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Abstract

Rationale and ObjectiveSpinal osteoporotic compression fiagts (OCFs) can be an early biomarker
for osteoporosis but are often subtle, incidental, and uegerted To ensure early diagnosis and
treatment of osteoporosis, we aimed to build a deep learning vertebral body classifier for OCFs as a
critical componat of our future automated opportunistic screening tool.

Materials and Method&Ve retrospectively assembladbcal dataset includg 1,790 subjects and 15,050
vertebral bodies (thoracic and lumbdachvertebral body waannotated using an adaption of the
modified-2 algorithm-basedqualitativecriteria. The Osteoporotic Fractures in Men (MrOS) Study dataset
providedthoracicandlumbarspine radiographs of 5,994 men from six clinical centésing both
datasets,ive deedearning algorithms wergainedto classifyeachindividual vertebral bog of the spine
radiographsClassification performance was compared fos#imodels using multiple metrics including
thearea under theeceiver operatingharacteristic curvAUC-ROC), sensitivity, specificity, and

positive predictive value (PPV)

Results:Our best model, built with ensemble averagamhieved an AUGROC of 0.948 and 0.93th

the localdatasel s t andtheMEOS tatasét s t ,@espectiwlgAfter setting the cutofthreshold

to prioritize PPV this model achieved sensitivity 064.3% and47.8%, a specificity 089.76 and

99.6%, and a PPV 089.8% and94.8%.

Conclusion: Our model achievedn AUC-ROC >0.9 on both dataset3 histesting shows some
generalizaility to real world clinical datasets and a suitable performance for a future opportunistic

osteoporosis screening tool.
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Main Body

INTRODUCTION

Osteoporosis affects 9% of individuals over 50 years old in thel)ushd 200 million women globally
(2). In developed countriesne out of threendividualswill suffer anosteoporotic compression fracture
(OCR)in their lifetime(2). After the first OCF, the risk for subsequent OCFs increases g(adi)y
Even one OCIandecrease quality of life and increase risk of mortgb)y

Osteoporosis screeniigevidencebasel andis endorsed by many organizatioimcluding the US
Preventive Services Task Forbaitremainsunderutilized. Between 2004 and 2006, more than 2/3 of
women who should have been screened for osteoporosis €. room 20062010 screening of US
women with Medicare usindualenergy Xray absorptiometrdecreasd by56% (8). The rate of
osteoporosis screening for higkk men is also v (9).

Opportunistic osteoporosis screening, which ggegxisting imaging to increase osteoporosis
detection rates, can complement current osteoporosis screening methods and is desired to introduce
minimum extra costSeveral approachés opportunistiosteoporosiscreeninghave been propos€tio-
29). Manyresearclgroups used computerized tomograg@y) images(10-22), while few used
radiographg23-29). Radiography is a ubiquitous imaging modality used early in diagnostic workup of
many conditions with an estimated 183 million exams irhdspitals in 201@30). Thus,using
radiographs to conduopportunistic osteoporosis screening is as important as G3ilmgd ould
potentially reach a broader patient populatidsingradiographs, Lee et dR3) and Zhang et a{24)
used machine learning algorithms to estimate bone mineral density. However, using bone mineral density
as a biomarker of osteoporosis detection has known limitaf@dn82). Spinal OCF<an serve aan
additional osteoporosis biomarkandareoften incidental on chest or abdominal images and frequently
underreported, resulting in undeliagnosis and undeéreatmen{33). Applying automated opportunistic
OCF screening to existing imaging studies could result in earlier and more extensiverosisop

identification and treatmentultiple studies(25-29) have attemptetb automatially detectOCFs using



radiographsHowever, theestudies had limitationsicludingsingle center data leading to possible
overfitting (25-28) andunclear dataet construction process(29).

We ultimately aim to builéin automated opportunistic OCF radiograph screening tool with three
primarysequential components (see FigureAtdequate performance of any clinical test can only be
judged in the context of the use caSensidering a screening tool for large volumes of studies, a tool
with too many false positives could unduly burden the health care syRtes)we prioritized positive

predictive value PPV) andspecificity of the modelather than sensitivity.

Component 2:

Component 1: binary OCF Normal 2
Image classifier (our = %?J'Ejzzr:_?g\t,j' | This subject
segmentation focus in this classifior has OCFs
study)

Figure 1. Our future automated opportunistic screening tool detecting OCFs on radiographs. This tool has
three components: 1) image segmentation and extraction of vertebral bodies; 2) a binary OCF classifier
predicting whether each vertebral body hasaglerate to severe OCF or not; and 3) a sulpeet

classifier integrating the OCF predictions of all vertebral bodies with additional structured data to

determine this subjectds OCF status.

In this paper, we focus on the second component, the binary OCF clgse#ié¢figure 1)This
componenpredics whetheranimage patch containingsanglevertebral bodytermed vertebral patch)
has a moderate to severe OCF or Mbe first componenwhich isusel to automatically extract the
individual vertebral patchess adistinctbody of work(34). To develop theéDCF classifieiin this study,
we extracted each vertebral body using manually annotated corner. points

The current work in this paper is an extension of the work in (35), in which spine radiographs from the

Osteoporotic Fractures in Men (MrOS) Study (36, 37) were Uisele currentwork, we usedtwo spine



radiograph datasetgith multicenter datal) a dataseassembledrom multiple clinical sitegcross a
singlelocal healthcare enterprigbereaftertermedthelocal datasetand2) the MrOS datasetThese two
datasets includenly thoracic and lumbar spine radiografiecaus€@CFsarerarein therest of theaxial
skeleton.To detectOCF on each vertebral pateke used deep learning, the stafehe-art technique for
image classi€ation Our objectives to train a performant and generalizable OCF classifier witrea
underthe precisiorrecall (PR) curve (AUEPR) >0.70andan area undehe receiver operating

characteristic (ROC) cunf{@&UC-ROC) >0.90on the multicenter datanentioned above

MATERIALS AND METHODS
Brief introduction to the datasets

We obtained two datasatentainng lateral thoracic and lumbar spine radiographsctimécally
derivedlocal dataset and thesearciMrOSdatase{36, 37). The local dataset contains clinical data for
diagnostic purposes, while the MrOS dataset was generated for re3eantake the deep learning
models performant on clinical datae typically usedthe local dataseto fine-tunethe modelsBoth

datasets were used to test the models.

Local dataset

This dataset contains clinical data acquired in varied clinical settings for diagnostic pufbesgine
radiographs intis retrospectivelataset wreacquiredrom 2000to 2017 at multiple clinical sites
(inpatient, outpatient, and emergenagyoss ainglehealthcare enterpris€he mean ages (xstandard
deviation) of female and maseibjects were5A8 yearsand B9 years respectively Figure 2 showshe

construction othis dataset.



Search the radiology information system

Use zVision to search the radiology
Definition information system and filter the
radiographs on the features below
Medical record number: ends
with 0, 1, or 2 to ensure that we
" did not grab too many cases
Retrieve from Procedure name: contains the
PACS Inclusion keyword spine and no dexa,
criterion survey, myelography, procedure,
entire, cervical, c-spine, or pump
Modality: computed radiography

:ate:)];; 1/2000-12/31/2017 NLP analysis result

ge: 2 - -

# of subjects: 7,154 Report mentioning fracture : g: :‘;::::ti 23820 1

Siofieemsit Report not mentioning # of subjects: 3,520
whether there are fractures # of exams: 3,805

Raw Local dataset Report mentioning no # of subjects: 2,164

fracture # of exams: 4,574

# of irretrievable exams: 2,508
# of retrieved subjects: 5,106
# of retrieved exams: 11,010
# of retrieved radiographs: 13,667 Subtract

From the raw Local Raw training set

dataset’s  radiographs, # of subjects: 3,993
Sample the remove those belonging # of exams: 6,935
validation and to the subjects selected Mofirmdiog mptEH 5D

LR for the validation and Sample the training set using

test sets the NLP analysis result
75% of the radiographs are kept

N ———— to the ones labeled as fracture
ik - ————— = = = by the NLP analysis
#of subjects: 1,200

# of exams: 1,200 .
| # of subjects: 879
|
1
|
|

# of radiographs: 1,200
# of exams: 879
# of radiographs: 879

Validation set

# of subjects: 321
# of exams: 321
# of radiographs: 321

Training set
# of subjects: 662
# of exams: 736
Annotate # of radiographs: 778

/ Prune
During the annotation process, manually
remove cervical and frontal radiographs that
were mistakenly included, as well as vertebral
bodies that are either too unclear to be read
or cut off at the edge of the radiographs

f A
. et | ottt | ramngaet§
1 # of subjects: 847 # of subjects: 307 # of subjects: 636 I
I # of exams: 847 # of exams: 307 # of exams: 706 1
I # of radiographs: 847 # of radiographs: 307 # of radiographs: 742 !
: :
| # of vertebral Non- Vertebral  Vertebral body’s Vertebral body’s Vertebral body’s |
" Normal osteoporotic body’s height height loss in height loss in heightloss
" deformity  loss <20% 20%-25% 26%-40% >40% I
I Thoracic 2,221 243 142 75 84 80 I
1 set Lumbar 2,081 501 106 115 110 105 I
| Thoracic 1,014 37 36 26 12 11 I
1 set Lumbar 1,070 94 28 24 14 15 1
1 Thoracic 3,050 61 111 37 38 69 1
1 Lumbar 2,896 167 68 51 55 47 |



Figure 2.Construction othelocal dataset and partitiamg it into the trainng, validation, and test sets.
zVision (Intelerad; Montreal, Canada radiology information search togljeried theadiology

informationsystem(RIS) toidentify subjects and exanfisting the inclusion criteriaA natural language

processing (NLP) system called LireNLPSystem (41)

determine whether it described afractdreh e NL P r e s ul t iologymotessernetiasa x a md s
weak label for this exam. These weak labels could help roughly balance the trainRedssjraphs of

the subjectshatsatisfied the inclusion criterigere retrieved from the picture archiving and

communication systerfPACS) Fromthe retrieved radiographae randomly selected 1,2680bjects and

a singleradiographof eachsubject to form the validation and test séram these 1,200 radiographs, 879
were randomly assigned to form the test set and the remaining 321 weredhssitpeevalidation sef.o

avoid overlabetween the training set and the other two, $eésradiographs in the training set were

sampled from the 13,667 radiograghsluding those athe 1,200 subjects that had been selected for the

validation and test set§o form the training se¥78 radiographe/ere sampledlo improve the balance

of the training set, 75% of the radiograpPhsywer e

NLP. The remaining radiographs were randomly samp

me nt i o n e drinally thelobhldBtaset was annotat€dirther data prprocessing and
augmentation steps (including other data balancing séepdhtroduced in Section A of the Supplemental

Materials.

Two of the ceauthors reviewed each radiograph to guaranteeatiagtwere dedentified and contained
no protectechealth informationAll radiographs wereriginally in the Digital Imaging and
Communications itMedicine DICOM) format. The DICOMags, which could containprotectechealth

information wereremoved byconvering the DICOM radiographto Tag Image File Format.

On each radiograph inthecald at aset, we annotated each vertebral

severity of OCRusingDicomAnnotaton(38), an opersource annotation softwarklultiple groups

participated irthe process of annotating the corner points of each vertebral Thoel) CF severity of

r



each vertebral body was annotatesihg the modifiee? algorithmbased qualitative (m2ABQ) criteria
(39), a revised version of the modified algorithrased qualitativémABQ) criteria(40). Five individuals
annotatedCF severityof eachvertebral bodyincludingthree faculty radiologist®7, 17, and10 years

of experiencerespectively, one neuroradiologfellow (7 years of experienggand one biomedical
informatics graduate studefithis processonsisted of 17 roundg/e randomly split théocal dataset

into 17 subsets. In the first eight rounds, at leastiiividualsannotated each radiogragtor each of
these first eight roundsv e ¢ 0 mp u t kapgaarke behi esnsédsto rkeasprp thimter-reader
agreementandheld a consensus meeting to discuss the disputed annothtitimeslast nine rounds, each
radiograph was annotated bge annotatoMore details abouhe localdatasetnnotation are presented
elsewherg39).

Classification systems and radiologists struggle to accurately classify mild or subtle OCFs often
confounded by parallax artifact, remote traumatic injuries, and congenital variation®#®)ture
opportunistic screening tool is intended to complertteaturrent clinical standard of care while
introducing a minimum of extra cost. Including mild OCFs into our classification system could
substantially increase false positives, which would cause more downstream cost. Our use case, to alert or
not alert gprovider or radiologist to a potentially missed fracture, required a binary classification, defined
as highly probable OCF vs normal/rosteoporotic deformity/mild or questionable fracture. Therefore,

we dichotomized t he m2A®rfingaamakngastedpaaic defdrrmitg/mile | 00

r

or questionable fracture vs. @Al abel 10 represent.

The local dataset wamartitionedinto the traimng, validation, and test setAs shown in Figure 2,he
training set was balancéar better model trainingn contrast, we kephe class distributionsf the

validation and test sets consistent witbse inthe original population



MrOS dataset

The de-identified MrOSdataset wasbtained from the Safrancisco Coordinating Center under a data
use agreementhis dataset was generated for research and includes only male subjects, and thus has
lower diversity than the local datasBetails(including populationinformation)for the MrOS dataset are
preented inmultiple paperq35-37, 42). Six US academic medical centé8s, 37) contributeddata to
this dataset.

The MrOS team had previousyndatedthe MrOS dataset based omadification(42) of the Genant
semiquantitative (mSQ) criter{d3). To determine OCFs, the mSQ criter@guire the presence of
endplate depression, makitigese criterialoser to the mABQriteria(40). To adapt to our binary OCF
classification, thenSQ categories were simplified into two classem(lerateor severe fracture vs.
normal/trace/mild fractupg35). Thisis similar tothe m2ABQ simplificatiorpreviously discussed

From the MrOS datasetods test <satainingdévenelaraldo ml y sel
bodies, each assigned an m2ABQ label. Table 1 shows the number of vertebral bodies(fataseth
OCEF classification criterfacombination In the rest of this papegach of these combinatioissdenoted
by A ddassHicaton critéa.0 For exampleMrOS-m2ABQ denoteshe dataset whose dateefrom

the MrOS dataset and are annotated usingib®BQ criteria

Table 1. The number of vertebral bodies for g@ettasetOCF classification criterfacombination

Local dataset MrOS dataset
Training | Validation | Test | Total | Training | Validation | Test Total
set set set set set set
m2ABQ 5,968 2,394 6,688 | 15,050 | O 0 844 844
mSQ NA 76,748 | 8,484 15,177 | 100,409

Model training
The inputs to each of our five models were the vertebral patches extracted from the spine radiographs

by image preprocessing (described in Section A of the Supplemental Materials, which is similar to that in



(35)). The coddor theimage preprocessing iswvailableat https://github.com/UNMCLEAR-
Center/Preprocessing_for_Spinal_OCF_Detection_Multi_Datasets
We trained five deep learning algorithms (see Figure 3), includowglLeNet(44), InceptionResNet
v2 (45), EfficientNetB1 (46), and two ensemble algorithmBo train GoogLeNetnceptionResNetv2,
andEfficientNetB1, transferlearning was usely pretraining a model on ImageN§gt7) and finetuning
the model on a target dataset. Besides this common transfer learning techiaigiss built a model by
first pretraining it on ImageNet, then tuning it on the Mr@SQ dataset, and finally fiening iton
the localm2ABQ datasetRecall that the local dataset contains clinical data, while the MrOS dataset was
generated for research. To make the model performant on the clinical data, we finalipdideach
model on only the locah2ABQ dataset rather than the combination of bloghlocalim2ABQ dataset
and the MrOSmSQ datasetince both the MrOS dataset and the local dataset contain vertebral patches,

a model tuned on the Mr&8SQ dataset before finally firaned on the locain2ABQ dataset can learn

more relevant image featge

B Probability of
p label 1: 0.1 Label 0

GoogLeNet, Cutoff
Inception-ResNet- Probability of .
v2, or EfficientNet ’ label 1: 0.2 _ threshold:.0.3 ’ Label 0

Image pre-
processing

(A)



Probability of
label 1: 0.4

— |
i Probability of Probability of Cutoff
a label 1: 0.1 label 1:02 M threshold: 0.3 Label 0
Probability of
Image pre- _ ° label 1: 0.1 |

processing

Majority
voting

Probability of
label 1: 0.4

Label 1

Cutoff
threshold:
03

Probability of
label 1: 0.1

Label 0

Probability of
label 1: 0.1

ik

Image pre- Label 0 -

processing

Ensemble majority voting

Figure 3. The flowchart of OCF classificatioging deep learning. Recall thhe automatic image
segmentation toads adistinctbody of work(see the INTRODUCTION sectionn the current work,dur
manually annotated corner points of each vertebral aatg usedo extract the vertebral patduring
image preprocessing. Taking an individual vertebral patch as an input, each of the five deep learning
algorithms vasused to build models to clafsthe vertebral patcto havelabel 0 or label 1. (A) shows
the flowchart of OCF classification by GoogLeNet, IncepiresNetv2, orEfficientNetB1. Each of
thesethreemodelsoutput a probability that the vertebral patch should be classifiedvelabel 1. Then
the vertebral patch was classified by comparing the probabilita prelsetcutoff threshold. (B) shows
the flowchart of OCF classification by ensemble averagitgchaveraged the probabilities output by
the three individuainodek. Thenthe classification resultas obtained by comparirtige average
probabilityand a preset cutoff threshold (details in the Model evaluation section dfth€ERIALS

AND METHODS section) (C) shows the flowchart of OCF classification by ensemble majoritygzo



Theclassification resulbf ensemble majority voting was the majority classification result of the three

individual modesk.

After trainingthe models using the three individual algorithmentioned aboveéwo ensemble models
werecreatedusing theensemble averaging algorithend theensemble majority voting algorith(see
Figures 3(B) and 3(C))
In summary, three deep learning models and two ensemble models were generated in each of the
following three training tasks
1) Task l:Pretrain the model oimageNetandfine-tunethe modebn the MrOSMS Q dat aset 6s
training set (ImageNét MrOS-mSQ).
2) Task 2:Pretrain the model otmageNetandfine-tunethe modebn thelocakm2 ABQ dat aset 0s
training set (ImageNet locaFm2ABQ).
3) Task 3:The model tuned in Task 1 was further fioeed orthelocaktm2 ABQ dat aset 6s tr a
(ImageNetY MrOS-mSQ Y locakm2ABQ).
In total, 15models(5 modelspertask x 3 tasksyere built.

More details of model training ay@esented in Sectid® of the Supplementalaterials.

Model evaluation
Using boththelocakm2 ABQ dat as et OMIOSSME2sAtB Qs edta t carsaetiedtektach e st s et
of the 15trainedmodek describedn thefiModel training sectionabove Each model trained in Task 1
was also tested onthe MrasS Q d at a s Al d the perfermancesnedasures mentioned in this
section were computed using the classification results on individual vertebral patches.
The ensemble majority voting algoritrtiees nobutputa numericalvalue on which a range otitoff
thresholds can be s@gee Figure 3(C))l'hus, the AUGPRand the AUCGROC of the models built using

the ensemble majority voting algorithm could not be compuiesteadthe followingperformance



measuresvere computedaccuracy, sensitivity, specificity, PPV, negative predictive value (NPV), false

discovery rate (FDRFPPV), and rscore.

Forthe othertrainedmodes, all of the performanceneasuresnentioned aboverere computed,
includingthe AUC-PRandthe AUC-ROC. For measuresther tham$AUC-PRandAUC-ROC, a cutoff
threshold wasequired To set he cutoff threshold for eacbf thesemodek, we used twdhresholihg
method, eachapplied tothe validation set of the dataset whose training set was used to finaltyrfime
the model The same cutoff threshold wHgnusedwhen testing the model on different test séte two
thresholding methods are as follows:

1) Set the cutoff threshold toarimize the kFscore.This automatially sesthe cutoff threshold and
balanesthe sensitivity and the PPV.

2) Manually set the threshold toake the PPV approxima@®% Recall that we prioritize the PPV
rather than the sensitivifgr our opportunistic screening tool (see INEFRODUCTION section)
Our initial consultation with local clinicianshowedthata PPV of approximately 90% was
appropriate

The 95% confidence interval (Cl) of each performance measure was computed usidglé,000

bootstrap analysis

IRB Approval

Retrieal of thelocal datasetvascovered under the local retrospective institutional review board (IRB)
for Diagnosis Radiology Images Deep Learning Projeitt a waiver of nformed consentFor the

MrOS dataset,teeach medical center, a local IRB approveallMrOSstudy. AllMrOS patticipants gave

written informed conserat the time of the study



RESULTS

Datasets

Table 2 showshelocald a t ametatafaiscluding age, sex, race, ethnicity, radiograph generation
year, and Xray system vendoin Section D of the Supplemental Materjalge also show theumber and
thepercentage of thiecald at aset 6 s radi ographs g.dhedrCdteat byete@s |
metadatdrave beesummarized imultiple publicationg35-37, 42) andareshown in Table 3SectionE

of the Supplemental Materials shemore details of thenetadataftheMr OS d atraimirg set. 6 s

Table 2. Metadata for the training, validation, and test sets of the local dataset, as well as the entire local
datasetThe age data were retrieved from the RIS. The sex data were obtained from the DICOM metadata
of the radiographslhe race and ethnicity data were retrieved from the electronic health record system. A
subject could have multiple examwghichmight not be fom the same year. Consequently, multiple ages
could be recorded for a subject. In each set, for every range of ages, we reported the number of recorded
ages rather than the number of subjects. If a subject had multiple ages recorded, all of them were used

calculate the mean and the standdediation.

Entirelocal

Training set  Validation set Test set
dataset

Number(percentagedf recorded ages

Age at exam
6574 395 63.20) 181 69.0%) 479 66.6%) 1,055(55.7%)
7584 234 31.6%) 84 27.%%) 255 30.1%) 573(30.240)
8594 98 (13.24) 32 (10.2%) 102 (12.06) 232(12.2%)
095 15 (2.0%) 10 (3.2%) 11 (1.3%) 36 (1.9%)
Number
Total recorded ages 742 307 847 1,896
Meanz+ standard deviation of ages in years
Female 76+9 75+9 75+8 75+8
Male 75+9 759 75+9 75 +9
All 75+9 759 75+9 75+9

Number(percentagedf subjects

Sex



Female 339(533%)  172(560%) 467(551%) 978 (54.6%)

Male 296 (46.5%) 135(44.0%) 379(44.8%) 810 (45.3%)
Not recorded 1 (0.2%) 0 (0%) 1(0.1%) 2 (0.1%)
Race
American Indian and Alaska Native 2 (0.3%) 2 (0.7%) 6 (0.7%) 10(0.6%)
Asian 68 (10.7%) 37 (12.0%) 72 (8.5%) 177(9.9%)
Black or African American 39(6.2%) 20(6.5%) 51 (6.0%) 110(6.1%)
Native Hawaiian and Other Pacific Islan 2 (0.3%) 1(0.3%) 3(04%) 6 (0.3%)
White 474(74.5%) 220(717%) 654(77.2%) 1348(75.3%)
Multiple races 49 (7.7%) 25(8.1%) 57 (6.7%) 131(7.3%)
Not recorded 2 (0.3%) 2 (0.7%) 4 (0.5%) 8 (0.4%)
Ethnicity
Hispanic or Latino 9 (1.4%) 5 (1.6%) 16 (1.9%) 30 (1.7%)

Not Hispanic or Latino
Not recorded

189 (29.7%)
438 (68.9%)

138 (45.0%) 358 (42.3%) 685 (38.3%)
164 (53.4%) 473 (55.8%) 1,075 (60.0%)

Number
Total subjects 636 307 847 1,790

Number(percentagedf radiographs

Radiograph generian year

200062005 127 (17.1%) 49 (15.9%) 113(133%) 289 (15.2%)

20062011 354(47.7%) 135(44.0%)  405(47.8%) 894 (47.2%)

20122017 261(35.2%) 123(40.1%) 329(389%) 713 (37.6%)
X-ray machine vendor

Canon 5 (0.7%) 0 (0%) 5 (0.6%) 10 (0.5%)

DeJarnette Research Systems 48 (6.5%) 21 (6.8%) 48 (5.7%) 117 (6.2%)

Fujifilm

General Electric

378 (50.9%)
202 (27.2%)

157 (51.2%)
74(24.1%)

427 (50.4%)
232 (27.3%)

962 (50.8%)
508 (26.8%)

Philips 104 (14.0%) 50 (16.3%) 127(15.0%) 281 (14.8%)
Hybrid General Electric and Fuijifilm 5(0.70) 5(1.6%) 8 (1.0%) 18 (0.9%)
Number
Total radiographs 742 307 847 1,896

Table 3 Demographic informatiofor the subjects in each of the entire, training, validation, and test sets

from the MrOS dataseBy listingint he A Sampl ed t e s t,wesaksdshowithga ABQ) 6 col |
demographic information of the subjects in the sampled test set with 122 radiographs anndteged by
m2ABQcriteria( see t he AMr OS diMAIERt ALSeANDOMED HBOB 6 s e ct
meant standard deviation of the ageasvecorded at the baget¢ (Visit 1) and the followup (Visit 2)

visits. If a subject reported multaces, each race would be recorded



Entire st Sampled tes

set set (M2ABQ) Entire datase

Training set Validation set

Mean + standard deviation
Age at Visit 1 73.7+59 741+6.2 735+57 745+58 73.7+5.9
Age at Visit 2 778+56 779+56 775+54 778+53 77.7+56

Number(percentagedf subjects

Race/ethnicity
American Indian or Alaska Native 42 (0.8%) 7 (1.8%) 8 (1.2%) 0 (0.0%) 57 0.9%
Asian 159 (3.2%) 12 (3.1%) 25(3.7%) 5(4.8%) 196 3.2%
Black or African American 212 (4.2%) 21 (5.4%) 21 (3.1%) 4(3.8) 254 4.2%
Hispanic or Latino 100 (2.0%) 11 (2.8%) 15(2.2%) 0(0.0%) 126 @.1%
Native Hawaiian or OthdPacific Islander 11 (0.2%) 3 (0.8%) 1 (0.1%) 1 (1.0%) 15 0.2%
White 4,492 (89.6% 338 (86.1%) 611 (89.7% 95(90.4%) 5,441 89.4%

Model evaluation
We report he performance afur ensemble averaging algoritimTasks 2(ImageNetY locak
m2ABQ) and 3(ImageNetY MrOS-mSQY locakm2ABQ)in this manuscript and repdtte
performance of the other modétsSectionC of the Supplemental Material§heperformance measures
were computed using the classification results on individual vertebral patches.
Figures 4 and 5 show the performance of the miogitl using theensemble averaging algorithim
Task 2.Figures4and 5shotvhi s mo d e | 6oathgoeaknf20ArBn@a ndcaet as et 6 s t est

MrOSm2 ABQ datasetds test set, respectively.
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Figure4. The performance of the model, which was built using the ensemble averaging algoritlask
2 andevaluated on thiest set of théocaFm2ABQ dataset. (A) The ROC curve and the AROC with
its 95% CI. (B) The PR curve and the AWRR with its 95% CI. (CWhen the cutoff threshold (0.327) is

set to maximize theiscore on théocakm2ABQ datasét s v a | i theaconfusiam matrewith, the t

number of vertebral bodies in each of the four cells shown in the paren{istse confusion matrix
when the cutoff threshold (0.800) is manually set to make the PPV approximate 90%ogalkhe
m2ABQ datasét s v a | i (@&)dJsinge@ach thrdmlding method,He sensitivity, specificity, PPV,

NPV, FDR, k score, and accuracy with their 95% Cls.
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Figure 5.The performancenf the model, which was built using the ensemble averaging algdritfiask

2 andevaluated on thiest set of thdIrOS-m2ABQ dataset. (A) The ROC curve and the AROC with

its 95% CI. (B) The PR curve and the AWRR with its 95% CI. (CWhen the cutoff threshold (0.327) is

set to maximize theiscore on théocakm2ABQ datasét s

v al i tieaconfusiam matrewith, the t

number of vertebral bodies in each of the four cells shown in the paren{igs&se confusion matrix

when the cutoff threshold (0.800) is manually set to make the PPV approximate 90%ooalkhe

m2ABQ datasét s

v al

i (@E)dJsing @achhiesholding methodhe sensitivity, specificity, PPV,

NPV, FDR, k score, and accuracy with their 95% Cls.
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mM2ABQ datasét s

v al i,thismodebachiesed & sensitivity 4.3, a specificity 089.76, a PPV

of 89.8%, an NPVof 97.%, an FDR 0fL0.26, an k score 0f0.671 and an accuracy of 9P6.

and an AUGPR of 0.811After setting thecutoff thresholdto make the PPV approximate 9@ the

locakm2 ABQ dat aset 6s

a PPV 0f94.8%, an NPVof 92.4%, an FDR 0b.2%, an k score of 0.86, and an accuracy 6R.5%.

and evaluated aothelocakm2 AB Q d at a sTis ndodel yiekled tn AAJEROC of 0.955 and an

AUC-PR of 0.764After setting thecutoff thresholdo make the PPV approximate 9@ thelocal

m2ABQd at aset 6s

Onthe MrOSmM2 ABQ dat aset ds

Figure6 showsthe performance of the modalilt using theensemble averaging algorithmTask 3
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dati
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test
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of 89.4%, an NPVof 97.9%, an FDR 0ofL0.8%, an k score of 0.82, and an accuracy of P6.
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Figure6. The performance of the model, which was built using the ensemble averaging algariflask
3 andevaluated on thiest set of théocaFm2ABQ dataset(A) The ROC curve and the AUROC with

its 95% CI. (B) The PR curve and the AWRR with its 95% CI. (CWhen the cutoff threshold (0.764) is
set to maximize theiscore on théocalFm2ABQ datasét s v a | i theacbnfusiam matrewith, the t

number of ertebral bodies in each of the four cells shown in the parentl{B3&the confusion matrix

when the cutoff threshold (0.900) is manually set to make the PPV approximate 90%ocakhe

m2ABQ datasét s v a | i @)dJsing@ach teresholding methdbe sensitivity, specificity, PPV,

NPV, FDR, F score, and accuracy with their 95% Cls.

Comparison between the models

For each deep &ningalgorithm, there were three training tasks. Each model was tested using two or
three test sets. Table 4 shows thedére, the AUEPR, and the AUEROC of each (deep learning
algorithm, training task, test set) combinatibnthis sectione a ¢ h

maximize the [Fscore on theorrespondingalidation set.

Table 4. kr scores, AUC-PR and AUGROC foreach(deep learning algorithntraining tasktest set

combinationThe AUGPR and the AUEGROC of the models built using the ensemble majority voting

al gorithm

METHODS 0 ).dnehis tabley yellow and magenta are used to mark the MrOS dataset &whthe

dataset, respectively.

coul

d not

ke atompiubbed Ceec¢iome ofi Mo thel

ncataff ¢hteghsldwas seto

Training tasl Task 1 ImageNetU Task 2 ImageNetU  Task 3 ImageNetJ
MrOS-mSQ locaFm2ABQ MrOS-mSQU
locaktm2ABQ

Testse MrOS MrOS- Locat MrOS- Local MrOS- Local
mSQ m2ABQ m2ABQ  m2ABQ m2ABQ m2ABQ m2ABQ
F1 score
GoogLeNe 0.751 0.691 0.579 0.698 0.668 0.694 0.701
InceptionResNetvV2 0.729 0.652 0.523 0.670 0.659 0.698 0.674

i M



EfficientNetB1 0.743 0.667 0.543 0.705 0.650 0.747 0.689
Ensemble averagin¢ 0.773 0.677 0.566 0.729 0.684 0.761 0.702
Ensemble majority votin  0.776 0.648 0.553 0.706 0.694 0.713 0.712
AUC-PR
GooglLeNe 0.817 0.782 0.606 0.784 0.698 0.804 0.736
InceptionResNetvV2 0.798 0.795 0.636 0.809 0.656 0.801 0.696
EfficientNetB1 0.816 0.796 0.628 0.785 0.703 0.808 0.746
Ensemble averagin¢ 0.841 0.796 0.658 0.811 0.730 0.831 0.764
AUC-ROC
GoogLeNe 0.990 0.897 0.918 0.927 0.941 0.933 0.949
InceptionrResNetvV2 0.993 0.925 0.914 0.930 0.925 0.922 0.947
EfficientNetB1 0.993 0.914 0.916 0.914 0.941 0.933 0.958
Ensemble averaging 0.992 0.911 0.930 0.936 0.948 0.940 0.955
Inthelocald at aset 6s test set and the MrOS dataset 6s

label 1 are 4.5% (computed usithg &bleat the bottom oFigure 2 and 1.1%(35), respectively

BecauseAUC-ROCis lesssuitablethan AUGPRfor a highly imbahnced test s¢#18), themodelsare

comparechot usingAUC-ROCbut usingthe R score and the AUPR.

DISCUSSION

The number osubjectsn each otthetraining and test setgas determined by striking the balance

betweerobtaininga large seand reducingnanualannotation timeA largesetis more likely tocontain

diverse dataThus a large training setan reduce modealverfitting. A large test set caensure accurate

measuresf model performancédowever, sincenanualannotation is time&onsuming, we could netait

to train and test our modafterannotating a very large numberrafliographs

t
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The ensemble averagimgodel trained in Task 2 achieved our-gpecified objectives of AUC
PR >0.70 and AUGROC >0.90 on both the local dataset and the MrOS datben setting the cutoff
threshold to make the PPV approxintat®0% on the locam2ABQd at as et 0 s weabtanedat i on s
high PPVs and specificitiewith moderatesensitivities on both datase®hisis acceptable for owlinical
use case danopportunistic screening todescribed in thtNTRODUCTION sectionin which the PPV
and specificity rather than the sensitivstyouldbe prioritized An opportunisticscreeningool could be
clinically usefulwith a moderatesensitivity anda high specificityor PPV. Given the volume of
radiographic exams thabver some portion of the thoracic and lumbar spine at most medical institutions,
it is prudent to consider the downstream effects of positive and negative predictive results. A positive
predictive result would result in provider efforts guiding the patethe appropriate clinical care as well
as patient expense, worry, radiation exposure, and potential harm. A negative predictive result would
result in no further action and would not affect the current standard of clinical care. Our opportunistic
screaing tool will only augment current clinical practice rather than replace radiologist interpretation or
any other step in the current clinical workflow. In this setting, a false negative is a missed opportunity, but
could still be possibly caught by therpent standard of care. A false positive triggers extra work that has
no obvious benefit to the patient but potential harm and financial burden. Our model with a PPV of about
90% and a sensitivity of about 50% can detect nearly half of the unreportedeidaetrtebral bodies
with limited extra costlt is worth notingthatmany diagnostic tests in use todewemodest
sensitivities Papanicolaou smedes a sensitivityof 55.4% and a specificity 094.6% (49).

| n Cdmearison between the modetection of the RESULTS sectiongwompared the
performance of eadtleep learning algorithm, training task, tesj sembination We havesix
observations:
1) In each(training task test settombination, the models built using the two enseralderithms

typically outperfornedthe othemodes.

2) In each(training task test settombination, the two ensemble algorithtygically producel models

with similarF; scoresUnlike the ensemble majority voting algorithihatoutputscategorical values,



3)

4)

5)

6)

the ensemble averaging algorithm proddeimerical outputs to which different cutoff thresholds
could be applied. Thus, the ensemble averaging algorithm is more flaxibiean be adaptéor
different clinical use cases.

In Task 2(ImageNetU locatm2ABQ), themodelbuilt using the ensemble averaging algorithad

a better FFscore and a higher AUBR on the MrOSn2ABQ dataset than on thecatFm2ABQ
datasetThis shows thathe model built using the ensemlaleeraging algorithm lsssome
generalizaltity. Counterintuitvely, this model perforredworse on the test set of tleealm2ABQ
dataset, whose training set was used forfimeng this model, than on the Mra@82ABQ dataset.
The reason could be thile data in thdocal dataset are more diverse, especially in subject
positioning and imagartifacts, increasing difficulty dDCF classification

On each test segach model trained in Task(ImageNetU MrOS-mSQU locakFm2ABQ) typically

had a higher - score and a better AUER than the corresponding model trained in Task

(ImageNetU locaFm2ABQ) did. Our transfer learning techniqire Task 3 couldmprovemodek 6

performanceHowever, sinceachmodeltrained in Task 3vas tuned using both datasets, we cannot
claim that tlis modelis generalizablewWe need mor e dat as edemeralizabiliys h o w
In Task 1(ImageNetY MrOS-mSQ), the AUGPR of each model tested on the MrF®SQ dataset
washigher than that of each model tested on the Mn@22BQ datasebut to a limited degreg.g.,

5.7% for the ensemble averaging algorithiit)is couldimply thatour two binary OCHabeling
systemgsimplified fromthe mSQcriteriaandthe m2ABQ criteria, respectivelypresimilar.

In Task 1, the Fscore and the AU®R of each model tested on the MF®SQ datasetverehigher

than those of each model tested onltitalm2ABQ datasetrespectivelye.g.,36.6% and 27.8%

greater, respectively by the F1 score and the ARRCfor the ensemble averaging algorithifihe
modelsfine-tunedon the MrOSMSQ datasetverenot generalizable to tHecakm2ABQ dataset.

The MrOS dataet was obtained for researathile thelocal datasetvas extracted froralinical data

t
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thatweremore diversen demographics, Xay techniques, and image artifact variatiortgs greater
diversity is likely the cause of poor performatganodelsonly fine-tuned on the MrOS dataset.

Researcharfrom other research projedi®5-29) reportedapproaches to automatically detecting OCFs
usingradiographsUsing lumbar or thoracolumbar spine radiographs, Chou @5ldid automatic
segmentation to extract the vertebral bodies and classified each vertebral bodyesisgmble method.
Using similar methodd.i et al. (26) trained models to automatically detect vertebral fracturdateral
spine radiograph€£hen etl. (27) and Murata et al28) respetively trained adeep learning model to
detect vertebral fractures arradiographwithout vertebral bodysegmentationThe main limitation of
each ofthe above projects is thasinglesite datasetvas usedThisresuledin a morehomogeneous
population makingthe trained models less generalizable.

Xiao et al.(29) trained and tested their modelswro men6s | at er al spfrome and
multiple sites, showing that their models had good generalizahiliycould serve as an opportunistic
screening tool fofemale OCF screenin@ased on their modeld)ey developed a software program with
auser interfaceHowever, except for twoalasets, they did not mention the soutbedataset
constructiomprocess, anthedemographic informatioaf the other datasets detail The two known
datasets were retrieved from tBsteoporotic fractures in women (MsG¥)ngKong datase(50). Like
the MrOS dataset, the MsOS Hong Kong dataset originally collected for researahd has some
selection biasTheir recruitnentcriteriaincluded thatall subjectsvereable to walk without assistance
(50). The radiographm this datasetikely containfar fewerimaging chairartifacts like angulation,
position, overlapping, motion, and equipmemhich are commonly seen in standard clinical imaging,
and are seen when comparing the local and MrOS datasets in our study

In contrast to the above projects, we used data assembled from multiple sites with detailed description
of the dataset construction prosesd demographic information (see Figure 2 and Table 2 describing the
local dataset, as well as the papers33542) describing the MrOS datas€)r local dataset &s
retrieved from local clinical sites and thus is more consistent with the distrilmftcinical dataShown

in Table 2 thelocal dataset contains subjetitathavevariedrace ethnidgty, and genderas well as

c h



radiographs generated from differéqtray machines, which could help improve the generalizability of

our trainedmodels.

Our models have several limitations:

1) Weused lateral spinediographs to build our classifiers. This type of radiograph is optimized to
show bones, and thus a rational alitarget for research. However, to increase the target population
in the future, otheradiographdike lateralchest or abdominahdiographshouldbe used.

2) Our current model classifies individual vertebral bodies extracted from spine radiographs using
manual annotatiorThis ensurethatthevertebral bodies are correctly boundeta radiographbut is
not automated or scalablkks mentioned in thtNTRODUCTION sectionweare testing and
separately reportingnage segmentation modeb automaticallylocalizethe vertebral bodies an
radiograph.

3) Currently, we only have one dataset (beal dataset) containing dasequired in varied clinical
settings for diagnostic purposd$ie number of annotated radiographs inltival dataset is small.
We neednoreannotated clinicadlata to train our model and test its generalizabilityhe future, v
will annotate more radiograpfiem various clinial sites 8ing semiautomated approaches.

4) In this study, the cutoff threshadet using the two thresholding methadght not be the best for
the clinical use cas®Ve havealreadysurveyeda variety ofclinical providers to determine an
acceptable performandlresholdfor automated opportunistic OCF screenife will further
analyze our survey results to determine the rapptopriatecutoff thresholdor the clinical use case.

5) In this study, we did natnalyze incorrectly classified cases and explore how image features
contribute toeachmo d e | 6 s. Thesawopasksshould be implemented in the future to
understandiow the modelorks, its failure modesand how tdurtherimprove the model.

In conclusion, v usedfive deep learning algorithnte train modek thatdeteced OCFs of vertebral
bodies extracted from spine radiographise ensemble averaginmgodeltrained in Task achieve our

pre-specifiedobjectives of AUC-PR>0.70 and AUGROC >0.90on both thdocal dataset and the MrOS



datasetThis model has good performance aodhegeneralizability and can serve as a critical

component of our future automated opportunistic screening tool.
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Supplemental Materials

A. Image prerocessing and augmentation
A.1 Overview of image preprocessing and augmentation

Before feeding the data instances into a model, the image preprocessing and augmentation steps were
conducted, as shown Bupplementarfigurel. Both the radiographs in the MrOS dataset and the
radiographs in thibcal dataset were processed usaligof these steps. The purpsse image
preprocessing and augmentataresummarized as follows:
1) Extract the vertebral patches from the spine radiogtaphs
2) Ensure that the heterogeneity among vertebral patches is within a moderat&xaegsive

heter@eneity among the dat@nmake the classification task more complex. Howeverlitibe

heterogeneity camake thdrained modehavepoor generalizability.
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Supplementaryigurel. Steps ofimage preprocessing and augmentatidrnese steps weepplied to

each vertebral body in a radiograplo. extract each vertebral body, the four corner points represented by
the red stars were usethe purple and blue arrows demonstrate vertebral patcicéon with and

without image augmentation, respectively. Only the vertebral patches in the training set were augmented
The training set included both the original vertebral patches and the augmentatf@dés not augment

the vertebral patches ingkest andsalidation setsThe steps for extracting a vertebral patchesre

follows: 1) to conform to the conventipoonvert the radiograph to a-b@& image and flip the radiograph
horizontally, if needed, to makie subject face left; 2) createetcoordinatesystemwith the xaxis

bisecting the angle between the two diagonals connecting the four corner pdaingsy e smallest

square bounding boxvhich can cover all ahe four corner pointand whosedgesareparallel to the

coordinate axes;)4&xpandthe squarebounding boxXrom its center tenlargethe area fourfold, tavoid



cutoff of part of the vertebral body whiggldingsurrounding image context; 5) scale, rotate, and translate
the square to augment the vertebral patch; 6) extracketitebval patch; 7) invert the grayscale of the
vertebral patch if the bones are darker than the background; 8) augment the vertebral patch by adjusting
the brightness/contrast as well as adding Gaussian aoid8) resize the vertebral patch to 224x224

pixels for training GoogLeNet or 299x%299 pixels for training IncepRasNetv2 andEfficientNetB1.

Image augmentation stepsreapplied only to the training set, whereasithage preprocessingteps
wereapplied to all othe training, validation, and test sef®. balance the training set of the local dataset,
one augmented patch was generated for each vertebral patch labeled with label 0, while eight augmented
patches were generated for each vertebral patch labelethbéihl.Because théocal dataset was small,
we did notbalance the training sef thelocal dataset bylownsampling the data instances in the majority
class (label 0). By contrast, the MrOS dataset is relatively large; therefore, the data instdmeces in t
majority class were downsampled to balanceridieing set of thérOS datasetSincethe MrOS
datasdi gaining set was balancefive augmented patches were generébeedach original vertebral
patch in the training seif the MrOS dataset

The detils ofthe image prgorocessing and augmentation steps were the same agtosgrevious
work (35), exceptfor Step 7, in which the grayscale of the vertebral patch was inverted if the bones were
darker than the background (se@pplementaryigurel). In Section A.2, tanew algorithm developed
for Step 7 is introduced. In Section A.3, thgerparametewalues of this new algorithmare determined.

In Section A.4, the testing results of the new algorithpresented.

A.2 Determining whether bones are darker than the background in a vertebral patch

An inverted patch is a vertebral patch in which bones are darker than the background. An algorithm for
detecting inverted patches waresenteaur previous work35). However the algorithm wabuilt and
tested usingnly the MrOS datasethe algorithmm our previous worK35) did not work well on the

vertebral patches of tHecal datasetas the vertebral patches tended to be noisier and less clear than those



in the MrOS dataset. The new algorithm introduced in this section is a modification ofdhthaign

our previous worK35) based on the following intuition. If the vertebral patch is inverted, then the
endplates tend to be dadnd thus their gray intensities are closer to the lower end ohége

histogram Otherwise, if the vertebral patch is not inverted, then the endplates tend to beawrittite

gray intensities are closer to the high end ofifiege histogramSuplementaryFigure2 outlines the
general steps for detecting inverted patches. In our approach, the details iri GtefstBe same as

those inour previous worK35), whereas Step 1 is modifieth Step 1the endplates of the vertebral body
were locatd. Note thatin a vertebral patch, the vertebral body is not titteecth(seeSupplementary
Figurel); thus the endplates are approximately horizaritabur previous work35), Sobel filtering(51)

and hysteresis thresholdififl) were used to find the horizontal edges representing the endplates of the
vertebral patches in the MrOS dataset. As the vertebral patchedonahdataset are naer thanthose

in the MrOSdataset, only applying Sobel filtering and hysteresis thresholding to the vertebral patches
thelocal dataset an lead to many horizontal eddgescausef the noise rather than the endplates. The
horizontal edges resulting from noise, in subsequeps stan preclude the identification of inverted

vertebral patches. Thus, reducing noise lammizontal edgesesulting from noisés critical.
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Supplementaryigure2. Steps for determining whether a vertebral patch is inverted: 1) find the

Repeat Steps
2,3,and 4

endplates; 2) on the endplate, draw a vertical strip of pixels such that the midpoint is the pixel on one of
the endplates found in the first step; 3) on the vertical sidpatify the pixels with the lowestnd

highest intensity values; 4) calculaieandds; 5) traverse the pixels on the endplates found in the first

step and repeat Stepgl2o obtain ald; and alldy; and6) calculate the mean of aland the mean of all

dn, andthen compare the two means tcilewhether the vertebral patch is inverted. If the mean af all

is < the mean of allh, the gray intensities of the endplates are closer to the low end of the image
histogram. The endplates tend to be dark ansl tte vertebral patch is inverted. Otherwise, if the mean

ofalldi s O t h e dyrthe eertebral patch is hot inverted.

Supplementaryrigure3 illustrates our modified technique for identifying the endplates in each
vertebral patch. First, allertebral patches were resized to the same size. For each resized vertebral patch,

fast nonlocal means denoising2, 53) was used to reduce noise. Sobel filterifit) was applied to



calculate the gradient of each pixel in the denoised vertebral patch. The patch formed from all pixel
gradients is referred to as a gradient patch $egplementaryigure3). The absolute valuax these
gradientsvere calculatetb turn the negative iatsity values in the gradient patchpositive. The pixels
hada higher intensity value on the detected horizontal edges than in otheofateagradient patch.
Linear normalizatior{54) was conducted on the gradient patch to increase the contrastgradient
patch On the normalized pat¢chorizontal edgesesulting from noisevere eroded by applying the
erosion operatiofbl, 55), using a square kerndtinally, hysteresis thresholdingl) was applied to the

eroded patch. Thieyperparameteginvolved in these steps are introduced in Section A.3.

fast non-local

resizing | - mean denoising l

original vertebral patch

resized patch denoised patch

linear

l normalization

“normalize ach gradient patch

Sobel filtering

hysteresis

erosion e ‘_j*: thresholding I

eroded patch binarized patch

Supplementaryrigure 3. Steps to find the endplates of a vertebral body: 1) resizing the original vertebral

patch; 2) fast nofocal means denoising to reduce noise; 3) Sobel filterimdptainthe gradient of the



denoised patch; 4) linear normalization to adjust the contréise@fradient patch; 5) erosion on the

normalized patchand6) hysteresis thresholding to binarize the eroded patch and obtain the endplates.

Some details afhe linear normalizatio(Step 4 inSupplementaryigure3) must be mentioned. The
aim in condudnhg linear normalization is to increase the contrast between the endplates and background
on the gradient patchvVith this contrast increasind)e endplates can be more easily detected using the
subsequent steps. Typically, linear normalization mapsrtiee €ange of the image intensity values to a
new rangg54). In our case, a subrange of the intensity values in each gradient patch was linearly mapped
to the new range [021], which is the widest range for 48t images The intensity values above and
below this subrange were mapped ¥62or 0, respectivelyThe endpoints of this subrange whyper
parametes that required tuning, which are introduced in Section A.3. The reason for mapping a subrange
rather than the entire range of the gradient patch intensity values was to ensure that the contrast between
the endplates and background would increasentachgreater extent. In some gradient patches, the
brightest area might not include the endplates (see the gradient pStghpilementaryrigure4, where
the brightest areas are the edges of the screwtblisinase, if the entire range of the intensity vahfes
the gradient patch is mapped to the new rd@ge's-1], the contrast between the endplates and the
backgroundcouldincreaseonly slightly, and it may not be possible to detect the endplates (see

Supplementaryigure4).
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Supplementaryrigure4. Comparison between the two strategies of linear normalization. The original
vertebral patch contains screws, which are used tovegatusconditions including scoliosis. If the

entire range of the gradient patch intensity values is mapped t8-[0, (Zhe lower path of the figure),
then only a part o finthe birarizedpatah virsttie uppet gath ®f the Bggore, & n s
subrange of the gradient patch intensity values is mapped t§-{0, Zhe pixel intensity values above

and below this subrange are mapped‘felzand 0, respectively. Thus, the endplates tsmramain in

the binarized patch.

After finding the endplates, Step$an Supplementaryigure2 were used to check whether the
vertebral patch is inverted. After determining whether each vertebral patch in the radiograph was inverted,

majority voting was used to determine whether the radiograph was inverted. In case of a tie in the

majority voting, the radiograpmas r andomly assi grAed etrd efdi. v eArftt eed 0 m



voting, each vertebral patch in this radiograph was regardeavasy the same inverting status as the

radiograph, regardlesd the inverting status label of the vertebral patch before majority voting.

A.3 Hyper-parameters in the entire process of inverted radiograph detection

In the entire process of inverted ragliaph detection (se@upplementaryigures2 and3), 12hyper

parameteralues are determined. Thgperparametethat determines the number of iterations of the

erosion operation on each normalized patch was assigned the defauttfa(68). Supplementary

Tablel lists the other 1hyperparametes, which were tuned to determine the optimal values. To tune

thesehyperparametes, 92 radiographs were randomly selected from the training setlottidataset.

Then a 2000round random searckas conduad In each round, for each of thé hyperparametes, a

value was randomly sampled from within the search reagésted irSupplementaryablel. With the

hyperparametewalues sampled, the entire process of inverted radiograph deteescapplied to each

of the 92 radiographs. Among alDP0 search rounds, thgperparametewalues resulting in the best

accuracy constituted our final resus listed inrSupplementaryrablel.

Supplementaryrablel. The 11hyperparametes for determining whether a radiograplinverted.We

list the algorithm stem which eachhyperparameters involved the hyperparametedefinition, the

random search range, atme optimal value.

Hyper-

kernel size

Step Definition Searchrange Optimal value
parameter
resizing the size Size in pixels of the resized vertebra (224, 225,505
vertebral patch patch.
h Hyper—parametedeterm|n|ng the (7. 8, &, |s
filtering strength.
template
fast nonlocal window Size in pixels of the template window { 3, 5, é, |5
mean denoising| size
search Size in pixels of the window into
window which the template window isslidto| { 11, 13, €425
size calculate the weighted average.
Sobel filtering Sobel Size in pixels othe Sobel kernel. {3, 5, é, |7




left Left endpoint of the subrange of the
endpoint gradient patch intensity values that g [0, 0.3] 0.29
linear mapped to [0, P-1].
normalization right Right endpoint of the subrange of the
egdpoint gradientpatch intensity values that an [0.7, 1] 0.89
mapped to [0, &-1].
erosion Erosmn. Size in p|xels of thelsquare ke_rnel fo (1. 3, 6183
ernel size | conducting the erosion operation.
low Threshold used tdetermine which
hysteresis threshold | pixels should be turned to black. [0.4,0.8] 0.59
thresholding high Threshold used to determine which
threshold pixels should be turned to white. (low threshold, 1] 0.77
putting vertical
stripes on each
pixel of the length Length in pixels of the vertical stripe) { 11, 13, €475
detected
horizontal lines

A.4 Testing the algorithm for inverted radiograph detection

First, the proposed algorithm for inverted radiograph detection was testieel3hradiographghat
were used fohyperparametetuning. The resulting accuracy was 98.Bapplementaryffable2(A) lists
the corresponding confusion mats. Second, togethe generalizability of our algorithrmnother 94
radiographsvere randomly seleetifrom thelocal datasetand our algorithm was applied to each of
them.The accuracy athe algorithm on these 94 radiographs was 91S9pplementaryfable2(B)

presers the resulting confusion matrix.

Supplementaryrable2. Confusion matrices after applying the proposed algorithm for inverted radiograph

detection to (A) 92 radiographs used ligperparametetuning and (B) 94 radiographs used for testing.

Predicted
Non-inverted | Inverted
Actual Non-inverted 51 0
Inverted 1 40
A)
Predicted
Non-inverted | Inverted
Actual Non-inverted 46 1
Inverted 7 40

(B)



B. Details of model training

To build models for OCF classification, weilt thefive deep learning algorithms (see Figuria ghe
main body of the papgrmamely,GoogLeNet, InceptioiResNetv2, EfficientNetB1, and the two
ensemble algorithm3hese algorithms were implemented using Python 3.7.6, TensorFlow 2.4.1 (56),
and TFSlim 1.1.0 (57).

We chose each of these three individual algorithms because of the combination of the following two
factors:

1) The performance of the algorithm in published benchmark analysis.
2) The number of parameters that the algorithm Gasisidering tht we have very limited data
instancestoo many parameters could cause overfitting.

In each ofthe three training tasks (e e Molee i t r ai ni nGYJATERIAASANDon of t he
METHODSO s ein the nmin body of the papemwe onlyneededo train GoogLeNet, Inceptien
ResNetv2, andEfficientNetB1. Given theclassification resultsf these three models after training, the
classification result of each ensemble model was computed (seesiE3(Rirand 3(C)n the main body
of the papeéx Thus, in all three training taskaie built15 deep learning modeld of which through
model training. In the remainder of this section, the detailseofmodel trainin@reprovided.

To boost the performanad the models, we applied transfer learn{g§), which consists of the
following steps: 1) préraining a model on a large source dataset and 2jdimag the weightsf the
model on the target dataskthageNet(47) is one of our source dataselbe TensorFlow Model Garden
(59) provides GooglLeNeand InceptiorResNetv2 models prdrained on ImageNet. The online open
source codé60) provides arkfficientNetB1 model pretrained on ImageNet. Before finaing a model
that waspre-trained on ImageNethe output layer of theorresponding neural netwowkas adjusted for
binary classification to fit our OCF classification. This modified output layer could not be initialized

using the weights of the model pretrained on ImageNet. Instead, this output layer was initializedusing H



initialization (61). When tuning each model that was-r@ned on ImageNet, we conducted the

following two steps:

1) Freeze all layers except the output layer. Train the model iiteclearning rate of 18, a batch
size of 20 Adam optimization62), and 5 epochs.

2) Keep freezing several layers close to the input layer and unfreeze the other layers. Use a smaller
learning rate to continue to tune the model. The batch size was 20.

Some details of the second step are shown in the following:

1) Thenumber of frozen layers was a hyyparameter.

2) Learning rate decay was applied to the weights of the unfrozen layers. If th@Rd{Cthe model
evaluatedafter each epoch on the validation set did not increase in any siflikequent two epochs,
the leaning rate was multiplied by a decay factd1. Once thdearning ratavasdeayed the
neural networkvith the weightdeading to the best validation reselter obtained during training this
modelwas reloadedSubsequentijthe decayedearning rate \&s used to continue the model training
processBoth the learning rate when model training starts (termed the initial learning rate) and the
decay factor were hypgrarameters.

3) The weighted crosentropy loss functiof63) was used to penalize false positives and false negatives
in different ways. The factor controlling the falsegative weight was set to 1. The factor controlling
the falsepositive weight (denoted by pos_weigttas a hypeparameter.

4) To avoid overfitting, early stoppin@4) was used during model training. If the model ABR
evaluated after each epoch on the validation set did not increase in any of the subsequent 10 epochs,
model training was ended.

A threestep transfer learning technique was also desigeeel Task 3 ithefiMo d e |  t geaionni n g O
of MATERIALS AND METHODSO s ein thd nmin body of the papgeBefore finally fine

tuning a model on the locah2ABQ datasethe model was already tuned thr training set of the

MrOS-mSQ dataset. Recall that before tuning the model on the training set of thelh8Q%lataset, the

mSQ categories were simplified into two classes. Thus, the model tuned on the training deiroihe



mSQ dataset was alreadged for binary classification. All model weightsed on the training sef the
MrOS-mSQ dataset were used to initialize the model in thetfineng stepWhen finetuning each
model that was already tuned on MEOS-mSQ ditasetwe frozeseveral layers close to the input layer
and usedh small learning rate to firfeinethe modelThe batch size was 20he learning rate decay, the
weighted crosgntropy loss functiorand the early stopping were us&étle number of frozelayersL,
theinitial learning ratethe decay rate, aqbs_weightverehyperparametershat requird tuning

In each step of each model tuning processpaut(64) was used to avoid overfitting. For each unit in
the fully connected layer before the output layer, the probability of dropping this unit is gplaypereter
referred to as the dropout rate.

In summary, in the training process of each model,Hiygerparametes required tuning. Thesg/per
parametes, listed inSupplementaryable3, were tuned by random seai@4) for 2,000 rounds, with the
goal of maximizing the AUEPR on the validation set. The initial learning rate, decay factor, and
pos_weight weréetermined on the logarithmic scale. The dropout rate was determined on a linear scale.
The deepest frozen layemwas searched on a list. The search spatenafs different for GooglLeNet,
InceptionResNetv2, andEfficientNetB1 because they have distinct architectures. The code representing
each layer of each neural network is provitteids opensourcecode(60, 65, 66) andoriginal papel44-
46). Supplementaryrable4 lists the optimal values of thehgperparametes for each model training
process. Thayperparametes not mentioned in this section were set to their default values given by the

original paperg44-46) and opersource codé60, 65, 66) of thesedeep learning algorithms

Supplementariyfable3. Five hyperparametes that were tuned by random search.

Hyper-parameter | Description Search range or search space
Initial learning rate| Learning rate when model trainibggirs. [10°6, 107
Decay factor Value by which the learning rate is multipli¢ [103, 1]
to decrease the learning rate.
pos_weight Factor controlling the falspositive weight in| [0, 10]
the weighted cross entropy |dssiction.




Dropout rate

Probability of dropping each unit of the ful
connected layer before the output layer.

[0, 1]

L

Deepest frozen layer. If |
layer up toL are frozen. Otherwise, if =
none, no layer is frozen.

none,

block5}

GoogLeNet: {none, l1a, 2b, 2c}

InceptionResNetv2: {none, 1la,
2a, 2b, 3b, 4a}
EfficientNetB1.:
blockl, block2, block3, block4

{none, stem

Supplementaryrable4. For each GoogLeNet, InceptibtesNetv2, andefficientNet-B1, the optimal

value of eaclhyperparametein each training task.

Optimal value
Task 1: ImageNet| Task 2: ImageNet ;I_('ai/llig.slrrnn%g(gglet
Y MrOS-mSQ Y locakm2ABQ locaFm2ABQ

GoogLeNet | Initial learning rate | 6.95x10* 5.43x10* 3.02x10*

Decay factor 8.53 16.03 654.70

pos_weight 0.14 0.35 0.29

Dropout rate 0.25 0.48 0.33

L None la la
Inception- Initial learning rate | 2.2x10* 2.90x10* 1.53«10*
ResNetv2 Decay factor 71.65 5.17 1.87

pos_weight 0.71 6.48 0.64

Dropout rate 0.70 0.42 0.24

L la la None
EfficientNet- | Initial learning rate | 7.96x1C° 2.85x10° 1.65x10*
Bl Decay factor 14.02 1.71 14.06

pos_weight 0.14 0.31 1.69

Dropout rate 0.94 0.20 0.97

L block1 block3 stem

Hyperparametetuning was performed on two Ubuntu Linux servers concurrently:1) Xee2686

with four Nvidia GeForce TITAN Xp GPUs and 512 GBmemoryand 2) Xeon Gold 5215 with four

Nvidia GeForce 2080 Ti GPUs and 96 @Bmemory. Each of the models (includitigsebuilt using

the two ensemble algorithms) wagaluatedn the first server using one GPU.

C. Performance of all trained models



Each of Supplementafyigures5-39 shows the performance of @eep learning algorithptraining

task test setcombination In each figure, the followingerformance measuraseincludedwhenever

possible

1) The ROC curve and AUROC with its 95% CI.

2) The PR curve and AU®R with its 95% CI.

3) A table listing sensitivity, specificity, PPV, NPV, FDR, $€ore,and accuracy with 95% Cls when
setting the cutoff threshold to maximize thesEore on the validation set.

4) The confusion matrix using the same cutoff threshold as above.

5) A subfigure showing the PPV and sensitivity at each anatomic level of the hanPPVs at some
levels could not be computeaksthe denominator of the PPV at each of these levels (i.e., the number
of vertebral bodies predicted as label 1 at each level) was O.

Recall that when the model is built using the ensemble majority voting algorithm, the ROC cutlve and

PR curve cannot be drawn.



(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryigure5. Performance of the model built using the ensemble averaging algorithm in Task

1 and evaluated dhe test set othe MrOSmMSQ dataset.
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Supplementaryrigure6. Performanceof the modebuilt using the ensemble averaging algoritinnTask

1 and evaluatedn the test saif theMrOS-m2ABQ dataset



(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryrigure?7. Performanceof the modebuilt using the ensemble averaging algoritinnTask

1 and evaluatedn the test seif the localm2ABQ dataset



(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryrigure8. Performanceof the modebuilt using the ensemble averaging algoritinnTask

2 and evaluatedn the test saif theMrOS-m2ABQ dataset.



(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryrigure9. Performanceof the modebuilt using the ensemble averaging algoritinnTask

2 and evaluatedn the test saif the localm2ABQ dataset



(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryrigure10. Performanceof the modebuilt using the ensemble averaging algoritinm

Task 3 and evaluatemh the test saif theMrOS-m2ABQ dataset.




(A) ROC curve for OCF detection (B) PR curve for OCF detection
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Supplementaryigure11. Performanceof the modebuilt using the ensembkeveragingalgorithmin

Task 3 and evaluatamh the test saif the locaim2ABQ dataset.
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Supplementaryrigure12. Performanceof the modebuilt using the ensemble majority voting algorithm

in Task 1 and evaluatemh the test saif theMrOS-mSQ dataset.
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Supplementaryrigure13. Performanceof the modebuilt using the ensemble majority voting algorithm

in Task 1 and evaluatazh the test saif theMrOS-m2ABQ dataset.



(A) Sensitivity Specificity PPV NPV FDR F, score Accuracy
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Supplementaryigure14. Performanceof the modebuilt using the ensemble majority voting algorithm

in Task 1 and evaluatexh the test saif the localim2ABQ dataset.
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Supplementaryigure 15. Performanceof the modebuilt using the ensemble majority voting algorithm

in Task 2 and evaluataxh the test saif theMrOS-m2ABQ dataset.



(A) [sensitivity |Specificity  |PPV NPV FDR F,score  |Accuracy
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Supplementaryrigure 16. Performanceof the modebuilt using the ensemble majority voting algorithm

in Task 2 and evaluatamh the test saif the locaim2ABQ dataset.



Supplementaryigure17. Performanceof the model built using the ensemble majority voting algorithm

in Task 3 and evaluataxh the test saif theMrOS-m2ABQ dataset.



