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This is our sixth, annual 
NAACCR special edition of the 
Journal of Registry Management. 
The NAACCR special edition is 
an opportunity for the NAACCR 
community and those working with 
cancer registry data to publish cancer 
surveillance research, experience, or 
ideas. This special edition intends to 
showcase original research articles as 

well as short reports, editorials, and registry-specific experi-
ences. The submission deadline for next year is Tuesday, 
September 29, 2026.

This Winter 2025 issue contains four original research 
articles, one short report, five “How I Did It” articles, and 
the two winning posters from the NAACCR 2025 Annual 
Conference, held in Hartford in June. Published articles 
undergo a peer review process with reviewers selected 
from NAACCR members active in the work of the Research 
and Data Use Steering Committee. I am grateful to our 
reviewers who met short turnaround times in the middle 
of Call for Data activities and the December holidays! The 
posters published went through a separate peer review 
process to be accepted at the NAACCR annual conference, 
met the criteria to be judged as part of our annual confer-
ence proceedings, and won their respective categories. 

This volume contains articles on a variety of popula-
tion-based cancer registry topics, including the impact of 
persistent poverty on cancer outcomes (Maguire, et al), the 
estimation of the cancer burden of hereditary-syndrome-
related cancers (Morales, et al), trends in colorectal cancer 
incidence by age and subtype (Chung, et al), and an evalu-
ation of the performance of different language models to 
extract treatment data from clinical notes (Shivanna, et 
al). The hereditary-syndrome-related cancers study is the 
subject of the CE quiz for this issue.

The ”How I Did It” category topics include a resource 
from our colleagues in Australia for developing online statis-
tics tools (Retell, et al), a status report on the development 
of a cancer data platform to support geospatial analysis 
(Rose, et al), a report on how to use the NCI-supported 
File*Pro to automate processing out of state cases (Jain, et 
al), an approach to assessing the quality of geocoded cancer 
registry data (Lefante, et al), and an early assessment of 
the linkage of Medicaid data with a non-SEER registry to 
assess cancer outcomes (Koroukian, et al).  The short report 
discusses the complications of central sequence numbers 
that approach 60 for malignant tumors (Moore, et al).

The winning posters were presented and judged at our 
annual conference in Hartford, Connecticut. The Research 
and Data Use winning poster, from the Iowa Cancer 
Registry, presents a geospatial analysis of stage at diagnosis 
for HPV-related cancers (Janio, et al). The Standards and 
Registry Operations winning poster, from the New Jersey 
Stat Cancer Registry, covers case ascertainment of mela-
noma to support research (Flores, et al).

Please note that the opinions, findings, and conclusions 
in this report are those of the authors and do not necessarily 
represent the views of the NAACCR, NCRA, or the JRM.

I am grateful to continue our collaboration with NCRA 
and JRM on this special publication of NAACCR-focused 
articles. And, again, I would like to express my appreciation 
for both the article and poster reviewers. 

Respectfully, 
Recinda Sherman, PhD, MPH, ODS-C
Guest Editor, JRM

Letter from the Guest Editor



Journal of Registry Management 2025 Volume 52 Number 4	 109

Original Article

The Effect of Persistent Poverty on 
Cancer Outcomes in California

Frances B. Maguire a; Ani S. Movsisyan Vernon a; Brenda M. Hofer a; Arti Parikh-Patel a; Theodore Wun a,b;  
Shehnaz K. Hussain c; Theresa H. M. Keegan a,b

Abstract: Background: Patients diagnosed with cancer in persistent poverty areas (PPAs) are more likely to present with 
advanced-stage disease and experience decreased survival compared to those in more affluent regions nationally. However, 
prior studies have not considered the independent effects of PPAs on stage at diagnosis and survival in California, which 
could inform efforts to improve cancer outcomes. Methods: We identified patients (≥15 years) newly diagnosed with nine 
cancers (female breast, prostate, lung, colorectal, cutaneous melanoma, oropharyngeal, liver, stomach, and cervical) from 
2006 to 2020 in the California Cancer Registry. We used multivariable logistic regression to examine the association between 
living in PPAs (defined as having a poverty rate ≥20% for approximately 30 continuous years) and late-stage diagnosis 
(regional/distant versus in situ/localized). We used multivariable Cox proportional hazards regression to evaluate the 
effect of PPA on overall survival. Results: Among the 1,706,573 patients in the cohort, 6.0% (101,820) resided in PPAs. More 
patients in PPAs were younger, non-Hispanic Black or Hispanic, had public or no insurance, and lived in rural areas. Those 
living in PPAs (versus non-PPAs) had greater odds of late-stage diagnoses for all cancer types (adjusted odds ratios ranged 
from 1.09 to 1.46, p<0.02), except stomach. Across all cancer types, patients in PPAs had worse survival, even after consider-
ing stage at diagnosis and other factors (adjusted hazard ratios ranged from 1.05 to 1.35, p>0.01). Conclusion: Our findings 
of worse outcomes for patients living in PPAs highlight the need for more targeted interventions, such as education about 
cancer screening and funding to support improved access to healthcare in these areas.

Key words: California, cancer, poverty

__________
a California Cancer Reporting and Epidemiologic Surveillance Program, University of California Davis Comprehensive Cancer Center b Center for 
Oncology Hematology Outcomes Research and Training (COHORT) and Division of Hematology and Oncology, University of California Davis School of 
Medicine c Department of Public Health Sciences, University of California Davis Health 
Shehnaz K. Hussain and Theresa H. M. Keegan are co-senior authors. 
Address correspondence to Frances B. Maguire, 1631 Alhambra Blvd., Suite 200, Sacramento, CA 95816, fbmaguire@ucdavis.edu 
This work was supported by the UC Davis Comprehensive Cancer Center (P30CA093373), UC Davis Health System, under Orcid ID 0000-0001-8490-6229. 
The collection of cancer incidence data used in this study was supported by the California Department of Public Health pursuant to California Health and 
Safety Code Section 103885; the Centers for Disease Control and Prevention’s (CDC’s) National Program of Cancer Registries, under cooperative agreement 
5NU58DP006344; the National Cancer Institute’s Surveillance, Epidemiology, and End Results Program under contract HHSN261201800032I awarded to the 
University of California, San Francisco, contract HHSN261201800015I awarded to the University of Southern California, and contract HHSN261201800009I 
awarded to the Public Health Institute. The ideas and opinions expressed herein are those of the author(s) and do not necessarily reflect the opinions of the 
State of California, the California Department of Public Health, the National Cancer Institute, or the Centers for Disease Control and Prevention or their 
Contractors and Subcontractors.

Introduction
Although overall cancer incidence and mortality have 

declined in California since 1981, progress has not been 
equal for all populations. Disparities in cancer burden and 
outcomes by socioeconomic status, race/ethnicity, and 
geographic area persist, with worse cancer outcomes in 
minority, rural, and low income socioeconomic groups.2–5 
These disparities are pronounced in persistent poverty areas 
(PPAs), defined as areas where at least 20% of the popula-
tion has lived in poverty for four consecutive time periods, 
10 years apart, and persisting for approximately 30 years.6,7 
Based on persistent poverty classification at the census tract 
level, 60% of counties in California have PPAs ranging from 
1% to 42% of census tracts.8 

Stage at diagnosis is one of the strongest predictors 
of cancer survival.9 Our prior work showed that fewer 
patients living in PPAs were diagnosed at localized stages10 
than patients in non-PPAs, suggesting barriers to accessing 
health care and cancer screenings. However, our prior work 

did not evaluate the independent effect of living in PPAs 
on stage at diagnosis and associations with survival.10 US 
studies have found later stage at diagnosis and higher 
cancer mortality in patients living in PPAs, with cancer 
deaths in PPAs approximately 7% higher than in non-
PPAs.11,12 Understanding and addressing inequities faced 
by residents in PPAs is a National Cancer Institute (NCI) 
priority through its Persistent Poverty Initiative (PPI).13 
The NCI PPI has developed a framework that illustrates 
multilevel factors associated with PPAs that may contribute 
to developing cancer with associated potential interven-
tions.13 Quantifying the effect of living in PPAs on stage at 
cancer diagnosis and associations with survival in a large 
state with substantial geographic variation in poverty is a 
critical first step that can guide cancer control efforts and 
interventions, including addressing risk factors identified 
in the PPI, such as smoking and poor access to screening,13 
and developing tailored cancer education.13 We therefore 
sought to examine the independent effect of persistent 

mailto:fbmaguire%40ucdavis.edu?subject=
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poverty on stage at diagnosis and survival for nine cancers 
that either have screening tests available or are associated 
with smoking.14

Methods

Study population
We identified patients in the California Cancer Registry 

(CCR) who were ≥15 years of age and diagnosed during 
the years 2006 to 2020 with in situ or invasive cancers 
of the breast (female), prostate, lung, colon and rectum 
(colorectal), skin (cutaneous melanoma), oropharynx, liver, 
stomach, or cervix, using the International Classification of 
Diseases for Oncology, 3rd edition site and histology codes 
(ICD-O-3), using the following Surveillance, Epidemiology, 
and End Results (SEER) site recodes:15 26000, 28010, 22030, 
21041, 21042, 21043, 21044, 21045, 21046, 21047, 21048, 
21049, 21051, 21052, 25010, 20010, 20020, 20030, 20040, 20050, 
20060, 20070, 20080, 20090, 20100, 21071, 21072, 21020, and 
27010. The CCR is a population-based cancer surveillance 
system that collects incidence reports on more than 190,000 
cases of cancer diagnosed annually in California (99% of all 
diagnoses). It has collected data on tumor characteristics, 
treatment, and patient demographics since 1988. CCR’s 
regional registries are supported by the NCI SEER program.

Sociodemographic and clinical characteristics
The CCR provided patient characteristics including 

the following demographic and clinical information: age 
at diagnosis, sex, health insurance type, race/ethnicity, 
rural/urban residence, comorbidity score, stage at diag-
nosis, marital status, and NCI designation of treating 
facility. We categorized patients into male or female sex 
and grouped health insurance into private (HMO, PPO, 
fee for service, Tricare, military, Veterans Affairs, Medicare 
with supplement), public/uninsured (Medicaid, Medicare 
without supplement, Medicare with Medicaid eligibility, 
Indian/Public Health Service, county funded, not insured), 
and unknown. We combined no insurance with public 
insurance because prior work has shown that patients with 
public insurance at diagnosis were uninsured or intermit-
tently insured with public insurance before their diagnosis 
and that the small number of uninsured patients likely 
reflects retroactive Medicaid enrollment.16 We grouped 
race/ethnicity into non-Hispanic (NH) White, NH Black, 
Hispanic, Asian/Pacific Islander, American Indian, and 
other/unknown, based on the North American Association 
of Central Cancer Registries’ Hispanic and Asian/Pacific 
Islander identification algorithm.17 Hispanic identification 
is not explicitly excluded from the Asian/Pacific Islander 
or American Indian categories because a logic is applied 
where these groups are categorized first from the race fields. 
Rural/urban residence was based on Medical Service Study 
Area (MSSA) designations developed by the Department of 
Health Care Access and Information and based on the U.S. 
census.18 MSSAs were designed to identify medically under-
served areas and are routinely used in California.19 Patients 
with a frontier designation were combined into the rural 
category. Patients were classified into comorbidity categories 

of 0, 1, and 2 or more, using a Charlson comorbidity index 
based on 16 medical conditions, excluding cancer diag-
noses, reported in the Department of Health Care Access 
and Information (HCAI) hospital discharge data linked to 
CCR data.20 Stage at diagnosis was categorized as early (in 
situ, localized), late (regional, distant), and unknown using 
SEER summary stage. Treatment at NCI-designated cancer 
centers was determined by reviewing all abstracts from 
reporting facilities where patient treatment occurred and 
assigning NCI status if the cancer had been diagnosed when 
the facility had NCI designation. 

PPA was defined by the U.S. Department of 
Agriculture’s Economic Research Service and the National 
Cancer Institute as areas where ≥20% of residents were 
living in poverty over multiple decades (approximately 
30 years) as determined by the 1990 and 2000 decen-
nial censuses and the 2007–2011 and 2015–2019 American 
Community Survey 5-year estimates.6 Data regarding the 
persistent poverty status for each census tract was accessed 
from the University of California San Francisco Health Atlas 
project.21 Cancer patients were mapped to each census tract 
based on their address at the time of cancer diagnosis. We 
excluded patients with unknown addresses at the time of 
diagnosis (N=7,903, 0.5%).

Statistical Analysis
We used descriptive statistics to examine unadjusted 

associations between sociodemographic and clinical charac-
teristics by PPA residence.

We used multivariable logistic regression models to 
evaluate the association between residing in a PPA and 
late stage of diagnosis versus early stage by cancer types. 
Models included the following sociodemographic and clin-
ical factors that could impact access to care:22 age, sex, health 
insurance type, race/ethnicity, rural/urban residence, and 
marital status. Results are presented as adjusted odds ratios 
(OR) and their associated 95% confidence intervals (CI). 
We used multivariable Cox proportional hazards regres-
sion to evaluate the effect of residing in a PPA on overall 
survival, adjusting for factors that can impact survival,23 
including age, sex, stage, comorbidity, health insurance 
type, race/ethnicity, rural/urban residence, marital status, 
and NCI-designation of treating facility. Survival time was 
calculated as days from the date of diagnosis to the date of 
death from any cause or the date of last follow-up, through 
2022. We assessed proportional hazards assumptions by 
inspecting the survival curves [survival function versus 
survival time and log (-log) of the survival function versus 
the log of time]. Results are presented as adjusted hazard 
ratios (HR) and their associated 95% CIs. For all models 
(OR, HR), the stage groupings for each cancer type were 
evaluated using Kaplan Meier survival curves and, based 
on the results, unknowns (2–13%) were combined with the 
stage group they most aligned with (late-stage for all cancer 
types except prostate and cutaneous melanoma). Analyses 
were conducted using SAS software version 9.4 (SAS 
Institute Inc., Cary, North Carolina). All analyses were over-
seen by the Institutional Review Board of the University of 
California, Davis.
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Results
Of the 1,706,573 cancers of the breast, prostate, lung, 

colon and rectum, skin (cutaneous melanoma), oropharynx, 
liver, stomach, and cervix diagnosed from 2006–2020, 6.0% 
(101,820) were diagnosed in patients residing in PPAs. 
Individuals with cancer residing in PPAs were younger 
(49.4% versus 44.9% 15–64 years), NH Black (17% versus 
5.7%), Hispanic (37.1% versus 15.2%), had public or no 
insurance (52.8% versus 31.1%), lived in rural areas (18.4% 
versus 13.9%), and were diagnosed with distant stage 
disease (21.4% versus 15.3%) (Table 1).

Individuals living in PPAs (versus non-PPAs) had 
greater odds of late-stage diagnosis for all cancer types 
except stomach, ranging from 9% greater odds for oropha-
ryngeal (OR 1.09, 95% CI 1.01,1.17) and liver (OR 1.09, 95% 
CI 1.03,1.15) cancer patients to 46% greater odds for patients 
with cutaneous melanoma (OR 1.46, 95% CI 1.34,1.59) 
(Figure 1). Factors associated with late-stage diagnoses 
included male sex, public or no insurance (versus private), 
and being unmarried. Increasing age was associated with 
greater odds of late-stage diagnosis for prostate and cervical 
cancers. The odds of late-stage diagnoses were greater for 
most racial/ethnic groups (relative to NH Whites) across 

multiple cancer types, with a few notable exceptions. 
Hispanic and Asian/Pacific Islander patients had lower 
odds of late-stage diagnosis for liver cancer and Asian/
Pacific Islander patients had lower odds of late-stage diag-
nosis of breast cancers. Rural residents had greater odds of 
late-stage diagnosis for most cancer types (breast, prostate, 
lung, cutaneous melanoma, liver) (Supplemental Table 1). 

Individuals living in PPAs had poorer survival than 
those living in non-PPAs for all cancer types (Figure 2, 
Supplemental Table 2). Patients residing in PPAs had 
increased risks of death relative to those living in non-
PPAs, ranging from 5% for those with stomach (HR 1.05, 
95% CI 1.01,1.09) cancer to 34% for those with cutaneous 
melanoma (HR 1.34, 95% CI 1.28,1.41). Five-year overall 
survival was 4–13% lower in PPAs compared to non-PPAs 
(Supplemental Table 3). Factors associated with poorer 
survival included male sex, increasing age, late-stage diag-
nosis, higher comorbidity, public or no insurance, rural 
location, being unmarried, and treatment at non-NCI-
designated cancer centers. Hispanic and Asian/Pacific 
Islander patients (versus NH White) had better survival for 
most cancers while NH Black patients had poorer survival 
for most cancers (Supplemental Table 2).

Table 1. Characteristics of patients diagnosed with 9 cancers according to residence in a persistent poverty area (PPA), 
California, 2006–2020

 Variables
Total

n=1 706 573
Not residing in a PPA
n=1 604 753 (94.0%)

Residing in a PPA
n=101 820 (6.0%)

Age (years) n (%) n (%) n (%)

15–39 56 741 (3.3) 52 489 (3.3) 4252 (4.2)

40–64 714 058 (41.8) 668 057 (41.6) 46 001 (45.2)

65–79 669 926 (39.3) 632 213 (39.4) 37 713 (37.0)

80 plus 265 848 (15.6) 251 994 (15.7) 13 854 (13.6)

Sex

Male 825 341 (48.4) 774 516 (48.3) 50 825 (49.9)

Female 881 232 (51.6) 830 237 (51.7) 50 995 (50.1)

Race/ethnicity

NH White 1 070 195 (62.7) 1 036 821 (64.6) 33 374 (32.8)

NH Black 108 339 (6.3) 91 048 (5.7) 17 291 (17.0)

Hispanic 281 295 (16.5) 243 497 (15.2) 37 798 (37.1)

Asian/PI 190 096 (11.1) 179 291 (11.2) 10 805 (10.6)

American Indian 9373 (0.5) 8436 (0.5) 937 (0.9)

Other/unknown 47 275 (2.8) 45 660 (2.8) 1615 (1.6)

Health insurance

Private/military 1 011 789 (59.3) 971 596 (60.5) 40 193 (39.5)

Public/uninsured 553 468 (32.4) 499 751 (31.1) 53 717 (52.8)

Unknown 141 316 (8.3) 133 406 (8.3) 7910 (7.8)

Rural/urban residence

Rural 241 403 (14.1) 222 694 (13.9) 18 709 (18.4)

Urban 1 465 168 (85.9) 1 382 058 (86.1) 83 110 (81.6)

Unknown 2 (0.0) 1 (0.0) 1 (0.0)
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Table 1, cont. Characteristics of patients diagnosed with 9 cancers according to residence in a persistent poverty area (PPA), 
California, 2006–2020

 Variables
Total

n=1 706 573
Not residing in a PPA
n=1 604 753 (94.0%)

Residing in a PPA
n=101 820 (6.0%)

Stage at diagnosis

In situ/localized 980 711 (57.5) 933 285 (58.2) 47 426 (46.6)

Regional 358 004 (21.0) 333 792 (20.8) 24 212 (23.8)

Distant 267 312 (15.7) 245 531 (15.3) 21 781 (21.4)

Unknown 100 546 (5.9) 92 145 (5.7) 8401 (8.3)

NCI Cancer Center

No 1 475 975 (86.5) 1 388 226 (86.5) 87 749 (86.2)

Yes 230 598 (13.5) 216 527 (13.5) 14 071 (13.8)

Marital status

Not married 619 056 (36.3) 567 867 (35.4) 51 189 (50.3)

Married 903 097 (52.9) 861 717 (53.7) 41 380 (40.6)

Unknown 184 420 (10.8) 175 169 (10.9) 9251 (9.1)

Cancer type

Breast (female) 475 751 (27.9) 450 136 (28.1) 25 615 (25.2)

Prostate 316 139 (18.5) 298 037 (18.6) 18 102 (17.8)

Lung 256 908 (15.1) 238 609 (14.9) 18 299 (18.0)

Colorectal 229 053 (13.4) 212 375 (13.2) 16 678 (16.4)

Cutaneous melanoma 238 417 (14.0) 232 925 (14.5) 5492 (5.4)

Oral 64 300 (3.8) 60 173 (3.7) 4127 (4.1)

Liver 59 099 (3.5) 52 811 (3.3) 6288 (6.2)

Stomach 44 799 (2.6) 40 347 (2.5) 4452 (4.4)

Cervical 22 107 (1.3) 19 340 (1.2) 2767 (2.7)

Vital status

Dead 661 301 (38.8) 610 806 (38.1) 50 495 (49.6)

Alive 1 045 272 (61.2) 993 947 (61.9) 51 325 (50.4)

Excludes 7903 patients missing PPA residence
Excludes 1039 patients <15 years of age
Abbreviations: NH, non-Hispanic; PI, Pacific Islander; NCI, National Cancer Institute

Discussion
In our population-based study of over 1,700,000 indi-

viduals in California, those living in PPAs were more likely 
to have worse survival across all 9 types of cancer and be 
diagnosed with late-stage breast, prostate, lung, colorectal, 
cutaneous melanoma, oropharyngeal, liver, and cervical 
cancers. Seven of the common cancers considered in this 
study have screening tests (breast, cervical, colorectal, lung, 
cutaneous melanoma, oral, prostate) that could poten-
tially prevent the cancer (cervical, colorectal) or detect it 
at an early stage (breast, lung, cutaneous melanoma, oral, 
prostate), suggesting barriers to cancer screening in PPAs. 
Lower adherence to cancer screening24–29 has been associ-
ated with later stage diagnosis and is identified in the NCI 
PPI conceptual framework as an important factor impacting 
cancer burden in PPAs.13 In addition, even after adjustment 
for stage at diagnosis and other sociodemographic clinical 

factors, those residing in PPAs experienced worse survival, 
which may relate to barriers to access to high quality cancer 
care and cancer screening in these groups.

Our findings are consistent with prior work showing 
higher mortality rates and more late-stage diagnoses of 
cancer in PPAs compared to non-PPAs in the US.7,12 Similar 
to these studies, we found increased odds of presenting 
with advanced stage disease and worse survival for lung, 
breast, and colorectal cancers, but also for prostate, cuta-
neous melanoma, oropharyngeal, and cervical cancers. 
Unlike previous studies, our work quantified the indepen-
dent effect of PPAs on both stage at diagnosis and survival 
across 9 common cancers, data which can inform multilevel 
interventions and sustainable policies to reduce the cancer 
burden in these areas in California.13

The association of poverty with worse cancer outcomes 
and the contributions that individual factors play in this 
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Figure 1. Associations between residing in a persistent poverty area (yes vs. no) and late-stage (vs. early-stage) diagnosis  
by cancer type, California, 2006–2020 

Abbreviations: OR, odds ratio; CI, confidence interval
Models adjusted for age, sex, health insurance type, race/ethnicity, rural/urban residence, and marital status. Stage at diagnosis defined as regional/
distant (late-stage) and in situ/ localized (early-stage) from Surveillance, Epidemiology, and End Results (SEER) summary stage.

Supplemental Table 1. Characteristics associated with late-stage (vs. early-stage) diagnoses by cancer type

Abbreviations: OR, odds ratio; CI, confidence interval; NH, non-Hispanic
Models adjusted for all variables in the table. Stage at diagnosis defined as regional/distant (late-stage) and in situ/localized (early-stage) from 
Surveillance, Epidemiology, and End Results (SEER) summary stage.
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Supplemental Table 1. Characteristics associated with late stage (vs. early stage) diagnoses by cancer type, continued 

Abbreviations: OR, odds ratio; CI, confidence interval; NH, non-Hispanic
Models adjusted for all variables in the table. Stage at diagnosis defined as regional/distant (late-stage) and in situ/localized (early-stage) from 
Surveillance, Epidemiology, and End Results (SEER) summary stage.

Figure 2. Associations between residing in a persistent poverty area (yes vs. no) and overall survival by cancer type, 
California 2006–2020 

Abbreviations: HR, hazard ratio; CI, confidence interval
Models adjusted for age, sex, stage, comorbidity, treatment at NCI-designated cancer center, health insurance type, race/ethnicity, rural/urban resi-
dence, and marital status.
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Supplemental Table 2. Characteristics associated with overall survival by cancer type

Abbreviations: HR, hazard ratio; CI, confidence interval; NH, non-Hispanic; NCI, National Cancer Institute
Models are adjusted for all variables in the table.
Some categories were combined for model fit: age: 15–39 and 40–64 combined for prostate cancer and stomach cancer; comorbidity: unknown 
combined with 1 for lung cancer; health insurance: unknown combined with public for breast, prostate, colorectal, stomach, and cervix cancers. 
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Supplemental Table 2. Characteristics associated with overall survival by cancer type, continued

Abbreviations: HR, hazard ratio; CI, confidence interval; NH, non-Hispanic
Models are adjusted for all variables in the table.
Some categories were combined for model fit: age: 15–39 and 40–64 combined for prostate cancer and stomach cancer; comorbidity: unknown 
combined with 1 for lung cancer; health insurance: unknown combined with public for breast, prostate, colorectal, stomach and cervix cancers. 

Supplemental Table 3. Stage, vital status, and survival by persistent poverty area designation and cancer site

*Excludes 8401 cases with unknown stage information
**Excludes 92,145 cases with unknown stage information
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relationship are not well understood. Contributing factors 
include worse health behaviors (tobacco use, obesity, and 
physical inactivity)30–32 and increased barriers to healthcare, 
such as lack of health insurance and shortages of health-care 
providers in PPAs.33,34 We observed that the majority of 
patients in PPAs had public or no insurance coverage. Poor 
access to care results in insufficient cancer screening.35,36 
Finally, social determinants of health are widely recognized 
as playing a large role in worse cancer outcomes in PPAs 
and include economic and social policies, discrimination, 
violence, environmental pollutants, literacy, and political 
structures.13,37

In our study, the strongest associations with late-
stage diagnoses and worse overall survival in PPAs were 
among patients with cutaneous melanoma. This could be 
attributable to a shortage of dermatologists and a lack of 
dermatologic education among primary care providers in 
PPAs compared to non-PPAs.38,39 Individuals with prostate 
cancer living in PPAs also had strong associations with both 
late-stage diagnosis and worse survival. Prior work has 
shown lower prostate cancer screening rates and less defini-
tive treatment among individuals diagnosed with prostate 
cancer in PPAs.40,41 The lack of association between PPAs 
and late-stage diagnosis for patients with stomach cancer 
is not consistent with prior work and warrants additional 
follow up research.42

This study had limitations. The poverty measure we 
used includes census tracts with large off-campus college 
student populations, which are transient resident groups 
and could result in misclassification of poverty status.43 
An analysis evaluating the impact of excluding off-campus 
college students on poverty rates found that the inclusion 
of off-campus college students may have a strong impact on 
determination of poverty rates at finer levels of geography, 
such as the census tract level that was the geographical unit 
used to determine PPA status of participants in this study.44 
Another limitation was our inability to include smoking 
status in our models due to the high level of missing values 
for this variable during the time period of this study. We 
also lacked other data, such as cancer screening and health 
behaviors, that could impact stage at diagnosis and survival. 
Despite these limitations, this study used high-quality 
population-based data from a large ethnically diverse state 
to report the independent effect of PPAs on outcomes for 9 
cancer types. Additionally, evaluation of PPAs as a measure 
of economic and social disadvantage provides a broader 
look compared to a point in time measure of the barriers 
beyond the individual that perpetuate disparities.45

In conclusion, our study found significant dispari-
ties in stage at diagnosis and overall survival for cancer 
patients residing in PPAs. Our findings highlight the 
need for more targeted interventions, such as education 
about cancer screening and funding to support improved 
access to healthcare in PPAs. In addition, our results indi-
cate that more research is needed to better understand 
barriers to accessing cancer care among residents of PPAs. 
Understanding the cancer outcomes among those living in 
PPAs is essential to guide public health strategies and policy 
initiatives. 
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Breast and Ovarian Cancer Syndrome, 2015–2019: 

A Population-based Cancer Registry Analysis
Caroline B. Morales, MPH a,b; Lisa E. Paddock, PhD a,b; Katelyn Bleeker, MPH, ODS-C a; Antoinette M. Stroup, PhD a,b

Abstract: Background: Hereditary breast and ovarian cancer syndrome (HBOCS) is an inherited condition that increases 
the risk of developing several types of cancer; however, the true burden of HBOCS-related cancers remains unclear at the 
population level. Methods: We used 2015–2019 breast and ovarian cancer data (N=55,437) from the New Jersey State Cancer 
Registry to estimate the age-adjusted incidence of HBOCS-related breast and ovarian cancers in New Jersey, overall and 
by county. Cancers meeting 5 HBOCS diagnostic characteristics selected from the 2021 National Comprehensive Cancer 
Network risk assessment guidelines were flagged as possibly being HBOCS-related and referred to as “possible-HBOCS 
(pHBOCS).” We evaluated the racial/ethnic and stage patterns of HBOCS cancers and compared them to all cancers to 
further characterize the HBOCS burden. Age-adjusted incidence rates (AAIR) per 100,000 population, rate ratios (RR), 
and 95% confidence intervals (CI) were computed using the Surveillance, Epidemiology, and End Results Program (SEER) 
*Stat Database. Results: We identified 12,679 pHBOCS cancers among NJ residents from 2015–2019. The female AAIR of 
pHBOCS breast and ovarian cancers was 50.6 per 100,000 population. The rates of pHBOCS varied by county, and pHBOCS 
county rates varied by race. Among Hispanic women, the incidence was significantly higher in Hunterdon County (AAIR 
115, 95% CI:68.4–181.1) than statewide (AAIR 40.6, 95% CI:38.7–42.6). The pHBOCS incidence was significantly lower for 
Asian/Pacific Islander (RR=0.85, 95% CI:0.80–0.91), Hispanic (RR=0.74, 95% CI:0.70–0.79), and non-Hispanic Black women 
(RR=0.90 95% CI:0.85–0.95) than non-Hispanic White women. Compared to local-stage ovarian cancers, the incidence 
of distant-stage was significantly higher in the overall cancer population (RR=2.59, 95% CI:2.37–2.83) and the pHBOCS 
cancers (RR=3.22, 95% CI:2.93–3.55). The rate of regional-stage ovarian cancers was only significantly higher than local 
for the pHBOCS group (RR=1.21, 95% CI:1.08–1.36). Conclusions: This study can be used as a starting point for building 
a framework that better estimates the population burden of HBOCS cancers. Quantifying the HBOCS impact improves 
our understanding of the true burden. Due to data availability limitations, true estimates could not be calculated. Policies 
supporting population-level, genetic/family history data collection are needed to accurately quantify HBOCS incidence. 

Key words: breast cancer, familial and hereditary cancers, HBOC, ovarian cancer

__________
a Rutgers Cancer Institute, New Brunswick, NJ b Department of Biostatistics and Epidemiology, Rutgers School of Public Health, Piscataway, NJ, United States
Address correspondence to Caroline B. Morales, MPH, Department of Cancer Registry-Research, Rutgers Cancer Institute, 135 East State Street, Trenton NJ, 
08625. Email: cbm72@cinj.rutgers.edu.

Introduction
Breast and ovarian cancers are the second and sixth 

leading causes of cancer-related deaths among US women, 
respectively,1 and nearly 530 men were projected to die from 
breast cancer in 2024.2 Up to 10% of breast cancers and 15% 
of ovarian cancers have been attributed to inherited muta-
tions,3,4 suggesting the burden of hereditary cancers may 
be significant at the population level. Hereditary breast and 
ovarian cancer syndrome (HBOCS) is an inherited condi-
tion, typically caused by mutations in the BReast CAncer 
(BRCA1 and BRCA2) genes, that increases the risk of devel-
oping cancer, particularly early-onset breast and ovarian 
cancers.5–9

While HBOCS-related cancer risk estimates vary in 
the literature,10–14 robust studies13,15 highlight the greater 
lifetime cancer risk faced by female BRCA1 and BRCA2 
mutation carriers (69–72% for breast; 17–44% for ovarian)13 
compared to the general population (12% for breast; 1–2% 
for ovarian).10 The risk increases as the number of affected 
family members increases.13,16 Male carriers face up to an 8% 
cumulative risk of breast cancer, whereas the general male 

population risk is much lower at 0.1%.10,17 Prior research 
also suggests that these hereditary cancers exhibit more 
aggressive features (i.e., high-grade, advanced stage).10 
BRCA1 mutations have been associated with higher grade 
and triple-negative breast cancer, an aggressive subtype.18,19 
BRCA1 and BRCA2 mutations have also been linked to 
high-grade, serous/epithelial ovarian cancers.20 Due to the 
elevated cancer risk associated with HBOCS, guidelines 
based on risk factors have been developed to identify 
affected individuals and recommend preventative measures 
and/or treatment.4,21

Existing studies have focused on BRCA1 and BRCA2 
mutation carriers11–13,15,22 and specific populations, such as 
women.12,13,15 Given recent evidence of significant associa-
tions between HBOCS and other genes, as well as variants 
of unknown significance, particularly among racial/ethnic 
minorities,14,23–26 the impact of HBOCS-related cancers may 
be underestimated. While the push toward multi-gene 
panel testing in hereditary cancer risk assessment27,28 may 
help increase sensitivity toward detecting affected indi-
viduals, the lack of routine data collection of risk factors 
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associated with hereditary cancers remains a barrier to 
assessing the true population burden. In one study, the Utah 
Cancer Registry measured the population-based prevalence 
of cancers meeting HBOCS-related criteria;29 however, its 
results may not be applicable or reproducible in states with 
more diverse populations and no population-based system 
for collecting family history data, like New Jersey (NJ).

Despite anecdotal evidence of high genetic testing 
rates among NJ women (Lisa Paddock, MPH, PhD, personal 
communication, August 31, 2022), the incidence of HBOCS 
in NJ remains unknown due to the lack of available genetic 
and family history data. Without knowing the incidence, 
implementing cancer control and prevention efforts (i.e., 
screening, preventative surgery) targeting those at risk is 
more challenging. To fill this gap, we sought to estimate 
the incidence of HBOCS-related breast and ovarian cancers 
among NJ residents from 2015–2019 using risk factor 
information (e.g., primary site, age at diagnosis, breast and 
ovarian subtype) available at the New Jersey State Cancer 
Registry (NJSCR). To further characterize the burden, we 
compared the race/ethnicity and stage patterns of HBOCS-
related breast and ovarian cancers and all breast and 
ovarian cancers.

Materials and Methods

Data Source
In this population-based cohort study, we utilized 

NJSCR data for New Jersey residents diagnosed with 
cancer between 2015–2019 to generate incidence statistics. 
Study variables were obtained from the NJSCR SEER*Stat 
Database analytic file created in 2023. 

Study Population
The study sample (N=55,437) included all breast and 

ovarian cancers diagnosed among NJ women and men 

from 2015 through 2019. We included invasive breast, 
ovarian, fallopian tube, and peritoneal cancers as well as 
ductal carcinoma in situ breast cancers. All cancers with 
ICD-O-3 histology codes 9050–9055, 9140, and 9590–9992 
were excluded per SEER standard.30 Three sarcoma ovarian 
cancer cases and 1 case with unclear histology were excluded 
from all analyses. 

Measures
We followed genetic testing criteria from the 2021 

National Comprehensive Cancer Network’s (NCCN) 
Breast, Ovarian, and Pancreatic Genetic/Familial High-Risk 
Assessment guidelines21 to identify cancers with diagnostic 
characteristics of hereditary breast and ovarian cancers. 
Five groups based on these characteristics were created 
using a combination of variables as defined in Table 1. 
Cancers fitting any group criteria were flagged as possibly 
being HBOCS-related (yes/no) and referred to as “possible-
HBOCS (pHBOCS)” throughout this paper.

From the NJSCR, we obtained site recode ICD-O-3/
WHO2008, primary site [North American Association of 
Central Cancer Registries item (NAACCR #400)], histo-
logic type ICD-O-3 (NAACCR #522), year of diagnosis 
(NAACCR #390), sex (NAACCR #220), age at diagnosis 
(NAACCR #230), sequence number—Central (NAACCR 
#380), breast subtype (2011+), race, Hispanic origin, stage for 
analysis, and county of patient residency at diagnosis vari-
ables. Hispanic origin is based on the NAACCR Hispanic 
Identification Algorithm (NHIA, NAACCR #191), which 
improves classification of ethnicity.31 Sequence number-
Central indicates the number and sequence of all primary 
tumors diagnosed within a person’s lifetime. Breast subtype 
(2011+) includes four subtypes based on joint hormone 
receptor [HR; estrogen receptor (ER) and progesterone 
receptor (PR)] and human epidermal growth factor 2 (HER2) 
receptor statuses for breast cancer cases. Based on the SEER 

Table 1. pHBOCS Group Variables and Definitions

pHBOCS Group SEER Variable(s) Definition

Early onset breast a cancer Age at diagnosis Breast cancer diagnosed ≤ age 45 (female only)

Multiple breast primaries
Sequence number—central (01–05)b 
and age at diagnosis

First breast cancer diagnosed between ages 46–50, with 
a subsequent breast cancer diagnosed at any age (female 
only)

Triple-negative breast cancer
Breast subtype (2011+)c and age at 
diagnosis

Estrogen receptor (ER)-negative, progesterone receptor (PR)- 
negative, and human epidermal growth factor receptor 2 
(HER2)-negative and diagnosed ≤ age 60 (female only)

Male breast cancer Sex Male breast cancer diagnosed at any age

Epithelial ovarian cancer
Primary site and histologic type  
ICD-O-3

Epithelial ovarian cancer (or fallopian tube or peritoneal 
cancer)d at any age

Abbreviation: pHBOCS, possible Hereditary Breast and Ovarian Cancer Syndrome; SEER, Surveillance, Epidemiology, and End Results Program
a Site recode ICD-O-3/WHO2008 is 26000 for breast cancer.
b Sequence number-central indicates the sequence of all reportable cancers over a person’s lifetime (01–05: more than 1 primary cancer).
c Breast subtype (2011+) is defined by joint hormone receptor (HR; ER and PR) and HER2 status. This variable was used to determine triple negative 
(yes/no/unknown or borderline) type status. Unknown included those with unavailable status or blanks.
d Defined as invasive ovarian, fallopian tube, and peritoneal cancer sites C569, C481–C482, C570 and epithelial ovarian ICD-O-3 histologies: 8001, 
8010, 8020, 8021, 8041, 8050, 8070, 8071, 8075, 8120, 8140, 8246, 8260, 8310, 8320, 8323, 8380, 8381, 8440, 8441, 8442, 8460, 8461, 8462, 
8470, 8472, 8474, 8480, 8490, 8574, 8950, 8980, 9000. 
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Table 2. Descriptive Statistics of Cancer Cases Meeting HBOCS Characteristics Among New Jersey Residents Overall and 
by Race and Ethnicity, 2015–2019, (N=55,437)

Race and Ethnicity a

HBOCS Characteristics by cancer
Overall  
N (%)

Non-Hispanic 
White 
n (%)

Non-Hispanic 
Black 
n (%)

Non-Hispanic 
Asian and Pacific 

Islander n (%)

Hispanic 
n (%)

Breast cancer,b total, n 51 448 35 515 6323 3636 5699

Age at diagnosis

≤ 45 years 5889 (11.5) 3171 (9.0) 802 (12.8) 753 (20.8) 1113 (19.6)

> 45 years 45 157 (88.5) 32 041 (91.0) 5462 (87.2) 2866 (79.2) 4567 (80.4)

Sex

Male 402 (0.8) 303 (0.9) 59 (0.9) 17 (0.5) 19 (0.3)

Female 51 046 (99.2) 35 212 (99.1) 6264 (99.1) 3619 (99.5) 5680 (99.7)

Multiple  primaries c

Yes 1534 (3.0) 1087 (3.1) 178 (2.8) 127 (3.5) 141 (2.5)

No 49 512 (97.0) 34 125 (96.9) 6086 (97.2) 3492 (96.5) 5,539 (97.5)

Triple-negative d

Yes 1889 (3.7) 982 (2.8) 460 (7.3) 131 (3.6) 306 (5.4)

No 35 412 (69.4) 25 075 (71.2) 4082 (65.2) 2303 (63.6) 3812 (67.1)

Unknown/ Borderline 13 745 (26.9)  9155 (26.0)  1,722 (27.5)  1185 (32.7) 1562 (27.5) 

Ovarian Cancer total, n 3989 2784 420 300 466

Epithelial  ovarian,e fallopian tube, or primary peritoneal

Yes 3588 (89.9) 2569 (92.3) 335 (79.8) 278 (92.7) 390 (83.7)

No 401 (10.1) 215 (7.7) 85 (20.2) 22 (7.3) 76 (16.3)

pHBOCS breast and ovarian cancers f

pHBOCS breast only g 9090 (17.7) 5252 (14.8) 1345 (21.3) 975 (26.8) 1460 (25.6)

pHBOCS breast and ovarian 12 679 (22.9) 7821 (20.4) 1680 (24.9) 1253 (31.8) 1851 (30.0)

Non-pHBOCS 42 758 (77.1) 30 478 (79.6) 5063 (75.1) 2683 (68.2) 4314 (70.0)

Abbreviation: HBOCS, Hereditary Breast and Ovarian Cancer Syndrome; pHBOCS, possible HBOCS
a Race and ethnicity: Includes Hispanic of any race.
b Includes invasive and ductal carcinoma in situ.
c Multiple primaries defined dichotomously (yes/no) as first breast primary cancer diagnosed at age 46–50 with subsequent breast primary at any age 
(female only).
d Triple-negative breast cancer defined (yes/no/unknown or borderline) as cancers lacking estrogen (ER), progesterone (PR), and hormone receptors 
(HER2) and diagnosed ≤ age 60. Unknown included those with unavailable status or blanks (female only).
e Epithelial ovarian cancer includes invasive mucinous and non-mucinous histologies.
f Includes cancers meeting at least one of the following criteria: male breast cancer, breast cancer diagnosed ≤ age 45, first primary breast cancer 
diagnosed age 46–50 with 2+ primary breast cancer at any age, triple-negative and diagnosed ≤ age 60, or any epithelial ovarian cancer (including 
peritoneal and fallopian tube).
g Category represents the pHBOCS-related breast cancers out of all diagnosed breast cancers alone.
Note: Most rows may not sum to total as cases may meet more than one criterion; categories are not mutually exclusive.

software algorithm, if all three receptor statuses are nega-
tive, then the subtype is HER2-/HR- (triple-negative).32 
Race and ethnicity were combined and recoded as four 
mutually exclusive categories: non-Hispanic White, non-
Hispanic Black, non-Hispanic Asian and Pacific Islander 
(API), and Hispanic (any race). The SEER stage for analysis 
variable (combination of NAACCR numbers 759, 760, 762, 
and 3020),31 representing stage at diagnosis or treatment, 
was recategorized as in situ (for breast only), local, regional, 

distant, and unstaged. The county variable included all 21 
NJ counties.

Statistical Analysis
We presented descriptive statistics of HBOCS-related 

characteristics for the NJ population by cancer type and 
race/ethnicity. We generated age-adjusted incidence rates 
(per 100,000 population) for pHBOCS breast and ovarian 
cancers, overall, by county and by race. County rates were 
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generated for each racial/ethnic group. RR by stage were 
analyzed to determine severity of disease within pHBOCS 
cancers. pHBOCS rate ratios (RR) by race and stage were 
compared to those of all cancers. We calculated combined 
male and female rates and female-only rates. Rates were 
age-adjusted to the 2000 US standard population (19 age 
groups- Census P25-1130), and 95% confidence intervals 
(CI) for rates and rate ratios were generated using the Tiwari 
et al 2006 estimation method. Rate ratios were considered 
statistically significant at the 0.05 level. All statistics were 
generated using SEER*Stat 8.4.

Results

Sample Characteristics
Overall, 51,448 breast and 3,989 ovarian cancers 

(including fallopian tube and peritoneal cancers) were diag-
nosed among NJ residents from 2015–2019 (Table 2). Most 
breast cancers were diagnosed in women (99.2%), 3.7% were 
triple-negative, and 3% fit the multiple primary criteria. 
Most ovarian, fallopian tube, and peritoneal cancers met the 
pHBOCS criteria (89.9%). Nearly 18% of all breast cancers 
and 23% of all breast and ovarian cancers (N=12,679) fit the 
pHBOCS definition.

We observed differences in the percentages of HBOCS 
diagnostic characteristics by race/ethnicity. The propor-
tion of cancers diagnosed at or before age 45 was higher 
among APIs (20.7%), Hispanics (19.5%), and Blacks (12.8%) 
compared to Whites (9.0%). Similarly, the proportion of 
triple-negative breast cancers was higher among Blacks 
(7.3%), APIs (3.6%), and Hispanics (5.4%) than Whites 
(2.8%). The proportion of pHBOCS cancers was also higher 
among all racial minority groups compared to Whites. 
However, the distribution of cancers by sex and multiple 
primary criteria was similar regardless of race/ethnicity. 

Age-adjusted Incidence by County
The age-adjusted incidence rate (AAIR) of pHBOCS 

breast and ovarian cancers among NJ women was 50.6 
per 100,000 (95% CI: 49.6–51.5) from 2015–2019 (Figure 1). 
Relative to the statewide rate, Hunterdon (AAIR 62.0, 95% 
CI: 52.9–72.1), Somerset (AAIR 57.2, 95% CI: 52.0–62.7), and 
Bergen (AAIR 55.2, 95% CI: 52.2–58.4) counties had signifi-
cantly higher rates, whereas Middlesex (AAIR 45.2, 95% 
CI: 42.3–48.2), Hudson (AAIR 43.0, 95% CI: 39.8–46.4), and 
Cumberland (AAIR 37.8, 95% CI: 31.5–44.9) counties had 
significantly lower rates.

Age-adjusted Incidence by Race and County
Among Hispanic women, the incidence of pHBOCS 

breast and ovarian cancers was significantly higher in 
Hunterdon County (AAIR 115, 95% CI: 68.4–181.1) but 
lower in Hudson County (AAIR 33.8, 95% CI: 29.6–38.4), 
relative to the statewide Hispanic rate (AAIR 40.6, 95% CI: 
38.7–42.6) (not shown). The rate was significantly lower in 
Ocean County for Whites (AAIR 45.3, 95% CI: 41.3–49.7), 
Cumberland County for Blacks (AAIR 25.5, 95% CI: 14.6–
41.3), and Atlantic County for APIs (AAIR 26.3, 95% CI: 
14.8–43.5) when compared to the statewide rate of their 
respective racial/ethnic group.

All Cancers versus pHBOCS-related Cancers
Racial/ethnic patterns were similar for all female 

breast and ovarian cancers and pHBOCS female breast and 
ovarian cancers (not shown). Among all female breast and 
ovarian cancers, the AAIRs were significantly lower for 
Blacks (RR=0.90, 95% CI:0.87–0.92), APIs (RR=0.77, 95% 
CI:0.75–0.80), and Hispanics (RR=0.74, 95% CI:0.72–0.76) 
relative to Whites. Likewise, among the pHBOCS cancers, 
the AAIRs were significantly lower for Black (RR=0.90, 
95% CI:0.85–0.95), API (RR=0.85, 95% CI:0.80–0.91), and 
Hispanic women (RR=0.74, 95% CI:0.70–0.79) compared to 
White women. 

Table 3 compares AAIRs and RRs by stage for female-
only breast cancers. Similar to all breast cancers (RR=2.18, 
95% CI:2.14–2.23), the incidence of local-stage cancers 
among the pHBOCS breast cancers was significantly higher 
than the incidence of in situ cancers (RR=1.86, 95% CI:1.76–
1.98). The incidence of distant-stage breast cancers was 
significantly lower (All: RR=0.22, 95% CI:0.21–0.23 versus 
pHBOCS: RR=0.19, 95% CI:0.17–0.21) than in situ. The rate 
of regional-stage cancers was significantly higher compared 
to the rate of in situ cancers among the pHBOCS breast 
cancers (RR=1.16, 95% CI:1.09–1.24) but significantly lower 
among all breast cancers (RR=0.84, 95% CI:0.82–0.87). With 
respect to ovarian cancers (Table 4), the incidence of distant-
stage cancers was significantly higher than the incidence of 
local-stage cancers among all ovarian cancers (RR=2.59, 95% 
CI:2.37–2.83) and the pHBOCS ovarian cancers (RR=3.22, 

Figure 1. Age-adjusted Cancer Incidence (per 100,000) of 
Possible HBOCS-related Female Breast and Ovarian Cancers 

Diagnosed in NJ by County, 2015–2019
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Table 3. Female Age-adjusted Cancer Incidence and Rate Ratios by Stage: All Breast Cancers vs. pHBOCS a Breast 
Cancers, 2015–2019 (N=51 045)

 All Breast Cancers pHBOCS Breast Cancers

 Stage b Count

Age-
adjusted c 
incidence 

(per 
100,000)

(95% CI) d
Rate* 
ratio

 

(95% CI) Count

 Age-
adjusted  
incidence 

(per 
100 000)

 

(95% CI)
Rate 
ratio

(95% CI)

In Situ 11 411 41.5 (40.7–42.3) Ref  1725 8.9 (8.5–9.3) Ref

Local 26 065 90.6 (89.5–91.8) 2.18 (2.14–2.23) 3438 16.6 (16.0–17.2) 1.86 (1.76–1.98)

Regional 9549 35.0 (34.3–35.8) 0.84 (0.82–0.87) 2072 10.4 (9.9–10.8) 1.16 (1.09–1.24)

Distant 2644 9.0 (8.6–9.3) 0.22 (0.21–0.23) 354 1.7 (1.5–1.9) 0.19 (0.17–0.21)

Unstaged 1376 4.6 (4.3–4.8) 0.11 (0.10–0.12) 170 0.8 (0.7–1.0) 0.09 (0.08–0.11)

Abbreviation: CI, Confidence interval; pHBOCS, possible Hereditary Breast and Ovarian Cancer Syndrome
a pHBOCS includes cancers meeting at least one of the following criteria: breast cancer diagnosed ≤ age 45, first primary breast cancer age 46–50 with 
2+ primary breast cancer at any age, triple-negative diagnosed ≤ age 60, or any epithelial ovarian cancer (including peritoneal and fallopian tube).
b The SEER stage for analysis variable uses an algorithm to combine multiple stage variables (combination of NAACCR item #759, 760, 762, and 3020), 
representing stage at diagnosis or treatment.
c Age-adjusted to 2000 U.S. standard population.
d 95% CI generated by Tiwari et al., 2006 estimation method for age-adjusted rates.
*Significant at p<.05.

Table 4. Age-adjusted Cancer Incidence and Rate Ratios by Stage: All Ovarian Cancers vs. pHBOCSa Ovarian Cancers, 
2015–2019, (N=3965)

 All Ovarian Cancers pHBOCS Ovarian Cancers

 Stage b Count

Age-
adjusted c 
incidence 

(per 
100,000)

(95% CI) d
Rate* 
ratio

 

(95% CI) Count

 Age-
adjusted  
incidence 

(per 
100 000)

 

(95% CI)
Rate 
ratio

(95% CI)

Local 718 2.7 (2.5–2.9) Ref  573 2.1 (1.9–2.3) Ref

Regional 791 2.8 (2.6–3.0) 1.01 (0.91–1.12) 736 2.5 (2.4–2.7) 1.21  (1.08–1.36)

Distant 2115 7.1 (6.8–7.4)  2.59 (2.37–2.83) 2034 6.8 (6.5–7.1) 3.22 (2.93–3.55)

Unstaged 341 1.1 (1.0–1.3) 0.41 (0.36–0.47) 222 0.7 (0.6–0.8) 0.35 (0.30–0.41)

Abbreviation: CI, Confidence interval; pHBOCS, possible Hereditary Breast and Ovarian Cancer Syndrome
a pHBOCS includes cancers meeting at least one of the following criteria: breast cancer diagnosed ≤ age 45, first primary breast cancer age 46–50 with 
2+ primary breast cancer at any age, triple-negative diagnosed ≤ age 60, or any epithelial ovarian cancer (including peritoneal and fallopian tube).
b The SEER stage for analysis variable uses an algorithm to combine multiple stage variables (combination of NAACCR item #759, 760, 762, and 3020), 
representing stage at diagnosis or treatment.
c Age-adjusted to 2000 U.S. standard population.
d 95% CI generated by Tiwari et al., 2006 estimation method for age-adjusted rates.
*Significant at p<.05.

95% CI:2.93–3.55). The rate of regional-stage ovarian cancers 
was significantly higher than local for pHBOCS cancers 
(RR=1.21, 95% CI:1.08–1.36).

Discussion
We demonstrated a novel way of estimating HBOCS 

cancer incidence in NJ using cancer registry data and further 
characterized the HBOCS burden by evaluating racial/
ethnic and stage distributions. Racial/ethnic minorities had 
a disproportionate burden of early-onset and triple-nega-
tive breast cancers compared to their White counterparts. 
They also had larger proportions of breast and ovarian 

cancers meeting pHBOCS criteria. However, the incidence 
of pHBOCS breast and ovarian cancers was significantly 
lower among API, Hispanic, and Black women compared to 
White women. Racial/ethnic patterns observed among the 
pHBOCS cancers mirrored those of all breast and ovarian 
cancers. In analyses that included male breast cancers, 
rates were dramatically reduced due to the low incidence 
of pHBOCS cancers among men, but rate ratios by race/
ethnicity reflected similar racial differences in rates. The 
incidence of late-stage cancers, particularly ovarian, was 
more pronounced among the pHBOCS cancers than all 
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cancers. Therefore, the burden of pHBOCS cancers among 
NJ women may be substantive given the more pronounced 
rates of advanced stage cancers. Lastly, we observed racial 
and county-level differences in rates and that pHBOCS 
county rates were modified by race.

With respect to racial/ethnic differences in the distri-
bution of HBOCS characteristics, our findings are consistent 
with the literature. Hendrick et al33 found a higher propor-
tion of breast cancers diagnosed under age 50 among Black, 
Hispanic, and API women relative to non-Hispanic White 
women, though their study was limited to invasive cancers. 
Population-based studies have also shown that the highest 
incidence of triple-negative breast cancer occurs among 
Black women relative to any other racial group.34,35 Another 
study36 found higher odds of triple-negative breast cancer 
among Hispanic women relative to White women, but no 
difference remained after controlling for age and stage. 
Moreover, Greenberg et al’s study29 found similar racial/
ethnic distributions of HBOCS diagnostic risk factors in a 
US sample of breast and ovarian cancers diagnosed between 
2010–2015. They also reported higher proportions of breast 
cancers meeting any criteria among racial minority groups. 
Despite observing higher proportions of multiple HBOCS 
risk factors among minority women, their pHBOCS cancer 
rates were lower than the White pHBOCS rate. Higher inci-
dence of omitted risk factors like Ashkenazi Jewish ancestry 
among non-Hispanic Whites and the fact that we only used 
diagnostic criteria to classify pHBOCS may partially explain 
why we observed the greatest pHBOCS incidence among 
White cancers. Another explanation for the discrepancy 
may be that there are more minority cases with unknown 
race/ethnicity, making counts for minority group cases 
lower and their proportions with HBOCS characteristics 
higher. Likewise, if White women had fewer unknowns, 
their case counts would be higher and the proportion with 
HBOCS characteristics would be lower. Studies have noted 
that misclassification of race/ethnicity in cancer registry 
data is more likely among non-White race/ethnicities37 and 
that missing data is more prevalent in the cancer records of 
racial/ethnic minorities.38 

Our stage analysis for pHBOCS cancers aligns with 
previous studies associating BRCA-related HBOCS with 
high-grade, serous/epithelial ovarian cancers, which are 
typically diagnosed at advanced stages.10,20 We observed 
a more pronounced pattern of late-stage cancers among 
women with ovarian cancers meeting HBOCS diagnostic 
criteria, yet our findings are not limited to mutations in 1 
gene. However, breast cancer patterns by stage reflect what 
is observed for breast cancers overall and ovarian cancers 
are known to be diagnosed at late-stage, so higher late-stage 
rates compared to early-stage are expected.

Our study had several limitations. As with all studies 
utilizing cancer registry data, misclassification by race, 
ethnicity, and county at diagnosis is possible. However, our 
race, ethnicity, and county data meet the NAACCR quality 
standards for gold certification and follow the NAACCR 
race/ethnicity coding algorithm, reducing the potential 
for misclassification bias. Nevertheless, our racial compari-
sons are limited to 4 groups, as we excluded American 

Indian, Alaska Native, and other racial groups with small 
sample sizes to avoid unstable rates. Our choice of statis-
tical software limited our pHBOCS definition as it limited 
our ability to define age categories for pHBOCS groups. 
Because SEER*Stat uses 5-year age groups for calculating 
rates (i.e., 40–44, 45–49, … 55–59, 60–65, etc.), our pHBOCS 
rates exclude breast cancers diagnosed among women 
at age 45 and triple-negative breast cancers diagnosed 
among women at age 60. Consequently, some cancers 
meeting the HBOCS risk assessment criteria may have been 
misclassified, underestimating the rate of pHBOCS cancers. 
Likewise, this software precluded comparisons between 
pHBOCS cancers and non-pHBOCS cancers. We compared 
patterns of pHBOCS cancers to all cancers instead, so our 
race/ethnicity and stage analyses may be biased. Because 
we did not include all the cancers associated with HBOCS, 
our estimate may not reflect the true burden. Recent NCCN 
guidelines, released after the start of our study, recommend 
less restrictive criteria, such as genetic testing for indi-
viduals diagnosed with breast cancer at or below age 50, 
multiple breast primaries regardless of age, and hormone 
receptor positive breast cancers receiving certain treat-
ments.39 However, including hormone receptor positive 
breast cancers may produce estimates that incorrectly clas-
sify low-risk individuals as having HBOCS. Furthermore, 
state privacy laws are a significant limitation to genetic risk 
factor surveillance. For this reason, we could not account 
for genetic risk factors in our definition of HBOCS-related 
cancers. Cancers identified as pHBOCS in this study may 
come from individuals lacking high-risk genes, so the 
real HBOCS cancer rate is likely lower. We also could not 
account for family history, as reporting is not required by 
central cancer registries. Because registries do not uniformly 
collect lifestyle/environmental risk factor information asso-
ciated with non-hereditary breast and ovarian cancers (i.e., 
obesity, smoking, parity, etc.),40–42 we could not adjust for 
confounders, so pHBOCS proportions (particularly ovarian) 
and rates are overestimated.

The present study is strengthened by its use of high-
quality incidence data from a population-based cancer 
registry, minimizing potential sampling bias. While the 
lack of genetic and family history information precludes 
an accurate estimate of the true burden, our focus on diag-
nostic characteristics may be informative when assessing 
racial/ethnic differences. Relying on results from genetic 
panels alone may result in misclassification of high-risk 
individuals, particularly those from minority populations.43 
Likewise, we included men in our sample, a group that is 
underrepresented in studies related to this syndrome.

Conclusions
Our findings represent an initial estimate of the cancer 

burden associated with HBOCS in NJ. Quantifying the 
impact of hereditary cancers and documenting the chal-
lenges in doing so represent the first steps toward identifying 
the true population burden. Identifying areas with greater 
incidence can inform future policies that address resource 
allocation for prevention efforts. Our study showed poten-
tial racial and county-level differences in HBOCS-related 
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cancer incidence and a possible greater burden of late-
stage cancers among those meeting HBOCS genetic testing 
criteria. Given the limitations of our study, findings must 
be confirmed by further research. Due to privacy laws, 
researchers may seek to link cancer registry data to genetic 
testing companies in an anonymized fashion (i.e., encrypted 
IDs) to better classify HBOCS-related cancers.44 Survey data 
from selected participants can be used to obtain family 
history information. Future studies may also expand to 
include other HBOCS-related cancers (i.e., prostate and 
pancreatic) or explore the impact of changing risk assess-
ment guidelines.
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Trends in Early-Onset and Late-Onset Colorectal 
Cancer by Subtype in New York State, 1976–2022 
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Abstract: Background: Despite the steadily decreasing incidence rate of colorectal cancer (CRC) overall, many studies 
have reported increasing incidence of CRC among younger people (age < 50), early-onset colorectal cancer (EOCRC), 
in the United States. However, fewer studies have examined the trends by CRC subtype. We sought to better under-
stand the trends of CRC incidence by subtype and age at diagnosis (particularly before age 50 versus age 50 or later) in 
recent decades in New York State and in other areas in the United States. Methods: Using the National Cancer Institute 
Surveillance, Epidemiology, and End Results (SEER) data, we estimated incidence rates of CRC for 11 subtypes, for dif-
ferent age groups, and by stage (local versus regional and distant) from 1976 through 2022 in New York State, compared 
with the same estimates from 2000 through 2021 in all 22 United States SEER cancer registries. All incidence rates are per 
100,000 and age-adjusted to the 2000 United States standard population. Results: While the overall incidence rate of all 
CRC combined decreased for ages 50 and above from 229.5 in 1976–1980 to 106.3 in 2021–2022, it increased for ages under 
50 from 5.9 to 10.0 during the same period. For ages under 50, the subtype-specific incidence rates increased for appendix 
(from 0.04 to 1.3), rectum (from 1.3 to 3.1), and sigmoid colon (from 1.2 to 2.1), while the other subtypes showed relatively 
low and steady incidence rates. For ages 50 and above, most subtypes showed generally decreasing incidence rates, with 
the exception of appendix, which steadily increased from 0.3 to 3.8. Data from the 22 registries combined showed almost 
identical trends. Conclusion: While aggregate statistics show increasing incidence rates of EOCRC, it is important to con-
sider trends by CRC subtype. We observed that the increasing trends of EOCRC are primarily driven by appendix, rectum, 
and sigmoid colon cancers, and that the incidence rate of appendix cancer has been increasing across all age groups. Future 
studies should consider differences by subtype of CRC, as this information may help elucidate factors contributing to 
recent trends in EOCRC incidence. 
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Introduction
Colorectal cancer (CRC) was the fourth most common 

cancer (following female breast cancer, male prostate cancer, 
and lung and bronchus cancer) in New York State (NYS) 
in 2018–2022,1 and nationally in 2025.2 Many studies of 
CRC have reported that the incidence rate of early-onset 
colorectal cancer (EOCRC; CRC diagnosed before age 50) 
has been on the rise, even in countries such as the United 
States, where the overall incidence rate of CRC has been 
decreasing.3 

Prior studies have investigated risk factors for EOCRC 
compared to those of late-onset colorectal cancer (LOCRC; 
CRC diagnosed at age 50 or later),4 but most of these 
failed to examine which subtypes were driving the rising 
incidence of EOCRC. Only a few studies have highlighted 
the need for research of EOCRC by subtype. Chen and 
coauthors5 showed that Singapore had witnessed different 
trajectories of colon cancer and rectal cancer from 1968 to 
2019. Patel and coauthors4 reviewed six studies of CRC 
in the United States and explored the incidence rates 

by location (i.e., right colon, left colon, and rectal) and 
discussed some risk factors for specific locations of tumors. 
Meyers and coauthors6 reported that CRC incidence rates 
varied greatly by subtype (i.e., anus, appendix, distal 
colon, proximal colon, and rectum) and by age group in 
Australia from 1990 to 2020, and further explored the 
histological patterns by the subtype of CRC. Montminy 
and coauthors7 demonstrated that appendix cancer signif-
icantly contributed to the increasing incidence rate of 
EOCRC in the United States and stressed the importance of 
stratifying by CRC subtype and histological subtype when 
analyzing incidence rates of EOCRC. Additionally, a study 
by Sung and coauthors noted that overestimation of colon 
cancer incidence probably occurred because appendiceal 
cancer was not separable from colon cancer in their data, 
and suggested that “detailed and systematic analyses of 
subtype-specific trends are warranted to elucidate reasons 
behind the concerning trends.”3 Therefore, in this analysis, 
we expanded on the previous studies and examined CRC 
incidence trends by age group, stage, and detailed subtype 
for NYS and 22 SEER registries.
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This study aimed to (1) explore trends of CRC inci-
dence rates by subtype and age group from 1976 through 
2022 in NYS Cancer Registry data and from 2000 through 
2021 in data from 22 United States cancer registries,8 and (2) 
highlight the importance of incorporating subtype-specific 
analyses when studying EOCRC.

Methods
Using the National Cancer Institute Surveillance, 

Epidemiology, and End Results (SEER) data from NYS, 
we examined incidence rates and average percent change 

(APC) in incidence rates for 11 subtypes9 of malignant CRC 
(excluding unknown ages) and two stage categories (local 
versus regional and distant) from 1976 through 2022 in 
NYS (Table S1). We included all ages broadly categorized 
as EOCRC (ages 0–49) and LOCRC (ages 50 and above). For 
the APC analyses, we additionally examined age in five-
year categories, except for the youngest individuals (ages 
0–29), due to the small number of cases. Two age groups 
(0–29 and 30–44) are included for further comparison within 
the EOCRC cases. Because of the small numbers of cases 
for some specific subtypes, we estimated the incidence 

Table S1. Subtypes of Colorectal Cancer and ICD-O-3 Site

Broad Subtype Subtype ICD-O-3 Site ICD-O-3 Histology

Colon excluding rectum

Cecum C180

Excluding 9050–9055, 9140, 
9590–9993

Appendix C181

Ascending colon C182

Hepatic flexure C183

Transverse colon C184

Splenic flexure C185

Descending colon C186

Sigmoid colon C187

Large intestine, NOS C188–C189, C260

Rectum and rectosigmoid junction
Rectosigmoid junction C199

Rectum C209

Source: http://seer.cancer.gov/siterecode/icdo3_dwhoheme/index.html. Accessed Jul 2025.

rates aggregated for five-year periods from 1976–1980 to 
2016–2020 and the two-year period 2021–2022. The last 
period is excluded from some analyses when comparing 
the case counts. We also compared and contrasted the same 
estimates from 2000–2021 in 22 cancer registries (including 
the NYS Cancer Registry) in the United States. We used 
SEER*Stat 9.0.4110 for all analyses, with incidence rates 
calculated per 100,000 persons and age-adjusted to the 
United States 2000 standard population.

Results
Table S2 shows the number and percent of CRC cases 

diagnosed in NYS between 1976 and 2022 by age group, 
subtype, and year of diagnosis. Most CRC cases occurred 
in individuals aged 50 and above; however, the percentage 
of LOCRC cases decreased over time from 94.9% of all CRC 
cases diagnosed in NYS in 1976–1980 to 86.9% in 2021–2022 
(Figure S1). The overall trend of CRC incidence (results not 
shown) is therefore similar to that for LOCRC, because the 
older population accounts for most CRC cases. 

Examining trends in incidence rates by age category, 
Figure 1 displays the increasing trend in the overall inci-
dence rate of EOCRC and the decreasing trend in the overall 
incidence rate of LOCRC. While the overall incidence rate 
of all subtypes combined decreased for LOCRC from 229.5 
in 1976–1980 to 106.3 in 2021–2022, it increased for EOCRC 
from 5.9 to 10.0 during the same period. Similar trends 

were observed for both colon cancers and cancers in the 
rectum and rectosigmoid junction (rectal cancer, hereafter). 
Notably, rectal cancer accounts for a larger proportion of 
EOCRC than LOCRC, and the proportion of rectal cancer 
to total CRC has increased over time for both age groups. 
These patterns were also observed for the 22 SEER registries 
combined (Figure S2).

In analyses of 11 CRC subtypes, we observed diverse 
trends in the incidence rates of the subtypes for EOCRC 
and LOCRC (Figure 2). For EOCRC, the subtype-specific 
incidence rates clearly increased for only three subtypes: 
appendix (from 0.04 to 1.3), rectum (from 1.3 to 3.1), and 
sigmoid colon (from 1.2 to 2.1). In terms of the percent of 
diagnoses, these three subtypes increased from 42% of all 
EOCRC cases in 1976–1980 to 64% in 2016–2020, accounting 
for over 90% of the total increase in the EOCRC cases in the 
last four decades (results not shown). Incidence rates of the 
other subtypes remained low and were relatively steady 
or increased only slightly during the study period. Such 
trends differed from those for LOCRC, for which incidence 
rate trends for all subtypes except appendix were uniformly 
downward after the early 2000s, despite their diverse trends 
prior to that time. The exception was appendix, which 
increased from 0.3 to 3.8 over time throughout the years 
examined, although the incidence remained low. Aggregate 
data from the 22 cancer registries again showed similar 
trends (Figure S3).
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Table S2. Characteristics of Colorectal Cancer (CRC) Cases by CRC Subtype and Year at Diagnosis, New York State, 
1976–2022

 All cases Age <50 Age 50+

Total, n (%) 495 420 (100%) 37 137 (100%) 458 283 (100%)

CRC subtype

Colon excluding rectum 356 572 (72.0%) 23 657 (63.7%) 332 915 (72.6%)

Cecum 61 664 (12.4%) 3073 (8.3%) 58 591 (12.8%)

Appendix 7006 (1.4%) 2416 (6.5%) 4590 (1.0%)

Ascending colon 60 136 (12.1%) 2850 (7.7%) 57 286 (12.5%)

Hepatic flexure 12 794 (2.6%) 711 (1.9%) 12 083 (2.6%)

Transverse colon 29 536 (6.0%) 1794 (4.8%) 27 742 (6.1%)

Splenic flexure 9963 (2.0%) 801 (2.2%) 9162 (2.0%)

Descending colon 22 430 (4.5%) 1806 (4.9%) 20 624 (4.5%)

Sigmoid colon 98 506 (19.9%) 7516 (20.2%) 90 990 (19.9%)

Large intestine, NOS 54 537 (11.0%) 2690 (7.2%) 51 847 (11.3%)

Rectum & rectosigmoid junction 138 848 (28.0%) 13 480 (36.3%) 125 368 (27.4%)

Rectosigmoid junction 46 089 (9.3%) 3761 (10.1%) 42 328 (9.2%)

Rectum 92 759 (18.7%) 9719 (26.2%) 83 040 (18.1%)

Year of diagnosis

1976 ~ 1980 56 166 (11.3%) 2 860 (7.7%) 53 306 (11.6%)

1981 ~ 1985 59 013 (11.9%) 2816 (7.6%) 56 197 (12.3%)

1986 ~ 1990 56 069 (11.3%) 2856 (7.7%) 53 213 (11.6%)

1991 ~ 1995 54 806 (11.1%) 3270 (8.8%) 51 536 (11.2%)

1996 ~ 2000 57 626 (11.6%) 3842 (10.3%) 53 784 (11.7%)

2001 ~ 2005 55 027 (11.1%) 4355 (11.7%) 50 672 (11.1%)

2006 ~ 2010 49 181 (9.9%) 4690 (12.6%) 44 491 (9.7%)

2011 ~ 2015 45 207 (9.1%) 4889 (13.2%) 40 318 (8.8%)

2016 ~ 2020* 44 219 (8.9%) 5186 (14.0%) 39 033 (8.5%)

2021 ~ 2022** 18 106 (3.7%) 2373 (6.4%) 15 733 (3.4%)

Abbreviations: CRC, colorectal cancer. 
*The total number of cancer diagnoses decreased substantially in 2020 due to the COVID-19 pandemic. 
**The most recent category includes only two years of diagnoses.

Table 1 displays the average percent changes (APCs) 
in incidence rates by subtype and age group for 5-year 
periods from 1976–1980 through 2016–2020 and from 1996–
2000 through 2016–2020, excluding the last period that 
covers only two years (2021–2022). From 1976–1980 through 
2016–2020, most subtypes showed increases for younger 
age groups and decreases for older ages; however, three 
subtypes (cecum, appendix, and hepatic flexure) showed 
increases for all age groups and one (splenic flexure) 
showed increases for almost all ages, with the exception of 
ages 65–69 and 75–79. APCs were consistently higher among 
younger individuals (ages 0–49) than older individuals (ages 
50+) for all subtypes, with the highest APCs in the youngest 
individuals (ages 0–29) where calculable. These trends were 
similar but shifted slightly for the most recent timeframe 
from 1996–2000 through 2016–2020. Appendix was the only 

subtype with increasing incidence across all age groups, 
whereas most other subtypes showed increases among the 
younger age group (ages 0–49) only, with the highest APCs 
for appendix, descending colon, rectum, and sigmoid colon 
cancers in this age group. APCs again tended to be highest 
in the youngest individuals (ages 0–29) for most subtypes, 
with the exception of ascending colon and sigmoid colon. 
These patterns were similar to those for all 22 SEER regis-
tries combined from 2001–2002 through 2019–2020, where 
only appendix cancer showed increasing APCs across all 
age groups and APCs tended to be higher among younger 
age groups (Table S3). Although these APCs do not show 
statistical significance, they display a clear pattern. Overall, 
APCs tended to be higher among younger versus older age 
groups for all subtypes of CRC, both in NYS and in all 22 
SEER registries combined, indicating that incidence rates of 
CRC increased faster for younger people in recent decades. 
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Figure S1. Percent of Late-Onset Colorectal Cancer (LOCRC) to Total Colorectal Cancer (CRC) Cases  
by Time Period, New York State

Abbreviations: CRC, colorectal cancer; LOCRC, late-onset colorectal cancer (among ages 50+).

Figure 1. Overall Incidence Rates of Colorectal Cancer (CRC) by Broad Subtype and Age Group, New York State

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the two charts.

Figure S2. Overall Incidence Rates of Colorectal Cancer (CRC) by Broad Subtype and Age Group, 22 Registries

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the two charts.
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Figure 2. Incidence Rates of Colorectal Cancer (CRC) by Subtype and Age Group, New York State

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the two charts.

Figure S3. Incidence Rates of Colorectal Cancer (CRC) by Subtype and Age Group, 22 Registries

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the two charts.
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Table 1. Average Percent Changes (APCs) by 5-Year Period by Subtype and Age at Diagnosis, New York State

Note: Average percent changes (APCs) are arithmetic averages of the percent changes for each age group by 
subtype; n/a means that APC is not calculated because of zero incidence in any of the 5-year periods; red and blue 
indicate positive and negative APC values, respectively, but do not necessarily indicate statistical significance.

Note: Average Percent Changes (APCs) are arithmetic averages of the percent changes for each age group by 
subtype; red and blue indicate positive and negative APC values, respectively, but do not necessarily indicate 
statistical significance.

Table S3. Average Percent Changes (APCs) by 2-Year Period from 2001-2002 through 2019-2020 by Subtype and Age  
at Diagnosis, 22 Registries
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We additionally examined incidence rates of EOCRC 
and LOCRC by broad subtype and stage category (Figure 
3). From 1976–1980 to 2016–2020, incidence of EOCRC 
increased both for local stage and regional/distant stage 
cancers, with slightly larger relative increases for local 
stage colon cancers. For LOCRC, incidence of both local 
and regional/distant stage cancers decreased, with slightly 
greater relative decreases for regional and distant cancers. 
We further examined incidence rates by stage category 
and detailed subtype (Figure 4). Focusing on the period 
ending in 2016–2020, due to instability of some estimates 
for the most recent two-year period, we observed that 
incidence rates of local stage EOCRC declined for some 
subtypes from 2006–2010 to 2016–2020, whereas it mark-
edly increased for appendix. In contrast, incidence of 
regional- and distant-stage EOCRC showed much steeper 
increases for rectum and sigmoid colon than for appendix 
cancers beginning in 1991–1995. For LOCRC, incidence of 
all subtypes except appendix cancer decreased during the 
two decades from 2001–2005 to 2016–2020 for both local 
and regional/distant stage cancers. Subtypes with higher 
incidence rates decreased more steeply than those with 
lower incidence rates and, among the subtypes with higher 
incidence rates, rectal cancers decreased relatively less and 
thus had the highest incidence in the past decade for both 
local and regional/distant cancers.

Figure 3. Incidence Rates of Colorectal Cancer (CRC) by Broad Subtype, Age Group, and Stage Category, New York State

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the four charts.

We also analyzed the percentage of local-stage diag-
noses to total diagnoses (local, regional, and distant stages 
combined) for both EOCRC and LOCRC (Figure S4), to 
assess the stage distribution by subtype and age group over 
time. We observed a higher percentage of local-stage diag-
noses for LOCRC versus EOCRC for almost all time points 
and subtypes, with the exception of appendix where the 
opposite was true: The percentage of local-stage appendix 
cancer was consistently higher for EOCRC than LOCRC. 
Further, for all CRC combined, we observed that the percent 
of local-stage diagnoses decreased since the 2006–2010 
period for LOCRC, whereas this percentage increased 
for EOCRC colon cancer, in part due to increases in the 
percentage of appendix cancers diagnosed at an early stage.

Discussion
In our study of NYS CRC incidence over an extensive 

period, we observed results that are consistent with previous 
evidence of increasing CRC incidence in individuals under 
age 50. Our analysis expands on prior studies and indi-
cates that increasing incidence of EOCRC is attributable to 
increases in rectal, sigmoid, and appendix cancers. In addi-
tion, the results show increasing trends in appendix cancer 
among older individuals despite the decreasing incidence of 
LOCRC overall. APCs further indicate that CRC incidence 
rates have increased faster (or decreased more slowly) for 
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Figure 4. Incidence Rates of Colorectal Cancer (CRC) by Subtype, Age Group, and Stage Category, New York State

Abbreviations: CRC, colorectal cancer; EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Rates are per 100,000 and age-adjusted to the 2000 US standard population; the y-axis scales differ between the four charts.
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younger versus older individuals across CRC subtypes, and 
that some subtypes (appendix, descending colon, rectum, 
and sigmoid colon) have had greater increases than the 
other subtypes among younger individuals. We observed 
similar findings in the SEER 22 data (2001–2020). These 
findings highlight the importance of conducting analyses by 
CRC subtype, as well as by age group.

Though many studies have reported increasing inci-
dence of EOCRC and some possible contributing factors, 
only a few studies have examined these trends by some 
grouping of CRC subtypes. For example, CRC incidence 
rates were examined for colon and rectum by Chen and 
coauthors,5 for colon with appendix versus colon without 
appendix by Montminy and coauthors,7 for right colon, 
left colon, and rectum by Patel and coauthors,4 and for five 
subtypes (anus, appendix, distal colon, proximal colon, and 
rectum) and histology by Meyers and coauthors.6 We exam-
ined CRC incidence rates for 11 subtypes and produced more 
detailed information about the CRC trends and, specifically, 
which subtypes are driving the increasing incidence rate 
of EOCRC. While previous studies3,8 noted the diverging 
trends of appendix cancer among the CRC subtypes, we 
further found that rectal and sigmoid colon cancers, as 
well as appendix cancer, contributed to increasing EOCRC 
incidence.

A key finding of this analysis is that the increase in 
EOCRC incidence has been driven primarily by three 
subtypes (rectum, sigmoid colon, and appendix). Though 
the other subtypes (except for “large intestine, NOS”) have 
also been increasing (albeit gradually) among the younger 
age group, their contribution to the increase in EOCRC 
incidence is low. These results suggest that research on the 
causes of increasing EOCRC incidence should focus on 
the subtype-specific trends and in particular on possible 
risk factors for tumors in the rectum, sigmoid colon, and 
appendix.

Another key finding is that appendix cancer has 
increased in incidence for both younger and older indi-
viduals, even though incidence of all other subtypes has 
decreased or has minimally changed among the older age 
group. Since 1996–2000, appendix was the only subtype 
of LOCRC with increasing APCs. APCs for appendix 
cancer were higher than any other CRC subtypes across 
all age groups, with higher values for younger age groups. 
Incidence rates of appendix cancer appear to have increased 
faster in more recent years among individuals under age 50.

These results suggest that additional work is needed 
to find possible causes for increasing incidence of appendix 
cancers in both younger and older individuals and to 
improve understanding of the factors contributing to 
specific subtypes of colorectal cancer among different age 
groups. Although studies have identified risk factors for 
EOCRC, such as diet, smoking, alcohol consumption, lack 
of physical activity, obesity and overweight, genetic predis-
position, family history, type 2 diabetes, and prior radiation 
exposure,3-6,11 these factors also apply to CRC in general and 
do not help explain the rapid increase in incidence of certain 
subtypes of EOCRC in recent decades.

Screening is a key factor in two respects. First, it 
explains the differing trends between EOCRC and LOCRC, 
in that screening has contributed to the decrease in CRC 
incidence in the older population, through the detection 
and removal of adenomatous polyps,11,12 while individuals 
younger than 45 are not eligible for routine screening and 
testing is available only for high-risk or symptomatic indi-
viduals. The United States Preventive Services Task Force 
(USPSTF) previously recommended routine CRC screening 
for all adults aged 50–75, but in 2021 expanded the recom-
mendations to include adults aged 45–49.13 Among age 
eligible adults in NYS, those who met the USPSTF recom-
mendations for CRC screening increased from about 40% 
in 1996 to approximately 70% in recent years, with higher 
percentages among adults aged 65–75.14 Second, screening 
partly explains why incidence of appendix cancers has 
increased despite decreasing incidence of LOCRC overall, 
in that appendix cancers are not consistently detectable with 
screening but are mostly diagnosed incidentally during 
other medical procedures.15 However, screening cannot 
explain the results observed in younger individuals. In 
analyses stratified by stage at diagnosis, we observed gener-
ally similar trends for both local and regional/distant stage 
cancers in both the younger and older populations. This 
suggests that the increases in incidence of EOCRC are not 
due to incidental or screen-detected early-stage cancers and 
reflect true increases in disease in younger individuals. 

One limitation of this analysis is that some changes 
in the incidence trends are likely attributable in part to 
changes in the coding guidelines and do not represent true 
changes in cancer incidence. For example, around 1995, the 
incidence of “large intestine, NOS” dropped steeply while 
the incidence of other subtypes slightly increased. This 
corresponded to a coding change where adenocarcinoma 
in a polyp present in more than one segment of the colon 
was reported as multiple primaries by United States cancer 
registries, whereas prior to 1995 it was reported as one 
primary tumor and coded as “Large intestine, NOS”.16,17 
Additionally, starting in 2015, an exception was added to 
the cancer coding manual so that carcinoid tumors of the 
appendix were regarded as malignant and thus report-
able.8,18 These changes in the coding guidelines may have 
contributed to the increasing incidence rates of appendix 
cancer in the 2010s. Yet, it is also important to note that 
the incidence rate of appendix cancer had already been 
increasing steadily, which implies a true increase in appen-
diceal cancer incidence rates.8 While Bleyer and coauthors 
suspected that much of the reported increase in EOCRC 
was caused by the reclassification of appendiceal carcinoids 
and neuroendocrine tumors as malignant,19 our results 
indicate that EOCRC has been increasing in incidence for 
all subtypes, and that rectal and sigmoid colon cancers are 
responsible for a large proportion of late-stage EOCRC. 
Strengths of this analysis include the large number of 
subtypes examined and the large amount of data included, 
both for NYS, which has the 4th highest number of CRC 
cases per year of all US states,2 and for the 22 SEER registries 
combined. 
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Figure S4. Percentage of Local-Stage Diagnoses by Subtype, Age Group, and Stage Category, New York State

Abbreviations: EOCRC, early-onset colorectal cancer; LOCRC, late-onset colorectal cancer. 
Note: Percentage of local means percent of diagnoses at the local stage relative to the total diagnoses at all three stages (local, 
regional, and distant); the y-axis scales differ across the charts.
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In summary, this paper expands upon previous work 
showing trends of increasing EOCRC and decreasing 
LOCRC and provides more details of CRC incidence by 
age group, subtype, and stage, highlighting that studies of 
trends in CRC incidence should consider results by subtype. 
To help improve understanding of the recent trends in CRC 
incidence, additional research is needed to clarify: (1) why 
the incidence rates of rectum, sigmoid colon, and appendix 
cancers have increased rapidly in recent decades while 
the other subtypes have remained relatively low among 
the younger population; and (2) why appendix cancer 
incidence has increased across all age groups, with the 
fastest increase among the younger population. With the 
shift toward EOCRC comprising an increasing percentage 
of CRC and the evidence that screening has contributed to 
decreasing LOCRC,11,12 additional work is needed to better 
understand and reverse the recent trends of increasing CRC 
incidence in the younger population. 
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Leveraging Large Language Models for Real-World 
Data Evidence: A Framework for Automated 

Treatment Extraction and Data Harmonization
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Abstract: Background: The ability to comprehensively collect treatment information from cancer patient medical records 
would enable studies to evaluate real-world benefits and risks tied to specific treatments. Currently, it is difficult to system-
atically collect high-quality treatment information because it is often stored in unstructured text. Manually extracting and 
standardizing drug and regimen data is time-intensive. Recent advances in large language models (LLMs) offer a potential 
solution for automated extraction of structured treatment information from clinical text. Objective: This study systemati-
cally evaluates the utility of four LLMs from the Llama family for automated extraction of oncology treatment information 
from clinical text. This information can guide researchers using cancer registry data to provide insights into cancer care 
and outcomes beyond clinical trials. Methods: Four instruction-tuned Llama models with varying parameter counts (1B, 
3B, 8B, and 70B) were evaluated for their ability to extract treatment information from clinical documents. A unified oncol-
ogy knowledge base integrating seven major public data sources was developed to standardize and normalize extracted 
entities—a critical step for harmonizing data from diverse sources. Extracted treatment data were compared against expert-
annotated ground truth. Model performance was assessed using accuracy metrics (Precision, Recall, F1-Score) and opera-
tional feasibility metrics, including processing speed and structural compliance of the output. Results: A strong positive 
correlation was observed between model size and extraction accuracy. F1-score improved from 0.609 for the 1B model to 
0.710 (3B), 0.807 (8B), and 0.828 (70B). While larger models demonstrated superior accuracy and compliance, they incurred 
higher computational costs. The modest performance difference between 8B and 70B suggests diminishing returns with 
increasing model size. Conclusions: LLMs represent a viable technology for automating oncology treatment extraction. The 
8B-parameter model emerged as a highly effective option, balancing high accuracy and computational efficiency. Selecting 
an appropriate LLM for deployment in cancer registries involves a trade-off between desired accuracy and available opera-
tional resources. Harmonizing extracted entities with the oncology knowledge base facilitates standardized integration into 
common data models, enhancing data quality for real-world evidence analyses.

Key words: Artificial intelligence, natural language processing, large language models, cancer registry, data normalization, data 
extraction, oncology informatics
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Introduction
Accurate and timely capture of cancer treatment data is 

central to the mission of cancer registries. Beyond their tradi-
tional roles, these data serve as a cornerstone for real-world 
evidence in oncology studies. By providing robust insights 
into treatment patterns, cancer registries data can be used 
to advance clinical research, shape public health policy, and 
drive evidence-based decision making in oncology care. 
Currently, there is no systematic way to extract treatment 
information from heterogeneous unstructured and semi-
structured documents (e.g., pathology reports, clinician 

notes, treatment summaries). Persistent gaps and discor-
dance in registry treatment fields, incomplete capture of 
systemic therapy and radiation, and under-ascertainment 
of radiotherapy offer further reasons to consider automa-
tion to augment abstraction workflows.1–4 The utilization 
of large language models (LLMs) for automatic extrac-
tion of treatment information is a promising research 
direction. However, extraction alone does not address the 
data harmonization issue, which arises from inconsisten-
cies and variations in how treatments are documented 
across different sources. Harmonized data is important 

http://energy.gov/downloads/doe-public-
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for real-world evidence (RWE) in oncology because it 
ensures that data from diverse sources can be meaning-
fully compared, integrated, and analyzed. The purpose 
of this paper is to provide a blueprint for cancer registry 
researchers interested in extracting treatment informa-
tion from their own records. We compare the utility of 
different sized LLMs for extracting treatment information 
and then provide a solution for harmonizing the extracted 
information.

Recent advances in artificial intelligence, particu-
larly open-weight large language models (LLMs), offer 
a promising path toward automating complex informa-
tion extraction. The Llama 3 family and its predecessors 
introduced strong instruction following and long-context 
capabilities, building on reinforcement learning from human 
feedback and an open model ecosystem that supports repro-
ducible evaluation.5–7 In clinical information extraction (IE), 
LLMs have shown competitive performance in zero/few-
shot settings and interpretable feature construction from 
notes.8,9 This trajectory complements a decade of commu-
nity shared tasks and benchmark corpora that established 
evaluation practices and common error profiles for medi-
cation and relation extraction (e.g., MADE 1.0, 2018 n2c2 
ADE/medication extraction, DrugProt), alongside surveys 
synthesizing advances in named entity recognition that 
underpin these pipelines.10–13 Methodologically, techniques 
such as retrieval-augmented generation, self-consistency, 
and principled prompt design can improve reliability for 
high-stakes extraction.14–17

To address normalization challenges inherent in auto-
mated extraction, we developed a comprehensive oncology 
knowledge base that integrates multiple authoritative 
sources. Anchoring extraction to controlled vocabularies 
and classic clinical NLP infrastructure (UMLS, cTAKES, 
MetaMap) enables robust concept mapping for downstream 
use.18–20 Complementary rule-based and hybrid IE systems 
such as MedXN have demonstrated high-fidelity medica-
tion extraction with RxNorm normalization, and two-stage 
pipelines have shown practical harmonization of drug 
mentions into observational databases.21,22 At the analytic 
level, RxNorm–ATC/DDD crosswalks facilitate scalable 
assessment of prescriptions and regimens.23

This study provides a systematic comparison of four 
instruction-tuned Llama models spanning 1B, 3B, 8B, and 
70B parameters for extracting oncology treatment informa-
tion from clinical text. Our primary objective is to quantify 
trade-offs between model scale, extraction accuracy, and 
operational efficiency. We evaluate models against a stan-
dardized, expert-annotated task suite and situate outputs 
within the unified, multisource oncology knowledge base 
described above to support normalization and downstream 
integration for generating high-quality real-world datasets 
for population-scale analyses of cancer treatment outcomes.

Methods

Study Design and Overview
We conducted a comparative evaluation of instruction-

tuned large language models (LLMs) for the extraction  

of oncology drug mentions from clinical text. The objec-
tive was to quantify extraction accuracy across model 
sizes using a two-stage pipeline. The first stage involved 
model inference using structured prompts designed to 
produce JSON-formatted outputs exclusively. The second 
stage applied drug-name normalization to align extracted 
mentions with a canonical vocabulary. Models were not 
fine-tuned on task-specific data but operated with fixed 
parameters guided solely by in-context instructions.

Data Sources and Preparation
Dataset: We evaluated the pipeline using a curated 

set of 863 oncology abstract records from the University of 
Southern California hospital systems, each annotated by 
domain experts for systemic treatment information. Each 
record corresponds to a single patient summary containing 
demographic, diagnostic attributes, and free-text treatment 
descriptions. Key structured fields included age at diag-
nosis and primary cancer site, while three narrative fields 
summarized systemic treatments: chemotherapy, hormone 
therapy, and immunotherapy notes. These narratives were 
concatenated into a single string for model input.

Oncology Treatment Normalization Database: We 
compiled a custom multisource resource to normalize 
drug and regimen names across brand/generic variants, 
abbreviations, and misspellings. This database integrates 
seven sources: HemOnc.org (HemOnc),24,25 NCI Cancer 
Medications (CanMED),26 DrugBank Online (DrugBank),27 
U.S. National Library of Medicine RxNorm (RxNorm),28,29 
National Cancer Institute Thesaurus (NCIt),30 SEERRx: 
Interactive Antineoplastic Drugs Database (SEERRx),31 and 
Aggregate Analysis of ClinicalTrials.gov (AACT).31,32 We 
harmonized entries by collapsing synonyms to preferred 
generic names and created composite entries for multi-drug 
regimens linked to constituent agents. The DrugNormalizer 
module performs case-insensitive dictionary matching, 
synonym/brand resolution, acronym expansion, and fuzzy 
matching to canonical generic strings. This oncology treat-
ment normalization database is publicly available for use by 
the research community.33

Models and Implementation
Models: We evaluated four instruction-tuned LLMs 

from the Llama 3 family (Meta AI):
Llama-3.2-1B-Instruct, Llama-3.2-3B-Instruct, Llama-

3.1-8B-Instruct, and Llama-3.3-70B-Instruct. These span 
1B, 3B, 8B, and 70B parameters, respectively, enabling 
size-wise comparisons under identical prompting and 
post-processing.

Prompt and output constraints: Models received 
a prompt instructing the extraction of drug mentions 
explicitly normalized to generic names based on prior 
knowledge available within the model. The prompt explic-
itly instructed the models to return only JSON-formatted 
outputs, providing two in-context examples, and specifi-
cally directed the models to refrain from including any 
explanatory or additional text. The exact prompt used was:
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Extract drug names from the clinical 
text following these rules:
1.	Identify all explicit drug mentions 

in the text.
2.	Handle common cases:

-	Abbreviations: Convert to full 
generic names (e.g., Ara-C → 
cytarabine).

-	Misspellings: Correct common errors 
(e.g., Methotrxate → methotrexate).

-	Brand names: Convert to generics 
(e.g., Oncovin → vincristine).

3.	Unknown generics: If a generic 
equivalent is unknown, include the 
raw drug name.

4.	Return ONLY the JSON object, no 
explanations or code examples.

Examples:
Text: ’Patient received MTX, 

Cisplatin, and Ara-C’
{

“drugs”: [“methotrexate”, 
“cisplatin”, “cytarabine”]

}
Text: ’Doxorubicin, L’asp, XL184 

and daunorubicin were administered’
{

“drugs”: [“doxorubicin”, 
“asparaginase”, “cabozantinib”, 
“daunorubicin”]

}
Process this text:
[text_concat]
Return ONLY valid JSON:

Compute and inference procedure: Inference used a 
compute node with 8× NVIDIA A100 GPUs. Cases were 
batch-processed, enforcing strict JSON compliance through 
a lightweight post-processor.

Normalization and comparison to gold standard: 
Predicted and gold-standard drug annotations were 
normalized to their canonical generic drug names using the 
Drug-Normalizer, and comparisons were conducted at the 
level of these standardized generic drug names.

Evaluation Metrics
Let T denote the set of true (gold) treatments and E the 

set of extracted treatments after normalization for a given 
case. We computed:

• Precision = (|E ∩ T|)

                            (|E|)

• Recall = (|E ∩ T|)

                      (|T|)

• F1-Score = 2 · Precision · Recall

                         Precision + Recall

Metrics were computed per case and macro-averaged 
across cases to weight each patient record equally. We report 
mean ± standard deviation for each model. Ninety-five 
percent confidence intervals (CIs) for the mean were esti-
mated as mean ± 1.96 × (SD / √N), where N is the number 
of cases.

Additionally, we computed two metrics to quantify 
extraction errors:

Missing drugs (false negatives): Gold-standard drug 
entities not captured by the model after normalization.

Hallucinated drugs (false positives): Predicted drug 
entities (after normalization) that are not present in the 
expert-annotated gold standard for that record. Because 
the gold standard emphasizes explicit drug mentions, this 
category can include (i) drugs truly absent from the source 
text and (ii) clinically plausible regimen/protocol expan-
sions or contextually inferred agents that were not explicitly 
documented/annotated.

Results
This study systematically assessed the performance 

of four instruction-tuned Llama models (1B, 3B, 8B, and 
70B parameters) in extracting standardized oncology treat-
ment information from clinical text. Models were evaluated 
based on accuracy metrics (precision, recall, and F1-score), 
the impact of entity normalization, instruction compliance, 
processing speed, error profiles, and performance variations 
across text lengths.

Overall extraction performance (normalized)
Macro-averaged precision, recall, and F1 increased 

monotonically with model size (Figure 1). The 70B model 
achieved the highest F1 (0.828), with 8B close behind (0.807; 
∆=0.021). Case-level 95% CIs were narrowest for 8B/70B 
(Figure 2), indicating more consistent performance across 
notes. Additionally, precision, recall, and F1-score distri-
butions for the 8B and 70B models were skewed towards 
higher values, further highlighting strong performance 
consistency (Figure 3).

Effect of normalization
Normalization improved enhanced extraction perfor-

mance across all models (Table 1). F1 gains were largest for 
1B (+0.120; 24.5% relative to pre-normalization) and tapered 
with scale (3B: +0.088; 8B: +0.056; 70B: +0.032), consistent 
with systematic correction of abbreviations, brand/generic 
variants, and spelling noise.

Instruction compliance
Instruction compliance varied sharply (Figure 4). The 

70B model was perfectly compliant (100%), whereas 8B 
was the least compliant (13.7% compliant), consistent with 
the performance–latency scatter (Figure 5). Interestingly, 
despite its larger size, the 70B model processed cases faster 



Journal of Registry Management 2025 Volume 52 Number 4	 141

Figure 1. Macro-averaged Precision, Recall, and F1 after Normalization across Models (1B–70B)

Figure 2. Mean Precision, Recall, and F1 with 95% CIs (Computed across Cases)
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Figure 3. Violin Plots of Case-Level Precision, Recall, and F1 after Normalization

Table 1. Before vs. After Normalization (Macro-Averaged Across Cases). ∆ Denotes (Post Pre)

Precision Recall F1

Model Pre Post ∆ Pre Post ∆ Pre Post ∆

1B 0.547 0.672 +0.125 0.466 0.587 +0.121 0.489 0.609 +0.120

3B 0.635 0.725 +0.090 0.624 0.712 +0.088 0.622 0.710 +0.088

8B 0.754 0.812 +0.058 0.761 0.818 +0.057 0.751 0.807 +0.056

70B 0.795 0.828 +0.033 0.809 0.842 +0.033 0.796 0.828 +0.032

Figure 4. Instruction Compliance Rates for JSON-only Outputs
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than either the 8B or 3B model. This is likely due to highly 
compliant outputs that required fewer generated tokens. 
The mean per-case processing times ranked as follows: 1B 
(fastest), followed by 70B, 3B, and 8B (slowest).

Error profile
Both missing and hallucination rates declined with 

scale. Here, hallucinated drugs denote predicted drug enti-
ties that are absent from the expert-annotated gold standard 
for that record after normalization (i.e., false positives under 
a strict gold-standard comparison). The mean hallucinated-
drug count per record decreased from 1.038 (1B) and 0.933 
(3B) to 0.656 (8B) and 0.533 (70B) (Figure 5, bottom left). 
When false positives occurred, they tended to appear 
in small multi-drug bursts rather than as isolated single 
additions (Figure 5, top right), consistent with occasional 
expansion of regimen/protocol shorthand under a strict 
gold-standard comparison. Post-normalization, frequent 
misses were dominated by vincristine, cyclophosphamide, 
and asparaginase (Table 2).

Figure 5. Error Analysis: Distributions of Per-Record Counts of Missing and Hallucinated Drugs (Top), Heatmap of Mean 
Counts per Record for Missing and Hallucinated Drugs (Bottom Left), and F1 Versus Mean Inference Time Per Record 

(Bottom Right)

Performance by text length
Scaling trends held across input lengths (Figure 6). 

Medium-length notes (100–199 characters; n=157) yielded 
the highest scores for 8B/70B (F1: 0.878/0.889), short 
notes (< 100; n=681) were uniformly lower, and long notes 
( 200; n=25) showed mild declines relative to medium length 
while preserving the model ranking.

Discussion and Conclusion
This study demonstrates that a pipeline integrating 

constrained prompting and entity normalization provides 
reliable extraction of oncology drugs from clinical text. 
Performance improves significantly with model size, 
although the accuracy gains between the 8B and 70B models 
are modest compared to the substantial improvements 
observed when scaling from smaller (1B/3B) to mid-sized 
models. Robust normalization notably enhances perfor-
mance, particularly benefiting smaller models, though even 
the largest (70B) model experiences meaningful improve-
ments in precision and recall.
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Post-hoc analysis suggests that many perceived “hallu-
cinations” reflect difficulties in instruction adherence rather 
than genuine errors. For instance, models often listed 
individual constituent drugs when provided with regimen 
protocols, indicating limitations in instruction compliance 
rather than actual hallucinations. Consistent with this 
observation, increased model size corresponded to fewer 
omissions and extraneous drugs (Figure 4). Notably, the 
8B model exhibited deviations from this trend, frequently 
repeating JSON objects and thereby negatively affecting 
its compliance metrics. In operational deployments, false 
positives could potentially be reduced via stronger prompt 
constraints and/or post-generation evidence checks 
requiring a supporting mention in the source text. We did 
not explore these prompt and filtering variants here to 
keep the scaling comparison controlled under a single fixed 
prompt and consistent post-processing.

Instruction compliance was identified as a crucial 
factor influencing both accuracy and processing efficiency. 
Models strictly adhering to JSON-only output protocols 
produced cleaner results and shorter latencies. Conversely, 
over-generation significantly increased generation time. 
The 70B model processed cases faster than the 8B and 3B 
models despite its size, benefiting from near-perfect compli-
ance and minimal extraneous output. While the 1B model 
remained the fastest, its accuracy was notably lower. These 
insights highlight actionable optimization strategies-such 
as grammar or JSON-schema-constrained decoding, output 
gating, and truncation of non-JSON content to improve 
reliability and throughput, especially for mid-sized models.

Future work will investigate enhancing the pipeline 
through retrieval-augmented generation (RAG), specifically 
targeting drug and regimen knowledge. This approach will 
involve retrieving candidate aliases and regimen compo-
nents from the normalization database during decoding 
and employing token-level logit masking or biasing to 
prioritize retrieved canonical generics (retrieval-augmented 
decoding). Additionally, formal assessment of RAG will 
be conducted through ablation studies evaluating retrieval 
effectiveness, varying the number of retrieved candidates, 
and examining latency trade-offs. Structured generation 
will also be expanded by explicitly incorporating a JSON 
schema within the prompt to constrain outputs, encom-
passing structured fields such as drug name, dosage, units, 
route of administration, frequency, and regimen details 
including component expansion and temporal anchors.

Several limitations should be considered in inter-
preting these findings. The extraction focused exclusively 
on drug names, without assessing detailed aspects such 
as dosing, timing, intent, or explicit regimen sequencing 
beyond downstream normalization. Furthermore, this 
study did not evaluate the impact of varying decoding and 
sampling hyperparameters (e.g., temperature, top-p / top-k 
settings, repetition penalty, max-token length), nor did it 
compare decoding strategies (beam search versus greedy). 
Alternative prompt formulations, including varying instruc-
tions or incorporating few-shot exemplars, also were not 
explored. Model comparison was restricted to the Llama 
family for a controlled scaling analysis; performance and 
error profiles may differ for domain-tuned biomedical 

Table 2. Top 5 Missing and Hallucinated Drugs After Normalization by Model (Counts Across N =863 Cases)

Model        Top-5 Missing (Count) Top-5 Hallucinated (Count) 

1B
vincristine (193), cyclophosphamide (163), etoposide (96), 
asparaginase (83), doxorubicin (67)

cytarabine (176), cisplatin (131), 
methotrexate (99), cabozantinib (43), asparaginase (37)

3B
cyclophosphamide (129), asparaginase (54), vincristine (50), 
daunorubicin (42), doxorubicin (34)

vincristine (68), doxorubicin (65), 
pegaspargase (36), cytarabine (34), ifosfamide (31)

8B
asparaginase (55), cyclophosphamide (29), daunorubicin 
(13), doxorubicin (13), vincristine (13)

pegaspargase (56), doxorubicin (44), vincristine (44), 
cyclophosphamide (38), bleomycin sulfate (31)

70B
asparaginase (55), cyclophosphamide (16), doxorubicin (10), 
temozolomide (8), busulfan mel-phalan (7)

pegaspargase (57), doxorubicin (39), bleomycin sulfate (32), 
vincristine (31), cyclophosphamide (28)

Figure 6. Performance by Text-Length Group (Short/Medium/Long) After Normalization
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models, which we plan to evaluate in future work. Finally, 
evaluation was confined to a single corpus, highlighting 
the need for broader multi-institutional studies to confirm 
generalizability across diverse clinical note formats.

In summary, a constrained-prompt pipeline integrating 
robust normalization effectively extracts oncology treatment 
information from clinical text. Mid-to-large-scale LLMs 
demonstrate practical utility for clinical extraction tasks, 
with the 70B model offering the highest accuracy paired 
with predictable latency. However, the 8B model represents 
an optimal balance between accuracy and computational 
resources, with further potential improvements through 
schema-constrained and retrieval-augmented decoding. 
This study serves as a blueprint for deriving real-world 
evidence from cancer registries; enabling researchers and 
policymakers to better understand the nuances of cancer 
treatment and outcomes in diverse patient populations, 
ensuring that innovations are grounded in the realities of 
clinical practice.
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How I Did It

CaRDO: A Tool for Empowering Cancer Registries to 
Publish Population-Level Cancer Statistics Online

James Retell, PhD a; Sean Francis, BDataSci a; James Rene, BMath a; Peter Baade, PhD a,b

Abstract: Introduction: Population-based cancer registries are critical for monitoring cancer burden, informing policy, and 
guiding cancer control strategies. However, many registries face challenges in effectively communicating their data, due 
to limited resources and technical capacity. There is a growing need for accessible tools that support the visualization and 
dissemination of cancer statistics in engaging and interpretable formats. Methods: CaRDO (Cancer Registry Data Online) 
was developed by the Viertel Cancer Research Centre at Cancer Council Queensland as a free, secure, and user-friendly R 
package for creating interactive dashboards using population-level cancer data. Built on the R Shiny framework, CaRDO 
enables users with minimal programming experience to generate dashboards entirely offline. The tool incorporates stan-
dard epidemiological methods, including age-standardized rates, lifetime risk estimation, and segmented regression for 
trend analysis, while maintaining strong privacy safeguards. Results: CaRDO allows users to display cancer incidence and 
mortality data by sex, cancer type, year, age group, and measure (counts or rates), with visualizations of underlying tempo-
ral trends. All data processing occurs locally, and dashboards can be customized with plots that can be downloaded for use 
in reports or presentations. Example datasets and detailed guidance are provided to support implementation. The current 
version includes core dashboard elements, with flexibility for future expansion. Conclusions: CaRDO provides a timely 
and practical solution for enhancing the visibility and utility of cancer registry data. By removing financial and technical 
barriers, it supports under-resourced registries in fulfilling their essential role in cancer control through transparent, data-
driven public health communication.
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Introduction
Population-based cancer registries are essential for 

understanding the impact that cancer has at a population 
level. By systematically collecting standardized data, cancer 
registries provide a critical platform for tracking cancer 
incidence, survival, and mortality; monitoring trends over 
time; and identifying disparities in cancer indicators across 
population subgroups and geographical areas. They also 
provide a unique data-driven evidence base to support the 
development, implementation, and evaluation of cancer 
control efforts, from prevention and screening strategies to 
broader health system planning.1,2

The global cancer burden is rising rapidly. In 2022, 
there were an estimated 20 million new cancer diagnoses 
and 9.7 million cancer deaths. By 2050, annual cancer 
diagnoses are projected to reach 35 million, a 77% increase.3 
While outcomes have improved for some population groups 
and cancer types, significant disparities persist.3 At the 
same time, academic research faces growing challenges, 
including funding shortfalls, public mistrust, pressure for 
translational research, and disconnects between evidence 
and policy.4 In this context, it is more important than ever to 
effectively communicate the value of routine cancer surveil-
lance through cancer registries.4

Making information derived from cancer registry data 
more accessible to policymakers, healthcare professionals, 
and the public is one way to raise the profile of cancer regis-
tries and highlight their value. Cancer registries should be 

viewed not just as data repositories, but as essential tools for 
guiding evidence-based decision making. Yet a major barrier 
is the lack of affordable, user-friendly tools for presenting 
cancer statistics in an engaging and accessible format. Many 
registries operate with limited resources, making it difficult 
to invest in proprietary software or specialized expertise. As 
a result, their ability to produce high-quality outputs that 
inform policy and engage stakeholders is often constrained.

Several software packages—such as Power BI, Tableau, 
and others—are purpose-built for data visualization and 
dashboard development. These tools offer powerful capa-
bilities and are widely used across industry, including 
health analytics. However, they often require licensing 
costs and technical expertise, which can pose challenges 
for smaller or under-resourced cancer registries. While 
well-suited for building interactive dashboards, they are 
not specifically designed to meet the unique needs of 
population-based cancer registries aiming to communicate 
broad cancer trends to non-technical audiences.

In addition to these general-purpose platforms, 
there are more specialized tools designed for clinical and 
molecular cancer research.5,6,7 However, tools focused on 
visualizing and communicating population-level cancer 
outcomes in accessible formats remain limited.

Florensa and colleagues8 (2023) proposed a compre-
hensive workflow for visualizing cancer registry data 
using R Shiny dashboards. Their approach enhances data 
accessibility and transparency, supporting evidence-based 
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decision-making. However, it relies on backend infrastruc-
ture—such as APIs and databases—to connect registry 
data to the dashboard application. This requirement may 
exceed the technical capacity of smaller or under-resourced 
registries.

To help bridge the gap in accessible online reporting 
tools for cancer registries, the Viertel Cancer Research 
Centre at Cancer Council Queensland has developed Cancer 
Registry Data Online (CaRDO). CaRDO is a free R package 
designed to support the creation of interactive dashboards 
using population-level cancer data. It was built specifically 
for registries with limited technical capacity—requiring no 
programming skills and ensuring that sensitive data remain 
offline.

Methods 
CaRDO (Cancer Registry Data Online) was developed 

by the Viertel Cancer Research Centre at Cancer Council 
Queensland to provide a free, secure, and user-friendly 
solution for visualizing population-level cancer statistics. 
The tool was designed to support cancer registries with 
limited technical capacity, enabling them to create interac-
tive dashboards without requiring programming expertise 
or online access to sensitive data.

Technical Framework
CaRDO is implemented as an R package using the R 

Shiny9 framework from the R programming language.10 It 
allows users to build interactive web-based dashboards that 

display cancer statistics in a clear and engaging format. The 
package is freely available and only requires installation 
of R Studio, which is also free. All data processing occurs 
locally on the user’s computer, ensuring that sensitive infor-
mation remains secure and offline.

Broadly, CaRDO works by standardizing the user’s 
data structure and variable names, allowing the prebuilt 
R Shiny application to perform the required calculations 
on the supplied data. The package, including the software 
and its documentation, is only distributed via GitHub, a 
free online code-hosting platform, which allows users to 
install CaRDO directly from within R. The full source code 
is publicly available at https://github.com/ for readers and 
users wishing to explore the technical side of CaRDO in 
more detail. Importantly, GitHub is not used to store or 
process user data; all analyses are performed locally on the 
user’s computer.

User Workflow
CaRDO was designed to be intuitive and accessible to 

users with minimal or no experience in R programming. 
The dashboard creation process is guided entirely through a 
graphical user interface, with no coding required. The work-
flow involves four main steps (see Figure 1): (1) loading 
data into R Studio; (2) specifying variables of interest; (3) 
customizing dashboard details; and (4) generating the final 
dashboard on the local computer. 

Some initial data preparation is required prior to 
these steps, and detailed guidance is provided in the 

Figure 1. Steps Involved in Generating a Statistics Dashboard Using CaRDO. For further details,  
see The CaRDO Handbook, Chapter 4, CaRDO Example

1. Load Data.

2. Specify variables.

3. Customise and finalize.

4. Create dashboard.

https://github.com/
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accompanying The CaRDO Handbook. The handbook also 
outlines best practices for data formatting, aggregation, 
and privacy protection. In addition, CaRDO has built-in 
error handling to identify common user issues—such as 
mis-specified variable names or invalid data types—and 
provides clear feedback to users to help them identify and 
correct these errors.

The content of the CaRDO dashboard depends on 
the scope of the data available. For example, the simplest 
dashboard users can create provides a display of cancer 
incidence count data. This requires details about cancer 
type, counts (number of diagnoses), diagnosis year, age at 
diagnosis (in 5-year age groups), and sex. This can then be 
expanded to calculate incidence rates, if the corresponding 
population data are available. If mortality data are avail-
able, they can be incorporated into the dashboard using the 
current version of CaRDO. 

Statistical Methods
When counts and populations were provided, age-

standardized rates were calculated using the direct method, 
applying age-specific rates to the world standard popula-
tion across 5-year age groups. Lifetime risk estimates were 
derived using cumulative risk formulas, assuming constant 
age-specific rates up to age 85.

Trends in cancer incidence and mortality were modeled 
using segmented regression techniques. Breakpoints were 
identified using structural change detection methods, and 
piecewise models comprised of linear fits were applied to 
each segment.

Sex-specific cancers were identified algorithmically 
by assessing the presence of sex-coded data across cancer 
types. Where data are available for only one sex, the cancer 
type is classified as sex-specific, and so the person-specific 
population count is not used as the denominator. 

Privacy and Data Governance
CaRDO was developed with strong privacy safeguards 

to ensure compliance with data governance standards. All 
data used in CaRDO are stored and analyzed locally; no 
data are transmitted or stored online. For incidence and 
mortality dashboards, only aggregated data are required, 
eliminating the need for unit record data. Even when 
sensitive data are used, CaRDO functions analogously to 
other secure data management software, importing and 
processing data entirely within the RStudio environment.

To further protect privacy, CaRDO includes several 
built-in features including (a) 5-year aggregation options 
to reduce the risk of identifying individuals in registries 
with small case numbers, (b) user-defined suppression 
thresholds to automatically exclude small cell counts from 
display, and (c) offline operation to ensure data never leave 
the user’s device.

Development and Testing
The software was built using the following R pack-

ages: shiny software package for R,9 tidyverse,11 bslib,12 
shinyWidgets,13 plotly,14 markdown,15 strucchange,16 and 
segmented.17

CaRDO was developed iteratively with input from 
internal and external stakeholders, including cancer 
researchers, cancer registrars, clinical coders, and data 
custodians, both within Australia and internationally. 
Feedback was collected through individual discussions, 
either in person or through videoconference and/or email, 
with the intent to refine usability and ensure clarity of the 
documentation and relevance to privacy standards and 
registry practices. Before deployment, CaRDO was tested 
using a range of internal and external datasets, including 
both real-world registry data and purpose-built fictitious 
datasets designed to test data security and suitability for 
sparse datasets. As this version of CaRDO represents the 
first iteration, ongoing user feedback is actively encouraged 
to inform future development and refinement.

Publishing the Dashboard
The focus of CaRDO is to produce a web-based dash-

board that is stored on the local computer. CaRDO does 
not automatically publish the data online, thus providing 
the user with greater security while using CaRDO and 
more flexibility in terms of how they want to publish the 
dashboard online. There are several options available for 
publishing this dashboard, and their respective strengths 
and limitations have been summarized elsewhere.18

Example Datasets
To help users implement and test CaRDO, example 

datasets containing fictional incidence, mortality, and popu-
lation data are provided to demonstrate the required data 
structure. 

Results
An example of the dashboard that can be generated 

by CaRDO is provided in Figure 2. Depending on the 
data provided, the dashboard can display population-
level cancer data by sex, cancer type, year, age group, and 
measure (rates or counts) for both incidence and mortality, 
and details of the underlying temporal trends. 

All data displayed in the dashboard, as well as the 
figures themselves, are available for users to download, 
enabling straightforward incorporation into reports, presen-
tations, or other materials. 

Discussion
The development of CaRDO aligns with a growing 

recognition of the vital role cancer registries play in public 
health. Cancer registries are not merely data repositories—
they provide a critical foundation essential to appropriately 
understand the impact of cancer within a population, guide 
policy, and drive improvements in cancer outcomes. Yet 
despite their importance, registries often operate under 
resource constraints and so face challenges in communi-
cating their value to stakeholders. CaRDO directly addresses 
this gap by providing a free, user-friendly tool that enables 
registries to transform their confidential complex data into 
accessible, public-facing interactive dashboards.

By removing financial and technical barriers, CaRDO 
provides the potential to empower under-resourced regis-
tries to enhance the visibility and impact of their data. This 
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Figure 2. Example “Diagnosis” Page Dashboard Created Using CaRDO with Statistics  
Based on Fictional Data

Figure 3. Collage of Dashboards from Queensland Cancer Statistics Online (QCSOL), Demonstrating Potential  
for Future Expansion of CaRDO
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democratization of data visualization supports broader 
efforts to champion cancer registries and raise awareness of 
their contributions to cancer control. In doing so, CaRDO 
helps registries better engage with policymakers, health-
care professionals, and the public—key audiences whose 
support is essential for sustaining and expanding registry 
operations.

The current version of CaRDO has been designed to 
include the core elements that might typically be expected 
in a standard online dashboard for a population-based 
cancer registry. Utilizing the inherent flexibility of R Shiny, 
there are many avenues for expansion, such as including 
various measures of survival and more details about trends 
and age-specific patterns, along with many options for 
presenting these statistics visually. The Queensland Cancer 
Statistics Online (QCSOL)19 provides one example of the 
possibilities that could be included with further develop-
ment of the underlying CaRDO package (see Figure 3). 

The CaRDO software and associated materials are 
freely available under the Creative Commons Attribution-
NonCommercial-ShareAlike 4.0 International License 
(CC BY-NC-SA 4.0). This license permits users to copy, 
redistribute, and adapt the materials for non-commercial 
purposes, provided appropriate credit is given and any 
derivative works are shared under the same license. This 
open licensing model supports collaborative develop-
ment and equitable access, particularly for low-resource 
cancer registries. Organizations seeking customizations or 
enhancements beyond the base product are encouraged to 
contact the developers to discuss potential syntax develop-
ment on a cost-recovery basis.

Conclusion
CaRDO provides a secure, accessible, and adaptable 

solution for visualizing population-level cancer data. Its 
intuitive interface and open-source design make it especially 
valuable for registries with limited resources, enabling them 
to produce interactive dashboards without programming 
expertise or compromising data privacy. Built on a flexible 
R Shiny framework, CaRDO supports a range of statistical 
outputs and can be expanded to meet evolving registry 
needs. As cancer burden continues to rise and the need for 
transparent, evidence-based public health responses grows, 
CaRDO provides a timely and impactful tool to help cancer 
registries fulfill their essential role in cancer control.

While CaRDO is designed to be user-friendly, users are 
welcome to contact statistics@cancerqld.org.au for general 
enquiries or support. If your organization requires custom-
izations or enhancements to the base product, please contact 
us to discuss further. Feedback from users is actively 
encouraged, as understanding how CaRDO is adopted and 
used is critical to demonstrating its impact and supporting 
future development.
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Abstract: Spatially linking cancer registry records to information describing the communities where patients live can 
enhance the utility of registry data. Here, we describe the ongoing development of an application, the Population Cancer 
Assessment and Surveillance Engine (PopCASE), that will allow central cancer registries or their designees to set up a 
population cancer data platform linking a registry’s data with community data. PopCASE links registry records by patient 
residential address to demographic, socioeconomic, household, transportation, healthcare access, screening, risk factor, and 
other community metrics. Users can query the data by demographic, geographic, or disease criteria via a user interface 
and receive results, including case counts, age-adjusted incidence and mortality, stage at diagnosis, time-to-treatment, and 
dozens of community measures stratified by county, census place (“municipality”), zip code tabulation area (ZCTA), and 
census tract. PopCASE may also be used to create patient-level linked research data sets. We anticipate two likely imple-
mentation scenarios: 1) a cancer center where a research team with appropriate institutional review board (IRB) approval 
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Introduction
Cancer registry data represents the lifeblood of popula-

tion cancer research and cancer control efforts. The value of 
linking cancer registry data to place-based contextual data 
is increasingly recognized. In 2024, the National Cancer 
Institute (NCI) released a version of the Surveillance, 
Epidemiology, and End Results (SEER) data linked to 
certain characteristics (socioeconomic status, rurality, and 
persistent poverty) of de-identified census tracts.1 Prior to 
this, a handful of solutions emerged, packaging aggregated 
cancer incidence or mortality data (typically county-level) 
with community metrics from US Census data and else-
where.2-4 One notable dashboard featuring a rich collection 
of community metrics is Cancer InFocus,4 developed at the 
University of Kentucky Markey Cancer Center, and adopted 
at 52 sites nationwide as of September 2025. Cancer InFocus 
allows a cancer center or other entity to easily implement a 
public-facing dashboard drawing data from publicly avail-
able sources, including site-specific, county-level cancer 
incidence or mortality rates.

While dashboards using public data expand the user 
base of cancer data to those with general questions about 
the distribution of cancer burden, these tools are not ideal 
for research. Nor are they well-suited for the type of sub-
county-level surveillance and community outreach and 
engagement (COE) planning needed for localized cancer 
control efforts.5,6 Researchers often need patient-level 
data, which commonly would be linked to community-
level indicators (e.g., median income) through a laborious 

merging process. Public health and COE professionals may 
also need information on very specific groups of cancer 
patients, living in communities smaller than counties, to 
effectively target their efforts. For this reason, our team at 
Case Comprehensive Cancer Center developed a proto-
type application called the Ohio Cancer Assessment and 
Surveillance Engine (OH-CASE). Under institutional review 
board (IRB) approvals (Case Western Reserve University 
Protocol IRB-2016-1752 and Ohio Department of Health 
Protocol 2017-50), we linked records from the Ohio Cancer 
Incidence Surveillance System (OCISS) by address at diag-
nosis to county and sub-county-level social and economic 
indicators from the US Census and other sources.

Building on the success of the OH-CASE prototype, 
and with NCI funding, our team is incorporating numerous 
additional data sources and generalizing the model into a 
piece of software—the Population Cancer Assessment and 
Surveillance Engine (PopCASE)—to allow other central 
cancer registries or their approved data users to implement 
their own OH-CASE-like platform using patient-level cancer 
data linked with multifaceted community information.

Here, we provide an overview of PopCASE, report 
current project progress, and discuss implementation 
considerations.

Methods
PopCASE consists of a PostgreSQL relational database 

management system (DBMS), a user interface with support 
for querying and viewing the data, and a “controller” layer 
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where any calculations needed to generate results in real time 
occur. The PopCASE DBMS is populated using an extract 
transform load (ETL) workflow with individual database 
tables. A key design principle of PopCASE is that all input 
data sources must be available in standardized formats for 
all parts of the US. North American Association of Central 
Cancer Registries (NAACCR) formatted patient-level cancer 
registry data serves as the backbone of the database, and 
any user implementing an instance of PopCASE must have 
access to registry data with IRB approval.

Figure 1 provides a summary of the data sources 
included in PopCASE. Below, we describe each community-
level data source and its role in PopCASE.

SEER and Decennial census population data 7,8 

PopCASE contains race/ethnicity-specific tables of 
age- and sex-stratified population counts for each county, 
census place (“municipality”), zip code tabulation area 
(ZCTA), and census tract in the region of interest (in our 
case, Ohio) at different time points. These counts are used 

to age-adjust incidence and mortality rates. Performing 
age-adjustment in real time allows PopCASE to generate 
age-adjusted incidence and mortality rates and confidence 
intervals for any combination of disease-, age-, race/
ethnicity-, or location-based search criteria. Census tract and 
county population estimates are those produced by Woods & 
Poole Economics, Inc. with support from NCI.7 Census place 
and ZCTA population estimates are derived from 2010 and 
2020 decennial census data;8 counts for intercensal years are 
estimated by linear interpolation, while 2020 data is used 
for post-2020 years.

Five-year U.S. Census American Community 
Survey (ACS) data 9

These data provide contextual understanding of the 
demographic makeup, economic circumstances, housing 
environment, household composition, residential stability, 
educational attainment, and transportation resources of 
communities at the county, municipality, ZCTA, and census 
tract levels.

Figure 1. Conceptual Diagram of PopCASE Data Sources and Their Linkages

CDC = Centers for Disease Control and Prevention, CMS = Center for Medicare and Medicaid Services, HRSA = Health 
Resources and Services Administration, SEER = Surveillance Epidemiology and End Results, ZCTA = ZIP code tabulation area.
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CDC PLACES data
The Centers for Disease Control and Prevention (CDC) 

provides small area estimates of Behavioral Risk Factor 
Surveillance System (BRFSS) measures.10 The database 
contains estimates of the proportion of residents of each 
county, municipality, ZCTA, and census tract who are 
current on screening for breast, cervical, and colorectal 
cancers; as well as prevalence estimates for cancer-related 
risk factors, including current smoking, binge drinking, 
and physical inactivity, and for certain comorbidities and 
healthcare access indicators.

Doctors and clinicians national downloadable file
This resource from the Centers for Medicare and 

Medicaid Services (CMS) provides information on clinical 
provider practice street address and specialty.11 This data 
is used to estimate average travel distances to multiple 
provider types from the population-weighted centroid of 
each census block group (a proxy for patient address) and 
census tract. County-level provider-to-resident ratios are 
also calculated.

Food and Drug Administration (FDA) mammogram  
facility registry

This registry contains the street addresses of all certi-
fied US mammography facilities.12

Redlined neighborhoods
In over 200 U.S. cities, 1930’s federal mortgage lending 

guidelines rated neighborhoods where Black Americans 
and members of other minority groups resided as high risk, 
shutting off their access to mortgage credit.13 PopCASE 
creates indicators for each patient of residence in a former 
redlined (highest risk) neighborhood based on historical 
Home Owner Loan Corporation (HOLC) lending maps.14

Health Professional Shortage Areas
PopCASE creates patient-level indicators of residence 

in a designated primary care health professional shortage 
areas (HPSA).15

Filters
The PopCASE interface is used to build queries based 

on combinations of patient demographics (sex, age groups, 
race/ethnicity), county, diagnosis date, cancer type(s), and 
stage.

Aggregation
Query results may be output at the level of county, 

municipality, ZCTA, or census tract (one row of data per 
location). With appropriate IRB permissions, PopCASE can 
output a patient-level data set. While all PopCASE visual 
output is tabular, data can be exported as a csv file for 
further analysis or visualization with external tools.

Measures
Users may select from dozens of measures calculated 

from the patient- and community-level PopCASE data. For 
geographically aggregated results, these include disease-
focused measures such as case/death counts, age-adjusted 

incidence/mortality, time to treatment, stage distribution, or 
average Gleason score (prostate cancer). National incidence 
and mortality estimates from the Cancer in North America 
(CINA) public use data set16 are provided for comparison. 
Each row of output will also contain user-selected commu-
nity measures including travel time to various healthcare 
services, screening and health services utilization, economic 
measures, household characteristics, transportation access, 
etc.

Stratification
Geographically aggregated results can be stratified by 

numerous demographic, insurance status, or disease charac-
teristics (including breast cancer receptor status).

Results
The PopCASE project has completed its first year. 

With the database built, the next steps are to enhance the 
prototype user interface and build the controller logic for 
completing age adjustment and other real time calculations. 
Here, we provide some statistics describing OH-CASE, 
the Ohio implementation of PopCASE residing in the Case 
Western Reserve University Secure Research Environment.

OH-CASE contains population data for approximately 
11.8 million Ohioans living in 88 counties, 1,204 census 
places/municipalities, 1,197 ZCTAs, and 2,952 census tracts. 
Community data from the sources shown in Figure 1 is 
available for each of these geographic units. The data-
base contains registry records for 880,463 Ohioans with 
cancer diagnosed from 2010 through 2022. The total storage 
requirement for the database is approximately 18 gigabytes.

Our team’s version of PopCASE (OH-CASE) utilizes 
OCISS data, but OCISS data will not be packaged with the 
PopCASE application.

Discussion
We have described the design and current state of 

PopCASE, a population cancer analytics platform designed 
to spatially link numerous community-level data sources to 
identified patient-level registry data. The final stage of the 
project entails building a “software container” which allows 
the application to be installed in various computing envi-
ronments. We will package the location-specific portions of 
each constituent public data set with the container used by 
any particular adoptee to minimize setup burden.

The technical work of developing PopCASE, while 
substantial, is relatively straightforward; but the governance 
considerations are critical and will likely vary by adopting 
site. Registry data of adopting sites will not be shared 
outside the environment where PopCASE is implemented 
(including with our development team). PopCASE will be 
distributed essentially as a wrapper of curated community 
data that links to the adoptee’s own patient-level registry 
data during setup. This approach offers tremendous prac-
tical advantages relative to manual processes that involve 
acquiring, preparing, and integrating these data sources 
with registry data using SEER*Prep/SEER*Stat or other 
tools. It is also important to note that any spatial linkage 
activities involving cancer registry data depend on accurate 
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geocoding. Given the value of such linkage (exemplified by, 
but not the sole domain of, PopCASE), adequate financial 
support and appropriate tools for registries’ geocoding 
activities represent an important advocacy priority for the 
cancer registry community.

We foresee two likely implementation settings: 1) 
cancer centers where a research team with appropriate 
IRB approval uses an instance of PopCASE for population 
cancer research in a secure data environment, and 2) a 
central cancer registry hosting their own secure instance of 
PopCASE. In the latter scenario, PopCASE could be used 
by registry or public health staff to fulfill data requests or 
perform advanced surveillance on a region’s cancer burden. 
In addition, registries would have the option of developing 
a portal for vetted, credentialed users in the cancer control 
community (such as cancer center COE teams) to securely 
access geographically aggregated data.
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Modernizing Registry Operations: Implementing 
File*Pro Automation with Groovy Scripting to 

Streamline Data Processing in Missouri
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Abstract: Background and objective: Processing out-of-state (OOS) cancer registry files has historically required 
time-consuming manual work and programmer intervention. At the Missouri Cancer Registry and Research Center 
(MCR), File*Pro was integrated into our process at MCR with state-specific groovy configuration files to streamline 
file preparation, reduce turnaround time, and empower oncology data specialists (ODS) to work independently. This 
report evaluates the effectiveness of this approach and shares adaptable templates for replication by other registries. 
Methods: Custom groovy scripts were developed to align OOS files with PrepPlus requirements. These scripts auto-
mated default value population, corrected state-specific fields (e.g., county codes), and provided reusable templates. 
Evaluation metrics included pre- and post-implementation processing times, staff independence, and QA dashboard 
indicators. Results: From January to April 2025, 180 cases across 9 OOS files were processed with minimal program-
mer support. County code corrections applied to 3,476 cases from 31 files using the same workflow. ODS staff inde-
pendently processed up to 13 OOS files in 4 months, saving ~5 days per file by avoiding programmer delays. QA 
metrics showed a 5-day improvement in turnaround times. Conclusion: File*Pro with groovy configurations offer a 
scalable, adaptable solution for registries. By reducing reliance on programmers, empowering staff, and accelerating 
workflows, this approach enhances efficiency and can be replicated in other central registries with minimal training.

Key words: cancer registry, File*Pro, groovy scripts, automation, workflow efficiency
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Introduction
Central cancer registries (CCRs) serve as the back-

bone of cancer surveillance in the United States.1,2 
Their core responsibilities include collecting, consoli-
dating, and standardizing cancer incidence data from 
hospitals, laboratories, and other reporting sources.1–3 
This data supports cancer research, informs public 
health programs, and guides policy decisions at state 
and national levels.8,10 However, CCRs also manage 
complex datasets that extend beyond their geographic 
boundaries. One such initiative involves the interstate 
exchange of cancer data: particularly when patients are 
diagnosed or treated outside their state of residence. As 
data timeliness becomes an increasing priority in national 
surveillance efforts,10 central registries must adopt more 
automated and responsive approaches to handling file 
variability and exchange protocols, including out-of-
state submissions.

These out-of-state (OOS) files often arrive in varying 
formats, contain non-standard fields, and must be 
harmonized with the receiving registry’s specific require-
ments. Without streamlined processes, this can lead 
to inefficiencies, delays, and increased dependency 
on specialized technical staff. It is often necessary to 
adjust out-of-state (OOS) exchange files to account for 
Missouri-specific state layouts, non-standard fields, and 

mismatched county codes. Historically, this process has 
been heavily manual or dependent on programmers, 
which has caused bottlenecks and delays. One had to 
either work with Excel to solve these issues or wait for 
a programmer to create SAS or SQL code. This limited 
the speed at which registry data pre-processing contri-
butions could be made and placed strain on IT support 
staff.

Nearly half of cancer registrars say they need additional 
training in data analysis, and recent workload statistics 
show that they spend more than an hour on simple abstracts 
and almost two hours on difficult abstracts.1–3 File*Pro is a 
software utility developed and maintained by the National 
Cancer Institute (NCI)-SEER to assist central cancer regis-
tries with data preparation, recoding, and validation prior 
to submission through PrepPlus and the NAACCR Call for 
Data workflows.7 Even with the availability of programs 
like File*Pro, underutilization of technology is still a signifi-
cant problem that frequently leads to inefficiencies and lost 
value in a variety of businesses. Cross-sector enterprise 
analyses have claimed that organizations, including health-
care and public-sector entities, use only about 30–40% of 
the capabilities of their digital tools, leading to significant 
waste of investment and staff time, even when capable 
software has been available.4–6 In a way, this project also 
addresses the underutilization gap by leveraging already 
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existing tools, such as File*Pro and groovy configuration 
files, to reduce processing time, empower Oncology Data 
Specialists (ODS), and scale workflows for OOS file prepa-
ration. The immediate objective was to replace manual 
and code-heavy operations or processes with automated 
workflows for OOS file processing using File*Pro + groovy 
configuration files. The future vision is to build a sustain-
able, scalable solution that empowers ODS staff to execute 
processes independently, reducing reliance on program-
mers while enhancing efficiency, consistent with national 
public health surveillance strategy.10

Methods
The Missouri Cancer Registry and Research Center 

(MCR) is supported in part by a cooperative agreement 
between the Centers for Disease Control and Prevention 
(CDC) and the Missouri Department of Health and Senior 
Services and a surveillance contract between DHSS and 
the University of Missouri. Figure 2 depicts the prior 
workflow for processing OOS files, which relied heavily 
on programmer availability for configuration and execu-
tion. In the new process, following file receipt, ODS staff 
load the incoming NAACCR XML into File*Pro, select 
the appropriate Groovy configuration, and execute auto-
mated recoding prior to PrepPlus import (Figures 1 and 
2). Prior to broader rollout, the groovy-based workflow 
was piloted with a subset of ODS staff and refined based 
on feedback to ensure alignment with existing file prepa-
ration tasks. Initial training materials were developed 
in-house, and follow-up support was offered to ensure 
familiarity with File*Pro’s scripting interface. Custom 
groovy scripts were created for each OOS file type. 
The groovy scripts apply standardized defaults, enforce 
state-specific logic, and prepare the file for downstream 
QA without requiring programmer intervention (Table 
1). These scripts populated default values required by 
PrepPlus software, corrected county codes to Missouri 
standards, and automated repetitive tasks. Older work-
flows involved manual changes by ODS for 5 min, 30 
min and 120 min in some cases or 1–5 day wait times for 
programmers. The revised workflow can be summarized 
as: OOS file  Groovy script  File*Pro  PrepPlus. 
(Figures 1 and 2).

Two time-based metrics were tracked for this study:
n	 Processing time, referring to the actual staff effort 

per file, and
n	 Programmer wait time, defined as the elapsed 

delay between a request and a programmer’s 
response.

To estimate potential time savings, we modeled 2 
common scenarios based on an annual registry work-
load of 120 OOS files:
n	 A simple scenario requiring 5 minutes of ODS-led 

processing per file.
n	 A complex scenario requiring 30 minutes per file.
Efficiency gains were attributed to reduced manual 

effort and elimination of programmer delays. Two pre-
automation delay models were considered:

n	 Scenario A: A per-file 5-day (40-hour) programmer 
wait.

n	 Scenario B: A batch delay, where five files incur a 
shared 1-day wait.

These scenarios provide a framework within which to 
evaluate both individual and systemic time savings and are 
summarized in Table 2 and Figure 2.

Results
Between January and April 30, 2025, the Missouri 

Cancer Registry (MCR) processed 180 cases from 9 
out-of-state (OOS) files using the new File*Pro and 
groovy-based automation approach. Projected over a 
full year, this translates to approximately 540 cases from 
27 OOS files. In addition, the system was successfully 
adapted for other use cases, such as county code correc-
tions (3,476 cases from 31 files) and Veterans Affairs (VA) 
data, using the same groovy configuration templates. The 
automation workflow—from file ingestion to comple-
tion—is depicted in Figure 1 and the impact of the 
chances is shown in Figure 2. Staff feedback indicated 
that ODS staff independently processed up to 13 OOS 
files within a 3-month span, reporting a consistent 5-day 
reduction per file in processing time. Over 85% of OOS 
files were fully processed by ODS staff without requiring 
programmer intervention.

Quality assurance (QA) dashboard metrics, as well 
as feedback from ODS staff, confirmed a 5-day improve-
ment in turnaround time and a reduction in EDIT error 
rates post-implementation.

The remaining 15% of files that still required 
programmer involvement were limited to edge cases. These 
could be NAACCR metafile updates, uncommon site-
specific staging logic, or schema changes not yet integrated 
into reusable groovy scripts, especially when it exceeded the 
File*Pro GUI capabilities and/or required advanced groovy 
scripting.

To assess time savings, we modeled both individual 
file and batch processing scenarios, accounting for manual 
processing time (5–30 minutes per file) and programmer 
wait times (1–5 days). These scenarios are detailed in 
Table 2 and Figure 2. Even under conservative assump-
tions (for files that needed 5–30 mins prep time), projected 
gains include elimination of 968 to 4,808 hours annually in 
programmer queue delays—freeing technical staff to focus 
on higher-impact tasks. Together, these results demonstrate 
that the implementation not only reduced dependency on 
programmers but also empowered ODS staff, improved 
QA timelines, and expanded automation potential across 
multiple file types.

Discussion and Conclusion
This MCR Project primarily helped with staff 

empowerment and efficiency. Training ODS staff to use 
File*Pro scripts reduced dependence on limited IT staff.1,2 
This approach also improved staff autonomy and owner-
ship, which became evident in their confidence to manage 
OOS files independently.2,3 Despite an increasing number 
of OOS files received, the introduction of groovy-enabled 
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Figure 1. File*Pro Interface with groovy Advanced Editor

Figure 2. Workflow Comparison (Before Versus After Automation)

File*Pro processing has allowed the registry to maintain 
or improve throughput without expanding programmer 
capacity and allowing programmers to focus on higher-
level integration tasks and enhancements.1,3 Moreover, the 
approach is scalable, and the templates are portable. Any 
registry with access to File*Pro can adapt our groovy 
configurations with minor adjustments.7,9 This is espe-
cially beneficial for registries with constrained staffing or 
programming resources.1,3 By championing utilization of 

technology, this project highlights a practical response to 
the underuse of powerful tools.4–6 By removing technical 
barriers, we democratized access to File*Pro’s automa-
tion potential and eliminated hidden inefficiencies from 
our pipeline and time savings (Table 2).

We developed a groovy-based preprocessing and 
recode pipeline including a suite of groovy scripts within 
File*Pro to automate preprocessing of heterogeneous 
registry data files prior to PrepPlus processing and 
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quality assurance (Figure 1). These scripts standardize 
core fields by applying NAACCR-conformant unknown 
codes, normalizing identifiers (e.g., clearing National 
Provider Identifier (NPI), resetting Medical Record 
Number (MRN), and enforcing consistent staging logic 
by diagnosis year (e.g., assigning SEER Summary Stage 

2000 for cases diagnosed before 2018 and Summary Stage 
2018 thereafter). Modules also manage state-specific 
adjustments such as county reassignment for out-of-state 
cases, targeted recodes for death certificate–only (DCO) 
submissions, and normalization of incoming Veterans 
Affairs data (Table 1). Collectively, these processes ensure 

Table 1. File*Pro groovy Scripts: Purpose and Example Rules for Registry Operations

Table 2. Comparison of File Processing Time and Projected Savings Before and After Implementation of File*Pro + Groovy 
Automation.

Table 2 summarizes three modeled scenarios comparing pre- and post-implementation time estimates for ODS-led file processing. Two 
dimensions of efficiency gains are shown: (1) prep time reduction for automated processing (from 5, 30, or 120 minutes per file down to 
~1 minute), and (2) elimination of programmer wait time under two assumptions: a worst-case per-file delay (5 days = 40 hours for one 
file), and a conservative batch model (5-day delay = 40 hours for 5 files). All values are based on a workload of 120 files per year. These 
estimates align with staff-reported feedback and are intended to illustrate potential/projections savings across varying registry workflows 
based on actual reported savings for four months.

Scenario Before (hours) After (hours)
Estimated Saved 

(hours)

Does estimate include 
programmer wait time? (Y/N/

NA=Not Applicable)

Basic file processing time savings excluding programmer wait times

Prep + QA only (5 min) 10 2 8 NA

Prep + QA only (30 min) 60 2 58 NA

Prep + QA only (120 min) 240 2 238 NA

Projected scenarios including programmer wait times in savings

Per-File (Full 5-day Delay, 5-min prep) 4,810 2 4,808 Yes

Batch Model (1-Day Wait), 5-min prep 970 2 968 Yes

Per-File (Full 5-day Delay, 30-min prep) 4,860 2 4,858 Yes

Batch Model (1-Day Wait, 30-min prep) 1,020 2 1,018 Yes
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that mixed-source inputs are transformed into edit-tolerant, 
registry-ready NAACCR XML files with consistent coding 
and minimized manual intervention. Customizable OOS 
and County groovy files and codes are available via 
GitHub.9

The Missouri implementation is designed to be portable, 
and other registries can adapt the scripts by updating state 
identifiers, unknown value codes, and policy-specific rules 
(e.g., county coding, class-of-case defaults, staging thresh-
olds) (Figure 1, Step 5).9 More advanced customization 
may involve extending site- or histology-specific recodes 
or aligning record versioning with local EDITS metafiles.8 
By parameterizing these elements in a simple configuration 
layer, registries can tailor the same automation framework 
to their own operational requirements while preserving the 
efficiency gains demonstrated in Missouri.

Limitations and Implications for Other Registries
This study’s findings should be considered in light 

of a few limitations. The reported time savings and work-
flow enhancements were based on staff-reported estimates 
and qualitative feedback. This may introduce variability 
in precision. Initial setup time for groovy scripts was not 
included in per-file savings estimates. File*Pro training time 
was also excluded from our quantitative models. Although 
the initial learning curve for File*Pro scripting is modest, 
adoption may still require training and periodic support, 
especially in smaller teams. While the run-time for most 
files is under 1 minute once scripts are created, building 
and testing each configuration involves a one-time effort, 
which may vary depending on file complexity and registry-
specific rules. Although feedback from MCR staff suggests 
a manageable learning curve, individual comfort levels and 
prior technical experience can influence the efficiency 
gains during early adoption phases.

Programmer wait times (1-day versus 5-day scenarios) 
were modeled to provide conservative and worst-case esti-
mates but may not apply uniformly across all registries or 
use cases.

Despite these constraints, the broader implications 
are compelling. This approach offers a practical, scalable 
framework for modernizing registry workflows using low-
code tools.5,10 The scripting infrastructure is reusable across 
other file types-such as Veterans Affairs data, county correc-
tions, and death certificate–only submissions—making it a 
valuable asset for future registry use cases.7–9 By enabling 
frontline staff to take ownership of preprocessing tasks, we 
not only reduced turnaround time but also freed program-
mers to focus on higher-impact system development and 
integration efforts.1–3 Overall, the Missouri experience 
demonstrates how scripting-enabled automation, when 
paired with thoughtful training and modular design, can 
yield rapid and sustainable improvements in cancer registry 
operations.10
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Addressing the Challenge of Geospatial Accuracy in Cancer 
Registration: The Louisiana Tumor Registry Experience
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Abstract: Accurate geospatial data is foundational to cancer research, supporting efforts in cancer control and preven-
tion programs, exposure analysis, and understanding of the socio-economic determinants of health.1–5 As a population-
based cancer registry, the Louisiana Tumor Registry (LTR) supplies data to national cancer datasets via North American 
Association of Central Cancer Registries (NAACCR), Centers for Disease Control (CDC), and Surveillance, Epidemiology, 
and End Results Program (SEER), while also publishing geographically-detailed cancer statistics for the state. Beyond 
these national contributions, LTR data has been instrumental in a wide range of cancer research applications, including 
but not limited to environmental exposure analysis.6 Recognizing the need for cancer statistics at the community level, the 
Louisiana State Legislature enacted R.S. 40:1105.10 in 2018, requiring an annual cancer incidence report by census tract.7 As 
a SEER registry, LTR has utilized the SEER Data Management System (SEER*DMS) since 2009, integrating the NAACCR-
supported and NCI-funded geocoder, Geocodio API. While individual registries and jurisdictions will possess varying 
resources in obtaining complete and accurate geospatial data, all NAACCR registries have access to Geocodio. This report 
summarizes the strategies and practices LTR has implemented to achieve high quality geospatial data and provides guide-
lines that other registries can implement to meet this critical objective.

Key words: geospatial, Louisiana Tumor Registry
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Methods
To support precise geospatial mapping of cancer 

incidence, the Louisiana Tumor Registry (LTR) has imple-
mented a comprehensive workflow focused on improving 
the accuracy of address information at diagnosis. The preci-
sion of GIS mapping is directly dependent on the quality 
of the geographic coordinates, which in turn rely on clean 
and complete address data. LTR has established a set of 
best practices to determine the most accurate address at 
diagnosis and subsequently assign GIS coordinates. The 
main elements of this process are the geocoding workflow, 
in conjunction with address normalization and standardiza-
tion, PO box resolution, and quality control checks.

Geocoding Workflow
The geocoding workflow includes an initial pass 

through the NAACCR-supported geocoder, Geocodio API, 
where geocoding is attempted on all cases with an address 
at diagnosis listed on the consolidated record. An address 
is uploaded to the Geocodio API and the matched address, 
along with the associated Census tract and GIS coordinates, 
are returned. When the submitted registry address matches 
the returned Geocodio address on all four input items (street 
address, city, state, zip code), LTR accepts the results and 
appends the geocoding/census data in the registry data-
base. Cases that fail or return low confidence matches (e.g., 
any one of the four input items fails to match) are subjected 
to correction and reprocessing through a secondary, manual 
review, and then the address is sent back through the 
Geocodio API. It is common for this process to be repeated 

with complex cases and when necessary, alternative geoc-
oding platforms (e.g., ArcGIS or Google Maps API) are used 
to resolve discrepancies. A final validation occurs when 
geocoded outputs are reviewed for consistency with known 
geographic boundaries and census tract assignments.

Address Normalization and Standardization
In any given year, LTR identifies a subset of cases 

with typographical errors, formatting inconsistencies, or 
incomplete address entities. These issues are typically 
flagged during the initial pass through the Geocodio API. 
To correct them, LTR employs a combination of automated 
and manual processes, which can be further classified into 
pre- and post-process standardization. During automated 
standardization, address data is first processed using USPS 
address validation tools and commercial reference data-
bases to standardize formatting and correct common errors 
(e.g., missing street suffixes, invalid zip codes). Cases that 
remain unrecognizable undergo manual review and are 
reviewed by trained staff, who cross-reference hospital 
records, pathology reports, and other internal sources to 
resolve discrepancies.

PO Box Resolution
Approximately 5% of cases in Louisiana will have only 

a post office (PO) box reported as address at diagnosis, 
which should not be geocoded, since the coordinates would 
be of the post office’s physical location and not a patient’s 
residence. To address this challenge, LTR has developed a 
protocol that includes supplemental data sources, manual 
investigation, and documentation. Alternate addresses are 
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retrieved from supplemental data sources, such as medical 
records, billing information, or fee for service public data-
bases. When alternate addresses are unavailable, staff may 
consult regional service maps or contact reporting facilities 
to determine a plausible residential location. Finally, all PO 
box resolutions are documented to ensure transparency and 
reproducibility.

Quality Control Checks
LTR conducts annual quality control activities to iden-

tify problematic addresses that are not standardized during 
the first run through the Geocodio API (about 2% of cases). 
These issues are typically due to typographical errors or data 
entry inconsistencies. LTR corrects problematic addresses 
prior to final geocoding. These quality control measures 
include flagging problematic addresses, setting a correction 
threshold, and leaving an audit trail. Cases are prioritized 
based on their impact on census tract-level mapping and 
legislative reporting requirements, while addresses that fail 
geocoding due to missing components, invalid characters, 
or ambiguous formatting are flagged for review. All correc-
tions are logged, and geocoding success rates are monitored 
to inform future improvements.

Discussion
The main elements of the geocoding procedure enable 

LTR to meet the requirements of Louisiana’s legislative 
mandate (R.S. 40:1105.10) for annual cancer incident 
reporting by census tract, while also supporting broader 
research and public health initiatives that rely on high-
quality geospatial data. The address normalization and 
standardization process serve as the foundation on which 
the remaining three elements stand. Pre-process address 
standardization takes place before geocoding and focuses 
on the points in the workflow where address information 
is captured. This process begins at the facility and includes 
reviewing information coming from electronic medical 
records (EMRs) and APIs that will be captured in hospital 
registry software. This incoming data should be compared, 
and the most accurate information should be selected by 
the central registry staff during editing and case consoli-
dation. When reviewing addresses during consolidation, 
it is essential to remember the anatomy of a US address 
and focus on the points at which errors are most likely to 
be introduced. These include discrepancies in numbers, 
abbreviations, highways, and directional issues, as well as 
supplemental information, such as names of institutions. 
Registry staff should incorporate local knowledge in iden-
tifying addresses or naming conventions unique to their 
catchment area. 

The post-standardization process takes place when an 
address has been sent through a geocoder, but the informa-
tion returned lacks clarity. This includes when the geocoder 
is unable to identify a location and returns a NAACCR 
Census Tract Certainty Code (#369) of 4 or higher, which 
includes census tracts based on zip code and PO box, or 
when information is missing. LTR incorporates several 
tools for correcting an address that is unrecognized by 
the geocoder, which includes searching the individual in 

a fee-for-service people search software provider, such as 
LexisNexis-Accurint or Melissa.com. Address standardiza-
tion is often as simple as paying attention to the spelling 
of the street names and verifying that the correct zip code 
is assigned to the city listed in the address. Resources such 
as the United States Postal Service website, USPS.com, can 
assist with zip code checks. 

Analyzing geospatial data derived from a PO box 
is never recommended, as it lacks the precision required 
for meaningful spatial analysis. Cancer registries should 
exhaust all available options to obtain a physical street 
address whenever possible. Although not always achiev-
able, an in-depth cleaning of PO box information is 
recommended. LTR tries to intercept these data during both 
the pre- and post-process stages of address standardization. 
To encourage data quality improvements at the source, LTR 
provides an annual data quality indicator report to hospital 
registries. Facilities are evaluated based on various data 
indicators and awarded gold, silver, and bronze certificates. 
One of the indicators is PO box address at diagnosis, with 
a benchmark of <5%. By including this geocoding quality 
indicator, LTR aims to encourage facilities to submit more 
complete and accurate physical street addresses during the 
initial data abstraction and pre-processing phase. 

Although capturing an address during pre-processing 
is ideal, it is not always feasible. To address cases in 
which only a PO box is reported or street-level informa-
tion is otherwise unavailable, LTR has established a set of 
guidelines to locate a residential address. These guidelines 
require a registry to have access to a fee for service people-
search database (Accurint) as well as government records 
such as voter registration and/or driving records. LTR 
assigns a street level address from Accurint if the PO box 
address from within the registry software is in Accurint 
for the correct date range (within 12 months) and a street 
level address is also present within the same date range 
(within 12 months). A determination is made if the street 
level address listed is located directly in the same town or 
parish/county; or the street level address is in a town or 
parish/county known to be directly adjacent to the PO box. 
If voter registration records are available to a registry and 
the individual is registered to vote and voted in an election 
in the year of diagnosis, LTR assigns the residential address 
from voting records if the mailing address matches the PO 
box reported in the registry records.

Because delayed reporting can occur in cancer registra-
tion, LTR focuses on locating an address at diagnosis when 
it was unavailable at the time of original abstraction. To 
assign the address at diagnosis for older cases, it is impor-
tant to start with any associated NAACCR abstract from 
around the date of diagnosis. Other consolidated records 
from the same date or the same diagnosis and documenta-
tion from the diagnosing facility can also be helpful. The 
steps previously outlined for obtaining an address for a PO 
box will also be utilized. 

Although not every jurisdiction will agree, LTR has 
determined that it is appropriate to accept an address from 
the state death file, with a few caveats. There are usually 
three addresses of interest listed on a Louisiana death 



	 Journal of Registry Management 2025 Volume 52 Number 4162

certificate. These include the residence of the decedent, the 
informant’s address, and the place of death, which may be 
a separate medical facility. LTR considers it appropriate to 
assign the decedent’s residence as the address at diagnosis 
if the date of death falls within one year of the cancer 
diagnosis date. However, extra caution should be taken to 
avoid assigning the address of a medical facility or family 
member/friend, as the informant’s residence may not be 
where the decedent was living at the time of their diagnosis.

Conclusion
This report outlines the Louisiana Tumor Registry’s 

procedures for improving address quality in cancer registra-
tion, with a focus on geocoding challenges such as PO box 
reporting, delayed abstraction, and incomplete street-level 
data. While no outcome data are presented, the described 
workflows provide a practical framework for registries 
seeking to enhance geospatial accuracy. These methods, 
centered on pre- and post-processing, external data sources, 
and local knowledge, can support more reliable census 
tract-level mapping and inform future evaluation efforts.
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Introduction 
The Ohio Cancer Incidence Surveillance System 

(OCISS), Ohio’s central cancer registry, is not part of 
the Surveillance, Epidemiology, and End Results (SEER) 
program. Therefore, the rich linked data products that use 
the SEER as their backbone cannot be leveraged for cancer 
outcome studies that are specific to Ohio. 

To assess cancer burden in Ohio, the research commu-
nity in the State of Ohio has been integrating state cancer 
registry and administrative data. With ongoing improve-
ments in survival and the growing need to examine 
survivorship in the long term, we sought to develop an 
integrated database that would provide insight into survi-
vorship outcomes with short-, medium-, and long-term 
follow-up. 

This study focuses on cancer survivors insured by 
Medicaid—a program considered a “lifeline” by cancer 
survivors.1 Indeed, Medicaid represents 1 in 3 children 
and 1 in 10 adults with a history of cancer.1 With an 
average monthly caseload of 3 million individuals, the Ohio 

Medicaid program provides healthcare coverage to children 
and pregnant women; low-income parents; aged, blind and 
disabled persons; and adults under age 65 with incomes up 
to 138 percent of the FPL.2 Given that individuals who are 
older adults (age > 65) represent less than 10% of individ-
uals insured by Medicaid,3 and that Medicaid claims data 
alone may not be a complete source of data for the dually 
eligible, we limited our study population to individuals 
younger than age 65.

Several factors motivated us to examine health care 
patterns and outcomes in this population. First, despite 
their complex socioeconomic and healthcare needs, there is 
a dearth of survivorship studies on individuals insured by 
Medicaid. Second, because of financial toxicity, or financial 
burden caused by medical costs,4 cancer survivors are more 
likely than their cancer-free counterparts to find themselves 
in low-income brackets, and are therefore over-represented 
among Medicaid beneficiaries. Lastly, the Medicaid program 
disproportionately serves individuals with chronic condi-
tions (e.g., HIV and developmental disabilities). Taken 
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Table 1. Characteristics of the Study Population

Variables of Interest Overall
Years of Cancer Diagnosis

1996–2005 2006–2015 2016–2020

Total, n 95 726 15 386 39 121 41 219

Median age at cancer diagnosis [IQR]
52.00 

[43.00, 59.00]
46.00

[37.00, 55.00]
51.00

[42.00, 57.00]
55.00

[46.00, 60.00]

Age group at cancer diagnosis, n (%)

0–18 3501 (3.7) 1155 (7.5) 1522 (3.9) 824 (2.0)

19–29 5347 (5.6) 1214 (7.9) 2352 (6.0) 1781 (4.3)

30–49 30 793 (32.2) 6761 (43.9) 13 240 (33.8) 10 792 (26.2)

50–65 56 085 (58.6) 6256 (40.7) 22 007 (56.3) 27 822 (67.5)

Median age during years 2016–2020 [IQR]
58.00

[49.00, 64.00]
64.00

[55.00, 73.00]
59.00

[50.00, 65.00]
56.00

[48.00, 61.00]

Age During Years 2016–2020, n (%)

0–18 1502 (1.6) 113 ( 0.7) 722 (1.8) 667 (1.6)

19–29 3498 (3.7) 625 ( 4.1) 1304 (3.3) 1569 (3.8)

30–49 19 038 (19.9) 1917 (12.5) 7466 (19.1) 9655 (23.4)

50–65 55 331 (57.8) 5747 (37.4) 21 664 (55.4) 27 920 (67.7)

Over 65 16 357 (17.1) 6984 (45.4) 7965 (20.4) 1408 (3.4)

Length of follow-up, in years (median 
[IQR])

6.00 
[2.00, 11.00]

19.00
[17.00, 21.00]

8.00
[6.00, 11.00]

2.00
[1.00, 4.00]

Length of enrollment in Medicaid, years 
(mean (SD))

3.11 (1.74) 3.16 (1.75) 3.18 (1.77) 3.02 (1.70)

Race, n (%)

White 72 425 (75.7) 12 084 (78.5) 29 168 (74.6) 31 173 (75.6)

Black 20 965 (21.9) 2995 (19.5) 8987 (23.0) 8983 (21.8)

Other 2336 (2.4) 307 (2.0) 966 (2.5) 1063 (2.6)

Hispanic ethnicity, n (%) 1598 (1.7) 177 (1.2) 611 (1.6) 810 (2.0)

Sex = male, n (%) 38 426 (40.1) 4823 (31.3) 14 890 (38.1) 18 713 (45.4)

SEER summary stage, n (%)

In situ 6341 (6.6) 1644 (10.7) 2824 (7.2) 1873 (4.5)

Localized 42 673 (44.6) 8290 (53.9) 18 652 (47.7) 15 731 (38.2)

Regional 23 549 (24.6) 2982 (19.4) 9671 (24.7) 10 896 (26.4)

Distant 18 139 (18.9) 1309 (8.5) 5876 (15.0) 10 954 (26.6)

Unstaged 3383 (3.5) 1124 (7.3) 985 (2.5) 1274 (3.1)

Missing 1641 (1.7) 37 (0.2) 1113 (2.8) 491 (1.2)

County of residence, n (%)

Metro 65 168 (68.1) 10 230 (66.5) 26 977 (69.0) 27 961 (67.8)

Appalachia 19 403 (20.3) 3328 (21.6) 7712 (19.7) 8363 (20.3)

Non-Metro 11 155 (11.7) 1828 (11.9) 4432 (11.3) 4895 (11.9)

Marital status, n (%)

Married 18 983 (19.8) 3067 (19.9) 7719 (19.7) 8197 (19.9)

Missing 13 194 (13.8) 1993 (13.0) 5023 (12.8) 6178 (15.0)

Single 63 549 (66.4) 10 326 (67.1) 26 379 (67.4) 26 844 (65.1)
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together, these factors provided a strong rationale for our 
effort to create a survivorship-focused data infrastructure 
specific to Ohio’s most vulnerable. While there will be 
many uses of this database in cancer- and survivorship-
related studies pertaining to socioeconomically vulnerable 
populations, this article presents an initial assessment of 
the population represented herein by demographics, cancer 
type, and length of follow-up.

Methods
Our data resource consisted of integrated OCISS and 

Medicaid data. The OCISS data included all patients diag-
nosed with cancer during the years 1996–2020, regardless of 
their cancer type, while the Medicaid enrollment and claims 
files covered the period 2016–2020. The limited span of 
Medicaid data was dictated by budgetary constraints. Using 
a deterministic linkage algorithm, the data were linked by 
the Centers for Medicare & Medicaid Services (CMS), using 
Social Security number (SSN), date of birth, and sex—the 
three data elements required by CMS in SSN finder files. 
These data were sent to CMS by the Ohio Department of 
Health. The files obtained from CMS included encrypted 
OCISS patient and Medicaid IDs.

The OCISS includes data on newly diagnosed cancer 
cases among Ohio residents. As with other central registries, 
incident cases of in situ cervical cancer, as well as squa-
mous- and basal-cell carcinoma of the skin, are not required 
to be reported to the OCISS. In recent years, the complete-
ness of the OCISS in a given year has been estimated to be 
in the high 90%.

In addition to patient demographics, health insurance, 
and residence address at cancer diagnosis, OCISS variables 
include anatomic cancer site, cancer stage, date at treatment 
initiation, treatment modalities, as well as vital status and 
date and cause of death, when applicable.

Medicaid enrollment files include a single record for 
each individual enrolled in the Medicaid program in a given 
calendar year. Enrollment records include demographic 
variables and monthly enrollment status and eligibility data. 
For individuals diagnosed with cancer during the years 
2016–2020, monthly enrollment data allow us to construct 
enrollment history in Medicaid relative to their cancer 
diagnosis, as previous studies have shown the importance 
of the timing of enrollment in Medicaid relative to cancer 
diagnosis. In fact, compared to cancer patients enrolled in 
Medicaid several months prior to cancer diagnosis, those 

Figure 1. Top 5 Cancer Types Among Cancer Survivors, by Year of Cancer Diagnosis
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enrolling in Medicaid at around the time of cancer diagnosis 
are more likely to be diagnosed with more advanced disease, 
especially in the case of screening-amenable cancers.5–7 For 
individuals diagnosed with cancer before 2016, enrollment 
data allow us to ascertain individuals’ Medicaid status 
during the years 2016–2020.

Medicaid claims files include inpatient claims data, 
outpatient institutional and non-institutional claims data, 
and pharmacy data. Inpatient and outpatient data carry 
the date of service, as well as diagnosis and procedure 
codes, allowing us to identify comorbid conditions, services 
received while using pharmacy data, we can identify use of 
oral medications and polypharmacy.

Lastly, we note that our database was augmented 
considerably by including data for randomly selected 
cancer-free Ohio residents insured by Medicaid during the 
years 2016–2020. These individuals will serve as controls in 
our studies. Again, because of budgetary considerations, we 
limited the number of controls to 3 times the number of total 
(Medicaid and non-Medicaid) cancer cases (n= 2,143,554).

This study was approved by the Case Western Reserve 
University (#STUDY20221103), the Cleveland Clinic 
IRB (#22-1054), the Ohio Department of Health (#2023-
02), and the Centers for Medicare & Medicaid Services 
(RSCH-2023-59092).

Results
Overall, the database included 95,726 individuals diag-

nosed with incident cancer during the years 1996–2020 and 
enrolled in Medicaid during the years 2016–2020 (Table 
1). Of those, 16.1% were diagnosed in the years 1996–
2005 (hereafter referred to as “survivors with long-term 
follow-up”), 40.9% were diagnosed in the years 2006–2015 
(“medium-term follow-up”), and 43.1% were diagnosed in 
the years 2016–2020 (“short-term follow-up”). The median 
age at diagnosis [and interquartile range (IQR)] in these 
three categories were 46 [37,55], 51 [42,57], and 55 [46,60] 
years, respectively. The median length of follow-up was 
19 [17,21], 8 [6,11], and 2 [1,4] years, respectively, in these 
three groups. The percentage of males was highest among 
survivors with short-term follow-up (45.4%), and lowest 
among those with long-term follow-up (31.3%). Individuals 
identified as White represented 75.6% of survivors with 
short-term follow-up and 78.5% of those with long-term 
follow-up, while the percentage of Black patients ranged 
between 19.5% and 23.0% among survivors with long- and 
medium-term follow-up, respectively. The percent of indi-
viduals categorized as having Hispanic ethnicity ranged 
from 1.2% to 2.0%.

Only 9.3% of the study population were diagnosed 
at the age of 29 or younger, while 32.2% and 58.6% were 
30–49 and 50–65 years old at diagnosis, respectively. Of 
those diagnosed with cancer at age 18 or younger (n=3,501), 
33.0%, 43.4%, and 23.5% with long-, medium-, and short-
term follow-up, respectively.

Figure 1 shows the top 5 types of cancer within each 
of the long-, medium-, and short-term follow-up survivor 
groups. Women diagnosed with breast cancer represented 
25.9% and 20.7% of survivors with long- and medium-term 

follow-up, respectively. Patients with leukemia represented 
6.4% to 8.6% of survivors with long- and medium-term 
follow-up, respectively. The percentage of patients with 
gastrointestinal cancers was highest among survivors with 
short-term follow-up (18.0%), and lowest among those with 
long-term follow-up (9.8%). Women with gynecological 
cancers represented 10.1% of survivors with long-term 
follow-up, and 6.3% of those with short-term follow-up. 
Lastly, we note that survivors with long-term follow-up 
included 969 men with a history of prostate cancer.

Discussion
This database presents unprecedented opportunities to 

gain a better understanding of the experience of survivors 
insured by Medicaid with short-, medium-, and long-term 
follow-up among subgroups defined by their co- or multi-
morbidity profile, use of cancer and non-cancer screening 
services, and healthcare utilization—to mention just a few 
areas of investigation. Importantly, given that 1 in 3 child-
hood cancer survivors are insured by Medicaid, we are also 
able to study downstream outcomes in children who have 
experienced cancer and its treatment, including develop-
mental delays.

An additional unique opportunity presented by this 
database is the study of cancer survivorship in special 
populations, including (but not limited to) those with HIV, 
severe mental illness, and various physical and/or intellec-
tual disabilities—subgroups of the population that remain 
understudied but are over-represented in the Medicaid-
insured population. 

This database also comes with limitations, in addi-
tion to lacking patient-centered data. First, this database 
is limited to the state of Ohio and to those insured by 
Medicaid; therefore, the results may not be generalizable 
to cancer survivors not insured by Medicaid, or those 
insured by Medicaid but residing in other states. Second, 
as noted earlier, due to budgetary constraints, we were 
unable to purchase Medicaid data for more than 5 years. 
This prevented us from being able to examine cancer 
patients’ history of enrollment in Medicaid before and after 
cancer diagnosis for people diagnosed with cancer before 
2016. Third, the OCISS includes both insurance status 
and residence address at the time of diagnosis, while the 
Medicaid data ascertain Medicaid status and provide the 
census tract of residence in the 2016–2020 period. For indi-
viduals diagnosed in the earlier years of the study period, 
we do not have data on temporal changes in their insur-
ance coverage, residential history, or social determinants 
of health. Similarly, it is not possible to assess their use of 
health services except during 2016–2020.

Despite these limitations, the OCISS-Medicaid data-
base provides unique opportunities to address a broad 
range of questions on cancer survivorship and to advance 
our understanding of the quality of cancer survivorship care 
among individuals insured by Medicaid. In the absence of 
claims data in the SEER-Medicaid database, databases such 
as this one address an important knowledge gap in the 
survivorship literature. 
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Background
A Central Sequence Number records the sequence 

of reportable neoplasms during the patient’s lifetime as 
determined (Sequence Number-Central, North American 
Association of Central Cancer Registries [NAACR] Item 
#380) by the central registry. Valid values range from “00” 
for one primary in a patient’s lifetime, to “59” for the 59th 
primary and higher, while the values of “60” to “87” are 
reserved for nonmalignant cases. There was some concern 
that certain cancer sites, such as in situ cutaneous mela-
noma, could have high numbers of primary tumors going 
beyond 59. For such situations, the coding rules state to 
assign sequence number “59” to all primaries of “59” and 
above. However, not all central registry software systems 
allow multiple entries of “59” for a given patient.

Objective
A prominent central registry software vendor was 

concerned about the programmatic problem of having more 
than 59 malignant tumors. They reached out to NAACCR to 
investigate the scope of the potential problem in the Cancer 
in North America (CiNA) data (https://www.naaccr.org/
cina-data-products-overview/). Members from a NAACCR 
Research and Data Use work group, the CiNA Writing 
Network, investigated sequence numbers of 55 or more in 
CiNA data and conducted follow-back with registries to 
determine if the high sequence number was in error and to 
assess their knowledge about coding sequences of >59.

Methods
We queried the CiNA dataset in SEER*Stat for cases 

diagnosed between 1995 and 2022 with central sequence 
numbers of 55 or higher. We identified the registry, tumor 
site, year of diagnosis, and histologic type. We reached out 
to each identified registry through email to ask whether the 
sequence number was correct and what the registry uses as 
the protocol for coding cases with sequence numbers of > 
59.

Results
We identified 10 cases with sequence numbers of 55 

or greater from five registries. Six were melanomas, 1 was 
urinary bladder, 1 was prostate, and 2 were breast. Two 
registries were using the correct number for sequence 
codes, but 3 registries were not. The staff at 2 registries were 
aware that multiple primaries above sequence 59 should all 
be coded as 59. The other 3 registries stated that they had 
coded primaries with greater than 59 sequences but were 
not aware of the coding rules that address this situation. 
One registry conducted an evaluation on its full dataset and 
found 8 additional cases with miscoded sequence numbers 
for 55 or greater. 

Discussion
Due to this evaluation, an edit has been made to allow 

multiple values of sequence 59 per patient, which ensures 
that all registry software systems will also allow multiple 
values of 59. Because the majority of the “55” or greater 
sequence numbers were in error, and because an additional 
8 cases were found by the central registry that reviewed its 
full dataset, we recommend that every registry run a query 
for high sequence numbers for review. 

Identification of this issue has also prompted wider 
discussion in the NAACCR community. Based on these 
discussions, the Solid Tumor Manual Editorial Board will 
review the multiple primary rules for melanoma to evaluate 
whether any changes need to be made.

This project underscores the benefits of integration 
between standards and operations and data use in our field. 
A set of analysts defined the problem in a research dataset, 
and a set of abstractors conducted follow-back to under-
stand the underlying issues. Cancer surveillance functions 
optimally when analysis and data collection activities are 
integrated.

https://www.naaccr.org/cina-data-products-overview/
https://www.naaccr.org/cina-data-products-overview/
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Introduction
Human papillomavirus (HPV) causes oral and 

anogenital cancers, the incidence of which is increasing.1 
Late-stage diagnosis is associated with lower survival.2 
Timely diagnosis may be impeded by lower neighborhood-
level socioeconomic status (SES)3,4 and greater distance to 
place of diagnosis.5

Iowa is an ideal location to understand the associa-
tion between distance, SES, and stage at diagnosis among 
patients with HPV-associated cancers, due to its rurality6 
and increasing incidence of HPV-related cancers.7 

Objectives
1. To assess whether distance is associated with stage at 

diagnosis irrespective of area-based social measure (ABSM) 
controlled for.

2. To assess whether select ABSMs are associated with 
stage at diagnosis.

3. To assess whether each ABSM independently moder-
ates the association between distance and stage at diagnosis.

Methods
We used data on adults with HPV-associated cancers 

(cervical, oropharyngeal, vulvar/vaginal, and anal/rectal) 
from the Iowa Cancer Registry from 2010–2021.

Neighborhood-level SES was operationalized using 4 
census tract-level ABSMs.

Distance was measured from the centroid of a person’s 
census tract to their reporting facility using ArcGIS (Figure 
1).

For each cancer site, we ran 4 logistic regression 
models predicting stage at diagnosis and controlling for 
distance, one of the 4 ABSMs, and sociodemographic factors 
(Figure 2). 

Conclusions
While the association between distance and stage 

among those with cervical cancer was significant, the rela-
tive weakness of this association suggests that it may not be 
highly clinically relevant.

Figure 1. Data from the Iowa Cancer Registry from 2010–2021
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The differences in the associations between distance 
and stage according to cancer type mirrors previous studies 
among Iowans.5,8

The largely null associations could support a “true” 
lack of association or could reflect limitations of census-level 
ABSMs, which do not reflect individual-level household 
SES. 

This exploratory study suggests the importance of 
considering area-level SES when identifying those most at 
risk of untimely care.
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Background
Data quality varies across reporting facilities. Hospitals 

are staffed with certified oncology data specialists (ODS-C) 
trained in cancer data collection, whereas non-hospital 
reporting facilities generally rely on non-ODS personnel to 
report cancer data. As a result, reporting from non-hospital 
facilities is often inconsistent and may be missing key 
data items such as race, ethnicity and stage at diagnosis. 
Incomplete data in key fields result in people being unnec-
essarily excluded from melanoma research studies who 
may otherwise be eligible.

Objective
The study objective was to quantify and characterize 

melanoma patients who are excluded for research study 
recruitment due to unknown race, ethnicity, and stage at 
diagnosis at the New Jersey State Cancer Registry (NJSCR).

Methods
Data Source

All data came from the NJSCR.

Analytic Cohort
NJSCR was accessed using SEER*DMS to create a 

cohort of melanoma patient records/sets with commonly 
used research study selection criteria coded to NAACCR 
standards: SEER Site Recode = “25010”, SEER Reportable = 
“1”, diagnosed 2019–2023 (#390), NJ resident at diagnosis 
(#1820).

Statistical Methods
Descriptive statistics were used to summarize missing 

race (#160), ethnicity (#190), and Summary Stage 2018 (SS 
2018) (#764) by type of reporting source (#500) among 
patient records and sets. Missing data was defined as 
anything coded “99” (race), “9” (ethnicity, SS 2018), or left 
blank (Figure 1).

Pearson’s chi-square tests were used to compare patient 
records and sets. Statistical significance was set at the 0.05 
level. 

Data management and analyses were conducted with 
Microsoft Excel and SAS version 9.4 (SAS Institute Inc, Cary, 
NC).

Figure 1. Examples of North American Association of Central Cancer Registries (NAACCR) Code Values and Descriptions 
and Link to the Full NAACCR Data Standards and Data Dictionary

https://www.nj.gov/health/ces/cancer-researchers/cancer-data/
https://www.nj.gov/health/ces/cancer-researchers/cancer-data/
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Results
A total of 59,824 records meeting the search criteria 

were identified from SEER*DMS. The majority of record 
subtypes were abstracts (43%), followed by ePath (HL7, or 
health level 7) (39%), paper lab reports (16%), and death 
certificates (2%) (Figure 2).

Figure 2. Summary of Melanoma Records 2019–2023

Among 59,824 records, missing race and ethnicity 
information was significantly higher in non-hospital records 
compared to hospital records (62% versus 15%, 95% CI: 
-0.42- -0.41) (Table 1).

Among 25,639 abstracts, SS 2018 (#764) was missing 
in 76% (n=6,876) of non-hospital abstracts compared to 7% 
(n=1,142) of hospital abstracts (95% CI: 0.71-0.74). Among 
non-hospital abstracts with stage data, 362 abstracts (17%) 
were completed by an ODS-C. Note that only abstracts were 
included since SS 2018 is not reported in paper lab reports, 
ePath (HL7), and death certificates (Table 2).

Melanoma patient sets (n=26,382) are reported with 
unknown race (7%) more frequently than the thresholds set 
by NPCR and NAACCR (≤ 3%;≤ 5%) (Figure 3).1,2

Conclusions
Ascertaining eligibility criteria for melanoma research 

study recruitment in a timely manner can pose a challenge 
depending on the quality of the reporting source. At NJSCR, 
a significant number of melanoma cases are reported from 
ePath (HL7), paper lab reports, or Web Plus abstracts from 
non-hospitals. These records are more likely to be missing 
race, ethnicity, and summary stage, which must be ascer-
tained from follow-back with physician offices, staged at the 
central registry, or obtained through linkages. Uncoded data 
reduces the chance for potentially eligible patients to be 
included in research, especially Hispanics and non-Hispanic 
Blacks and Asians,3 who have lower melanoma-specific 
survival rates compared to non-Hispanic Whites. NJSCR 
must explore methods to improve non-hospital reporting 
for race and ethnicity, as well as extracting staging from 
records lacking summary stage to maximize study recruit-
ment efforts.

Table 1. Race/Ethnicity by Reporting Source Type (#500)

Table 2. Summary Stage by Reporting Source Type (#500)

Figure 3. Summary of Melanoma Cases 2019–2023
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Journal of Registry Management Continuing Education Quiz—WINTER 2025
THE BURDEN OF CANCERS ASSOCIATED WITH HEREDITARY BREAST AND OVARIAN CANCER 

SYNDROME, 2015–2019: A POPULATION-BASED CANCER REGISTRY ANALYSIS

Recinda Sherman, PhD, MPH, ODS-C

This quiz is derived from the article, “The Burden of Cancers Associated with Hereditary Breast and Ovarian Cancer 
Syndrome, 2015–2019: A Population-based Cancer Registry Analysis,” by Caroline B. Morales, MPH; Lisa E. Paddock, 
PhD; Katelyn Bleeker, MPH, ODS-C; and Antoinette M. Stroup, PhD.
After reading the article and completing the quiz, participants will be able to:
•	 Understand the significance of hereditary breast and ovarian cancer syndrome and related cancers.
•	 Understand the limitations of current estimates of the burden of hereditary breast and ovarian cancers. 
•	 Describe the study-specific burden of hereditary breast and ovarian cancers by stage at diagnosis, race, and ethnicity.

1.	 Which of the following statements is true of hereditary breast 
and ovarian cancer syndrome (HBOCS)?
a)	It does not increase the risk of cancer.
b)	It is caused by tobacco use.
c)	It is caused by unknown environmental factors.
d)	It is an inherited condition.

2.	 Is the burden of hereditary breast and ovarian cancers well 
understood?
a)	Yes
b)	No 
c)	Unknown

3.	 What percentage of breast cancers are estimated to be 
attributed to inherited mutations in current literature:
a)	Up to 10%
b)	Up to 15%
c)	Over 35%
d)	None

4.	 What percentage of ovarian cancers are estimated to be 
attributed to inherited mutations in current literature?
a)	Up to 10%
b)	Up to 15%
c)	Over 35%
d)	None

5.	 Is the following statement true, false, or unknown? “Male 
carriers of breast cancer mutations can pass risk to female 
descendants but are not at greater risk of breast cancer 
themselves.”
a)	True
b)	False 
c)	Unknown

6.	 How did the results of this study compare to those of prior 
literature?
a)	It estimated the same proportion of possible HBOCS-related 

breast cancers as prior literature.
b)	It estimated a lower proportion of possible HBOCS-related 

breast cancers as prior literature.
c)	It estimated a higher proportion of possible HBOCS-related 

breast cancers as prior literature.
d)	It was unable to estimate the proportion of possible HBOCS-

related breast cancers.

7.	 Which race/ethnic group had the highest proportion of possible 
HBOCS-related cancers:
a)	Whites
b)	Non-whites
c)	Blacks
d)	Hispanics
e)	Asian/PIs
f )	It depends upon cancer type.

8.	 How did incidence by stage at diagnosis for the possible 
HBOCS-related breast cancers vary from that of breast cancers 
overall?
a)	It was the same as for as breast cancers overall.
b)	It was higher for local stage than breast cancers overall.
c)	It was higher for distant stage than breast cancers overall.
d)	No differences by stage were statistically significant.

9.	 How did incidence for possible HBOCS-related cancers vary 
geographically? 
a)	It did not vary by geography in NJ.
b)	It was highest in the northern part of NJ.
c)	It was highest in the southern part of NJ.
d)	It varied by county with no discernable geographic pattern.

10.	How was this study limited?
a)	This study did not have limitations on the interpretation of 

results.
b)	It may underestimate the burden of HBOCS-related cancers.
c)	It may overestimate the burden of HBOCS-related cancers.
d)	This study did not estimate the burden of HBOCS-related 

cancers.

http://www.cancerregistryeducation.org/jrm-quizzes
http://www.cancerregistryeducation.org/jrm-quizzes
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