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Purpose: The purpose of this study is to estimate the prevalence and incidence of treatment-range adolescent idiopathic scoliosis 
(≥20°) over 10-years in Ontario youth 10–17 years of age, by validating a population-based health administrative data algorithm for 
case ascertainment.
Patients and Methods: Algorithms were developed using a combination of health administrative data: diagnostic, fee and/or 
specialty codes from physician billing data over various look-back periods. Algorithms’ ability to distinguish between youth with 
scoliosis, confirmed by a tertiary-care spine specialist (AIS+; n = 2732), and a provincially derived comparator group without (AIS-; 
n = 49,049) were evaluated using sensitivity, specificity, positive and negative predictive values with their 95% confidence intervals. 
The top performing algorithm was used to estimate sex- and age-standardized prevalence and incidence between 2012 and 21. Annual 
rate ratios were calculated using a negative binomial regression model, adjusted for age, sex, and age–sex interaction. Significance was 
accepted at p < 0.05.
Results: The AIS+ cohort had a median curve magnitude of 35° (interquartile range: 25.5–45.5). Of the 93 algorithms tested, the top 
was “2 physician billing codes for scoliosis in 2 years” with sensitivity: 83.1% (95% CI, 81.6–84.5%), specificity: 99.3% (95% CI, 
99.2–99.3%), positive predictive value: 86.3% (95% CI, 85.0–87.6%), negative predictive value: 99.1% (95% CI, 99.0–99.1%). 
Annual prevalence estimates averaged 513.3/100 000 and incidence 128.2/100 000. There was a modest annual increase in the 
adjusted rate ratios: 1% for prevalence, 2% for incidence. Rates were highest for females at 13-years and males at 15-years of age, with 
rates 65% lower for males.
Conclusion: The selected health administrative data algorithm demonstrated excellent diagnostic accuracy in identifying radio
graphically confirmed, treatment-range adolescent idiopathic scoliosis in 10–17-year-old youth. This is an efficient and scalable 
method for clinically meaningful population-level cohort creation that will facilitate surveillance of scoliosis diagnostic and treatment 
trends and longitudinal outcome research.
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Introduction
Adolescent idiopathic scoliosis (AIS) accounts for approximately 80% of all scoliosis diagnoses, developing after the age of 
10 years with no identifiable underlying etiology. Published scoliosis prevalence estimates range from 0.47% to 5.2%1 

although prevalence rates as high as 24.3% have been reported.2 Over 140 scoliosis-related epidemiological studies have been 
published since 1955,3 but with great variability in the results and with several limitations that restrict generalizability.

Methodological differences, including inconsistent age and diagnostic criteria and homogenous study populations, 
contribute to the wide variation in reported prevalence. Over 95% of scoliosis epidemiology studies use resource-intense 
mass school screening initiatives to identify positive case counts.3 While most studies focus on identifying cases that have 
radiographic evidence of a curvature greater than 10°, some epidemiologic studies use greater than 5,4–6 or are based solely on 
trunk asymmetry detected on clinical examination with no radiographic confirmation of scoliosis.2,7,8 Alternatively, AIS 
epidemiology studies have relied on retrospective review of x-rays.3,9 These cross-sectional studies produce prevalence 
estimates but are expensive, time consuming, and do not allow for incidence estimates or longitudinal surveillance of disease 
burden over time. Moreover, the low threshold for inclusion challenges the use of such estimates for health resource planning 
as the case count is heavily comprised of mild curvatures less than 20,4,5,10–12 a group that are unlikely to require treatment.13 

By contrast, estimating the burden of treatment-range AIS offers a more actionable basis to forecast referral volumes and 
planning health-system capacity. Estimating this burden is equally important from a health-economic standpoint, given the 
markedly higher costs of surgical versus non-surgical care14 and the implications for resource allocation.

Only recently has the use of health administrative data (HAD) been utilized in scoliosis-related epidemiology, primarily in 
an effort to estimate incidence.10,15,16 HAD variables are routinely collected at every patient interaction with the health system 
and include information related to physician visits, hospital encounters, and diagnostic services, for example, details such as 
diagnostic and fee codes, and physician specialty codes. Population-based HAD algorithms use a combination of such 
variables “that allow for identification of cases of a given disease without having to contact or examine the patient”.17 

Validation assesses the accuracy of these algorithms to identify cases correctly. To date, health administrative data have 
primarily been used to flag potential AIS cases for subsequent individual-level validation, typically through chart-review or 
radiographic confirmation, before study inclusion. This approach has not yet led to a case ascertainment process that can 
readily be replicated for other research purposes; however, it has highlighted that radiographic confirmation produces far lower 
incidence estimates than those based on a single diagnostic code.15

The development and validation of algorithms using HAD has been successfully employed to estimate the prevalence and/ 
or incidence of other health conditions in Ontario18–21 One of the benefits of a validated HAD algorithm is the speed at which 
a cohort can be assembled, allowing for epidemiological trends and long-term outcomes of chronic conditions to be more 
easily tracked. However, reliance on encounter-driven coding introduces the potential for misclassification, particularly if 
diagnostic codes are used inconsistently, used as rule-out labels, or applied prior to diagnostic confirmation. Algorithm 
validation against confirmed cases offers a scalable and reproducible approach for population-level case identification. This 
two-phase study aims to 1) validate HAD algorithms for the accurate case ascertainment of diagnosed, treatment-range AIS 
among 10–17-year-olds living in ON and 2) subsequently apply the top-performing algorithm to estimate prevalence and 
incidence trends over a ten-year period. This study tests the hypothesis that a HAD algorithm will demonstrate high diagnostic 
accuracy in identifying treatment-range AIS, resulting in clinically meaningful population estimates.

Materials and Methods
Overview
This validation study assessed the accuracy of HAD algorithms in correctly identifying treatment-range AIS, using 
a validation cohort of youth with a formal AIS diagnosis (AIS+) and those without (AIS- cases). Further validation of top 
performing algorithms included a sensitivity analysis using a sample of youth having had brace treatment and/or spinal fusion. 
Annual prevalence and incidence estimates were calculated from an AIS cohort derived from the optimal algorithm. This 
study was conducted in accordance with the Hospital for Sick Children (Protocol number: 1000076711) and University of 
Toronto (Protocol number: 00045385) Research Ethics Board-approved protocol. Given that the data collection was retro
spective, the need for formal consent was waived by each board. The manuscript was prepared in conformity with the modified 
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Standards for Reporting of Diagnostic accuracy (STARD) criteria, recommended for assessing the quality of validation studies 
of HAD (Supplemental Table 1).22

Setting
Ontario is the most populous province in Canada, having approximately 13.45 million residents, 1.22 million aged 10 up 
to 18 years.23 Ethnically diverse, 31.1% of residents are foreign born and 29.3% self-identify as a visible minority with 
the four largest visible minority groups making up 73.2% of that distribution: South Asian 29.6%, Chinese 19.4%, Black 
16.2%, and Filipino 8%.

Canada has a universal healthcare system such that all hospital and physician services, including diagnostic imaging, 
are publicly funded for all legal residents. The routine administration of this system results in the collection of HAD at 
every interaction.

The AIS+ sample was identified at a pediatric tertiary care facility with a specialized spine clinic that provides 
approximately 3000 spine clinic visits annually, the largest volume of spine patients in the province. Triage criteria are 
intended to accept referrals for treatment-range scoliosis, generally considered approximately 20° or greater.

Population-Based Data Sources
ICES (formally the Institute for Clinical Evaluative Sciences) is an independent, non-profit organization tasked with 
housing and controlling access to the health records of all residents eligible for provincial health insurance (>99% of 
population).

ICES is funded by an annual grant from the Ontario Ministry of Health (MOH) and the Ministry of Long-term Care 
(MLTC). As a prescribed entity under Ontario’s privacy legislation, ICES is authorized to collect and use health care data 
for the purposes of health system analysis, evaluation, and decision support. Secure access to these data is governed by 
policies and procedures that are approved by the Information and Privacy Commissioner of Ontario.

The specific data holdings, and how they were used in this study, are detailed in Supplemental Table 2. These datasets 
were linked using unique encoded identifiers and analyzed at ICES.

Establishing Validation Cohorts
Validation cohorts were consecutive series, comprised of youth 10–17 years of age, identified from HAD records from 
2014 to 2021.

The primary validation cohort included AIS+ and AIS- samples (Figure 1). Identification of the AIS+ sample (n = 
2732) used hospital administrative records. Eligible patients were seen for initial spine consultation during the study 
period, diagnosed with AIS, and had radiographic confirmation of a coronal curve magnitude >10. Those with non- 
idiopathic etiology were excluded as were those living outside the province, and/or ineligible or eligible for <1 year for 
provincial health insurance. Each patient’s electronic medical record was reviewed by the first author (JD) to confirm 
eligibility, and curve magnitude of the largest curve was recorded. Establishing the AIS+ cohort from radiographically 
confirmed cases within a specialized spine clinic enhanced reference standard clinical validity and ensured evaluation 
against treatment-range AIS.

The AIS- sample was established using a previously validated algorithm to identify pediatric fracture patients in 
Ontario.24 To approximate the prevalence of AIS in the literature, a subgroup of distal forearm fractures (n = 49,049) was 
selected. Applied exclusion criteria included the International Classification of Diseases, tenth revision (ICD-10) 
diagnosis codes indicating a comorbid medical condition known to be associated with an increased fracture risk, further 
detailed in Supplemental Table 2. Any patients identified in both the AIS+ and AIS- samples were excluded from AIS-.

A secondary validation cohort of youth that received spine-related treatment between 2012 and 2021 was created for 
a sensitivity analysis. This included youth that had a scoliosis diagnosis code and were prescribed a spinal orthosis or 
underwent spinal fusion.
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Algorithm Derivation
Algorithms were generated that used a combination of diagnostic, fee, and specialty codes from physician billing data 
(Ontario Health Insurance Plan (OHIP)), and emergency department (National Ambulatory Care Reporting System 
(NACRS)) and hospital discharge reporting (Canadian Institute for Health Information Discharge Abstract Database 
(CIHI-DAD)). Various look back periods were used up to a maximum defined period of three years, that went up to but 
did not include the date of initial spine consultation at the study institution (AIS+) or to the date of fracture (AIS-). An 
algorithm specification table outlining these details is provided in Supplemental Table 3. To streamline algorithm 
development, specific diagnostic and spine x-ray fee codes were prioritized a priori by the first author (JD) based on 
clinical experience (Supplemental Table 2). Codes were eligible for inclusion if they occurred anytime from age 10 
through 17 years.

Statistical Analysis
The diagnostic accuracy of each HAD algorithm to correctly identify AIS+ cases within the validation cohort, was 
determined through sensitivity, specificity, positive and negative predictive values (PPV and NPV respectively) with their 
95% confidence intervals (CI). To support transparent algorithm selection, a structured composite scoring framework was 
developed and applied, incorporating diagnostic accuracy (50%), clinical face validity (20%), practicality (15%), 
misclassification risk (10%), and external generalizability (5%), further detailed in Table 1. The top three algorithms 
were used to create cohorts that met the case definition for AIS between 2005 and 2021. Demographic information 
collected for the primary validation cohort and each algorithm-derived cohort included age and sex. The optimal 
algorithm was used to estimate prevalence and incidence.

A sensitivity analysis cross-referenced the cohort of youth that had received spine-related treatment with the AIS-, 
and then separately with the algorithm-derived cohorts. The expectation was that most youth treated with a spinal 
orthosis and/or spinal fusion, would not be identified in the AIS- group but would be identified by the top HAD 
algorithms. Sensitivity was reported with 95% CI.

Figure 1 Flowchart for validation cohort (AIS+ and AIS-) identification.
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Prevalence of youth with AIS from 10 to 17 years of age was reported at the start of 2012. Prevalence reflected 
diagnosed, treatment-range AIS. This provided sufficient time to identify all prior prevalent cases. Patients were removed 
once they turned 18 years of age, or earlier if they were no longer eligible for health insurance (ie, moved out of Ontario) 
or there was a documented date of death. AIS incidence was reported for the same time frame. An incident case was 
counted when the algorithm’s case definition was met and was considered a new AIS diagnosis. Crude annual incidence 
and prevalence estimates were adjusted for age and sex using Ontario population data. To facilitate rate comparisons over 
time, estimates were standardized to the 2016 Census population.

Poisson regression was considered to model the rate ratio over time, however preliminary analysis revealed over
dispersion, violating the model’s assumption that mean and variance are equal. Therefore, a negative binomial regression 
model was chosen, introducing an additional parameter to account for overdispersion, providing a more appropriate fit 
for the data. The model analyzed the number of cases over time, adjusting for age and sex. An offset term was used to 
adjust for the population at risk. Year of diagnosis was first modelled as a continuous variable to assess the average rate 

Table 1 Composite Scoring Framework

Metric Score Description

Diagnostic Accuracy (50%)
Sensitivity 5 =≥90%

4 =85-89%

3 =80-84%
2 =70-79%

1 =<70%

Specificity Same as sensitivity

PPV 5 =≥85% Accuracy score = sum of 4 performance measures
20 x 50

4 =80-84%

3 = 70–79%
2 =60-69%

1 = <60%

NPV 5= ≥99%
4 = 98–98.9%
3 = 97–97.9%

2 = 95–96.9%

1 = <95%

Clinical face validity (20%) 5 = Timing, frequency, and specialty involvement align tightly with expected AIS clinical pathway
3-4 = Mostly clinically reasonable; minor deviation
1-2 = Weak clinical plausibility

0=Clinically implausible

Practicality (15%) 5 = Uses few codes, common variables, simple logic, short lookback period
3-4 = Moderate complexity, manageable logic
1-2 = Complex requirements, long lookback, multiple data sources

0 = Impractical to implement or replicate

Misclassification risk (10%) 5 = Very low false positive risk; requires multiple confirming signals
3-4 = some risk but mitigated by additional criteria
1-2 = Moderate false positive risk (eg, single code)

0 = high false positive risk; poor discriminatory ability

External generalizability (5%) 5 = Uses common code types; easily mapped across systems

3-4 = Mostly generalizable; requires minor adjustments

1-2 = Relies on system-specific features; limited transferability
0 = Very jurisdiction specific; low external use
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change over time, then as a categorical variable (2012–21) to evaluate year-over-year change. Age was modelled as 
a categorical variable (10–17 years). Preliminary analysis also showed an interaction between age and sex indicating that 
the relationship between rates and age differed by sex. Separate models were run for prevalence rate ratios (PRR) and 
incidence rate ratios (IRR) with 95% CIs reported. Significance was accepted at p < 0.05. Algorithm validation was done 
using SAS Excelxp Taget (v1.131, 2015–04-23) with all other analyses performed using R Statistical Software (R version 
3.1.2, 2014–10-31, http://www.R-project.org).

Results
There were 51781 youth in the validation cohort, 2732 (5.3%) in the AIS+ and 49049 in the AIS- sample (Table 2). The 
median curve magnitude in the AIS+ cohort was 35 (IQR: 25.5–44.5). In total, 93 unique HAD algorithms were tested 
against this validation cohort. The proportion of true positives (sensitivity) is plotted against false positives (1-specificity) 
in Figure 2. Detailed performance results for the 11 algorithms that had both sensitivity and specificity greater than 80% 
are shown in Table 3. “2 physician billing codes for scoliosis in 2 years” (Algorithm A), and “2 physician billing codes 
for scoliosis in 3 years, at least 1 by any specialist” (Algorithm B), were selected for further validation. “1 physician 
billing code for scoliosis ever” (Algorithm C), with its higher sensitivity but lower PPV was selected for comparison.

Results of the sensitivity analysis are shown in Table 4. Less than 0.13% and 0.04% of the AIS- cohort were flagged 
for having a spinal orthosis or spinal fusion, respectively. Over 72% of the brace sample and over 80% of the surgical 
sample were represented in the Algorithm A-C-derived cohorts, respectively.

Algorithm A “2 physician billing codes for scoliosis in 2 years” achieved the highest composite score (93.0/100) and 
was selected to estimate annual incidence and prevalence. The study team felt that the 3-year lookback period in 
Algorithm B was excessively long for an AIS population, less accurately reflecting real-world clinical pathways for 
treatment-range AIS, and that Algorithm C would over inflate population estimates. Further, the simplicity of this 
algorithm compared to other top contenders was preferred, as it did not come at the expense of performance metrics.

Annual AIS age/sex-standardized prevalence of diagnosed AIS averaged 513.3/100 000 (n = 6252) between 2012 and 
2021. There was a 1.1-fold increase between 2012 (491.7/100 000) to 2021 (541.9/100 000). The sex-stratified, age- 
standardized prevalence rates are presented in Figure 3a, averaging 751.0/100 000 for females (n = 4449) and 288.2/100 
000 for males (n = 1803).

The population-based AIS age/sex-standardized annual incidence of newly diagnosed AIS from 2012 to 2021 averaged 
128.2/100 000 (n = 1561). There was a 1.3-fold increase between 2012 (117.6/100 000) to 2021 (147.3/100 000). The 
annual sex stratified, age-standardized rates are presented in Figure 3b, averaging 177.5/100 000 for females (n = 1051) and 
81.6/100 000 for males (n = 510).

Table 2 Demographics of the Validation (AIS+ and AIS-) and Algorithm-Derived Cohorts

AIS+ AIS- Algorithm A Algorithm B Algorithm C

n 2732 49,049 27,125 22,905 55,038
Sex, Female 2236 (82) 14,715 (30) 18,358 (67.3) 15,778 (68.9) 34,086 (61.9)

Age, mean ± SD 14.09±1.69 12.5 ±1.9 13.9±1.8 13.9±1.8 13.7±2.0

Age Distribution
10 77 (2.8) 8664 (17.7) 921 (3.4) 688 (3.0) 3752 (6.8)

11 243 (8.9) 9176 (18.7) 2182 (8.0) 1792 (7.8) 5224 (9.5)

12 443 (16.2) 8971 (18.3) 3502 (12.9) 2972 (13.0) 7242 (13.2)
13 525 (19.2) 8265 (16.9) 4888 (18.0) 4244 (18.5) 9190 (16.7)

14 547 (20.0) 5818 (11.9) 5178 (19.1) 4415 (19.3) 9641 (17.5)

15 468 (17.1) 3843 (7.8) 4775 (17.6) 4049 (17.7) 8760 (15.9)
16 320 (11.7) 2479 (5.1) 3437 (12.7) 2948 (12.9) 6540 (11.9)

17 109 (4.0) 1833 (3.7) 2242 (8.3) 1796 (7.8) 4689 (8.5)

Note: Validation cohorts were derived from 2014–21, algorithm-derived cohorts from 2005–21.
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The unadjusted PRR and IRR did not change over time (p = 0.72 and p = 0.49, respectively), however when 
adjusted for age and sex and the interaction between them, the average annual increase in the prevalence rate ratio was 
1% (PRR = 1.01, 95% CI: 1.01–1.01, p < 0.001) and the adjusted incidence rate ratio increased 2% (IRR = 1.02, 95% 
CI: 1.01–1.02, p < 0.001). Adjusted rate ratios are shown in Table 5. Rate change was not constant year-over-year, 
rather change was irregular with the largest increase, relative to 2012, noted in 2021. Males had a rate ratio 65% lower 
than females for both prevalence and incidence (RR = 0.35, 95% CI: 0.29–0.42, p < 0.001). The effect of age differed 
by sex, and although rates peaked in mid-adolescence, they were highest for females at age 13 years and males at age 
15 years (Figure 4).

Discussion
This study aimed to explore epidemiological trends of diagnosed, treatment-range AIS in Ontario over a 10-year period, 
by validating a population-based HAD algorithm for case ascertainment. “Two physician billing codes for scoliosis in 2 
years” was selected as the optimal algorithm with sensitivity: 83.1% (81.6–84.5), specificity: 99.3% (99.2–99.3), PPV: 
86.3 (85.0–87.6), and NPV: 99.1 (99–99.1). The algorithm-derived cohort showed an average prevalence of diagnosed 
AIS of 513.3/100 000 and incidence of newly diagnosed AIS of 128.2/100 000 between 2012 and 2021. There was 
a modest 1.1-fold increase in prevalence and 1.3-fold increase in incidence.

The prevalence and incident rates reported in this study are lower than reported in previous literature; however, most 
estimates consists primarily of mild disease, which is unlikely to require health resources. Our algorithm is intentionally 
biased toward identifying larger magnitude curvatures, as the AIS+ sample used for the validation cohort had a mean 
curve magnitude of 35° (IQR: 25.5–45.5). Konieczny et al provided an overview of school screening data and based on 4 
studies representing nearly 3.7 million youth, a subgroup analysis showed the prevalence of 21–40° curves was 0.2–0.5% 
and for curves greater than 40°, 0.04–0.3%.1 These estimates support that our own estimates, despite curve severity not 

Figure 2 Receiver operator curve characteristics illustrating the trade-offs between a high true positive rate (sensitivity) and a low false positive rate (1-specificity) for the 
HAD algorithms tested.
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Table 3 Performance Summary for Algorithms with a Maximum Defined Look Back Period of 3-Years and Greater Than 80% Sensitivity and Specificity

Algorithm TP TN FN FP Total 
Disease 

(n=2732)

Sensitivity  
(95% CI)

Specificity  
(95% CI)

PPV  
(95% CI)

NPV  
(95% CI)

Composite 
Score

1 physician billing code for scoliosisa or 1 spine x-rayb 2701 46,617 31 2432 5133 98.9 (98.5–99.3) 95.0 (94.8–95.2) 52.6 (51.3–54.0) 99.9 (99.9–100.0) 67.0

1 physician billing code for scoliosis by any specialistc or 1 spine x-ray 2674 46,886 58 2163 4837 97.9 (97.3–98.4) 95.6 (95.4–95.8) 55.3 (53.9–56.7) 99.9 (99.8–99.9) 69.0

1 physician billing code for scoliosis 2632 48,159 100 890 3522 96.3 (95.6–97.0) 98.2 (98.1–98.3) 74.7 (73.3–76.2) 99.8 (99.8–99.8) 77.0

1 physician billing code for scoliosis by any specialist 2605 48,430 127 619 3224 95.4 (94.6–96.1) 98.7 (98.6–98.8) 80.8 (79.4–82.2) 99.7 (99.7–99.8) 81.5

(2 physician billing codes for scoliosis in 1 yr) or 1 spine x-ray 2575 47,034 157 2015 4590 94.3 (93.4–95.1) 95.9 (95.7–96.1) 56.1 (54.7–57.5) 99.7 (99.6–99.7) 70.0

(3 physician billing codes for scoliosis in 1 yr) or 1 spine x-ray 2441 47,142 291 1907 4348 89.3 (88.2–90.5) 96.1 (95.9–96.3) 56.1 (54.7–57.6) 99.4 (99.3–99.5) 66.5

2 physician billing codes for scoliosis in 3 yr 2304 48,676 428 373 2677 84.3 (83.0–85.7) 99.2 (99.2–99.3) 86.1 (84.8–87.4) 99.1 (99.0–99.2) 86.0

2 physician billing codes for scoliosis in 3 yr at least 1 by any specialist 2287 48,748 445 301 2588 83.7 (82.3–85.1) 99.4 (99.3–99.5) 88.4 (87.1–89.6) 99.1 (99.0–99.2) 84.0

2 physician billing codes for scoliosis in 2 yr 2269 48,689 463 360 2629 83.1 (81.6–84.5) 99.3 (99.2–99.3) 86.3 (85.0–87.6) 99.1 (99.0–99.1) 93.0

2 physician billing codes for scoliosis in 2 yr at least 1 by any specialist 2251 48,759 481 290 2541 82.4 (81.0–83.8) 99.4 (99.3–99.5) 88.6 (87.4–89.8) 99.0 (98.9–99.1) 91.0

2 physician billing codes for scoliosis 2325 48,663 407 386 2711 85.1 (83.8–86.4) 99.2 (99.1–99.3) 85.8 (84.4–87.1) 99.2 (99.1–99.3) 88.5

Notes: Algorithm variables from Ontario Health Insurance Plan (OHIP) database. aDiagnosis code= 737/scoliosis, kyphosis, lordosis. bFeecode= X027/thoracic spine x-ray, 2 views, X028/lumbar/lumbosacral x-ray, 2/3views or X031/ 
entire spine x-ray, 2 views). cSpecialist= any specialty code other than 00/family medicine. 
Abbreviations: TP, true positive; FP, false positive; FN, false negative; FP, false positive; CI, confidence interval; LR+, positive likelihood ratio; LR-, negative likelihood ratio.
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being documented, are likely reflective of the proportion of youth that treatment consideration is warranted. Because the 
AIS+ and AIS- sample sizes were intentionally selected to approximate the expected population prevalence of diagnosed 
AIS, the resulting PPV and NPV remain appropriate for a lower-prevalence context. Importantly, healthcare encounters 
were captured only up to, but not including, the date of initial spine consultation or fracture, ensuring that algorithm 
performance reflects pre-diagnostic healthcare behavior rather than utilization triggered by the index event. External 
applicability may nevertheless vary in jurisdictions with different referral pathways, diagnostic thresholds, or access to 
imaging. By basing our algorithm on clinical diagnosis and validating against a cohort requiring treatment consultation, 
our prevalence and incidence estimates are clinically sensible and should be considered relevant to health resource 
planning.

Figure 3 Sex stratified, age-standardized AIS rates in Ontario between 2012–21. (a) Average annual prevalence of diagnosed, treatment-range AIS was 513.3/100 000 
(751.05/100 000 females; 288.2/100 000 males) with adjusted rate increase averaging 1% each year (p<0.001) (b) Average annual incidence of newly diagnosed AIS was 128.2/ 
100 000 (177.5/100 000 females; 81.6/100 000 males) with adjusted rate increase averaging 2% each year (p<0.001).

Table 4 Sensitivity Analysis Results

Spinal Orthosis  
(n=4141)

Sensitivity  
(95% CI)

Spinal Fusion  
(n=1706)

Sensitivity  
(95% CI)

AIS- 63 1.52e-02 (0.012–0.019) 17 9.96e-03 (0.006–0.016)

Algorithm A 3025 0.73 (0.72–0.74) 1384 0.81 (0.80–0.82)
Algorithm B 2997 0.72 (0.71–0.74) 1379 0.81 (0.80–0.82)

Algorithm C 3203 0.77 (0.76–0.79) 1383 0.81 (0.80–0.82)
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Our study highlights the importance of validating HAD for case ascertainment. Although using a single scoliosis 
diagnostic code from physician billing claims identified over 96% of confirmed AIS, the false positive rate was over 25% 
which would certainly lead to inflated prevalence and incidence estimates. This was demonstrated by Thomas et al in 
a study that retrospectively identified patients using an integrated health system database and based on a “diagnosis 
suggestive of AIS”, reported an incidence of 522/100 000, however, when they included only those with radiographic 
confirmation of scoliosis greater than 10°, the estimated incidence was much lower at 181.7/100 000.15

Although the year-over-year increases in prevalence of diagnosed AIS (≈1%) and incidence of new AIS diagnoses 
(≈2%) are modest in absolute terms, they are statistically significant and should not be considered trivial at a population 
level. Even small percentage changes translate into meaningful shifts in the number of affected youth in a large 
jurisdiction and may have implications for referral volumes, clinical capacity, and long-term resource planning. These 
trends should, however, be interpreted cautiously, as they may not be indicative of an increase in true disease but rather 
illustrate differences in diagnostic opportunity, healthcare-seeking behavior, and encounter-based coding practices over 
time. COVID-19 pandemic-related disruption resulted in widespread reductions in in-person primary care and deferred 

Table 5 Prevalence and Incidence Rate Ratios by year of Diagnosis, Adjusted for 
Age, Sex, and Age:sex Interaction (Reference: 10-year-Old Female in 2012)

Adjusted PRR (95% CI) p-value Adjusted IRR (95% CI) p-value

Year

2013 1.01 (0.97–1.06) 0.631 1.07 (0.98–1.15) 0.114
2014 1.03 (0.99–1.08) 0.169 1.07 (0.99–1.15) 0.098

2015 1.04 (1.00–1.09) 0.081 1.10 (1.01–1.19) 0.022
2016 1.06 (1.01–1.10) 0.015 1.12 (1.03–1.05) 0.006
2017 1.04 (1.00–1.09) 0.057 0.97 (0.89–1.05) 0.391

2018 1.05 (1.00–1.09) 0.049 1.06 (0.98–1.15) 0.156
2019 1.07 (1.02–1.12) 0.002 1.18 (1.09–1.28) <0.001
2020 1.07 (1.02–1.12) 0.002 1.07 (0.99–1.16) 0.085

2021 1.12 (1.07–1.17) <0.001 1.27 (1.17–1.37) <0.001

Age

11 3.41 (3.05–3.83) <0.001 2.52 (2.24–2.85) <0.001
12 7.35 (6.62–8.19) <0.001 4.03 (3.59–4.52) <0.001
13 12.16 (10.97–13.51)) <0.001 5.03 (4.50–5.64) <0.001
14 16.91 (15.28–18.78) <0.001 4.89 (4.37–5.48) <0.001
15 20.68 (18.69–22.95) <0.001 3.98 (3.55–4.46) <0.001
16 22.89 (20.69–25.40) <0.001 2.75 (2.44–3.10) <0.001
17 24.05 (21.74–26.68) <0.001 1.59 (1.40–1.81) <0.001

Sex

Male 0.35 (0.29–0.42) <0.001 0.35 (0.29–0.42) <0.001

Age x Sex interaction

11:Male 0.84 (0.68–1.05) 0.129 0.77 (0.61–0.97) 0.027
12:Male 0.78 (0.63–0.96) 0.016 0.69 (0.56–0.87) 0.001

13:Male 0.86 (0.70–1.05) 0.127 0.98 (0.80–1.21) 0.860

14:Male 0.98 (0.81–1.20) 0.850 1.36 (1.11–1.68) 0.004
15:Male 1.12 (0.92–1.36) 0.272 1.75 (1.43–2.17) <0.001
16:Male 1.22 (1.01–1.48) 0.047 1.99 (1.61–2.46) <0.001
17:Male 1.28 (1.06–1.56) 0.013 2.29 (1.83–2.86) <0.001

Note: Bolded font indicates a statistically significant result (p<0.05). 
Abbreviations: PRR, prevalence rate ratio; CI, confidence interval; IRR, incidence rate ratio.
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non-urgent visits. Decreased case ascertainment in 2020/21 should be interpreted in the context of pandemic-related 
service interruptions rather than underlying changes in scoliosis epidemiology.25

The wide range in previously reported AIS prevalence is, in part, related to the age of the cohort studied. Risk of scoliosis 
progression is greatest during the adolescent peak velocity growth; therefore, studies that do not include youth at the end of 
puberty2,26 are likely underestimating prevalence. The age of 14 years is a common upper threshold in epidemiology studies; 
however, studies that do include older adolescents show a continued increase in prevalence after 14 years6,27 similar to what 
we observed. In fact, the peak incidence rate for males in this study was 15 years of age. Given that females develop earlier 
than males, our finding that the effect of age on incidence differed by sex was not surprising and further validates our results.

Limitations
Scoliosis severity is unknown within the algorithm-derived cohort. Epidemiological estimates from a case ascertainment HAD 
algorithm only represent the diagnosed cases of scoliosis and does not capture the volume of undiagnosed youth with 
curvatures. AIS diagnosis is highly dependent on screening practices and healthcare-seeking behavior which may impact 
prevalence and incidence estimates. Further, the specific billing code combinations reflect local diagnostic practices and 
referral pathways and may not translate directly to other jurisdictions. However, the underlying validation strategy, a clinically 
valid reference standard, systematic testing of candidate algorithms, and transparent performance assessment, is transferable 
and can be adapted and re-validated using administrative data in other healthcare systems or within other geographic or ethnic 
subgroups. Although a strength of this study is the ethnic diversity of the study area, individual race data is not available.

The spine-related treatment cohort has not been independently validated at the individual clinical level; therefore, 
some misclassification remains possible. Although some youth in the AIS- sample were identified as having had a spinal 
orthosis or fusion it is reassuring this was very few (0.13% and 0.04%, respectively), and that conversely, most of the 
treated sample (73% spinal orthosis; 81% spinal fusion), were identified in the selected algorithm-derived AIS cohort. 
Independent validation would further enhance the algorithm’s external performance. This could include detailed review 
of electronic medical records; however, this is resource intense and was not feasible for the present study.

Conclusion
This study validates a HAD algorithm against radiographically confirmed, treatment-range AIS in 10–17-year-olds, with 
excellent accuracy in an ethnically diverse, publicly funded health system. Application of the validated algorithm yielded 
clinically meaningful prevalence, and incidence estimates of diagnosed AIS, reflecting a population appropriate for 

Figure 4 Interaction plot illustrating that the effect of age on the incidence rate ratio differs by sex, peaking at age 13 years for females and 15 years for males, similar at age 
17 years for both sexes. Reference value is a 10-year-old female (incidence rate ratio=1).
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treatment consideration. This study provides an efficient and scalable method for population-level cohort creation that 
will facilitate surveillance of AIS diagnostic and treatment trends and longitudinal outcome research, which need be 
interpreted within this study’s limitations. Finally, because this algorithm was validated within a universal healthcare 
system using linked administrative data, its performance may differ in jurisdictions with different healthcare structures, 
coding practices, or data systems.

Data Sharing Statement
The data that support the findings of this study are available at ICES, Ontario, Canada but restrictions apply to the availability 
of these data, which were used under license for the current study, and so are not publicly available. Specifically, the dataset 
from this study is held securely in coded form at ICES. While legal data sharing agreements between ICES and data providers 
(eg, healthcare organizations and government) prohibit ICES from making the dataset publicly available, access may be 
granted to those who meet pre-specified criteria for confidential access, available at https://www.ices.on.ca/use-ices-data/. 
Contact ICES at the following e-mail for more information on data access: das@ices.on.ca.

The underlying code that supports the analysis and findings of this study, utilized in a secure analysis environment at 
ICES, Ontario, Canada, is available from the corresponding author upon request. Note that the computer programs may 
rely upon coding templates or macros that are unique to ICES and are, therefore, either inaccessible or may require 
modification. Requests to access the datasets should be directed to ICES data sharing, das@ices.on.ca.
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