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INTRODUCTION 

Osteoporosis is an increasingly prevalent metabolic bone 

disorder affecting over 200 million people worldwide.1 

Characterized by a severe weakening of the bone, 

osteoporosis is the main cause in the number of hip 

fractures found in the elderly population annually 

(approximately 1.6 million cases), of which the number is 

predicted to reach between 4.5 million and 6.3 million by 

the year 2050.2 While the current “gold standard” model 

for diagnosing osteoporosis is through determinations of 

bone mineral density (BMD) from dual-energy x-ray 

absorptiometry (DXA) technology, recent research has 

given hope for another, less expensive, and more 

practical method for determining patient bone health 

through biomarker “screening” in blood draws.3 The 

Chapman Bone Algorithm (CBA) utilizes values of 

patient biomarkers serum Osteocalcin (s-OC) and serum 

Pyridinoline (s-PYD), in conjunction with patient age to 

establish an area under the receiver operating 

characteristic curve as well as sensitivity and 1-

specificity correlation coefficients for DXA scan values 

to determine an individual’s bone health. Equations 1 and 

2 reference the components of the CBA. The CBA’s 
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accuracy in a relatively small sample of subjects yielded 

a 93% effectiveness value in conjunction with 

previously-obtained DXA scores for patients that 

received blood draws.3 

Bone is a metabolically active tissue that undergoes 
continuous remodeling throughout an individual’s life by 
the means of two separate physiological processes: 
mineralization and degradation.4 Osteoblasts are 
specialized bone cells that arise from mesenchymal stem 
cell progenitors and align themselves in a single layer 
along advancing edge bone surfaces or previously-
osteoclastic tunnels to secrete bone matrix, which is 
known as bone mineralization.5 Osteocalcin (OC) is a 5.8 
kDa hydroxyapatite-binding protein synthesized by 
osteoblasts that expresses calcium-binding properties.6 At 
the carboxy terminus, OC interacts with cell surface 
receptors and is predisposed as the active molecule in the 
organization of extracellular matrix.6 In contrast, 
osteoclasts are large, multinucleated bodies that send 
villus-like projections toward the bone, creating a rough 
border, and the villi secrete proteolytic enzymes to 
degrade “old” bone.7 Osteoclasts, derived from 
hematopoietic cells, reabsorb bone through a specialized 
mechanism(5). Osteoclastic activity is stimulated by 
parathyroid hormone (PTH); PTH receptors lie on 
osteoblasts, and, when stimulated, activate the receptor 
activator of NF-κB ligand (RANKL) to bind to the 
receptor activator of NF-κB (RANK) receptors on 
osteoclasts.8 When RANKL binds to RANK receptors, 
osteoclastogenesis ensues, promoting the degradation of 
bone. To inhibit osteoclastic activity, osteoprotegerin 
(OPG) can bind in RANKL’s place on the RANK 
receptor, allowing for bone formation/generation.8 
Pyridinoline (PYD) is formed in the extracellular 
maturation of fibrillar collagens and breaks down cross-
linked collagens during the bone resorption process.6 
Values of PYD can be obtained from either urine or 
blood serum. Maintaining the balance between bone 
formation and degradation is essential in managing 
healthy bone density and skeletal integrity; those who 
cannot attain this balance and whose metabolic activity 
favors osteoclastic activity are prone to osteopenic and 
osteoporotic conditions.9 Because metabolic bone 
turnover markers (BTMs), such as osteocalcin and 
pyridinoline, represent the activity of bone generation and 
degradation, it is thought that they would be a feasible 
method for obtaining info relative to bone health via 
blood draw. 

DXA scanning is the gold standard for determining a 
patient’s BMD in modern medicine, but is a relatively 
young technological practice, only dating back to the 
mid-1980’s. Since the late 1800’s, when skeletal 
radiography was used to determine patient bone health 
(requiring roughly 30% bone loss before osteoporosis 
could be detected via x-rays), bone imaging has 
progressed tremendously, such that anyone who utilizes 
DXA technology can determine BMD as normal, 
osteoporotic, or osteopenic.10 While the advances in 
technology have provided more accurate and timely 

diagnoses for patient bone health, the accessibility for 
this technology largely remains the paramount criticism. 
In addition, DXA maintenance can be expensive and 
requires expert-level knowledge for operation. Due to the 
economic hardships faced globally by underserved 
communities and developing nations, the need for 
establishing alternative methods for diagnostic treatment 
of metabolic diseases, such as osteoporosis, is pressing. 

DXA scans allow healthcare professionals to determine 
individuals’ bone health in measures of mass per area 
(g/cm3) from T-scores and Z-scores acquired via a 
specific mathematical algorithm.11 Using statistical 
measures of variance from age-adjusted means, 
individuals can determine their bone mineral density as 
normal, below-normal (a condition known as osteopenia), 
or significantly below-normal (indicative of 
osteoporosis).12 While DXA has been utilized as the 
“gold standard” for years as the most accurate way in 
diagnosing osteoporosis and determining bone health, 
scans are expensive and difficult to obtain in countries 
outside the United States, especially in low-income areas 
or developing nations. To put it into perspective, new 
DXA scanners equipped with the World Health 
Organization Fracture Risk Assessment (FRAX).13 

calculation tool cost more than $100,000 per machine to 
purchase, leaving many countries unable to provide its 
services for the impoverished population.14 Conversely, a 
simple blood draw, centrifuged locally and mailed to a 
lab for testing, would be feasible and economically 
viable. Recent data concerning DXA scanner distribution 
illustrates the discrepancy in coverage per capita for 
countries worldwide.15 

While the original CBA study was conducted on a small 
group of Orange County subjects, the purpose of the 
current study was to determine if the CBA could be 
applied with similar or equal fidelity on existing 
aggregated data sets from the primary literature in the 
field.3 This cost-effective and efficient method can be 
applied in developing nations where current osteoporotic 
diagnostic tests are unavailable or too expensive.  

METHODS 

Subject enrollment 

The previous study had a sample size of 226 individuals 
with information necessary for studying bone health with 
the CBA.3 Statistical analyses require larger sample sizes 
to denote important findings relative to the population. 
For further analysis of the relationship between subjects’ 
bone biomarkers/age and bone mineral density (BMD), 
the CBA was conducted on aggregated data sets across 
28 different sample groups (aggregate data from 987 
individuals in total).  

Procedure and tests performed 

Aggregated data was collected from database 

publications. Qualifying data sets included the variables 
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of interest: values for s-OC, s-PYD, subject age, and 

BMD. 

The primary purpose of the study was to determine the 

fidelity of the CBA, given a threshold sensitivity and 1-

specificity of 0.035 (Equation 2), established from 

previous research. CBA p-value calculations of subject 

information of 0.035 or greater exhibited the indication of 

osteoporosis, whereas values of less than 0.035 did not 

exhibit the presence of osteoporosis. CBA p-values 

(Equation 1) were compared with T-scores given subject 

BMD values (determined by FRAX index), such that 

p>0.035 and FRAX T-scores <-2.5 were indicative of 

osteoporosis.13 If both values predicted or did not predict 

osteoporosis for a given data set, then CBA and FRAX 

predictions were in agreement. The relationship between 

CBA p-values and associated FRAX T-scores were 

utilized in the original CBA research study, which noted 

a high accuracy, such that the area under the Receiver 

Operating Characteristic (ROC) curve was 0.93 in 

determining the reliability of the algorithm for correctly 

predicting the incidence of osteoporosis in conjunction 

with BMD T-scores from DXA scans.  

Equation 1: The CBA’s p value determination given 

variables of interest 

 

Equation 2: This model predicted log-odds of having 

osteoporosis and are given by 

 

DXA scans for subjects included analysis of (a) lumbar, 

(b) distal radius, (c) calcaneus, (d) hip, (e) femur, and (f) 

nonspecific full body average regions.16,18-25 Subject 

information of BMD from DXA reports were utilized to 

determine aggregated T-Score values.13 By convention, 

T-scores ranging from -1.0 and greater are considered 

normal for bone density, whereas scores between -1.0 and 

-2.5 are indicative of an osteopenic state, and scores 

ranging from -2.5 and lower are indicative of 

osteoporosis.13 Aggregated data for s-OC and s-PYD had 

to be adjusted to fit CBA, such that measurements of both 

BTMs were adjusted to nanomoles per liter (nmol/L). We 

used the molecular weight for Osteocalcin as 5,900 g 

mol-1, and for Pyridinoline we used 428.4 g mol-1 to 

adjust the diverse ways in which different labs presented 

the data these metabolites. 

RESULTS 

We conducted logistic regression modeling consistent 

with the CBA study for the respective aggregated data 

sets. Using Equation 1, CBA p-values were determined 

for aggregate samples using values for mean subject age, 

s-OC, and s-PYD levels. FRAX T-score values were 

determined using subject BMD means and standard 

deviations.3,13 With knowledge of previously calculated 

threshold values for osteoporosis from CBA (Equation 2) 

and FRAX index, the agreement of CBA and FRAX 

scores for samples was analyzed.13 If the threshold for 

osteoporosis was met or surpassed for both equations for 

a given study or if both thresholds were not met, then the 

two algorithms were said to agree with one another for 

the given sample. As well, the two algorithms were said 

to not agree with one another for a given sample if 

thresholds were not met/surpassed or failed to be met. Of 

the 10 primary literature studies (consisting of 28 

different sample groups), 60.7% of the aggregated data 

sets yielded results with FRAX T-scores and CBA p-

values in agreement with one another. The remaining 

39.2% of data sets did not produce FRAX T-score and 

CBA p-values in agreement with one another. 

Table 1: Study groups and associated aggregated values found from the literature. Calculations of serum 

biomarkers s-OC and s-PYD used with subject age to determine CBA p-value; BMD used to determine FRAX T-

scores. 

Study number/Group CBA p value Proj. FRAX T-score CBA/ FRAX agreement? 

Study 1, Group A
15

 4.77E-02 -2.98 Yes 

Study 1, Group B
15

 4.77E-02 -4.46 Yes 

Study 2, Group A
16

 4.06E-12 -4.46 No 

Study 2, Group B
16

 4.06E-12 -4.48 No 

Study 3, Baseline
17

 6.65E-05 1.41 Yes 

Study 3, Final
17

 2.06E-02 1.32 Yes 

Study 4
18

 3.37E-06 -0.90 Yes 

Study 5, Baseline
19

 4.21E-12 -4.43 No 

Study 5, Final
19

 4.21E-12 -4.35 No 

Study 6
20

 1.60E-02 -12.02 No 

Study 7, Group A
21

 7.91E-09 1.99 Yes 

Study 7, Group B
21

 7.91E-09 0.60 Yes 

Study 7, Group C
21

 1.67E-08 1.64 Yes 

Study 8, Group D
22

 1.67E-08 0.63 Yes 

Continued. 
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Study number/Group CBA p value Proj. FRAX T-score CBA/ FRAX agreement? 

Study 9, Group A (Baseline)
23

 3.12 E-03 0.72 Yes 

Study 9, Group A (Final)
23

 3.12 E-03 0.43 Yes 

Study 9, Group B (Baseline)
23

 3.12 E-03 -0.54 Yes 

Study 9, Group B (Final)
23

 3.12 E-03 -1.17 No 

Study 9, Group C (Baseline)
23

 2.96E-03 0.42 Yes 

Study 9, Group C (Final)
23

 2.96E-03 0.13 Yes 

Study 9, Group D (Baseline)
23

 2.96E-03 -0.85 Yes 

Study 9, Group D (Final)
23

 2.96E-03 -1.28 Yes 

Study 10, Group A (Baseline)
24

 8.49E-04 -6.50 No 

Study 10, Group A (Final)
24

 1.43E-03 -51.75 No 

Study 10, Group B (Baseline)
24

 4.68E-04 0.30 Yes 

Study 10, Group B (Final)
24

 1.37E-03 0.50 Yes 

 

DISCUSSION 

Earlier research determined that the CBA can be used as 

a means to detect osteoporosis.3 In this analysis of 

aggregated data, we found a 61% agreement between the 

FRAX index and the CBA in determining the presence of 

osteoporosis. Our findings suggest that the CBA’s 

capacity may be limited when dealing with aggregated 

datasets. However, we believe that the value of the CBA 

is not diminished by the equivocal findings here; instead, 

the emphasis should be placed on the need to analyze 

primary subject data for age, s-OC, and s-PYD. 

Therefore, we maintain that the CBA may have utility as 

a cost-effective means of detection in rural areas or 

developing nations.  

As stated previously, the area under the receiver 

operating characteristic curve in the original study was 

0.93 for sensitivity and 1-specificity. When looking into 

statistical error, neither error type is preferred, but Type II 

error is generally more tolerated. Therefore, when 

analyzing the results from this study, a better indication 

of whether or not the CBA is accurate with FRAX, one 

should analyze the error presented by the CBA for cases 

that don’t agree. Of the 10 cases with observed difference 

between CBA p-value threshold and FRAX T-score 

threshold values, 90% represent false negatives (Type II 

error), leaving the remaining 10% as a false positive 

(Type I error). Thus, even though the CBA p-values do 

not correctly coincide with the FRAX values, the error 

nature is more tolerated than that of the false positive 

category.  

Apart from the CBA, other methods have been 

constructed to analyze bone health and the detection of 

osteoporosis, despite the ideality of DXA scanning. The 

trabecular bone score (TBS) is an exemplary alternative 

to DXA scanning, as TBS takes measurements of the 

microarchitecture of bones, determining information 

about bone health independent of BMD and FRAX, most 

notably, bone propensity to fracture.26 When added to the 

presence of common clinical risk factors for osteoporosis 

(i.e. low calcium intake, benzodiazepine use, height loss), 

TBS showed an enhanced discriminatory power in 

predicting a major clinical fracture.27 Additional methods 

for self-modulated analysis of bone health have been 

constructed, such as the Osteoporosis Self-Assessment 

Tool for Asians (OSTA) and the International 

Osteoporosis Foundation’s (IOF) tests.28 OSTA and IOR 

gave low-, medium-, and high-risk grades for metabolic 

bone diseases, determining a subject’s relative need to 

seek a physician’s assistance.  

Part of the significance in the development of these 

alternative methods for detecting early onset osteoporosis 

lies within the fact that the global elderly population, 

which exhibits a high prevalence of metabolic diseases 

like osteoporosis, is estimated to double or triple within 

the next 30 years.29 An increasing elderly population 

would suggest a higher incidence of osteoporosis and 

bone fractures, of which there are global discrepancies. In 

2004, samples of various global populations detailed the 

prevalence of vertebral bone fractures, such that more the 

20% of the populations of elderly women in Japan, North 

America, Scandinavia, and the Middle East, among 

others, experienced morphometric vertebral fractures.30 

Other studies have shown success in using algorithmic 

approaches for diagnostic purposes in medicine.31-33 A 

study centered around the diagnosis of osteoporotic 

vertebral compression fracture (OVCF) used an 

algorithmic approach.31 While slightly different from the 

necessary components needed for patient determination 

of osteoporosis with the CBA, the variables for OVCF 

fracture included patient age, presence/absence of leg 

pain, BMI, exercise frequency, and gender. Impressively, 

the algorithm maintained a high AUC (0.95) for 

sensitivity in conjunction with DXA values for patients; 

this statistic is important to note because a very large 

AUC for values in algorithmic prediction models (even in 

small samples) reflect the diagnostic potential and 

accuracy of the alternate method(s). On a slightly 

different note, novel algorithmic diagnostic potential was 

sought in analyzing patient serum biomarker levels for 

the initial and follow-up studies on the early detection of 

osteoarthritis and rheumatoid arthritis, while drawing 

from similar sample sizes as the CBA (N1=134, 

N2=225).32,33 Due to the lack of a blood-based test for 



Barrett ND et al. Int J Community Med Public Health. 2019 Jan;6(1):38-43 

                                International Journal of Community Medicine and Public Health | January 2019 | Vol 6 | Issue 1     Page 42 

osteoarthritis and a lackluster diagnostic model for 

detection of rheumatoid arthritis, Ahmed, et al, sought 

out to utilize a cheaper solution and reached modest 

success in obtaining a diagnostic algorithm with high 

sensitivity and 1-specificity for the classifications: 

osteoarthritis, rheumatoid arthritis, and non-rheumatoid 

arthritis. Parallels can be drawn between these studies 

and the original CBA study, demonstrating the potential 

for modern, cheaper serum-based biomarker models that 

serve as alternative strategies for medical diagnosis in 

areas where expensive diagnostic machinery may not be 

an option.3 

The major implications surrounding the CBA are on the 

topic of the algorithm’s quick and cost-effective nature 

for analyzing bone health, suggesting its potential benefit 

to areas experiencing health disparities due to low 

socioeconomic conditions and insufficient resources.  

The underlying concern for the lack of sufficient 

osteoporosis detection goes beyond bone health in 

underserved populations, as osteoporosis has shown 

comorbid association with other chronic health 

conditions, including ischemic cardiovascular disease and 

HIV.34,35 

ACKNOWLEDGEMENTS 

This study was enabled by a generous grant from the 

Irvine Health Foundation, which was instrumental for the 

original study.3 

Funding: No funding sources 

Conflict of interest: None declared 

Ethical approval: Not required 

REFERENCES 

1. Cooper C, Campion G, Melton LJ, 3rd. Hip 

fractures in the elderly: a world-wide projection. 

Osteoporos Int. 1992;2(6):285-9. 

2. Gullberg B, Johnell O, Kanis JA. World-wide 

projections for hip fracture. Osteoporos Int 

1997;7(5):407-13. 

3. Levesque E, Ketterer A, Memon W, James C, 

Barrett N, Rakovski C, et al. The Chapman Bone 

Algorithm: A Diagnostic Alternative for 

Osteoporosis. Submitted for publication to Bone and 

Muscle. Bone Muscle. 2018;1:1-6. 

4. Hadjidakis DJ, Androulakis II. Bone remodeling. 

Ann N Y Acad Sci 2006;1092:385-96. 

5. Crane JL, Cao X. Bone marrow mesenchymal stem 

cells and TGF-β signaling in bone remodeling. J 

Clin Investigat. 2014;124(2):466-72.  

6. Seibel MJ. Biochemical Markers of Bone Turnover 

Part I: Biochemistry and Variability. The Clin 

Biochem Rev /Australian Associat Clin Biochem. 

2005;26(4):97-122. 

7. Kular J, Tickner J, Chim SM, Xu J. An overview of 

the regulation of bone remodelling at the cellular 

level. Clin Biochem. 2012;45(12):863–73. 

8. Boyce BF, Xing L. Functions of 

RANKL/RANK/OPG in bone modeling and 

remodeling. Arch Biochem Biophy. 

2008;473(2):139-46. 

9. Clarke B. Normal Bone Anatomy and Physiology. 

Clin J Am Soc Nephrol. 2008;3:131-9. 

10. Lewiecki ME, Binkley N. DXA: 30 years and 

counting. Bone. 2017;104:1-3. 

11. Blake GM, Fogelman I. The role of DXA bone 

scans in the diagnosis and treatment of osteoporosis. 

Postgrad Med J. 2007;83(982):509-17. 

12. El Maghraoui A, Roux C. DXA scanning in clinical 

practice. QJM. 2008;101(8):605-17. 

13. Kanis JA, Johnell O, Oden A, Johansson H, 

McCloskey E. FRAX™ and the assessment of 

fracture probability in men and women from the 

UK. Osteoporos Int. 2008;19(4):385-97. 

14. Block Imaging. DEXA Bone Densitometer Price 

guide, 2018. Available at https://info.blockimaging. 

com/bid/97502/ge-and-hologic-bone-densitometer-

price-cost-guide. Accessed on 3 June 2018. 

15. Hamidi Z. What’s BMD and What Do We Do in a 

BMD Center. In: Osteoporosis. 1st ed. InTech; 

2012: 225-246. 

16. Labouesse M, Gertz E, Piccolo B, Souza E, Schuster 

G, Witbracht M, et al. Associations among 

Endocrine, Inflammatory, and Bone Markers, Body 

Composition and Weight Loss Induced Bone Loss. 

Bone. 2014;64:138-46. 

17. Ross P, Knowlton W. Rapid Bone Loss Is 

Associated with Increased Levels of Biochemical 

Markers. J Bone Mineral Res. 1998;13(2):297-302. 

18. Khoshhal K, Sheweita S, Al-Maghamsi M, Habeb 

A. Does Type 1 Diabetes Mellitus Affect Bone 

Quality in Prepubertal Children? J Taibah Univ Med 

Sci. 2015;10(3):300-5. 

19. Yang K, Kim Y, Ji Y, and Jung M. Changes in Bone 

Mineral Density of Users of the Levonorgestrel-

releasing Intrauterine System. J Nippon Med 

School. 2012;97(3):190-94. 

20. Maeno Y, Inaba M, Okuno S, Yamkawa T, Ishimura 

E, Nishizawa Y. Serum Concentrations of Cross-

Linked N-Telopeptides of Type I Collagen: New 

Marker for Bone Resorption in Hemodialysis 

Patients. Clin Chem. 2005;51(12):2312-7.  

21. Nowacka-Cieciura E, Sadowska A, Pacholczyk M, 

Chmura A, Tronina O, Durlik M. Bone Mineral 

Density and Bone Turnover Markers Under 

Bisphosphonate Therapy Used in the First Year 

After Liver Transplantation. Ann Transplantation. 

2016;21:241-9.  

22. Tsuchida T, Ishimura E, Miki T, Matsumoto N, 

Naka H, Jono S, et al. The Clinical Significance of 

Serum Osteocalcin and N-terminal Propeptide of 

Type I Collagen in Predialysis Patients with Chronic 

Renal Failure. Osteoporosis Int. 2004;16(2):172-9. 



Barrett ND et al. Int J Community Med Public Health. 2019 Jan;6(1):38-43 

                                International Journal of Community Medicine and Public Health | January 2019 | Vol 6 | Issue 1     Page 43 

23. Vincent K, Braith R. Resistance Exercise and Bone 

Turnover in Elderly Men and Women. Med Sci 

Sports Exercise. 2002;34(1):17-23. 

24. Okuno S, Inaba M, Kitatani K, Ishimura E, 

Yamakawa T, Nishizawa Y. Serum Levels of C-

terminal Telopeptide of Type I Collagen: A Useful 

New Marker of Cortical Bone Loss in Hemodialysis 

Patients. Osteoporosis Int. 2004;16(5):501-9. 

25. Inaba M, Okuno S, Imanishi Y, Ueda M, Yamakawa 

T, Ishimura E, et al. Significance of Bio-intact 

PTH(1–84) Assay in Hemodialysis Patients. 

Osteoporosis Int. 2004;16(5):517-25. 

26. Kužma M, Hans D, Koller T, Némethová E, 

Jackuliak P, Killinger Z, et al. Less strict 

intervention thresholds for the FRAX and TBS-

adjusted FRAX predict clinical fractures in 

osteopenic postmenopausal women with no prior 

fractures. J Bone Mineral Metabol. 2017;36(5):580-

8. 

27. Rentero ML, Carbonell C, Casillas M, Béjar MG, 

Berenguer R. Risk Factors for Osteoporosis and 

Fractures in Postmenopausal Women Between 50 

and 65 Years of Age in a Primary Care Setting in 

Spain: A Questionnaire. Open Rheumatol J. 

2008;2:58-63. 

28. Zhang H, Liu H, Chen W, Chen D, Zhang Z, Wang 

H. Clinical value of self-assessment risk of 

osteoporosis in Chinese. Open Med. 

2016;11(1):190-5. 

29. Melton LJ, Johnell O, Lau E, Mautalen CA, Seemen 

S. Osteoporosis and the global competition for 

health care resources. J Bone Mineral Res. 

2004;19(7):1055-1058. 

30. Ballane G, Cauley JA, Luckey MM, El-Hajj 

Fuleihan G. Worldwide prevalence and incidence of 

osteoporotic vertebral fractures. Osteoporosis Int. 

2017;28(5):1531-42. 

31. Roman M, Brown C, Richardson W, Isaacs R, 

Howes C, Cook C. The development of a clinical 

decision making algorithm for detection of 

osteoporotic vertebral compression fracture or 

wedge deformity. J Manual Manipulative Therapy. 

2010;18(1):44-9. 

32. Ahmed U, Anwar A, Savage R, Thornalley P, 

Rabbani N. Protein oxidation, nitration, and 

glycation biomarkers for early-stage diagnosis of 

osteoarthritis of the knee and typing and progression 

of arthritic disease. Arthritis Res Ther. 2016;18:250. 

33. Ahmed U, Anwar A, Savage RS, Costa ML, 

Mackay N, Filer A, et al. Biomarkers of early stage 

osteoarthritis, rheumatoid arthritis and 

musculoskeletal health. Scientific Reports. 

2015;5:5-7. 

34. Matovu FK, Wattanachanya L, Beksinska M, 

Pettifor JM, Ruxrungtham K. Bone health and HIV 

in resource-limited settings: a scoping review. Curr 

Opin HIV AIDS. 2016;11(3):306-25. 

35. Laroche M, Pécourneau V, Blain H, Breuil V, 

Chapurlat R, Cortet B, et al. Osteoporosis and 

ischemic cardiovascular disease. Joint Bone Spine. 

2017;82(4):427-32. 

 

 

 

 

 

 

 

 

Cite this article as: Barrett ND, James CW, Tam JP, 

Levesque ES, Ketterer AS, Memon WR, et al. 
Evaluating the predictive quality of the Chapman 

bone algorithm using aggregated data sets. Int J 

Community Med Public Health 2019;6:38-43. 


