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Abstract

Percent necrosis (PN) following chemotherapy is a prognostic factor for survival in

osteosarcoma. Pathologists estimate PN by calculating tumor viability over an

average of whole‐slide images (WSIs). This non‐standardized, labor‐intensive

process requires specialized training and has high interobserver variability.

Therefore, we aimed to develop a machine‐learning model capable of calculating

PN in osteosarcoma with similar accuracy to that of a musculoskeletal pathologist. In

this proof‐of‐concept study, we retrospectively obtained six WSIs from two patients

with conventional osteosarcomas. A weakly supervised learning model was trained

by using coarse and incomplete annotations of viable tumor, necrotic tumor, and

nontumor tissue in WSIs. Weakly supervised learning refers to processes capable of

creating predictive models on the basis of partially and imprecisely annotated data.

Once “trained,” the model segmented areas of tissue and determined PN of the same

six WSIs. To assess model fidelity, the pathologist also estimated PN of each WSI,

and we compared the estimates using Pearson's correlation and mean absolute error

(MAE). MAE was 15% over the six samples, and 6.4% when an outlier was removed,

for which the model inaccurately labeled cartilaginous tissue. The model and

pathologist estimates were strongly, positively correlated (r = 0.85). Thus, we created

and trained a weakly supervised machine learning model to segment viable tumor,

necrotic tumor, and nontumor and to calculate PN with accuracy similar to that of a

musculoskeletal pathologist. We expect improvement can be achieved by annotating

cartilaginous and other mesenchymal tissue for better representation of the

histological heterogeneity in osteosarcoma.
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1 | INTRODUCTION

The 5‐year survival rate for patients with localized extremity

osteosarcoma is 65%−70%, with cancer stage being the most

important prognostic factor.1 It is widely accepted that percent

necrosis (PN) after neoadjuvant chemotherapy is a powerful

prognostic factor.2 The “gold standard” for estimation of PN is

assessment of whole‐slide images (WSIs) by a musculoskeletal

pathologist to estimate average tumor viability.3 WSIs are created

from the resection specimen, often after two cycles of neoadjuvant
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chemotherapy. The histologic PN assessment method originally

described by Huvos reflects the efficacy of systemic chemotherapy.3

In general, patients with less than 90% necrosis have worse survival

than those with 90% or more.4,5 Further, response status can affect

patient eligibility for enrollment in clinical trials. Therefore, establish-

ing an accurate PN can carry important clinical implications.

Determination of PN is labor intensive and nonuniform, with

studies reporting low interobserver reliability despite it being the

standard of care.6–8 The analysis itself requires the resection

specimen to be grossly cut, mapped into segments, then sliced and

processed into WSIs. Several WSIs are selected and subsequently

averaged over the entire specimen to estimate PN, although the

number of WSIs averaged is not standardized among institutions or

pathologists. Fellowship‐trained musculoskeletal pathologists, most

of whom work at tertiary cancer centers, typically make PN

estimates. Centers that are not staffed with musculoskeletal

pathologists may lack standardized protocols for analysis, and

osteosarcoma specimens obtained at such centers may require

external review to estimate PN. The described method is used to

assess all treated cases of osteosarcoma annually in the United States

and is also used for other sarcomas, such as Ewing sarcoma and

primitive neuroectodermal tumors.9,10 Based on these observations

and others, calculating PN by alternative means is a worthy exercise.

In this study, we investigated if accurate PN could be calculated

using a modification of a previously described machine learning

technique. Machine learning has been used successfully in histo-

pathology for tumor detection, subtyping, and grading in several

cancers.11–13 Previous research using learning models for detection

of various carcinomas determined that pathologists could exclude

65%−75% of pathology slides without any loss of diagnostic

sensitivity when using a validated model, effectively reducing

pathologist workload.11 Recent studies have used supervised inter-

active learning to estimate PN in osteosarcoma.14,15 These tech-

niques require hundreds of WSIs to be partially but accurately

annotated by pathologists for training, which enables the model to

produce initial segmentation maps. Pathologists then assess the

predicted segmentations and reannotate any misclassified areas. This

process is repeated until the predictions are correct everywhere.

Weak supervision covers a wide range of methods in which models

are trained using partial, inexact, or otherwise inaccurate information.

Wang et al.16 developed a weakly supervised learning technique

known as label cleaning multiple instance learning (LC‐MIL), in which

only coarse annotations of WSIs are required. Coarse annotations are

loosely drawn boundaries at zero magnification of different types of

cells within a WSI that is not exhaustively detailed. These coarse

annotations are easy to obtain because it takes only minutes for a

pathologist to annotate one slide, in stark contrast to annotations

needed in traditional, fully supervised learning, or the described

interactive learning. This validated method does not require a large

data set, but rather can train a model with a single WSI. It leveraged

the MIL technique to significantly augment training data by

constructing MIL bags, as detailed in the methods section.

We aimed to develop a machine‐learning model capable of (1)

segmenting viable tumor, necrotic tumor, and nontumor tissue with

minimal training data and, (2) calculating PN from osteosarcoma

WSIs. We hypothesized that the proposed method in this proof‐of‐

concept study would achieve similar accuracy and precision to the

“gold standard” of pathologist estimates, while reducing the labor and

interobserver variability associated with PN estimates on a limited

series of WSIs.

2 | METHODS

After institutional review board approval, we retrospectively ana-

lyzed data from patients with high‐grade intramedullary osteo-

sarcomas who received neoadjuvant chemotherapy and underwent

surgical resection at our US tertiary cancer center between 2011 and

2021. Patients were included who satisfied the above criteria and

who had available resection specimen WSIs. We excluded WSIs

assessing tumor margins or those obtained from biopsies. We

extracted original PN estimates from patient records.

Our institution uses the method described by Huvos et al.3 for

specimen preparation and PN assessment of osteosarcoma speci-

mens. Resection specimens were processed in a standard fashion.

A photograph is taken of the specimen on its long axis, and a grid

pattern is overlaid, denoting subdivisions of the specimen (Figure 1).

WSIs are sectioned parallel and perpendicular to the long axis to the

subdivision and stained with hematoxylin and eosin. PN is estimated

from the hematoxylin and eosin WSIs at the time of resection. All

WSIs and remaining resection specimens are stored in our institu-

tion's pathology archive.

We gathered theWSIs from our pathology archives and removed

patient identifiers before digitization. WSIs were digitally scanned at

×40 magnification and uploaded to Proscia pathology software,

version 3.8.1:6bc005c (Proscia Inc.) for digital annotation.

2.1 | WSI annotation

A senior, fellowship‐trained musculoskeletal pathologist with 10

years of experience (initials removed for blinding) performed all

annotations for training the machine model. The pathologist was

blinded to all clinical information, including osteosarcoma subtype

and original PN estimate. The pathologist coarsely and approximately

annotated three types of tissue on each WSI: viable tumor, necrotic

tumor, and nontumor. Annotations are created by digitally drawing

boundaries on the digitized WSI in Proscia. We defined coarse

annotations as approximate boundaries around populations of viable

tumor, necrotic tumor, and nontumor. Thus, there is no detailed

annotation of individual cells. The absence of annotation on the slide

represented mixtures of patterns. WSIs were not exhaustively

annotated. Instead, only partial representative regions with homo-

typic pattern were delineated, and the hand‐drawn boundaries were
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approximate. The annotation time for the pathologist was approxi-

mately 2min per slide.

2.2 | Development of a deep learning predictor
based on weakly annotated data

We developed a weakly supervised learning method that is able to use

coarse annotations; does not require exhaustive, cellular‐level annotation;

and needs a limited amount of training data for label prediction. We

adapted the method recently proposed by Wang et al.16 that can provide

accurate segmentations based on only partial and coarse annotations of

tissue in WSIs, and we extended it to a multiclass setting to predict

different types of tissue (i.e., normal tissue, necrotic tumor, and variable

tumor) per WSI. The high‐resolution WSIs were segregated into tens of

thousands of small patches. The patches are 256×256 pixels of similar

appearing tissue as determined by the pathologist's annotations. The

patches with the same initially annotated label are processed into groups

called “bags.” Each bag consists of 10 patches. The deep learning machine

is trained on the basis of these bags. This LC‐MIL approach relies on

learning image patterns in groups of patches, or “bags,” rather than

individual samples, providing a framework that is robust to potential

inaccuracies in the labeling of individual image patches and relies on the

label of the majority of samples in a given bag. This type of learning

paradigm is especially useful in pathology because it is similar to the way

in which pathologists manually annotate WSIs, with approximate

assessments that are not dependent on each individual cell within the

WSI. Additionally, the bags are constructed by sampling patches with

replacement, such that virtually as many bags as desired can be generated

from one single bag, which significantly augments the training data.

A model similar to that developed in Wang et al.16 was thus

trained but, in this case, for a multiclass classification problem. Within

this multiple‐instance learning framework, the model is trained to

predict the class of the majority of the patches in the bag, but it is

invariant to the number of patches in the bag. In this way, once

trained, the model is deployed on all patches in each WSI, thus

making a prediction of the type of tissue (necrotic tumor, viable

tumor, or nontumor) at every location in the slide, which produces a

segmentation map for downstreaming PN calculation (Figure 2).

2.3 | PN estimates

PN of eachWSI was estimated by a senior pathologist (initials removed

for blinding). For the machine learning model, PN was estimated from

the tissue segmentation map by calculating the ratio of area of necrotic

tumor to area of all tumor (viable tumor and necrotic tumor).

2.4 | Hardware, software, and statistical analysis

We used graphics processing units–intensive computing to train deep

learning models with a single NVIDIA RTX 1080 Ti graphics

processing unit (Nvidia Corp.). Deep learning models were imple-

mented in PyTorch (Linux Foundation), and other postprocessing

algorithms were implemented with OpenCV17 and Scikit‐Image.18 All

software implementations of the methods are publicly available at

https://github.com/Sulam-Group/MIL-pathology.

We compared PN estimates of the machine learning model and the

pathologist by using Pearson's correlation and mean absolute error (MAE).

We used, Stata, version 17.0, software (StataCorp LLC) for all analyses.

3 | RESULTS

We included six WSIs from two patients for this proof‐of‐concept

study. The first patient had a high‐grade osteoblastic osteosarcoma

of the proximal tibia with PN of 99%. The second patient had a

F IGURE 1 Clinical example of the grid preparation for gross
specimens on a resected distal femur with osteosarcoma. A grid
pattern was overlaid on the photograph of the distal femur and
subsequently labeled with sequential alphabet‐based annotations.

LIBRIZZI ET AL. | 3

 1554527x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jor.25693 by E

gyptian N
ational Sti. N

etw
ork (E

nstinet), W
iley O

nline L
ibrary on [08/11/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://github.com/Sulam-Group/MIL-pathology


high‐grade chondroblastic osteosarcoma of the femur with a PN of

50%. Both patients underwent neoadjuvant chemotherapy with

methotrexate, doxorubicin, and cisplatin and underwent surgical

resection at our institution.

The pathologist's and machine learning model's PN estimates

from the six WSI are shown in Table 1. There was a strong, positive

correlation between the model and pathologist PN estimations

(r = 0.85). The model lost accuracy when there was abundant

cartilaginous tissue, especially noted in the outlier, slide number 4.

When this outlier is removed from the data set, the model estimates

have a very strong, positive correlation with the pathologist's

estimates (r = 0.99). The MAE was 15% over the six samples but

decreased to 6.4% when the outlier was removed. Figure 3 shows the

pathologist's annotations and the model's segmentation maps, where

areas of red represent necrosis, blue represents viable tumor, and

green represents nontumor. The segmentation map demonstrates

areas where our machine model had difficulty determining predic-

tions of cartilaginous tissue. It should be emphasized that we did not

specifically annotate benign or malignant cartilaginous tissue to train

the model. It took 30min per WSI to train the model.

4 | DISCUSSION

We developed a machine learning model via weakly supervised

learning techniques that can segment viable tumor, necrotic tumor,

and nontumor from coarse expert annotations and can calculate PN

from osteosarcoma WSIs. Our model's PN estimates were strongly,

positively correlated and had an MAE of 15% compared with the

F IGURE 2 This framework uses weakly supervised techniques and multiple instance learning (MIL) methods to train a deep learning machine
for assessing percent necrosis (PN) from osteosarcoma whole‐slide images (WSIs). The process involves: (A) taking a WSI with coarse
annotations by pathologists as input; (B) segregating the WSI into small patches with noisy labels based on the initial annotations; (C) grouping
patches with the same labels into MIL bags for training; (D) training the MIL model—composed of a feature extractor, MIL pooling operator, and
multilayer perceptron (MLP)—on the MIL bags; (E) using the trained MIL model to clean noisy labels and generate a segmentation map; and (F)
estimating PN with the segmentation map.

TABLE 1 Percent necrosis estimates by a musculoskeletal
pathologist and a machine learning model in patients with
osteosarcoma.

Slide no

%

Pathologist's estimate Model's estimate

1 45 58

2 20 34

3 60 60

4 5 62

5 97 94

6 99 97

Mean absolute error 15%

Pearson's correlation 0.85
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pathologist's estimates. The model did not always properly label

cartilage, which affected the accuracy of estimates in WSIs with

abundant cartilaginous tissue. Through this proof‐of‐concept study,

we determined that other tissues must be annotated for accurate PN

estimates because of the highly heterogenous osteosarcoma histol-

ogy. Future iterations should include annotations of cartilaginous

tissue and other mesenchymal tissue. Next steps include diversifying

the WSIs to include other histologic subtypes of osteosarcoma while

increasing the number of WSIs required for training and assessment.

4.1 | Limitations

This study has several limitations. First, the machine learning model

was trained on a small number of WSIs, as this was a proof‐of‐

concept study only. However, the model correctly identified viable

tumor, necrotic tumor, and nontumor with PN estimates similar

to those of the pathologist. Second, we annotated only two

osteosarcoma subtypes, whereas high‐grade osteosarcoma has

approximately 10 subtypes with varying degrees of histologic

heterogeneity. We chose osteoblastic and chondroblastic subtypes

because they are distinct from one another and are the most

common subtypes. Finally, our model was trained from the coarse

annotations of one pathologist, which may lead to bias in the model's

predictions. The pathologist who completed the annotations and PN

estimates is a senior attending physician with 10 years of musculo-

skeletal pathology expertise. Moreover, the method used for this

work has been shown to be robust to variations in the coarse

annotations provided for training.16 Further validation with additional

senior pathologists will enable precise quantification of bias in the

resulting machine model and may lead to improved prediction

performance.

4.2 | Segmentation of tissue

Our machine model was trained using LC‐MIL techniques, which

differ from previously published machine models for predicting

F IGURE 3 Annotation and segmentation of whole‐slide images by a musculoskeletal pathologist and machine learning model in (A)
osteoblastic and (B) chondroblastic osteosarcoma. Red, necrotic tumor; blue, viable tumor; green, nontumor.

LIBRIZZI ET AL. | 5
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PN.14,15 LC‐MIL techniques allow the machine to learn from patterns

of tissue rather than traditional supervised methods, in which the

machine learns from discrete entities. We believe the LC‐MIL method

more closely emulates how pathologists assess WSIs and estimate

PN. In contrast with prior research,14,15 our model did not require

exhaustive annotation or reannotation of incorrect labeling by

pathologists for training. In fact, our model was trained using six

WSIs with coarse annotation compared with traditional methods that

require hundreds of WSIs with exhaustive slide‐level annotations.

Though we used a small number of samples, our machine model's

MAE was 15% compared with 23% achieved by Ho et al.15 in

predicting PN in osteosarcoma, which demonstrates similar results

with different learning techniques. The deep interactive learning

approach described by Ho et al. for osteosarcoma treatment

response also struggled with chondroid areas. Other concerns in

machine prediction models include false negative and false positives,

which may lead to different diagnoses. Campanella et al.11 devised a

weakly supervised machine model to detect various carcinoma

metastases to lymph nodes and found that false negatives were

frequently cause by micro‐metastases, isolated tumor cells, or

atypical morphologic features that were not predicted by the model

to be malignant. We experienced similar challenges when our model

encountered cartilaginous tissue. We did not annotate cartilaginous

tissue as a separate entity and it was frequently in areas of mixed

tissue, which is unlabeled. Because of the lack of discrete annotation

of cartilage, the model did not accurately label chondroblastic tissue,

and PN accuracy was lost in WSIs with abundant cartilage. To

improve the accuracy and precision of PN estimates, we aim to add

separate annotations of cartilaginous, osteoid, and fibroblastic tissues

for training of our machine model.

4.3 | PN estimation

Our machine model's PN estimates from osteosarcoma WSIs had a

strong, positive correlation to those of a musculoskeletal pathologist.

One impetus for this study was the nonstandardized, labor‐intensive

nature of estimating PN, combined with the high variance of

estimates among pathologists. Kang et al.7 provided 10 WSIs from

10 osteosarcoma patients to six orthopedic pathologists to estimate

PN. The interclass correlation coefficient among the six pathologists

was 0.65 and did not differ according to years of expertise,

suggesting high variability of estimates in the group. However,

intraclass correlation was high, ranging from 0.80 to 0.95, suggesting

that the pathologists were consistent in their own PN estimates. The

large differences in PN estimates among pathologists were often

attributable to the misidentification of atypical cells with the stroma

as viable or nonviable. In this setting, a machine model would be able

to consistently predict these areas of tissue with minimal variance

between slides because of the training from similar bags. Thus, use of

a validated machine model may solve the current challenge of high

interobserver variability in PN estimates.

The theoretical production of a validated machine model would

enable expeditious evaluation of chemotherapy efficacy, and hence

prognosis estimates, at centers without musculoskeletal pathologists,

effectively reducing healthcare costs and labor burdens on sub-

specialty pathologists. In addition, standardization of PN calculations

may increase the fidelity of the data from which national protocols

are generated, enabling more accurate risk stratification for clinical

trial enrollment. Such initiatives are vital in rare diseases such as

osteosarcoma, for which small numbers of patients are treated, and

treatments vary among institutions and regions.

5 | CONCLUSION

In this proof‐of‐concept study, we created and trained a machine

learning model via weakly supervised learning techniques that was

able to segment viable tumor, necrotic tumor, and nontumor and to

calculate PN. Our model's PN estimates were strongly, positively

correlated with those of a musculoskeletal pathologist. We found

that it will be necessary to annotate cartilaginous and other

mesenchymal tissue to better represent the heterogeneity of

osteosarcoma and to increase the number of WSIs annotated for

training and predictions to improve the accuracy of the model.
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