.40e3.90). The
survival curves of patients stratiﬁed by the morphometric
score are shown in Figure 2J. Multivariate analysis of the
morphometric score and independent clinicopathologic parameters indicated that only the morphometric score
(P Z 0.0028) and B symptoms (P Z 0.047) were independent adverse prognostic factors (Table 5). Multivariate
analysis of the morphometric score, bMIPI, and non-bMIPI
clinicopathologic parameters showed that only the
morphometric score (P Z 0.0038; HR, 2.32; 95%
CI, 1.31e4.11) and bMIPI risk group (P Z 0.025;
HR, 1.66; 95% CI, 1.06e2.58) remained independent
adverse prognostic factors (Table 6).
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Table 6 Inﬂuence of Morphometric Parameters (or the Morphometric Score), bMIPI, and Non-bMIPI Clinicopathologic Parameters on
Overall Survival by Multivariate Analysis
Parameter
Morphometric parameters, bMIPI, and non-bMIPI
clinicopathologic parameters
Low skewness of nuclear irregularity
High mean of nuclear irregularity
High mean of nuclear length
High variance of nuclear length
High variance of nuclear perimeter
High mean of nuclear width
Low kurtosis of nuclear perimeter
Low kurtosis of nuclear irregularity
High mean of nuclear length/width ratio
Low kurtosis of nuclear length/width ratio
Low skewness of nuclear length
High variance of nuclear area
High mean of nuclear perimeter
High variance of nuclear width
High mean of nuclear area
Low skewness of nuclear perimeter
bMIPI risk group
Stage III or IV
B symptoms
Blastoid/pleomorphic morphology
Morphometric score and independent clinicopathologic parameters
Morphometric score
bMIPI risk group
Stage III or IV
B symptoms
Blastoid/pleomorphic morphology

Hazard ratio (95% CI)

P value

9.22 (1.42e59.7)
5.11 (1.02e25.5)

1.80
3.14
1.56
1.25

(1.08e3.01)
(0.93e10.7)
(0.71e3.43)
(0.56e2.79)

0.020
0.047
0.15
0.17
0.19
0.28
0.41
0.60
0.63
0.78
0.83
0.86
0.88
0.89
0.90
0.91
0.025
0.066
0.27
0.59

2.32
1.66
2.24
1.97
1.07

(1.31e4.11)
(1.06e2.58)
(0.81e6.17)
(1.00e3.87)
(0.54e2.12)

0.0038
0.025
0.12
0.050
0.85

P < 0.05 shown in bold.
bMIPI, Biologic Mantle Cell Lymphoma International Prognostic Index.

Visualization of Morphometric Score
Density plots were produced to demonstrate the distribution
of nuclear irregularity in each case. Examples of classic
MCL, blastoid MCL, and pleomorphic MCL with different
morphometric scores are shown in Figure 4, AeC, respectively. Higher mean of nuclear irregularity and lower
skewness of nuclear irregularity result in a higher morphometric score. With increase of the morphometric score, there
is a trend of increasingly pleomorphic nuclei in the microscopic images. However, ﬁnding an optimal cutoff point of
nuclear pleomorphism with the highest prognostic signiﬁcance by human eyes is difﬁcult. The density plots of nuclear irregularity distribution and microscopic images of all
cases can be found in Supplemental Figure S1.

Correlation of Morphometric Score with
Clinicopathologic Features
The comparison of clinicopathologic features between cases
with a low (0 or 1) and high (2) morphometric score is listed
in Table 7. A high morphometric score was signiﬁcantly
associated
with
blastoid/pleomorphic
morphology
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(P Z 0.0012), Ki-67  30% (P Z 0.0025), and high bMIPI
risk group (P Z 0.0079). Of note, all 26 cases with blastoid
or pleomorphic morphology had a high morphometric score
of 2 (Figure 4D).

Morphometric bMIPI Score and Overall Survival
Because the morphometric score and bMIPI risk group were
independent adverse prognostic factors in multivariate
analysis, the morphometric bMIPI score was calculated by
adding the morphometric score with a bMIPI score (low
risk, 0; intermediate risk, 1; and high risk, 2). The
morphometric bMIPI score, ranging from 0 to 4, was useful
for risk stratiﬁcation of patients with MCL, with a P value of
0.000009 (Figure 2K). Alternatively, a three-tiered risk
grouping (low, 0 to 1; intermediate, 2 to 3; and high, 4)
achieved a P value of 0.000001 (Figure 2L).

Discussion
Blastoid/pleomorphic morphology has long been known to
correlate with worse prognosis in patients with MCL.18
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Figure 4 Examples of cases with different morphometric scores. AeC: The microscopic images with tumor cell nuclei (yellow closed lines) automatically
delineated by our model and density plots of nuclear irregularity (median Z blue dotted vertical line) of cases with classic (A), blastoid (B), and pleomorphic (C)
morphology. A higher mean (red vertical line) and a lower skewness (less concentration of data at the left in the density plot) resulted in a higher morphometric
score. The nuclei in the microscopic images appear increasingly pleomorphic with increase of the morphometric score. D: All cases of blastoid and pleomorphic
mantle cell lymphoma (MCL) had a high morphometric score of 2, whereas classic MCL cases had a morphometric score of 0, 1, or 2.
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Table 7

Comparison of Clinicopathologic Features between Cases With a Low and a High MS

Parameter
Age at diagnosis, years
60
>60
Sex
Female
Male
Stage*
I or II
III or IV
B symptoms*
No
Yes
Serum LDH*
Normal
Elevated
ECOG score*
0 or 1
>1
Extranodal site*
0 or 1
>1
BM/PB involvement*
No
Yes
MIPI risk group*
Low to intermediate
High
Morphologic variant
Classic
Blastoid/pleomorphic
Cyclin D1
Negative
Positive
Ki-67, %
<30
30
bMIPI risk group*
Low to intermediate
High

Low MS (MS Z 0 or 1; n Z 24)

High MS (MS Z 2; n Z 79)

P value

13 (54.2)
11 (45.8)

26 (32.9)
53 (67.1)

0.060

5 (20.8)
19 (79.2)

12 (15.2)
67 (84.8)

0.74

3 (13.0)
20 (87.0)

8 (10.7)
67 (89.3)

1.0

16 (80.0)
4 (20.0)

50 (75.8)
16 (24.2)

0.93

15 (65.2)
8 (34.8)

37 (52.1)
34 (47.9)

0.27

21 (91.3)
2 (8.7)

52 (77.6)
15 (22.4)

0.26

8 (34.8)
15 (65.2)

26 (37.7)
43 (62.3)

0.80

7 (30.4)
16 (69.6)

26 (40.6)
38 (59.4)

0.39

14 (63.6)
8 (36.4)

33 (50.8)
32 (49.2)

0.30

24 (100)
0 (0)

53 (67.1)
26 (32.9)

0.0012

0 (0)
24 (100)

6 (7.6)
73 (92.4)

0.37

21 (87.5)
3 (12.5)

42 (53.2)
37 (46.8)

0.0025

16 (72.7)
6 (27.3)

26 (40.0)
39 (60.0)

0.0079

P < 0.05 shown in bold. Data are given as number (percentage).
*Some cases excluded because of incomplete clinical data.
bMIPI, Biologic MIPI; BM/PB, bone marrow/peripheral blood; ECOG, Eastern Cooperative Oncology Group; LDH, lactate dehydrogenase; MIPI, Mantle Cell
Lymphoma International Prognostic Index; MS, morphometric score.

However, identiﬁcation of these morphologic variants could
be challenging for general pathologists with less experience.19 A recent study showed a moderate concordance
(k Z 0.57) in identiﬁcation of blastoid/pleomorphic
morphology in MCL among eight reference pathology
laboratories of the European MCL Network,20 indicating the
difﬁculty even for expert hematopathologists.
Theoretically, similar to previous studies,21,22 a direct
end-to-end training process could be used to establish a deep
learning model to identify aggressive morphologic variants
of MCL. However, because MCL is a rare type of B-cell
lymphoma1 and its blastoid and pleomorphic variants are
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even rarer, it is difﬁcult to collect sufﬁcient number of cases
of each variant for such end-to-end training. Recently, it has
been shown that morphometric parameters can be used to
classify primary intestinal T-cell lymphoma.23 Herein, the
study analyzed the disease prognosis based on objective
morphometric parameters extracted from tens of thousands
of nuclei among 103 patients with MCL to derive a signiﬁcant and human-interpretable result.
Morphometric studies require accurate contouring of
targets. High-quality segmentation of nuclei is essential for
correct measurement of nuclear attributes. Previously, nuclear segmentation was performed using classic image
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segmentation methods, such as thresholding, region-based
approaches, energy minimization techniques, and
classiﬁcation-based segmentation.24 However, these traditional methods often assume a certain image pattern of
nuclei and are prone to failure when the assumption is
violated. Recently, deep learning has been successful in
detection,21,22 classiﬁcation,25,26 and grading27,28 of tumors
in pathology images. Nowadays, the best performing nuclear segmentation methods are all deep learningebased,
and their performance is comparable to that of human annotators.29 Indeed, our deep learningebased nuclear segmentation model achieved high performance, thus enabling
accurate morphometry (Figure 3 and Supplemental
Figure S1). The average aggregated Jaccard index of our
predicted nuclei ranged from 0.685 to 0.696 in different
morphologic subtypes, similar to that of a previously reported best preforming deep learningebased nuclear segmentation
model
(average
aggregated
Jaccard
index Z 0.691).29
Over three decades ago, morphometric studies demonstrated that lymphoid cells in different areas of normal
lymphoid tissue have different nuclear parameters.30,31
Other old studies investigated the nuclear morphometry of
non-Hodgkin lymphoma and its potential use in subclassﬁcation.32e34 Subsequently, the nuclear area of MCL
tumor cells was shown to be signiﬁcantly larger than that of
mantle zone lymphocytes in reactive tonsils.35 No cases
with blastoid/pleomorphic morphology were included in
that study, and their mean nuclear area of MCL measured
with manual annotation by three pathologists was 37.9,
37.9, and 38.2 mm2, respectively.35 Their result was similar
to that of our classic MCL (42.42 mm2). However, no other
morphometric parameters were analyzed in that study, and
correlation with survival was not investigated.35
Compared with classic MCL, the current study found that
16 and 13 morphometric parameters related to nuclear size
and shape were signiﬁcantly different in blastoid and pleomorphic MCL, respectively (Table 3). Both aggressive
variants had higher mean, higher variance, lower skewness,
and/or lower kurtosis of nuclear length, width, perimeter,
area, and/or irregularity. Higher mean and variance of these
morphometric attributes indicate larger and more irregular
nuclei with more variation in size and shape. Lower skewness reﬂects less concentration of data at the left in the
density plot, whereas lower kurtosis correlates with more
data in shoulders other than the peak or tails in distribution.36 Both lower skewness and lower kurtosis of
morphometric attributes also contribute to the increased
pleomorphism perceived by human eyes.
Theoretically, the more dispersed chromatin in blastoid or
pleomorphic MCL should correlate with higher pixel
randomness (namely, higher entropy). However, no significant difference in entropy was found between these
aggressive variants and classic MCL (Table 3). Blastoid and
pleomorphic variants are known to have more prominent
nucleoli, which result in local aggregation of pixels and
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decrease of pixel randomness. This could explain the lack of
signiﬁcant difference in nuclear entropy between classic
MCL and blastoid or pleomorphic MCL.
Using univariate analysis, 16 of the 32 morphometric
parameters related to nuclear size and shape were shown to
have signiﬁcant inﬂuence on survival (Table 4). Of note, 14
(87.5%) were signiﬁcantly different between classic MCL
and blastoid or pleomorphic MCL (Table 3). Similar to the
difference observed in blastoid and pleomorphic variants of
MCL compared with classic MCL, higher mean, higher
variance, lower skewness, and lower kurtosis of these
morphometric attributes were associated with poor prognosis. The current results suggest that morphometry could
objectively quantify pleomorphism with prognostic
signiﬁcance.
To better evaluate the robustness of the results mentioned
above, a bootstrapping (with 1000 repetitions) procedure
was performed for prognostic analysis of each morphometric parameter. All 16 morphometric parameters
remained prognostically signiﬁcant after our bootstrap
simulation, demonstrating the robustness of their prognostic
effect.
Multivariate analysis was used to select two morphometric parameters with independent prognostic value (mean
and skewness of nuclear irregularity) (Tables 5 and 6) to
calculate a morphometric score. Although a high morphometric score was strongly associated with blastoid/pleomorphic morphology (P Z 0.0012) (Table 7), the
morphometric score, but not blastoid/pleomorphic
morphology, had independent prognostic value in multivariate analysis (Tables 5 and 6). In fact, a high morphometric score of 2 identiﬁed not only all 26 blastoid/
pleomorphic cases but also 53 cases (68.8%) of classic
MCL with worse prognosis (Figures 2J and 4D). In addition, a low morphometric score of 0 identiﬁed 9 cases
(11.7%) of classic MCL with good prognosis (Figures 2J
and 4D). Our morphometric method not only objectively
quantiﬁed the pleomorphism of tumor cell nuclei but also
revealed a better cutoff value of pleomorphism with higher
prognostic signiﬁcance than the blastoid/pleomorphic
morphology identiﬁed by human eyes.
Interestingly, a previous morphometric study on follicular
lymphoma showed higher mean, higher SD (square root of
variance), lower skewness, and lower kurtosis of nuclear
area in cases composed of large cells compared with those
composed of small cleaved cells.37 Their ﬁnding suggests a
correlation between these morphometric differences and
high tumor grade in follicular lymphoma. It bears some
resemblance to the current ﬁnding that high mean, high
variance, low skewness, and low kurtosis of nuclear size and
irregularity are associated with poor prognosis in MCL.
Additional study is needed to clarify whether such phenomenon exists in other types of malignant lymphoma.
Although blastoid/pleomorphic morphology is associated
with poor prognosis in MCL, its prognostic signiﬁcance is
overruled by the proliferation index Ki-67 in multivariate
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analysis.10 Unlike blastoid/pleomorphic morphology, which
is identiﬁed by human eyes, the current morphometric parameters can be objectively measured. In addition, the
prognostic value of the morphometric score overrode blastoid/pleomorphic morphology in multivariate analysis.
Combining the morphometric score and bMIPI risk group,
the morphometric bMIPI score performed well in risk
stratiﬁcation of patients with MCL (P Z 0.000001), better
than bMIPI (P Z 0.00016) and MIPI (P Z 0.00099)
(Figure 2).
In conclusion, the study identiﬁed a new independent
prognostic factor in MCL using deep learningebased nuclear morphometry. This morphometric score can be
objectively measured, and its prognostic value is more
robust than that of blastoid/pleomorphic morphology.
Future large-scale prospective studies would be helpful to
conﬁrm these results.

Supplemental Data
Supplemental material for this article can be found at
http://doi.org/10.1016/j.ajpath.2022.08.006.
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