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Expanding the diagnostic yield of germline genetic testing in cancer 
patients using deep learning
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Introduction

Methods

Results: Exome-wide detection of common and rare 
variants

Figure 1: An overview of the study design and the used germline variant detection 
pipelines. Germline WES data of two independent cohorts (1072 PC and 1295 
melanoma patients) were analyzed using GATK, the “gold-standard” method, and DV, a 
deep-learning variant calling approach. (OMIM: Online Mendelian Inheritance in Man).

Conclusions 

Figure 2: Exome-wide germline variant detection in 1072 in PC patients.

Despite the established clinical utility of germline genomic analysis, thus far, only a small 
fraction of cancer patients are found to carry germline pathogenic variants, leaving the 
majority of the cases with unidentified genetic drivers of cancer risk. Moreover, even 
when the clinical presentation is highly suggestive of a particular cancer predisposition 
syndrome, most patients have a negative genetic analysis of all protein-coding genes. In 
addition to highlighting non-coding or epigenetic variants as a possible explanation, 
these observations also raise concern about the possibility of incomplete detection of 
known or expected pathogenic disease-causing variants by the currently-used “gold 
standard” germline variant detection methodologies.

Recently, advances in computational methods that utilize deep neural networks 
demonstrated enhanced germline variant detection in “The Genome in a Bottle” ground-
truth set. We hypothesized that these methods may also improve detection of rare 
clinically relevant variants in germline data from cancer patients and fundamentally 
change clinical genetics practice. 

Figure 3: Although deep learning only called 1.3% and 2.1% more common
(MAF>5%) and uncommon variants (MAF:1-5%) than the gold-standard
method in 1072 germline PC exomes, it identified 12.7% (n=53,161) more rare
variants (MAF<1%) than the standard approach, suggesting a substantially
higher performance of deep learning for detecting this variant subset which
are highly enriched for Mendelian disease-causing variants.

Results: Detection of pathogenic cancer risk variants

Figure 4: The standard method, GATK, exclusively identified 27 cancer predisposition
variants in 1072 PC patients (A) 60% of which were found to be computational artifacts
(B). In contrast, deep learning exclusively identified 37 germline pathogenic variants (C),
75% of which were validated true variants (D).

Figure 5: A) Validated cancer risk variants identified by each algorithm. B) IGV snapshots
of 3 representative pathogenic risk variants only detected by deep learning.

Figure 6: Validated pathogenic variants identified by each algorithm in the ACMG genes.

Results: Exome-wide detection of pathogenic variants

Figure 7: A & B; Evaluation of the model performance of the standard method, GATK,
and deep learning, DV, towards detecting clinically relevant pathogenic variants in the
ACMG and cancer predisposition genes (n=151). C; Germline exome-wide analysis of
286 PC patients, using deep learning, identified more putative LOF variants in 11
(91.7%) of the 12 phenotype-targeted multi-gene panels.

- Poplin R, Chang P-C, Alexander D, et al. A universal SNP and small-indel variant caller using 
deep neural networks. Nat Biotechnol. 2018;36(10):983-987.

- DePristo MA, Banks E, Poplin R, et al. A framework for variation discovery and genotyping 
using next-generation DNA sequencing data. Nat Genet. 2011;43(5):491-498.
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Our analysis showed that on average, deep learning identified one additional patient 
with a pathogenic cancer-risk variant for every 52 to 67 cancer patients undergoing 
expanded germline testing and one additional patient with a pathogenic variant in the 
highly-actionable ACMG genes for every 182 patients undergoing this test, underscoring 
a nontrivial missing rate of the currently used method. Collectively, our analysis 
consistently showed a clinically meaningful increase in the diagnostic yield of deep 
learning variant detection over the current gold-standard method regardless of the 
examined gene set. Deep learning higher sensitivity for rare pathogenic variant detection 
may also lead to an improved ability to uncover novel gene-disease associations. 
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• Flavonoids are diverse plant constituents with neuroprotective 
and anti-tumor effects

• Dietary flavonoid intake may decrease glioma risk, an 
association that has not yet been investigated in humans

Methods

A prospective study of dietary flavonoid intake 
and risk of glioma in US men and women 

Alaina M. Bever, BS1,2; Aedin Cassidy, PhD3; Eric B. Rimm, ScD 2,4; Meir J. Stampfer, MD, DrPH1,2,4; David J. Cote,PhD1,2

1 Channing Division of  Network Medicine, Department of  Medicine, Brigham and Women’s Hospital and Harvard Medical School, Boston, MA  2 Department of  Epidemiology, Harvard T.H. Chan School of  Public Health, Boston, MA 3 Institute for Global 
Food Security, Queen's University Belfast, Belfast, United Kingdom  4 Department of  Nutrition, Harvard T.H. Chan School of  Public Health, Boston, MA

Background Results

Project goal: To evaluate the association between 
habitual dietary flavonoid consumption and glioma 
risk.

Study Population: Participants in the female Nurses’ Health Study 
(NHS) and Nurses’ Health Study II (NHS2) and the male Health 
Professionals Follow-up Study (HPFS)

Exposure: Average long-term (up to 30 years) and recent (up to 12 
years) intake of  total flavonoids and six major flavonoid subclasses, 
derived from validated quadrennial food frequency questionnaires 

Primary Outcome: Incident glioma

Statistical Analysis: Multivariable-adjusted Cox proportional 
hazards regression to evaluate the association between quintiles of  
recent or long-term dietary flavonoid intake (total flavonoids, and 
each of  six subclasses) and risk of  incident glioma

Secondary Analyses:
• Lagged models (excluded flavonoid intake in the 8 years 

preceding diagnosis or end of  follow-up)

• Glioblastoma (GBM), an aggressive and common subtype of  
glioma, as the outcome

• Mutual adjustment for long-term tea consumption

Flavonoid 
Subclass Constituents Dietary Sources

Flavan-3-ol 
monomers

Catechins and epicatechins Teas, apples, 
berries

Polymeric 
flavonoids

Proanthocyanidins, 
theaflavins, and thearubigins 

Teas, apples, 
berries

Flavonols Quercetin, kaempferol, 
myricetin, and isorhamnetin 

Onions, broccoli, 
apples

Anthocyanidins Cyanidin, delphinidin, 
malvidin, pelargonidin, 
petunidin, peonidin 

Berries, grapes, 
red wine

Flavanones Eriodictyol, hesperetin, 
naringenin 

Citrus fruits

Flavones Apigenin, luteolin Parsley, celery, 
thyme

Conclusion: Increased habitual dietary intake of 
flavan-3-ol and polymeric flavonoids, especially 
those predominant in tea sources, was associated 
with decreased risk of glioma in pooled analysis of 
three prospective cohort studies of men and women. 
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https://doi.org/10.3390/molecules201019406. 
Spencer, J. P. E.; Vafeiadou, K.; Williams, R. J.; Vauzour, D. Neuroinflammation: Modulation by Flavonoids 
and Mechanisms of  Action. Molecular Aspects of  Medicine 2012, 33 (1), 83–97. 
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Limitations and future directions

• We were unable to distinguish between green, black, or other 
types of  tea, which have varying levels of  flavonoids 

• Additional studies with more precise data are warranted to 
further describe the association between tea, flavonoids, and 
glioma risk 

• Long-term total flavonoid, flavan-3-ol, and polymeric 
flavonoid intake was associated with decreased glioma risk 

Long-term intake, pooled cohorts (NHS, NHS2, HPFS):

Flavonoid Subclass Hazard Ratio* (95%CI) Ptrend

Total flavonoids 0.79 (0.59-1.05) 0.04

Flavan-3-ol monomers 0.76 (0.57-1.01) 0.04

Polymeric flavonoids 0.82 (0.61-1.09) 0.05

* Highest vs. lowest quintile of  intake

Recent intake, pooled cohorts (NHS, NHS2, HPFS):

Flavonoid Subclass Hazard Ratio* (95%CI) Ptrend

Total flavonoids 0.93 (0.69-1.23) 0.30

Flavan-3-ol monomers 0.83 (0.63-1.09) 0.18

Polymeric flavonoids 0.85 (0.65-1.13) 0.27

* Highest vs. lowest quintile of  intake

• There were no associations with other flavonoid subclasses  

• Associations were attenuated but similar in the recent, lagged 
intake, and glioblastoma models

• Associations with flavan-3-ols and polymers were no longer 
significant after additional adjustment for tea intake



Circulating Plasma Metabolites and Breast Cancer Risk 
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1. Har ard Uni er i  TH Chan School of P blic Heal h 2. Channing Di i ion of Ne ork Medicine, Brigham and Women  Ho pi al and Harvard Medical School 3. Sandra and Edward Meyer Cancer Center, Weill Cornell Medicine 4. Broad Institute of MIT and Harvard

Background

Acknowledgements

Discover metabolite and metabolite pathway associations with breast cancer risk.
Further evaluate how these associations differ with time of blood collection.

Table 1. Descriptive characteristics of NHS participants who provided blood samples at distant (N=939) and 
proximate (N=592) timepoints.

Metabolite Set Enrichment Analysis

Thank o  o he par icipan  of he N r e  Heal h S die  1 and 2 and he re earch eam

1. Oana A. Zeleznik, A. Heather Eliassen, Peter Kraft, et. al. A Prospective Analysis of Circulating Plasma Metabolites Associated with Ovarian Cancer Risk.
Cancer Res March 15 2020 (80) (6) 1357-1367.

2. Röhnisch, H.E., Kyrø, C., Olsen, A. et al. Identification of metabolites associated with prostate cancer risk: a nested case-control study with long follow-up in the Northern Sweden Health and Disease Study. BMC Med 18, 187 (2020). 

3. His, M., Viallon, V., Dossus, L. et al. Prospective analysis of circulating metabolites and breast cancer in EPIC. BMC Med 17, 178 (2019)

Characteristic Distant Blood (>10y before dx) P o ima e Blood ( 10  befo e d )
Case (N=939) Control (N=939) Case (N=592) Control (N=592)

Age*, mean (SD) 55.5 (6.9) 55.6 (6.9) 66.4 (6.9) 66.5 (6.8)

Fasting*(%) 67 73 87 92

Postmenopausal* (%) 62 62 98 98

Hormone use (any)* (%) 68 68 81 81

Age at menarche, mean (SD) 12.5 (1.4) 12.6 (1.4) 12.5 (1.4) 12.6 (1.4)

Breastfeeding history* (%) 604 (64.3) 583 (62.1) 399 (67.4) 381 (64.4) 
History of BBD* (%) 53 46 53 47
Family history of BC* (%) 15 11 23 15
Weight change from age 18*, mean (SD) 12.3 (10.9) 10.6 (11.2) 15.1 (12.8) 13.53 (12.8)
BMI*, mean (SD) 25.7 (4.3) 25.2 (4.7) 26.7 (5.0) 26.4 (5.2)
Average alcohol consumption in g/day*, 
mean (SD) 7.0 (9.9) 5.9 (8.2) 6.7 (9.2) 5.8 (7.7)
Activity level in met hours/week*, mean 
(SD) 15.4 (18.8) 15.9 (17.6) 25.7 (42.0) 23.4 (31.7)

Cohort and Inclusion. Participants included cases and controls from the N r e
Health Study (est. 1976) that contributed a blood sample 10 years prior to breast
cancer diagnosis (collected 1989-1990) (N=939). 592 participants also contributed a
blood sample <10 years prior to breast cancer diagnosis (collected 2000-2002).

Exposure. Prediagnostic plasma metabolites were profiled for cases and controls via
liquid chromatography tandem mass spectrometry (LC-MS) at the Broad Institute via
two platforms. A total of 307 known metabolites were measured; those with <10%
missingness were imputed with ½ the minimum value. Odds ratios were assessed
comparing the 90th-10th percentile of metabolite level.

Outcome. Case status for overall breast cancer, as well as ER+ and ER- breast cancers.

Statistical Methods. Individual metabolites were assessed via multivariable
conditional logistic regression to determine metabolite associations with overall BC at
distant and proximate blood measures. Unconditional logistic regressions were used
for ER+ and ER- BC. We further investigated the association with breast cancer for the
difference between proximate and distant metabolite measures, controlling for distant
metabolite measure, and for the average of distant and proximate metabolites. Multiple
testing was accounted for using the number of effective tests (NEF). Metabolite set
enrichment analysis (MSEA) was used to analyze the association between metabolite
groups (defined by subclasses) and breast cancer risk. Weighted metabolite co-
expression network analysis (WMCNA) identified data-driven metabolite modules
based on their interconnectedness; associations between resulting module scores and
breast cancer risk were examined. Multiple testing in GSEA and WGCNA was
accounted for using the false discovery rate.

Covariates: Matched factors: age at blood draw, month of blood draw, fasting status at
blood draw, menopausal status at blood draw, hormone use at blood draw. Other
factors: BMI at age 18, weight change from age 18 to blood draw, age at menarche,
combined age at first birth and parity, breastfeeding history, history of benign breast
disease, family history of breast cancer, alcohol use (g/day), activity level (met
hrs/week).

Results

Objective

Methods

Conclusions

Acknowledgements

Metabolite profiles reflect the integrated impact of the genome and exogenous
exposures on the metabolic state. As cancer is defined by altered cellular processes and
metabolic state, examination of metabolite profiles can provide insight into biologic
mechanisms contributing to cancer development. Studies have uncovered associations
between plasma metabolites and risk of several cancers, including hormonal cancers:
ovarian cancer,1 prostate cancer,2 and breast cancer.3 However, the biologic implication
of these associations remains unknown. Small sample sizes of previous studies
necessitate the further study of such associations. Moreover, metabolite changes may
be matched to specific periods in cancer development, though most studies are limited
by a single blood collection. This study explores metabolite profiles associated with
breast cancer among postmenopausal women and explores the changes over time.

Identification of novel metabolites associated with breast cancer risk can provide
insights into the biochemical mechanisms underlying breast cancer development.

Individual Metabolite Associations
No metabolites were significantly
associated with breast cancer risk
after adjustment by NEF (adjusted
p-value threshold=0.0003) though
several patterns emerged by class
of metabolite and a few metabolites
stood out as prominent (Table 2 &
2b). For example, phenylalanine
was strongly associated with
increased risk at both distant and
proximate bloods. Steroid esters
were inversely associated with risk
at distant blood. Triacylglycerols
(TAGs) with 3 double bonds were
inversely associated with risk at
proximate blood. TAGs with <3
double bonds appeared positively
associated with risk, especially at
the distant time point. Based on
these findings, TAGs were further
explored by number of Carbon
atoms and number of double bonds
(Figure 1).

* Signifies measure was taken at blood draw

Table 2. Odds ratios for breast cancer risk comparing 90th to 10th percentiles of 
selected metabolite levels, fully adjusted CLR, measured at distant blood.
Metabolite Subclass OR (95% CI) p value
phenylalanine Amino acids, peptides 1.41 (1.08-1.85) 0.012
proline Amino acids, peptides 1.33 (1.03-1.72) 0.032
homoarginine Amino acids, peptides 1.3 (1.01-1.68) 0.039
lysine Amino acids, peptides 1.31 (1.01-1.69) 0.04
acetyl-galactosamine Carbohydrates 1.35 (1.02-1.77) 0.035
C5:1 carnitine Fatty acid esters 0.73 (0.57-0.93) 0.01
C5-DC carnitine Fatty acid esters 0.73 (0.57-0.93) 0.012
C22:0 LPE Glycerophosphoethanolamines 0.75 (0.58-0.98) 0.035
C38:6 PE 
plasmalogen Glycerophosphoethanolamines 0.78 (0.61-0.99) 0.039
thyroxine NA 1.56 (1.19-2.05) 0.001
2-methylguanosine NA 1.32 (1.01-1.72) 0.039
guanosine NA 0.78 (0.61-0.99) 0.041
C22:5 CE Steroid esters 0.67 (0.52-0.86) 0.002
C18:3 CE Steroid esters 0.69 (0.54-0.89) 0.004
C20:5 CE Steroid esters 0.74 (0.58-0.95) 0.017

Table 2b. Odds ratios for breast cancer risk comparing 90th to 10th percentiles of 
selected metabolite levels, fully adjusted CLR, measured at proximate blood.
Metabolite Sub Class OR (95% CI) p value
phenylalanine Amino acids, peptides 1.76 (1.25-2.48) 0.001
proline Amino acids, peptides 1.59 (1.13-2.22) 0.007
isoleucine Amino acids, peptides 1.56 (1.12-2.17) 0.009
C16:0 Ceramide 
(d18:1) Ceramides 1.72 (1.23-2.4) 0.002
myristoleic acid Fatty acids and conjugates 1.58 (1.11-2.24) 0.012
C58:7 TAG Triacylglycerols 0.59 (0.42-0.82) 0.002
C56:9 TAG Triacylglycerols 0.64 (0.46-0.87) 0.004
C56:10 TAG Triacylglycerols 0.63 (0.46-0.86) 0.004
C54:9 TAG Triacylglycerols 0.64 (0.47-0.87) 0.005
C54:8 TAG Triacylglycerols 0.65 (0.47-0.88) 0.006
C58:11 TAG Triacylglycerols 0.64 (0.47-0.88) 0.006
C56:8 TAG Triacylglycerols 0.66 (0.48-0.9) 0.008
C58:9 TAG Triacylglycerols 0.66 (0.47-0.9) 0.01
C58:10 TAG Triacylglycerols 0.66 (0.48-0.9) 0.01
C56:7 TAG Triacylglycerols 0.68 (0.5-0.94) 0.017

Figure 1. Odds ratios for breast
cancer risk comparing 90th to
10th percentile of TAGs, by
number of Carbon atoms and
double bonds at T1 (distant
blood) and T2 (proximate blood).
Models are CLR equations, fully
adjusted. Protective associations
are shown in blue, harmful
associations are shown in red.

Figure 2b. MSEA by
subclass of metabolites for
overall, ER+, and ER-
breast cancer, proximate
blood. Overall breast cancer
results use conditional
logistic regression; ER
status specific models use
unconditional logistic
regression models adjusted
for matched factors. Models
are fully adjusted for all
covariates. Stars denote p-
values adjusted by FDR: *
(padj <0.2); ** (padj<0.05).
Darker blue is a more
negative enrichment score;
darker red is a more
positive enrichment score.

WGCNA Analysis

Distant Blood Proximate Blood

TAGS with 3 DB are strongly protective measured closer to diagnosis, though are null
(overall & ER-) or harmful (ER+) when measured at the distant time point. The harmful
effect of TAGs with <3 DB is more prominent at the distant blood, though it remains
consistent for overall and ER+ breast cancer at the proximate blood. Protective
association of steroid esters is stronger when measured at the distant blood.

In line with differences seen in GSEA by blood draw, a higher protective association for
breast cancer was observed when TAGs with 3 DB increased from distant to proximate
blood (e.g.: C58:9 TAG OR for 2.5 SD change from distant to proximate blood,
adjusted for distant blood=0.60 (0.26-0.85), p=0.004.

Figure 3. Metabolite
associations with overall breast
cancer risk (by Module
grouping) at distant blood (left)
and proximate blood (right).
WGCNA module scores derived
from fully adjusted conditional
logistic results. The top 5
metabolites are highlighted.

No metabolite modules were significantly associated with breast cancer risk in WGCNA analysis, 
though modules characterized by steroid esters and TAGs were identified at both time points.

While individual metabolite associations were not significantly associated with breast
cancer risk, several stood out as noteworthy for future investigation. MSEA analysis
revealed subclasses associated with breast cancer risk at both time points, and
highlighted differences between the two time points, which were clarified in difference
analyses. In particular, TAGs with 3 double bonds appear very protective against breast
cancer at the proximate time point, whereas the protective effect of steroid esters is more
readily seen at the distant blood draw. Some associations are in opposition given ER
type of breast cancer. Further exploration of these metabolite pathways and their action
throughout the development of breast cancer should be explored.



The Epidemiology and Management Patterns of Pediatric Pituitary Tumors in the U.S.
Luz E. Castellanos, MD1,5; Madhusmita Misra, MD1,5; Timothy Smith, MD MPH PhD2,3,5; Edward Laws, MD2,5; Bryan Iorgulescu, MD3,4-6

§Hypothalamic-pituitary axis dysfunction &
mass effect symptoms (headaches &
visual defects) in the pediatric population
can indicate a pituitary region tumor.

§ Although brain tumors are the most
common solid tumor type in children (15-
20% of all childhood cancers), pituitary
tumors are rare in the pediatric population.

§We therefore evaluated the epidemiology
& management patterns of this rare entity.

Background

Conclusions                                     

Results                           

Methods
§Retrospective analysis of the National
Cancer Database, which comprises >75%
of all newly-diagnosed cancer patients in
the U.S.

§ Patients ≤21yo who presented from 2004-
2017 with a pituitary tumor were identified.

§ Tumors were classified using WHO 2017.

§ The distributions & management patterns
were assessed by:

§ Tumor type & size;

§ Patients’ age, sex, race/ethnicity, &
insurance status

§Using multivariable linear & logistic
regression.

§OR: odds ratio; 95%CI: confidence interval

§ 2-sided p≤0.001 were significant.

§ Pituitary region tumors comprise a significant fraction of intracranial
pediatric tumors (a fifth overall), particularly in adolescent girls.

§ The differential diagnosis of pituitary tumor types differed significantly by
patients’ age, sex, and race/ethnicity.

§ In young patients of Asian/Pacific Islander race/ethnicity with pituitary
masses, germ cell tumors should be specifically considered.

§ Uninsured patients were associated with delayed diagnosis & reduced
rates of surgery, suggesting opportunities for improving timely access to
optimal management for pituitary tumors in pediatric patients.

5.5% of patients were uninsured (mean 17.9 yo), but they presented at
older ages (by an adjusted 2.0-3.7 yrs, all p<0.001) & were less likely to
undergo surgery than patients with private insurance (OR 1.93, 95%CI
1.47-2.52, p<0.001) or Medicaid (OR 1.51, 95%CI 1.14-2.00, p=0.004).

19.7% of pediatric intracranial tumors arose in the pituitary region
§ Ranging from 2% of intracranial tumors in Infants/Toddlers to 5% in Early
Childhood, 27% in Early Adolescence, & 33% in Late Adolescence.

§ In contrast, only 12.4% of adult intracranial tumors originated in the
pituitary region (p<0.001).

7,653 pediatric patients with pituitary region tumors were identified
§ 68% were female.

§Most tumors arose in Early (47%) and Late (35%) Adolescence.

§ 78% were Pituitary Adenomas, 18% were Craniopharyngiomas, 2% were
Germ Cell Tumors (GCTs), & <2% were other tumor types.

Pituitary GCTs were more likely in Asian/Pacific Islander patients

1Division of Pediatric Endocrinology, Dept of Pediatrics, Massachusetts General Hospital; 2Pituitary and Neuroendocrine Center, 3Computational Neuroscience Outcomes
Center, Dept of Neurosurgery, 4Dept of Pathology, Brigham and Women’s Hospital; 5Harvard Medical School; 6Dept of Medical Oncology, Dana-Farber Cancer Institute

Males

Females

Girls had higher proportions of Pituitary Adenomas across all ages

M
al
es

Fe
m
al
es

Management patterns by insurance status

Asian/ Pacific Islander
patients also presented
at younger ages (mean
13.9 yo) than other
races/ethnicities (by an
adjusted 1.4-1.8 yrs on
avg, all p<0.001).



Factors Associated with Screening Completion
Among High-risk and Underserved Population in an Early Detection 
Lung Cancer Screening Program in Los Angeles County, California
Naiyu Chen, MPH;1,2 Cherryn Parque;2 Yeena Lee;2 Bhushan Desai, MSBS, MS;2 Christopher Lee, MD;2

1. Harvard T.H. Chan School of Public Health; 2. USC Keck School of Medicine, Department of Radiology

Background
• Lung cancer is the leading cause of cancer 

death in the U.S. in both men and women.
• Socioeconomically disadvantaged and 

underserved population experience 
disproportionately higher risk for developing 
and dying from lung cancer

• Persistently high smoking rates
• Low involvement in screening
• Late-stage diagnosis of lung cancer

• They are more than 2 times as likely to have 
incomplete screening appointments after 
initial recruitment

• Practical and emotional barriers
• Potential financial burden with follow-up 

care

Methodology and Data
• Identification and recruitment were facilitated by 

five partnering community clinics in the LAC
• Underserved population in LA and 

high-risk Category I or II, according to 
the National Comprehensive Cancer 
Network eligibility criteria

• Outcome variable: screening completion
• Complete Status: Showed up for 

scheduled appointment and completed 
the screening exam (LDCT)

• Incomplete Status: Failure to complete 
the appointment (No shows, declined 
screening, unable to reach, etc.)

• Analysis Plan: Descriptive statistic and 
multivariate analysis using logistic regression. 
Odds ratios with 95% confidence intervals were 
reported.

Discussion
• Significant associations (p<0.05) :

• Ages 56 to 60 are 4.3 times as likely to 
have completed screenings than others

• Perceived susceptibility
• Referral month of October are 4.9 

times as likely to have completed 
screenings than others

• Scheduling conflicts due to 
holidays

• Distance from Clinic between 11.3 to 
13.5 miles are 4.1 times as likely to have 
completed screenings than others 
Transportation services

• Limitations
• Lack of statistical power to detect 

additional significant associations due to 
small sample size (n = 92)

• Results may only be generalizable to 
additional participants of the same 
program 

Conclusions
• The same analysis could be conducted after the 

conclusion of this program in March 2021.
• Important to identify factors affecting recruitment 

completeness.
• Provide recommendations to improve 

screening success rates for future 
programs

• Decrease health disparity in lung cancer 
mortality rates among underserved 
population

Contact Information: Naiyu Chen NaiyuChen@g.harvard.edu

Results
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Figure 2. Descriptive Univariate Statistics 
Comparing Recruitment Completeness Among 

Participants Referred to the Lung Cancer 
Screening Program (N=92)

Complete Incomplete

Table 1. Odds Ratios for Recruitment Completeness Among Participants Referred to the Lung 
Cancer Screening Program and Age, Referred Month, and Distance (N=92)
Variable Odds Ratios 95% CI p-value

Intercept 0.856 (0.430, 1.704) 0.658
Age 0.008

≤55 or >60 Reference Group
56-60 4.304 (1.453, 12.75)

Distance (miles) 0.044
Less than 11.3 or more than 13.5 Reference Group

Between 11.3 and 13.5 4.103 (1.041, 16.18)
Referral Month 0.050

Other Months Reference Group
October 4.908 (0.995, 24.22)

- Odds ratios and p-values obtained through multivariate logistic regression.

57%
43%

Figure 1. Overall Descriptive 
Statistics by Proportions 

(N=92)

78%

22%

74%

26%

Age (Years Old)

≤55 or > 60
56-60

Other 
Months
October

<11.3 or 13.5
11.3-13.5

Referral Month

Distance from 
Clinic (Miles)

Age 
(Years Old) Referral Month Distance from Clinic 

(Miles)
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Development and validation of risk prediction models with plasma biomarkers for colorectal cancer

Zhe Fang1, Dong Hang2,3, Kai Wang1, Amit Joshi4, Kana Wu2, Andrew T. Chan4,5,6,7, Shuji Ogino1,7,8, Edward L. Giovannucci1,2,6, Mingyang Song1,2,4,5

Background
¾ Identification of colorectal cancer (CRC) at an early stage (i.e., advanced 

polyp) and interrupting the natural history is important to lower incidence 
and prolong survival1, 2. Stratifying the population into risk categories can 
potentially improve the efficiency of screening and facilitate the 
development of personalized interventional approaches for CRC. 

¾ Risk prediction models for CRC are not widely used in clinical practice yet. 
There are a range of existing models mainly based on questionnaire 
information, which have shown a modest discriminatory ability3. 

¾ There is an urgent need to examine the added value of plasma biomarkers 
for CRC prediction. So far, several groups of biomarkers have been 
implicated in CRC and may aid early detection, including those related to 
inflammation, metabolic disturbances, sex hormones, and vitamin D. 

¾ Data source: Nurses’ Health Study, Health Professionals Follow-up Study 
¾ Inclusion criteria: had at least one studied biomarker

Exclusion criteria: a) had any missing studied biomarkers
b) had any outliers of studied biomarkers

Key Findings 

Conclusions  

References  

Methods

Objectives
To examine whether adding a set of biomarkers (CRP, IL6, TNFRSF1B, 
GDF15, ADIPOQ, LEPR, C-peptide, IGF1, IGFBP3, SHBG, and 
25(OH)D) can improve the performance of risk prediction model for CRC 
that is only based on questionnaire information (National Cancer Institute 
Risk Assessment Tool for CRC) 

Training Set
HPFS N=736 

(253 cases/483 controls)
NHS N=639 

(308 cases/331 controls)

Validation Set
500 bootstrap-generated 
random samples with the 

sample size as training set

Basic Model: NCI model
Men: age, BMI, smoking, vigorous 

activity, NSAIDs use, family history of 
CRC, vegetable intake, endoscopy and 

polyp history  
Women: HRT and menopausal status 

were included instead of smoking 

¾ Adding a set of plasma biomarkers to the risk 
factor-based NCI model improved the 
discriminatory accuracy and reclassification. 

¾ Public Health Relevance 
a) Knowledge about individuals’ risk has been 

shown to affect screening behaviors over time 
and be utilized to select screening modalities. 

b) The components of biomarkers that can be easily  
assessed in clinical practice and embedded 
within the electronic health record system allow 
the risk prediction to be linked to the clinical, 
further advancing the uptake and efficiency of 
screening.

¾ Future directions 
a) External validation of risk models incorporating  

plasma biomarkers for CRC
b) How risk models for CRC stratify risk within the 

general population
c) The impact of risk models on screening programs   

in certain scenarios where each person begins 
screening when their individual risk of CRC
reaches a predefined threshold

Phase A 
Model 

Building 

Phase B
Internal 

Validation 

Developed Model: 
NCI + biomarkers model 

Select biomarkers from 11 biomarker candidates 
Using stepwise selection with 

entry level P=0.15
stay level P=0.2

¾ Model Evaluation 
a) 'LVFULPLQDWLRQ�ĺ�C-statistics
b) The improvement in the C-VWDWLVWLFV�ĺ�0DQQ-Whitney U test 
c) The improvement in the UHFODVVLILFDWLRQ�ĺ IDI, NRI
¾ Secondary analysis
a) Investigating whether adding a genetic risk score (GRS) for CRC into NCI + 

biomarkers model can further improve model performance
b) Utilizing genotype data from the Genetic and Epidemiology of CRC Consortium      

(GECCO) among participants in our study with available GRS
GRS = (σୀଵ

ଷଽ ߚ × ܵܰ ܲ) × (39/σୀଵ
ଷଽ (ߚ

Model Men (HPFS) Women (NHS)
Training dataset Validation dataset Training dataset Validation dataset 

NCI 0.67(0.62-0.71) 0.69(0.65-0.72) 0.58(0.54-0.63) 0.61(0.56-0.65)
NCI + stepwise 
selected biomarkers

0.70(0.66-0.74) 0.73(0.69-0.77) 0.62(0.57-0.66) 0.66(0.61-0.70)

P value 0.008 / 0.06 /
NCI + all biomarkers 0.70(0.66-0.74) 0.73(0.70-0.77) 0.63(0.58-0.67) 0.66(0.62-0.70)
P value 0.53 / 0.30 /

For men, GDF15, ADIPOQ, TNFRSF1B, and SHBG were selected into the model; 
For women, IGF1 and IGFBP3 were selected. 

Men (HPFS) Women (NHS)

NCI Model
NCI + selected biomarkers 

Model 
NCI Model

NCI + selected biomarkers 
Model 

Values Values P value Values Values P value 

Category-
free NRI (%) Ref 35.7(20.7,50.7) <0.0001 Ref

25.2(9.8,40.6)
(13.0-43.7)

0.001

IDI (95% CI) Ref
0.036

(0.021,0.050)
<0.0001 Ref

0.019(0.009,0.030)
(0.011-0.034)

0.0004

Model Men (HPFS) Women (NHS)
NCI + GRS 0.70 (0.66-0.74) 0.58 (0.53-0.63)
NCI + biomarkers 0.71 (0.67-0.76) 0.59 (0.54-0.64)
NCI +  biomarkers + GRS 0.73 (0.69-0.77) 0.60 (0.55-0.65)
P value a 0.06 0.36

1. Lindholm E, Brevinge H, Haglind E. Survival 
benefit in a randomized clinical trial of faecal occult 
blood screening for colorectal cancer. British 
Journal of Surgery. 2008;95(8):1029-36.
2. Mandel JS, Church TR, Bond JH, et al. The effect 
of fecal occult-blood screening on the incidence of 
colorectal cancer. New England Journal of Medicine. 
2000;343(22):1603-7.
3. Smith T, Muller DC, Moons KGM, et al. 
Comparison of prognostic models to predict the 
occurrence of colorectal cancer in asymptomatic 
individuals: a systematic literature review and 
external validation in the EPIC and UK Biobank 
prospective cohort studies. Gut. 2019;68(4):672-83.



Transcriptome expression of vitamin D genes in tumors and risk of lethal prostate cancer
Authors: Sydney Grob, Caroline Ericsson, Isabel Giovannucci, Lavanya Senthil, Thomas Wang, Lorelei Mucci, Claire Pernar

Introduction Results

Methods Conclusion

● Prostate cancer has the highest 
incidence of all cancers in men in 
the United States. 

● Vitamin D has been found to have 
several anticancer properties in 
other cancer sites, including cell 
cycle arrest, apoptosis, and 
inhibition of angiogenesis.

● In this study, we investigated:
1)the burden of prostate cancer in 

the United States
2)the relationship between 

expression of 11 genes in the 
vitamin D pathway and risk of 
lethal prostate cancer

3)somatic genetic alterations in 11 
vitamin D-related genes in 
prostate tumors

● To describe the burden of prostate 
cancer in the United States, we 
leveraged the IARC’s Global 
Cancer Observatory, the NIH’s 
State Cancer Profile, and the 
SEER Program’s databases.

● Using data from 251 patients in 
the Health Professionals’ Follow-
up Study (HPFS), we calculated 
odds ratios for the association 
between mRNA expression of 11 
vitamin D-related genes and lethal 
prostate cancer. 

● We examined data from the 
Cancer Genome Atlas (n=290) in 
cBioPortal to study somatic genetic 
alterations in 11 vitamin D-related 
genes in prostate tumors by 
Gleason score.

● Somatic changes related to 
mRNA expression of certain 
genes in the Vitamin D 
pathway may be associated 
with risk of lethal prostate 
cancer.

● Understanding the interaction 
of genes in the vitamin D 
pathway with lethal prostate 
cancer may help inform 
prevention and treatment 
strategies. 

All Races 109.8

White 102.3

Black 175.2

Asian/Pacific Islander 56.7

American Indian/Alaska 
Native

54.6

Hispanic 92.0

Non-Hispanic 112.6

Figure 1. Prostate Cancer Incidence by 
Race (per 100,000)

Figure 2. Prostate Cancer Mortality by 
Race (per 100,000)

All Races 19.0

White 17.9

Black 37.4

Asian/Pacific Islander 8.8

American Indian/Alaska 
Native

18.5

Hispanic 15.6

Non-Hispanic 19.3

Figure 3. Demographic Characteristics of Men 
Diagnosed with Prostate Cancer in Health 
Professionals Follow-Up Study

Count Frequency

Year of 
Diagnosis

1980-1989 22 8.76%

1990-1999 205 81.67%

2000-2009 24 9.56%

BMI 
Category

<25 kg/m2 124 49.40%

≥25 kg/m2 127 50.60%

Gleason 
Grade

Gleason 2-6 25 9.96%

Gleason 7 163 64.94%

Gleason 8-10 63 25.10%

TNM Stage T1/T2 202 80.48%

T3 23 9.16%

T4/N1/M1 17 6.77%

missing 9 3.59%

Lethality Non-lethal 167 66.53%

Lethal 84 33.47%

Gene Odds Ratio Lower 95% CI Upper 95% CI

VDR 1.14 0.67 1.93
RXRA 0.96 0.57 1.63
GC* 0.59 0.35 1.01
DHCR7 0.88 0.52 1.48
CYP27A1* 1.45 0.86 2.46
CYP2R1 0.85 0.51 1.45
CYP27B1 1.06 0.63 1.80
CYP24A1 1.04 0.61 1.77
LRP2 0.69 0.41 1.17
CUBN 1.23 0.72 2.08
CASR* 0.58 0.34 0.99

*indicates significance

Figure 4. Odds Ratios (OR) and 95% Confidence Intervals (CI) for the Association 
Between mRNA Expression for 11 Vitamin D Genes and Risk of Lethal Prostate 
Cancer

Figure 5. Somatic Changes in Prostate Cancer Tumors Associated With Altered Gene 
Expression for Vitamin D Pathway Genes



Figure 2. (A) A region of a whole slide image. (B) Our computational pathology method 
segments terminal duct lobular units (TDLUs; purple areas), detects acini (blue dots), and 
segments adipose tissue (yellow areas). Quantitative TDLU involution measures 
investigated in this study consisted of the three standardized measures (median TDLU 
span (C), TDLU counts per non-adipose tissue area (D), and median acini counts per 
TDLU (E)), and five novel measures (median TDLU area (F), total TDLU area as a 
percentage of tissue area and non-adipose tissue area (G), total number of acini 
(detected in TDLUs) per non-adipose tissue area (H), and median acini density (I)). 

Materials & Methods 

• Terminal duct lobular units (TDLUs) are the functional milk-producing glands in the breast. TDLUs 
involute with age whereby where lobules of Types 2 and 3 regress back to Type 1 (Figure 1).  

• Prior studies using qualitative or semi-quantitative measures of TDLU involution found inverse 
associations with breast cancer risk. 1 

• We developed and validated a deep-learning computational method to automatically capture 
quantitative measures of TDLU involution in normal breast tissue. 2,3 

• In this large dataset, automated quantitative metrics of TDLU involution were associated with 
aging and reproductive breast cancer risk factors.  

• However, our automated estimates of TDLU involution in normal tissue from BBD biopsies were 
not associated with breast cancer risk.  

• Further work will include applying our method to assess TDLU involution and breast cancer risk in 
other large epidemiological cohorts. 

Automated Quantitative Measures of Terminal Duct Lobular Unit Involution  

and Breast Cancer Risk 
  

Kevin H Kensler1, Emily Z Liu2, Suzanne C Wetstein3, Allison M Onken2, Christina I Luffman2, Gabrielle M Baker2, Laura C Collins2, Stuart J Schnitt4, Vanessa C Bret-Mounet2,  
Mitko Veta3, Josien PW Pluim3, Ying Liu5, Graham A Colditz5, A Heather Eliassen6,7, Susan E Hankinson6,8, Rulla M Tamimi6,7,9,* and Y Jan Heng2,* 
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• Menopausal status and parity were significantly associated with all eight quantitative 
measures after adjusting for age (p<0.05).  

• Select TDLU measures were associated with BBD histological subtype, BMI, and birth 
index (p<0.05).  

• No quantitative measure was significantly correlated with body size at ages 5-10 years, 
age of menarche, age at first birth, or breastfeeding (p>0.05; Figure 3).  

  Quartile 1 Quartile 2 Quartile 3 Quartile 4 p-trend 

Median TDLU span           
Cases/Controls, n 65/271 72/270 73/271 77/271   

Model Ref 0.94 (0.64,1.39) 0.92 (0.62,1.37) 0.89 (0.59,1.33) 0.562 
TDLU counts/mm2           

Cases/Controls, n 67/271 73/270 71/271 76/271   
Model Ref 1.04 (0.71,1.53) 0.96 (0.65,1.41) 1.15 (0.79,1.69) 0.492 

Median acini counts/TDLU           
Cases/Controls, n 26/121 79/348 89/311 93/303   

Model Ref 0.94 (0.57,1.57) 1.00 (0.61,1.69) 1.05 (0.64,1.77) 0.585 
Median TDLU area           

Cases/Controls, n 58/271 78/270 66/271 85/271   
Model Ref 1.15 (0.78,1.71) 0.87 (0.57,1.31) 1.1 (0.73,1.66) 0.895 

% TDLU area (total)           
Cases/Controls, n 58/271 82/270 63/271 84/271   

Model Ref 1.15 (0.78,1.71) 0.86 (0.57,1.30) 1.04 (0.69,1.58) 0.897 
% TDLU area (non-adipose)           

Cases/Controls, n 58/271 87/270 57/271 85/271   
Model Ref 1.23 (0.84,1.82) 0.80 (0.52,1.21) 1.1 (0.73,1.66) 0.984 

Acini counts/mm2           
Cases/Controls, n 64/271 71/270 69/271 83/271   

Model Ref 0.98 (0.67,1.45) 0.86 (0.58,1.29) 1.03 (0.69,1.53) 0.830 
Median acini density           

Cases/Controls, n 57/271 89/270 61/271 80/271   
Model Ref 1.54 (1.05,2.27) 1.05 (0.70,1.58) 1.36 (0.92,2.01) 0.409 

Table 1. The association between automated terminal duct lobular unit (TDLU) measures 
and breast cancer risk was evaluated using unconditional logistic regression models 
adjusting for the matching factors and BBD histological subtypes to estimate odd ratios 
(ORs) and 95% confidence intervals (CI). Each quantitative TDLU measure was categorized 
into quartiles as defined by the distribution among the controls. The median value for each 
quartile was included as a continuous variable in the unconditional logistic regression 
together with matching factors and BBD histological subtypes to obtain the p-trend value 
(Wald test). 

Figure 3. Summary of the associations between breast cancer risk factors and 
quantitative terminal duct lobular unit (TDLU) measures among 1083 controls. The 
numbers are p-values derived from ANCOVA analyses using age-adjusted means. 
Pink cells indicate significant associations achieving p<0.05. Color intensity of the 
cells reflect  the ranking of their age-adjusted means. 
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TDLU involution 

Aim 

Figure 1. TDLUs are historically classified into four lobule types: Type 1 (least developed; <12 acini), 
Type 2 (intermediate in their degree of differentiation; ~50 acini), Type 3 (fully developed 
structures; ~80 acini), and Type 4 (occurs during pregnancy and lactation).  

• To assess the association of quantitative TDLU involution measures obtained using our 
computational method with (1) established breast cancer risk factors and (2) breast cancer risk in 
the Nurses  Health Study NHS  and NHSII  

• We applied our computational method to whole slide images (WSIs) from a nested case-control 
study within the NHS and NHSII cohorts. 4  

• Cases were women who reported a diagnosis of breast cancer subsequent to a diagnosis of 
benign breast disease (BBD). Controls were diagnosed with BBD but did not subsequently 
develop breast cancer. Cases and controls were matched on age at cancer diagnosis, year of BBD 
diagnosis, and years between BBD diagnosis and cancer diagnosis. WSIs of normal tissue from 
BBD biopsies were available for 287 cases and 1083 controls. 

• Our computational method captured three standardized TDLU involution measures 5 and five 
novel measures (Figure 2).  
 
 
 
 
 
 
 

Materials & Methods Results 

Results 

• No quantitative TDLU involution measure in normal breast tissue was associated with subsequent 
breast cancer risk (p-trends ranged from 0.409 to 0.984; Table 1). 

• These null findings were consistent within strata of parity and menopausal status.  
• In the subset of women with qualitative assessment, categories of TDLU involution were also not 

associated with breast cancer risk (mixed type versus no type 1, adjusted OR=1.15, 95% CI 0.69-
1.98; predominant lobule type 1 no type 3 versus no type 1, adjusted OR=0.95, 95%CI 0.54-1.71). 

Conclusion 

Acknowledgments 

References 

• Qualitative assessments of TDLU involution by pathologists were conducted in a subset 
of 177 cases and 857 controls: no type 1 lobules, mixed type; and predominant lobule 
type 1 no type 3 lobules. 

• Breast cancer risk factors included age at BBD biopsy, BBD histological subtypes, body 
size (body size at ages 5-10 and BMI at BBD diagnosis), and reproductive factors (age of 
menarche, parity, age at first birth, birth index, breast feeding, and menopausal status). 
Birth index incorporates age at first birth, number of children, and spacing of births.  

• The associations between breast cancer risk factors and quantitative involution 
measures among controls were assessed using analysis of covariance (ANCOVA) 
adjusting for age at BBD biopsy.  

• Each quantitative TDLU measure was categorized into quartiles as defined by the 
distribution among the controls; the relationship between each quantitative TDLU 
involution measure and breast cancer risk was evaluated using unconditional logistic 
regression, adjusting for the matching factors and BBD histological subtypes. Analyses 
were also stratified by parity and menopausal status. 



Resection for Locally Recurrent Brain Metastasis by Propensity Score Matching in A 
Retrospective Cohort Study
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The primary endpoint of the study was overall
survival (OS) and the secondary endpoint was
progression-free survival (PFS). A propensity
score was obtained from an unconditional
logistic regression that included all identified
prognostic covariates and additional
established covariates from the literature.
Estimation of causal treatment effects involved
the use of a multivariable technique in which
the group previously treated with NSR were
matched to patients previously with treated
with SRS on a one-to-one basis (1:1) by the
propensity score to balance both groups.

Main Outcomes and Measures

The records of LRBM adult patients treated
with resection at the Brigham and Women’s
Hospital between 2007 and 2017 were
retrospectively reviewed under Institutional
Review Board approval. Patients were included
if they had previously received either NSR or
SRS for brain metastases.

Design, Setting, and Participants

Objective

Importance

Locally recurrent brain metastases (LRBM) in
patients initially treated by neurosurgical
resection (NSR) or stereotactic radiosurgery
(SRS) can be managed by resection; yet,
comparative data on resection after prior
treatments by NSR or SRS are scarce.

Our objective was to assess overall survival
(OS) and progression free survival (PFS) of
resection in LRBM participants who were
previously managed by NSR or SRS.

The electronic medical records
search yielded 1069 resections and
168 of these met the inclusion
criteria for this study. The matching
on prognostic factors (age at
recurrence, size of tumors, sex,
performance status) produced 146
matched pairs (73 NSR vs 73 SRS).
Median overall survival was 16.2
months in NSR vs 14.4 months in
SRS (p=0.34) and median PFS was
8.4 months in NSR vs 9.6months in
SRS (p=0.94). The standardized
difference for the identified
predictive factors for matching
were not significantly different
except for performance status
which was 0.86% above the chosen
absolute value of <10%.

Results

Conclusion and relevance

Resection is a beneficial treatment for LRBM, and the survival outcomes are comparable in patients already treated with 
either NSR or SRS. Individualized treatment is still important as patients present with unique baseline characteristics.

1. CNOC, Department of Neurosurgery, Brigham and Women’s Hospital, Harvard Medical School, Boston, Massachusetts, United States. 2. MCPHS University, Boston, Massachusetts, United States. 3. Department of Neurosurgery, Singapore General Hospital, Singapore. 4. Departments of Neurosurgery, Haaglanden Medical Center 
and Leiden University Medical Center, Leiden University, The Hague/Leiden, Zuid-Holland, The Netherlands. 5. Department of Neurology, Massachusetts General Hospital, Boston, Massachusetts, United States. 

Figure 1. Overall survival for recurrent brain metastases patients treated with surgical resection before PS-matching (A), p= 0.50 and 
after PS-matching (B), p=0.34.           NSR                                        SRS

Figure 2. Progression free survival in recurrent brain metastases patients treated with surgical resection before PS-matching (A), 
p=0.90 and after PS-matching (B), p=0.94.

BA

BA

Model Multivariable proportional hazards survival analysis

HR 95% CI SE P

PS 1:1 matched 1.41 0.78-2.56 0.30 0.26

PS 1:1 matched + 3 covariatesa 0.99 0.37-2.67 0.51 0.05

Full cohort + 3 covariates, adjusting for the PS 1.45 0.56-3.78 0.49 0.45

Model Multivariable proportional hazards survival analysis

HR 95% CI SE P

PS 1:1 matched 2.18 1.18-4.01 0.31 0.01

PS 1:1 matched + 3 covariatesa 2.34 0.92-5.93 0.47 0.07

Full cohort + 3 covariates, adjusting for the PS 2.39 0.97-5.80 0.46 0.06

Tables Hazard ratios for overall survival and progression free survival across the multivariable Cox regression models comparing prior neurosurgical resection versus 
stereotactic radiosurgery.

HR -Hazard ratio; CI- Confidence interval; SE- Standard error; PS- Propensity score; acovariates added to the model are number of lesions, operation number, adjuvant therapy



Barriers and Facilitators to Advance Care Planning Among Seriously Ill 
Chinese Americans and Their Caregivers
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Participant RecruitmentBackground

Chinese American cancer 
patients are known to experience 
disparities at the end-of-life 
(EOL)1

High quality advance care 
planning (ACP) may improve 
EOL outcomes2-5

No studies have explored 
seriously-ill Chi e e Ame ica  
preferences for ACP6

Objective

Explore barriers and facilitators 
to ACP among Chinese 
advanced cancer patients and 
their caregivers

Methodology

Socioecological Model:

Instruments: Demographic 
survey, acculturation scale, 
bilingual interview guide
Thematic analysis

References

Conclusion

A routinized, clinician guided 
approach that addresses 
uncertainty by using indirect 
strategies, instilling hope, and 
building community resources 
may help overcome barriers to 
ACP among seriously ill 
Chinese Americans. 
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Recruitment lessons

Characteristics Patients 
(n=11)

Caregivers 
(n=5)

Age, mean ±SD 58.6±13.3 yr 54.0±18.3 yr
Male, n (%) 6 (54.5%) Male 3 (60%) Male
Place of birth, n (%) 10 (90.9%) China 4 (80%) China
Education, n (%) 10 (90.9%) College 5 (100%) College
Years in the US, median
[IQR]

18 [2-40] 14 [2-40]

Acculturation, 
mean±SD

2.0±0.9 2.0±1.0

Diagnosis, n (%) 6 (54.5%) Lung -
Insurance, n (%) 5 (45.5%) Medicare -
Relationship to patient, 
n (%)

- 2 (40%) Children
3 (60%) Spouses
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The subgroup-specific time-to-event (Sub-TITE) phase 1 design is a 
modification of the time-to-event Continual Reassessment Method (TITE-
CRM) which identifies the maximum tolerated dose (MTD) separately for 2 or 
more heterogeneous patient subgroups. This is the dose that has an 
estimated toxicity probability closest to some target כߨ

Sub-TITE allows borrowing strength and dynamic clustering across subgroups 
from the start of the trial, but delaying the initiation of borrowing and 
clustering until later in the trial may improve dose-finding accuracy. 

We introduce a practical extension of the Sub-TITE design, where borrowing 
and/or clustering may be initiated at some pre-specified point in the trial, 
based on patient enrollment. 

The 2-Stage Sub-TITE (2S-Sub-TITE) design is a flexible framework that can 
allow more DLT information to be gathered before determining whether 
subgroups should be clustered. 

Our goal is to optimize operating characteristics across many scenarios based 
on 

(1) Timing of initiation of borrowing and/or clustering
(2) Prior assumptions of subgroup heterogeneity
(3) Hyperparameters based on physician elicited dose-specific toxicity 

probabilities.

Introduction

2S-SubTITE Design

Simulation Design and Conduct

Acknowledgements

This research was done using resources provided by the Open Science Grid, 
which is supported by the National Science Foundation and the U.S. Department 
of Energy's Office of Science 31 32

We give special thanks to Dr. Karen Wright and Dr. Wendy London for their 
thoughtful discussion and contributions.

Stage 1: No Borrowing or Clustering
� Each patient’s observation time and DLT status, as well as the physician 

elicited prior, contributes to the working likelihood estimates for their 
subgroup

� These estimates are then used to determine the probability of toxicity at 
each dose, for that subgroup, via the logit function

� The dose with an estimated probability of toxicity closest to the target 
toxicity probability, כߨ, is the recommended dose for the next patient 
enrolled into that subgroup

We will continue in this manner until a pre-specified point of patient accrual.

Stage 2: Adaptive Borrowing and Clustering
�Each patient’s observation time and DLT status, as well as the physician 

elicited prior, contributes to a joint working likelihood which provides effect 
estimates for both subgroups. We allow for the dynamic clustering of 
subgroups by introducing random latent subgroup membership variables, 
whose distributions are dictated by a user-specified P_hetero, which controls 
the probability that a subgroup ݃ will not be dynamically clustered on other 
subgroups.

�The following 2 steps proceed similarly to Stage 1

1Dana-Farber/Boston Children’s Cancer and Blood Disorders Center; 2Biostatistics Program, Louisiana State University; 3Harvard Medical School 
Alana McGovern1, Andrew G. Chapple2, Clement Ma1,3

2S-Sub-TITE: An adaptive two-stage time-to-toxicity model for subgroup-specific dose finding in 
Phase I oncology trials

Using the SubTite R package, we performed extensive simulations to assess the 
operating characteristics of different versions of our 2S-Sub-TITE design.  The 
varied parameters in our simulations are detailed as follows:

�True toxicity probability scenarios: we randomly generated 1000 unique 
simulation scenarios.

�Prior toxicity probabilities: we selected 18 different sets of prior toxicity 
probabilities with varied characteristics.

�Escalation rules: in our primary set of simulations we use conservative 
escalation rules (requires that three patients be fully evaluated at a dose 
before escalating to the next, previously untested, dose) and in a secondary 
set of simulations we use aggressive escalation rules (requires only one 
patient to be evaluated at a dose before escalating).

�Sample size: in our primary set of simulations, the total sample size was 40
patients.  In a secondary set of simulations the total sample size was 64. 

�Methods of borrowing and clustering: we evaluated 18 methods with varying 
combinations of when the borrowing and/or clustering begins and P_hetero, 
as shown below

Method* Start 
borrowing at

Start clustering 
at

P_hetero

A Brrw&Clstr@0%|Phet=0 0% Accrual 0% Accrual 0

B Brrw&Clstr@0%|Phet=0.5 0% Accrual 0% Accrual 0.5

C Brrw&Clstr@0%|Phet=0.7 0% Accrual 0% Accrual 0.7

D Brrw&Clstr@0%|Phet=0.9 0% Accrual 0% Accrual 0.9

E Brrw&Clstr@25%|Phet=0.5 25% Accrual 25% Accrual 0.5

F Brrw&Clstr@25%|Phet=0.7 25% Accrual 25% Accrual 0.7

G Brrw&Clstr@25%|Phet=0.9 25% Accrual 25% Accrual 0.9

H Brrw&Clstr@50%|Phet=0.5 50% Accrual 50% Accrual 0.5

I Brrw&Clstr@50%|Phet=0.7 50% Accrual 50% Accrual 0.7

J Brrw&Clstr@50%|Phet=0.9 50% Accrual 50% Accrual 0.9

K Brrw&Clstr@75%|Phet=0.5 75% Accrual 75% Accrual 0.5

L Brrw&Clstr@75%|Phet=0.7 75% Accrual 75% Accrual 0.7

M Brrw&Clstr@75%|Phet=0.9 75% Accrual 75% Accrual 0.9

N Brrw@0%|NoClstr|Phet=1 0% Accrual -- 1

O Brrw@25%|NoClstr|Phet=1 25% Accrual -- 1

P Brrw@50%|NoClstr|Phet=1 50% Accrual -- 1

Q Brrw@75%|NoClstr|Phet=1 75% Accrual -- 1

R NoBrrw|NoClstr -- -- 1

Results

We compared the mean PCS of each 2S-Sub-TITE method separated by each of the tested varied parameters (figure not shown) 
and concluded:

�Trials with some priors perform better than others (yielding higher PCS), but the effect of this is not modified by choice of
method

�Trials using conservative escalation perform uniformly slightly better (1.1%) than those using aggressive escalation, but,
similarly the effect is not modified by choice of method

�Trials with a sample of size of 64 perform uniformly better (35%) than those with a sample size of 40, but this effect is also 
not modified by choice of method

�Trials with true subgroup MTDs which are closer together (or even equal), perform better than those with true subgroup 
MTDs which are further apart. This effect, however, is modified by choice of method.

These findings highlight the importance of considering the difference between MTDs when choosing a 2S-Sub-TITE method, 
compared to other factors.

Method Recommendations and Other Considerations
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DNA repair genes and pathways involved in lethal prostate 
cancer in European and African American men

Background
Prior work has identified rare genetic variation in DNA
repair genes as risk factors for aggressive prostate
cancer in men of European ancestry. We sought to
determine the DNA repair genes and pathways
associated with lethal disease in European and African
American men with prostate cancer.

Methods
We included 767 men with lethal (metastatic disease and/or prostate cancer-specific
death) or non-lethal Gleason score 6 prostate cancer from four US hospitals. We
obtained blood (98%) or buccal swab tissue samples from all men and sequenced 306
pre-selected DNA repair genes. We calculated and compared carrier frequencies of
pathogenic or likely pathogenic variants summarized by gene and by DNA repair
pathway in lethal cases and non-lethal controls.

Results
Of the 306 analyzed genes, pathogenic or likely pathogenic variants were found in 47 genes
(Table 1). In European Americans, 19.3% of lethal cases and 9.5% of indolent controls (P-value
= 9.2e-04) carried at least one pathogenic variant in a DNA repair gene. In African Americans,
the corresponding frequency was 16.7% among lethal cases and 9.5% among indolent controls
(P-value = 0.2). Individual gene analysis revealed pathogenic variants within BRCA2 in 5.1%
(European American) and 0.9% (African American) of lethal cases. Several pathways were
associated with lethal prostate cancer in European Americans, including FA, HR and DNA repair
associated pathways (Figure 1). In African Americans, the strongest associations, though not
statistically significant, were observed for the MMR and the checkpoint factor pathways.

Conclusion
Using a comprehensive panel of DNA repair genes, we observed high carrier frequencies of pathogenic
variants within DNA repair pathways among men with lethal prostate cancer of European and African
American ancestry. In African Americans, alterations in non-BRCA DNA repair genes appear to be of
particular importance for prostate cancer aggressiveness.

Core DNA repair pathways Associated DNA repair pathways

HR FA NHEJ MMR NER BER TLS DR Checkpoint 
factor

Other 
associated

Probable 
associated

BLM BARD1 APTX EXO1 DDB2 APTX POLH ASCC1 ATM ATM CCNO

BRCA2 BLM ATM MLH1 ERCC2 MUTYH ATR BLM POLG

MRE11 BRCA2 DCLRE1C MLH3 ERCC3 NTHL1 PER2 MRE11 VCP

NBN BRIP1 MRE11 MSH2 ERCC5 PNKP RAD50 NBN

RAD50 FANCA NBN MSH6 ERCC8 POLE RBBP8 RAD50

RAD51 FANCI PNKP PMS2 POLE POLH TP53

RAD51C RAD51 RAD50 XPA UNG

RAD54B RAD51C XRCC1 XRCC1 XRCC1

RAD54L XRCC4

RECQL4
SLX4

UIMC1

Anna Plym, Miklós Dióssy, Zoltan Szallasi, Oliver Sartor, Isaac J. Powell, Timothy R. Rebbeck, Kathryn L. Penney, Lorelei A. Mucci, Mark M. Pomerantz, and Adam S. Kibel
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Figure 1. Carrier frequencies for pathogenic or likely pathogenic variants in lethal cases and non-lethal controls summarized by DNA repair pathway.
* P-value < 0.05 for the comparison between lethal cases and non-lethal controls. 

Table 1. DNA repair genes with pathogenic variants in men with lethal and non-lethal
prostate cancer. The colors refer to pathogenic variants potentially enriched in men with
lethal disease of both ancestries (bold), European Americans only (green) and African
Americans only (orange).

Abbreviations: homologous recombination (HR), Fanconi anemia (FA), non-homologous end
joining (NHEJ), mismatch repair (MMR), nucleotide excision repair (NER), base excision repair
(BER), translesion synthesis (TLS), and direct repair (DR).
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Plant-based diets have been associated with lower risk of various diseases,
including type 2 diabetes, cardiovascular disease and other cardiometabolic risk
factors.However, the association between plant-based diet quality and breast
cancer (BC) remains unclear. Thus, we aimed to examine the associations of
plant-based diet indices (PDI) with risk of total and subtypes of BC.

This study provides evidence that adherence to a plant-based dietary pattern and, specifically, its healthful version, may reduce the risk of BC, especially those that are more likely to be aggressive tumors. In
contrast, a low-quality plant-based diet may be associated with an increased risk of ER-negative BC.

Background and  Aims Exposures

Outcome Incident invasive BC cases confirmed with medical records and
subtypes determined by tissue microarray data and pathology reports.

Methods
Prospective cohort study of initially healthy women from the Nurses’ Health Study
(NHS) (1984-2016) and the Nurses’ Health Study II (NHS II) (1991-2017).

Healthful and unhealthful plant-based diets and risk of breast cancer in U.S. women:  
results from the Nurses’ Health Studies

Results
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Figure 1. Multivariable-adjusted HR (95%CI) for total BC according to 
quintiles of cumulatively updated PDI indices in NHS and NHS II

Figure 3. Multivariable-adjusted HR (95%CI) for ER-negative BC 
according to quintiles of Food Categories
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Figure 2. Multivariable-adjusted HR (95% CIs) for the association between 
quintiles of cumulatively updated hPDI and uPDI and ER-negative BC.
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Models stratified by cohort, age in months and calendar year, adjusted for race, age at menarche, age at menopause, PMH, OC use history, parity and age at first birth, breastfeeding history, family history of breast cancer, history of benign breast disease, height, cumulatively updated alcohol intake, cumulatively updated total
caloric intake, physical activity, BMI at age 18 years and SES. In Figure 3, the 3 food categories (healthy and less healthy plant foods, and animal foods) were simultaneously included in the same model. 
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Data from the NHS and NHSII were pooled. During 4,841,083 person-years of follow-up, 12,482 participants developed invasive BC.

Dietary data collected using repeated semi-quantitative FFQs. Food groups were ranked into quintiles and given positive or reverse scores.
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Background
Lung cancer is the second most commonly diagnosed
cancer in the United States and is the leading cause of 
cancer death in both men and women1. 
Geographic patterns in lung cancer mortality rates differ by 
sex and have changed over time2. 
Historically, lung cancer rates are higher among men than 
among women, but the gender gap has narrowed steadily 
since the 1980s3.
Despite the rising rates of female lung cancer cases, men 
have higher mortality rates than women1.
The dominant risk factor for lung cancer is cigarette 
smoking and the risk varies by histologic cell type. The 
relative risks for smokers compared to non-smokers are 
highest for squamous and small cell carcinoma and lower 
for adenocarcinoma4.

Observations
Methods 

Results (cont.)
Table 1. Lung and bronchus cancer mortality rates in the United 
States 2005-2018 overall and by Census Division and Gender, 
ages 20+, ranked by rate among males.

Lung and Bronchus Cancer Mortality Rates
With National Center for Health Statistics (NCHS) data, we 
calculated lung and bronchus cancer mortality rates for 
2005-2018. Rates are expressed per 100,000 person-years 
and were age-adjusted with the 2000 U.S. standard 
population.

Smoking Prevalence Estimates
The NCI published county-level prevalence of smoking 
estimates (ever smoking and current smoking) by 
combining data from the Behavioral Risk Factor 
Surveillance System (BRFSS) and National Health 
Interview Surveys (NHIS).
For current and ever smokers, we calculated the combined 
percent prevalence for 1997-2003 by gender and county.

Descriptive Analysis
We generated descriptive national mortality and smoking 
maps showing county level rates by gender.
We present mortality by Census Division and Gender. 

Results

Future Directions

* Rates are per 100,000 person-years and age-adjusted to the 2000 US 
standard population

Male Female 
Deaths Rate* Deaths Rate*

Total United States 1,194,813 78.0 972,995 50.2
East South Central 104,958 113.2 72,909 61.6
East North Central 202,667 86.8 166,990 56.3
West South Central 133,583 83.7 98,700 49.4
South Atlantic 263,674 82.9 203,306 50.9
West North Central 85,753 80.9 69,410 52.8
New England 55,670 73.3 52,737 53.2
Middle Atlantic 151,656 72.5 134,374 48.2
Pacific 135,912 59.7 121,867 42.6
Mountain 60,940 56.8 52,702 41.7

Lung cancer mortality rates and smoking prevalence 
percentages, both ever and current, vary substantially across 
the country.
Among males, the mortality rates were notably elevated across 
most regions of the southeast quadrant and parts of the mid-
west while relatively low in the upper plains, mountain, and 
western states.
Among females, the mortality patterns were more diffuse with 
elevated rates stretching from West Virginia through Kentucky 
and across to northeastern Texas but not across the deep 
south.
Among both sexes, the maps of current smoking during 1997-
2003 resemble the mortality maps for 2005-2018 more closely 
than the maps of ever smoking.
Elevated female mortality rates in New England more closely 
resemble prior ever smoking rates than current smoking rates.

We will identify areas where cancer rates are high but smoking 
rates have been low to reveal areas where further research into 
the role of other carcinogenic exposures may be investigated.
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Figure 2. Lung and bronchus cancer mortality rates for 2005-2018, by county for ages 20+, 
for (A) males and (B) females. 

(A) (B)

Figure 3. Estimated current smoking prevalence rates for 1997-2003, by county for ages 
18+, for (A) males and (B) females. 
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Figure 4. Estimated ever smoking prevalence rates for 1997-2003, by county for ages 18+, 
for (A) males and (B) females. 



Cancer in the Shadow of COVID: Patient Perspectives on the Delay of 
Cancer Surgeries During COVID-19

Claire Marie Sokas, MD, Christina Minami, MD MS, Quoc Trinh , MD
.

METHODS
• We recruited patients who were diagnosed with early-stage breast or prostate 

cancer who had their surgery delayed due to COVID-19. 

• Semi-structured interviews were conducted by phone in early May 2020.

• Qualitative analysis was performed using grounded theory approach until 
thematic saturation was achieved.

INTRODUCTION:
• From March – May 2020, surgeries that were deemed elective or non-

urgent were delayed to preserve resources and personnel for the 
incoming COVID surge

• Temporizing treatment modalities were based on expert consensus, 
given a lack of prospective data 

We aimed to understand the immediate emotional 
impact of surgical delay on individual patients. 

COHORT: 
•21 patients 
•13 prostate
•8 breast 

•Surgeries postponed:
•Prostatectomy
•Lumpectomy, 
mastectomy 

•Median age: 
•63 (47-79 years)

Highlights 
opportunities for 

improved 
communication, 
social support. 



• Our results align with those of the PCPT, showing that 5-ARI use is not
associated with increased risk of high-grade or lethal prostate cancer

• The Fine-Gray competing risk model and a sensitivity analysis limiting the study
population to men with PSA screening in the 1996 questionnaire cycle yielded
similar results

• 5-ARI users demonstrated a reduction in development of low-grade and
localized disease, and no significant change in developing high-grade or
advanced disease

• 5-ARI use is safe with respect to prostate cancer mortality, which alleviates
concerns in settings of 5-ARI use for BPH and alopecia

• The benefit of 5-ARIs reducing the risk of only localized or low-grade cancer
should be weighed against the quality of life issues associated with 5-ARI use

STUDY POPULATION:
• Full Cohort: 38,046 men without cancer at baseline were

prospectively followed in the Health Professionals Follow-up
Study between 1996-2017

• Case-Only: 4,232 men with localized or locally advanced
prostate cancer were followed over a similar period

EXPOSURE:
• 5-ARI use during the study period (Proscar, Propecia,

Avodart)
• Exposure groups defined by use of 5-ARIs, ever versus

never, as well as by duration of use (< 4 years or ≥ 4 years)
OUTCOMES:

• Primary outcome: development of lethal prostate cancer
• Secondary outcome: stage and grade of presentation

STATISTICAL ANALYSIS:
• Cox proportional hazards models were used to calculate

hazard ratio (HR) and 95% confidence intervals (CI) for
development of incident and lethal prostate cancer and both
all-cause and cancer-specific mortality

• We adjusted for screening patterns, lifestyle factors, and
concomitant medications

• Fine-Gray competing risk model used to estimate hazard
ratios for prostate cancer survival.

• 5-ARI use treated as time-dependent covariate in all analyses

RESULTS

SUMMARY & FUTURE GOALS

BACKGROUND AND OBJECTIVE

METHODS

• 5-alpha reductase inhibitors (5-ARIs) have been suggested as
chemopreventive agents for prostate cancer

• Two 2019 publications addressed whether 5-ARIs increased
prostate cancer mortality with contrasting results:
1. A PCPT letter to the editor demonstrated no excess

prostate cancer mortality with finasteride use.
2. A study of Veterans Affairs patients with prostate cancer

showed 5-ARI use was associated with later stage at
diagnosis and a 39% higher risk of prostate cancer death.

OBJECTIVE: To address conflicting evidence, we conducted a
prospective cohort study of American men with regular access
to health care and screening and also studied a case-only
subgroup of men with prostate cancer.
HYPOTHESIS: We hypothesized that 5-ARI use would not be
associated with either increased risk of high-grade disease or
mortality from prostate cancer.

Table 3. Association between ever use of finasteride and various prostate 
cancer outcomes in 38,046 men who were initially cancer-free in HPFS 
(588,579 person-years)

Number of 
Events

Adjusted Hazard 
Ratio1 95% CI

All Incident Prostate Cancer 4403 0.76 0.66, 0.88
Lethal2 482 1.04 0.71, 1.50
Stage at diagnosis

Advanced3 600 1.03 0.73, 1.45
Localized4 3220 0.69 0.58, 0.81

Gleason grade
High-grade (4+3 and above) 1068 1.02 0.79, 1.31

Score 8-10 617 1.05 0.76, 1.45
Score 7 (4+3) 451 0.98 0.66, 1.47

Low-grade (3+4 and below) 2776 0.60 0.49, 0.72
Score 7 (3+4) 1014 0.39 0.26, 0.58
Score ≤6 1762 0.72 0.57, 0.90

1 adjusted for smoking status; race; family history of prostate cancer; vigorous activity levels; BMI; height; diabetes; PSA testing 
intensity; multivitamin, statin, current alpha blocker, digoxin, aspirin and NSAID use; vasectomy, prostate exam and biopsy.
2 defined as death from prostate cancer or metastases over follow-up
3 defined as T3b or T4, N1, or M1
4 defined as T1, T2 or T3a, N0 and M0

Table 4. Association of finasteride use and lethal prostate cancer and total 
mortality in men with localized prostate cancer at diagnosis (n=4,232)

Age-adjusted 
HR (95% CI)

Model 1 adjusted 
HR (95% CI)1

Model 2 adjusted 
HR (95% CI)2

Lethal prostate cancer3 (n=302)
Ever use of finasteride 1.03 (0.64, 1.67) 0.72 (0.44, 1.17) 0.76 (0.46, 1.26)
≥ 4 years of use 0.63 (0.26, 1.53) 0.46 (0.19, 1.11) 0.47 (0.19, 1.16)
< 4 years of use 1.36 (0.78, 2.37) 1.08 (0.61, 1.90) 1.11 (0.63, 1.98)

Total mortality4 (n=1726)
Ever use of finasteride 0.92 (0.75, 1.13) 0.83 (0.67, 1.02) 0.84 (0.68, 1.04)
≥ 4 years of use 0.91 (0.67, 1.24) 0.78 (0.57, 1.07) 0.79 (0.58, 1.08)
< 4 years of use 0.93 (0.71, 1.22) 0.87 (0.66, 1.15) 0.90 (0.68, 1.18)

1 adjusted for stage at diagnosis, Gleason grade, and age at diagnosis
2 adjusted for everything in model 1 and BMI, family history of prostate cancer, PSA at diagnosis, activity level, and race
3 defined as prostate cancer death or distant metastases over follow-up
4 defined as death from any cause or distant prostate cancer metastases

Table 1. Age-standardized 1996 characteristics of 
study population by end-of-study finasteride status 
(n=38,046)1

Never Use 
(n=33,566)

Ever Use 
(n=4,480)

Age (years)2 62.75 (9.30) 64.01 (8.68)
Family history of prostate cancer 12% 14%
Had a recent PSA test 57% 73%
Ever had a PSA test3 94% 100%
History of prostate exam 69% 78%
History of prostate biopsy 9% 20%
Ever used alpha blockers 3% 8%
Current use of alpha blockers 3% 8%
1 Values are means (SD) for continuous variables; percentages for categorical 
variables and are standardized to the age distribution of the study population
2 Age value is not age-adjusted
3 Ever had a PSA test through 2014
4 Best guess at height from 1986, 1987, and 1988 questionnaires

Table 2. Age-standardized characteristics of survival 
cohort at time of diagnosis (n=4,232)1

Never Use 
(n=4,024)

Ever Use 
(n=208)

Age at diagnosis (years)2 70.20 (7.15) 75.08 (7.32)
Follow-up time (years) 12.66 (5.38) 11.92 (4.83)
Ever use of alpha blockers 11% 41%
Family history of prostate cancer 18% 17%
PSA at diagnosis (ng/mL) 8.73 (11.90) 9.07 (11.94)
Stage at diagnosis

T1 69% 78%
T2 29% 18%
T3a 1% 2%
T3b 0% 1%
T4/N1 1% 1%

Gleason grade
Score ≤6 47% 56%
Score 7 (3+4) 26% 15%
Score 7 (4+3) 11% 12%
Score 7 (NOS) 2% 1%
Score 8-10 14% 17%

1 Values are means (SD) for continuous variables; percentages for categorical 
variables and are standardized to the age distribution of the study population
2 Value is not age-adjusted

5-alpha reductase inhibitors and prostate cancer mortality among men with regular 
access to screening and health care

Carl Ceraolo1,2, J. Bailey Vaselkiv1, Kathryn M. Wilson1, Claire Pernar1, Emily Rencsok1, Konrad Stopsack1,3, Sydney Grob1, Edward Giovannucci1,4, Aria Olumi5, Adam Kibel6, Mark Preston6*, Lorelei 
A. Mucci1* (*shared last authorship) 1 Department of Epidemiology, Harvard TH Chan School of Public Health, Boston MA; 2 Boston University Medical School, Boston MA; 3 Department of Medicine, Memorial Sloan Kettering Cancer Center, New York, NY; 4 Department of Nutrition, 

Harvard TH Chan School of Public Health, Boston MA; 5 Department of Surgery, Beth Israel Deaconess Medical Center, Boston, MA; 6 Division of Urology, Brigham and Women’s Hospital, Boston, MA 
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Long-Term Colorectal Cancer Incidence and Mortality after 
Colonoscopy Screening According to Individuals’ Risk Profiles

Kai Wang1, Wenjie Ma2, Kana Wu3, Shuji Ogino4, Edward Giovannucci3, Andrew Chan2, Mingyang Song1

Background

• Despite an overall increase in the uptake 
of CRC screening, there remain a 
substantial disparity in the uptake and 
approximately 40% screening-eligible 
adult Americans not complying with the 
recommendations.

Methods

Objectives

Key Findings

.

Summary Points Acknowledgements

The authors thank the participants and 
staff of the NHS and the HPFS for their 
continued contributions, as well as the 
state cancer registries included in the 
study. 

• Currently, CRC screening is recommended based only on age 
and family history. To the best of our knowledge, no prior study 
has directly examined whether the benefit of screening differs by 
risk profile.

• In 2020, the US Preventive Services Task Force (USPSTF) 
released the draft recommendation that average-risk adults may 
initiate routine screening at age 45 instead of 50. 

• These data highlight the importance of tailored screening 
recommendations based on risk profile to optimize the benefit of 
screening and resource allocation at the population level.

1 Department of Epidemiology, Harvard T.H. Chan School of Public Health    2 Clinical and Translational Epidemiology Unit, Massachusetts General Hospital and Harvard Medical School 
3 Department of Nutrition, Harvard T.H. Chan School of Public Health            4 Department of Oncologic Pathology, Dana-Farber Cancer Institute and Harvard Medical School
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• We prospectively assessed the relative and absolute risk of CRC 
incidence and mortality associated with colonoscopy screening 
according to individuals’ risk profiles within two large cohorts in 
the U.S., including the Nurses’ Health Study (NHS) and Health 
Professionals Follow-up Study (HPFS).

• We also examined the age-specific CRC cumulative incidence 
and identified the ages when the threshold CRC risk at age 45 
and 50, respectively, was attained among individuals with 
different CRC risk profiles.

• Study period: 1988-2014

• Study population: NHS, 75,873 women; HPFS, 42,875 men

• Main exposure: We defined a colonoscopy screening as those for 
routine, age-related CRC screening or because of a family 
history of CRC, but not for positive symptoms. 

• Effect modifier: CRC risk score (range, 0-8) was defined as the 
number of the 8 CRC-high risk factors: having family history of 
CRC among the first-degree relatives, no regular use of aspirin, 
tall stature, overweight or obesity, current smoker or past 
smokers with pack-years ≥5, low physical activity, heavy alcohol 
intake, and unhealthy diet (meeting less than 3 of the 6 dietary 
recommendations by the WCRF/AICR Report 2018, which 
included red meat <0.5 serving/d, processed meat <0.2 
serving/d, dietary fiber ≥30 g/d, dairy products ≥3 servings/d, 
whole grains ≥48 g/d or account for at least half of total grains, 
and calcium supplement use).

• Outcomes: CRC incidence and mortality

• Statistical analysis: Cox regression models

• Measures: Absolute risk of CRC and colonoscopy screening –
related absolute risk reduction 

Figure 1. 
Multivariable-
adjusted 10-
year 
cumulative 
incidence (left 
panel) and 
mortality (right 
panel) of CRC 
and the 
corresponding 
absolute risk 
reduction 
according to 
CRC risk score.

Figure 2. Multivariable-adjusted 10-year cumulative 
incidence of CRC by age in all participants and 
according to CRC risk score.

• The absolute benefits of colonoscopy screening for the prevention of CRC and related death are more 
than twice higher for individuals with the highest than lowest CRC risk profile.

• Individuals with a high and low CRC risk profile may start CRC screening up to 6-7 years earlier and 
later, respectively, than the recommended age of 45 or 50 years. 

• These findings provide evidence for the development of tailored colonoscopy screening 
recommendations based on individuals’ risk profiles.

Prevalence 

(%)

Age-adjusted HR 

(95% CI)

MV-adjusted HR 

(95% CI)

Family history of CRC

No 84 1.00 (reference) 1.00 (reference)

Yes 16 1.31 (1.19-1.43) 1.40 (1.28-1.53)

Aspirin

≥2 tablets/times per week 29 1.00 (reference) 1.00 (reference)

<2 tablets/times per week 71 1.30 (1.19-1.42) 1.26 (1.15-1.37)

Height

Lower 50% in each cohort 51 1.00 (reference) 1.00 (reference)

Upper 50% in each cohort 49 1.21 (1.12-1.30) 1.21 (1.12-1.31)

Body mass index

18.5-24.9 kg/m2 48 1.00 (reference) 1.00 (reference)

³25 kg/m2 52 1.24 (1.15-1.34) 1.21 (1.12-1.30)

Smoking

No smoking or past smoking with pack-years <5 56 1.00 (reference) 1.00 (reference)

Current smoking or past smoking with pack-years ³5 44 1.32 (1.23-1.42) 1.25 (1.16-1.35)

Alcohol intake

<14 (women) or <28 g/d (men) 88 1.00 (reference) 1.00 (reference)

³14 (women) or ³28 g/d (men) 12 1.37 (1.24-1.52) 1.34 (1.21-1.48)

Physical activity

moderate-to-vigorous intensity activity for ≥30 min/d 26 1.00 (reference) 1.00 (reference)

moderate-to-vigorous intensity activity for <30 min/d 74 1.16 (1.06-1.27) 1.07 (0.98-1.17)

Diet

meeting ³3 of the 6 WCRF dietary recommendations 25 1.00 (reference) 1.00 (reference)

meeting <3 of the 6 WCRF dietary recommendations 75 1.29 (1.18-1.41) 1.13 (1.03-1.23)

CRC risk score

0-2 14 1.00 (reference) 1.00 (reference)

3 22 1.21 (1.04-1.40) 1.19 (1.03-1.38)

4 30 1.55 (1.35-1.78) 1.51 (1.31-1.73)

5 23 1.84 (1.60-2.11) 1.77 (1.54-2.04)

6-8 11 2.56 (2.21-2.96) 2.45 (2.11-2.84)

P-trend <0.001 <0.001

Table 1. Associations of individual risk factors and the risk score* with CRC incidence



Association between smoking history and tumor mutation burden in an advanced non-small cell lung cancer cohort
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Background

Lung carcinogenesis is a complex process involving
an accumulation of genetic mutations in oncogenic
pathways via interactions with environmental factors
and host susceptibility. Tobacco exposure is the
leading cause of lung cancer, but its relationship to
clinically relevant mutations and the composite TMB
remains undefined.

The dose-response relationship between detailed
smoking history and TMB was discovered in a
retrospective study of 931 patients treated for
advanced-stage NSCLC between April 2013 and
February 2020 at the DFCI and BWH. Patient TMB
and genomic landscape were determined by the
clinical targeted NGS panel and detailed smoking
history were prospectively collected.
Logistic regression, generalized additive models and
piecewise regression were applied to assess the
association between smoking history and somatic
mutations and TMB, controlling for clinical covariates. Conclusions & Relevance

§ There is a significant dose-response association
between smoking history, and clinically relevant genes
in cancer-related pathways and TMB in advanced lung
adenocarcinoma.

§ This significant dose-response relationship provides
important insights for smoking history being a
surrogate for TMB in advanced NSCLC.

N=931
Never Smoker 

(n = 239)
Former Smoker 

(n = 438)
Current Smoker 

(n = 254)
Age, median (SD), y 61 (13) 68 (10) 60 (9)
Gender, n (%)

Male 151 (63) 252 (58) 139 (55)
Female 88 (37) 186 (42) 115 (45)

Pathology, n (%)
Adenocarcinoma 219 (92) 350 (80) 195 (77)
Squamous Cell Carcinoma 12 (5) 28 (6) 17 (6)

Others 8 (3) 60 (14) 42 (17)
Stage, n (%)

III 43 (18) 133 (30) 101 (40)
IV 196 (82) 305 (70) 153 (60)

Pack-years, median (SD) 0 (0) 24 (24) 40 (20)
Smoking-free months, median (SD) NA 261 (170) 1 (3)

All advanced NSCLC Adenocarcinoma
Parameters Estimate (95% CI) P Estimate (95% CI) P
Age 1.00 (1.00-1.01) 0.10 1.00 (1.00-1.01) 0.02
Male vs female 0.95 (0.85-1.05) 0.30 0.91 (0.81-1.03) 0.15
Squamous cell Carcinoma vs 
Adenocarcinoma 1.2 (0.97-1.49) 0.09 NA NA
Others vs adenocarcinoma 1.1 (0.94-1.27) 0.23 NA NA
Stage IV vs III 0.93 (0.84-1.04) 0.22 0.90 (0.79-1.02) 0.10
Doubling Smoking pack-years 1.14 (1.08-1.21) <0.001 1.11 (1.04-1.24) <0.001
Doubling Smoking-free months 0.96 (0.94-0.98) <0.001 0.95 (0.92-0.99) <0.001

C.

log2(Pack-years) log2(Smoking-free months)

RTK/RAS P53 PI3K Nrf2Genes

A. B. C.

D. E. F.

Mutation rates of EGFR and KRAS by smoking metrics

Effect of smoking metrics on certain mutations and TMB

Genomic landscapes by smoking metrics

a. Harvard Graduate School of Arts and Sciences, Harvard University b. Department of Environmental Health, Harvard T.H. Chan School of Public Health, Harvard University c. Lowe Center for Thoracic Oncology,
Dana-Farber Cancer Institute, Harvard Medical School d. Department of Biostatistics, Harvard T.H. Chan School of Public Health, Harvard University e. Massachusetts General Hospital, Harvard Medical School
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Mino-Kenudson, M., Roden, A.C., Beasley, M.B., Borczuk, A. and
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Methods

Results

Results

Table.1 Baseline clinicopathological characteristics by smoking status

Selected References
Effect of smoking history on TMB



Smoking history as a potential predictor of Immune Checkpoint Inhibitor efficacy in metastatic non-small cell lung cancer 
Xinan Wanga,b MS, Biagio Ricciutic MD, Joao V. Alessic MD, Tom Nguyenc BS, Mark M. Awadc MD, PhD, Xihong Lind PhD, 

Bruce E. Johnsonc MD, David C. Christianib,e MD, MPH, MS

Background

Despite the therapeutic efficacy of Immune
Checkpoint Inhibitors (ICIs) in a subset of patients,
consistent and easily obtainable predictors of
efficacy remains elusive. We define the predictive
impact of smoking history on the clinical outcomes
of ICI monotherapy in metastatic NSCLC.

Methods

This study was conducted on 644 advanced
NSCLC patients treated with ICI monotherapy
between 04. 2013 and 09.2020 at DFCI and BWH.
Patient smoking history, clinicopathological
characteristics, Tumor Mutation Burden by clinical
targeted Next Generation Sequencing, and PD-L1
TPS by immunohistochemistry were prospectively
collected. The association of smoking history with
clinical outcomes of ICI monotherapy in metastatic
NSCLC patients was evaluated after adjusting for
other potential predictors.

Results

Selected References

1.Goodman, A.M., et al., Tumor Mutational Burden as an
Independent Predictor of Response to Immunotherapy in Diverse
Cancers. Mol Cancer Ther, 2017. 16(11): p. 2598-2608.
2.Sholl, L.M., Hirsch, F.R., Hwang, D., Botling, J., Lopez-Rios, F.,
Bubendorf, L., Mino-Kenudson, M., Roden, A.C., Beasley, M.B.,
Borczuk, A. and Brambilla, E., The Promises and Challenges of
Tumor Mutation Burden as an Immunotherapy Biomarker: A
Perspective from the International Association for the Study of Lung
Cancer Pathology Committee. Journal of Thoracic Oncology, 2020.
15(9).
3.Gainor, J.F., et al., Clinical activity of programmed cell death 1 (PD-
1) blockade in never, light, and heavy smokers with non-small-cell
lung cancer and PD-L1 expression >/=50. Ann Oncol, 2020. 31(3): p.
404-411.

Conclusions & Relevance

§ Increased smoking exposure had a significant association with
improved clinical outcomes in metastatic NSCLC treated with ICI
monotherapy independent of PD-L1 TPS.

§ Smoking pack-years may serve as a consistent and readily obtainable
surrogate of ICI efficacy when TMB is not available to inform prompt
clinical decisions and enhance the proportion of patients who may
benefit from ICIs.

Table 1. Baseline clinicopathological characteristics

Results

a. Harvard Graduate School of Arts and Sciences, Harvard University b. Department of Environmental Health, Harvard T.H. Chan School of Public Health, Harvard University c. Lowe Center for Thoracic Oncology, Dana-
Farber Cancer Institute, Harvard Medical School d. Department of Biostatistics, Harvard T.H. Chan School of Public Health, Harvard University e. Massachusetts General Hospital, Harvard Medical School

N=644

Characteristics
Never Smoker 

(n = 105)
Former Smoker 

(n = 375)
Current Smoker 

(n = 164) P
Age, median (range), years 63 (25-87) 69 (35-92) 63 (38-88) <0.001
Gender, No. (%)

0.80
Female 60 (57.1) 207 (55.2) 88 (53.0)
Male 45 (42.9) 168 (44.8) 77 (47.0)

Histology, No. (%)

0.27
Non-Squamous Cell Carcinoma 97 (92.4) 332 (88.5) 141 (86.0)
Squamous Cell Carcinoma 8 (7.6) 43 (11.5) 23 (14.0)
ECOG PS, No. (%)

0.48
0-1 82 (78.1) 298 (79.5) 123 (75.0)
≥2 22 (21.0) 74 (19.7) 40 (24.4)
Unknown 1 (1.0) 3 (0.8) 1 (0.6)

PD-L1 TPS, No. (%)

0.07

Negative 20 (19.0) 48 (12.8) 12 (7.3)
1-49% 23 (21.9) 86 (22.9) 41 (25.0)
≥50% 30 (28.6) 137 (36.5) 56 (34.1)
Unknown 32 (30.5) 104 (27.7) 55 (33.5)

Lines of therapy, No. (%)

<0.001
1L 18 (17.1) 139 (37.1) 59 (36.0)
≥2L 87 (82.9) 236 (62.9) 105 (64.0)

Pack-years, median (IQR) 0 (0) 28 (25) 40 (26.3) <0.001
TMB, median (IQR), (mut/Mb) 7.6 (6.1) 9.9 (6.8) 12.2 (7.7) <0.001

Objective Response Rate Progression-free Survival Overall Survival
Parameters OR (95% CI) P HR (95% CI) P HR (95% CI) P
Doubling Pack-years 1.21 (1.09, 1.36) <0.001 0.92 (0.88, 0.95) <0.001 0.94 (0.90, 0.99) 0.01
Age 1.01 (0.99, 1.03) 0.51 1.00 (0.99, 1.00) 0.23 1.00 (0.99, 1.01) 0.93
Male vs Female 0.74 (0.49, 1.10) 0.13 1.17 (0.99, 1.39) 0.06 1.22 (1.01, 1.47) 0.04
Squamous vs non-
squamous 1.29 (0.70, 2.31) 0.41 1.05 (0.81, 1.36) 0.71 1.16 (0.88, 1.54) 0.30
ECOG PS ≥2 vs 0-1 0.30 (0.16, 0.53) <0.001 2.03 (1.66, 2.48) <0.001 2.99 (2.40, 3.73) <0.001
ECOG PS Unknown vs 0-1 0.62 (0.03, 4.61) 0.68 0.77 (0.32, 1.86) 0.56 0.42 (0.10, 1.68) 0.22
PD-L1 TPS ≥50% vs Negative 4.14 (1.91, 10.06) <0.001 0.54 (0.41, 0.72) <0.001 0.63 (0.45, 0.87) 0.006
PD-L1 TPS 1-49% vs 
Negative 1.48 (0.64, 3.74) 0.38 0.88 (0.67, 1.17) 0.39 0.97 (0.71, 1.32) 0.85
Unknown vs Negative 2.25 (1.02, 5.50) 0.06 0.79 (0.61, 1.05) 0.11 0.96 (0.71, 1.28) 0.77
≥2L vs 1L treatment 0.90 (0.57, 1.43) 0.65 1.06 (0.86, 1.30) 0.61 1.30 (1.02, 1.65) 0.04

Model (N = 451) ORR PFS OS 

Baseline Model 0.64 (0.53, 0.72) 0.62 (0.56, 0.67) 0.72 (0.65, 0.76)
Baseline+Pack-
years 0.67 (0.54, 0.75) 0.65 (0.60, 0.70) 0.73 (0.66, 0.77)
Baseline+PD-L1 
TPS+Pack-years 0.71 (0.61, 0.77) 0.66 (0.61, 0.71) 0.73 (0.67, 0.78)
Baseline+PD-L1 
TPS+TMB 0.71 (0.63, 0.77) 0.68 (0.64, 0.72) 0.74 (0.68, 0.78)

Clinical Utility  - Predictive model performance on clinical outcomes of ICI monotherapy

A. B.

C. D.

0.009

0.002

0.26

Figure 1

Predictive effect of smoking on clinical outcomes of ICI monotherapy

*Baseline model incorporates age, gender, ECOG PS, Histology and Lines of Treatment



Unrestrained eating behavior and risk of digestive system cancers: a prospective cohort study
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BACKGROUND

METHODS

CONCLUSION

� Unrestrained eating behavior was associated
with significantly increased risk of overall
digestive system cancer.

� The risk elevation was driven by
gastrointestinal tract cancers rather than
cancers of digestive organs.

� A substantial burden of gastrointestinal tract
cancers may be prevented through
modification of unrestrained eating behavior.

Timeline

� Study Population

¾ Nurses Health Study (NHS)
¾ Over 70,000 eligible women
¾ Followed for up to 18 years (1994-2012)
� Exposures

¾ Eating anything at any time
¾ No concern with figure change
¾ Their combined effect
� Aggregated endpoints

¾ Overall digestive system cancer
¾ Overall gastrointestinal tract cancer
� Site-specific endpoints

¾ Cancers of the buccal cavity and pharynx,
esophagus, stomach, pancreas, small intestine,
colorectum, and liver and gallbladder

� Statistical Analysis

¾ Cox proportional hazard regression models
were used to estimate HRs and 95%CIs.

¾ Primary and 4- and 8-year latency analyses
¾ Stratified analyses
¾ Joint analyses of the potential interactions

between unrestrained eating and BMI or
physical activity

¾ Population attributable risk
¾ Propensity score analyses

Multivariable-adjusted HR and 95% CI of digestive system cancer incidence according to self-reported unrestrained eating

STRENGTHS

� Disordered eating behaviors have been thought
to be proxies for diet frequency, caloric intake,
and timing.

� Unrestrained eating has been questioned as a
plausible risk factor for digestive system
cancers.

� Epidemiological evidence remains sparse.
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� The largest prospective study to investigate
this aspect of diet.

� Relatively rigorous confounding control.
� Heterogeneity across major digestive system

cancer types was investigated.
� Latency analyses were performed to minimize

the influence of reverse causation.

� Assessment of exposure was not updated
during follow-up.

� Validation study of unrestrained eating
assessments has not been performed.

� Our exposure may still be different from pure
behavior in nature.

� The possibility of bias in dietary reporting by
restrained verses unrestrained eaters.

� The possibility for residual uncontrolled
confounding remains.

� Generalizability of current conclusions may be
limited.

LIMITATIONS

Figure 2. Ever/never use of permanent hair dyes and overall and specific cancer incidence and cancer-specific death

NHS Eating anything at any time No concern with figure change Combined effect
No Yes No Yes No Yes

All digestive system cancers 1,507 557 1,273 808 975 293
Multivariable 1 1.22 (1.10 to 1.35) 1 1.09 (0.99 to 1.19) 1 1.27 (1.10 to 1.46)

Gastrointestinal tract cancers 1,018 409 897 558 675 222
Multivariable 1 1.33 (1.18 to 1.50) 1 1.08 (0.96 to 1.20) 1 1.45 (1.23 to 1.71)

Buccal cavity and pharynx 
cancer 85 44 83 48 -- --

Multivariable 1 1.50 (1.02 to 2.21) 1 0.96 (0.66 to 1.39) -- --

Esophageal cancer 51 29 42 35 -- --
Multivariable 1 1.62 (1.01 to 2.62) 1 1.32 (0.82 to 2.11) -- --

Stomach cancer 59 27 51 27 -- --
Multivariable 1 1.54 (0.96 to 2.48) 1 0.83 (0.51 to 1.35) -- --

Pancreatic cancer 282 89 226 144 175 43
Multivariable 1 1.04 (0.82 to 1.34) 1 1.05 (0.84 to 1.31) 1 0.97 (0.68 to 1.39)

Liver and gallbladder cancer 119 41 83 66 69 20
Multivariable 1 1.12 (0.77 to 1.61) 1 1.23 (0.87 to 1.73) 1 1.08 (0.63 to 1.84)

Small intestine cancer 29 17 30 16 -- --
Multivariable 1 1.92 (1.02 to 3.59) 1 0.85 (0.45 to 1.63) -- --

Colorectal cancer 799 297 696 436 526 166
Multivariable 1 1.20 (1.04 to 1.38) 1 1.06 (0.94 to 1.21) 1 1.34 (1.11 to 1.63)

Incidence rates of digestive system cancers according to self-reported unrestrained eating, and the estimates of PAR


