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Abstract

Background: Incidence of early-onset colorectal cancer (EOCRC; e.g., diagnosed before age 50)
in the US has increased substantially since the 1990s but the underlying reasons remain unclear.

Methods: We examined the ecologic associations between dietary factors and EOCRC incidence
in adults aged 25-49 during 1977-2016 in the US, using negative binomial regression models,
accounting for age, period, and race. The models also incorporated an age-mean centering (AMC)
approach to address potential confounding by age. We stratified the analysis by sex and computed
incidence rate ratio (IRR) for each study factor. Study factor data (for 18 variables) came from
repeated national surveys; EOCRC incidence data came from the Surveillance Epidemiology, and
End Results Program.

Results: Results suggest that confounding by age on the association with EOCRC likely existed
for certain study factors (e.g., calcium intake), and that AMC can alleviate the confounding.
EOCRC incidence was positively associated with smoking (IRR [95% CIJ: 1.17 [1.10-1.24] for
men; 1.15 [1.09-1.21] for women) and alcohol consumption (IRR [95% CI]: 1.08 [1.04-1.12] for
men; 1.08 [1.04-1.11] for women). No strong associations were found for most other study factors
(e.g., fiber and calcium).

Conclusions: Alcohol consumption was positively associated with EOCRC and has increased
among young adults since the 1980s, which may have contributed to the EOCRC incidence
increases since the 1990s. The AMC approach may help alleviate age confounding in similar
ecologic analyses.

Impact: Increases in alcohol consumption may have contributed to the recent increases in
colorectal cancer incidence among young adults.
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1 Introduction

Recent studies have showed increases in early-onset colorectal cancer (EOCRC, e.g., those
diagnosed before age 50) incidence in the United States (US) since roughly the 1990s.1-3
Studies have also projected a further increase in EOCRC incidence (e.g., >90% higher by
2030 compared to 2010%), if this trend continued. Thus, accurate identification of modifiable
risk factors of EOCRC is urgently needed to inform effective prevention in younger adults.

While there is a body of risk factor research on CRC primarily based on cases 50 years and
older,>6 important research gaps on EOCRC exist. Exposure during early life and critical
development period are widely believed to be important in EOCRC development,’-8 yet
studies of such exposure are largely absent. In typical cohorts, exposure measurements start
in the 40s, the age of cohort recruitment. Moreover, risk factors of EOCRC and older cases
may differ. Compared with older CRC cases, EOCRC is associated with more aggressive
pathology and late diagnosis.”® As such, current risk-classification tools based on family
history and inflammatory bowel disease could wrongly classify many EOCRC cases as
average risk, resulting in late diagnosis.” It is also challenging to study risk factors of
EOCRC using traditional cohort and/or nested case-control designs. Because the absolute
EOCRC risk is relatively low, prohibitively large sample sizes would be needed to provide
sufficient statistical power. For example, assuming an incidence rate as that among US
women aged 25-49 during 2011-2016 (i.e., 12.9/100,000),° to observe 500 cases over five
years, a cohort of 0.78 million would be needed.

Given the above research gap and challenges, we conducted an ecologic analysis to examine
the association of EOCRC incidence with a range of dietary factors, which are of major
interest in EOCRC etiology and amenable to public health interventions. We focused on

the US population aged 25-49 (i.e., age groups shown to experience substantial EOCRC
incidence increases?-310:11) during 1977-2016. We also proposed a set of regression models
to address two common challenges in similar ecologic analyses (i.e., time lag from exposure
to disease and confounding by age). The proposed ecologic approach allows efficient and
low-cost investigations of various exposures at different life stages and could be used to
study other early-onset cancers with similar rapid increases in recent decades.10

2 Methods
2.1 Study design

In a previous study, Pfeiffer et al. examined ecologic associations between concurrent
exposures and breast cancer incidence in the US across population groups defined by age,
period, race, and sex.12 Here, to further account for the potential latent period from exposure
to cancer diagnosis, we propose two strategies: regress the outcome on i) the exposure 10
years ago (equivalent to lagging the outcome) or ii) the cumulative exposure over the 10
years before the outcome.

Another challenge in our study is potential confounding by age, when both the outcome
(here, cancer incidence) and exposure can be associated with age and sometimes in opposite
directions (see, e.g., fat intake in Figure 1A). For such exposures, including age as a
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covariate in the model may not be able to handle the discordant association of age with

the outcome versus exposure. Moreover, for exposures with similar positive association with
age as for CRC, residual age confounding is also possible. To address this, we propose

an age-mean centering (AMC) approach. Briefly, we remove the association between an
exposure and age, by subtracting the age-specific mean exposure for each age, and use these
age-removed exposure data in the models (see details below). In so doing, we decouple the
age association with the exposure and allow the covariate age to account for its association
with the outcome alone (Figure 1). This approach is similar to a strategy in behavioral
sciences that disaggregates between-person and within-person effect.13 Here, we tested five
regression models combining the above strategies.

2.2 Study Factors

2.2.1 Data Source—We obtained study factor data from the National Health and
Nutrition Examination Surveys (NHANES)!#, the National Health Interview Surveys
(NHIS)15, and the Behavioral Risk Factor Surveillance System (BRFSS)6. These three
programs conduct repeated national cross-sectional studies in the US over several decades
(see Table 1 for survey designs and included survey cycles).1”-19 We included the following
dietary factors: smoking, the intake of alcohol, tea, coffee, caffeine, whole fruit, fruit

juice, total fruit (whole fruit and fruit juice combined), cholesterol, protein, fiber, calcium,
magnesium, fat, saturated fat, total energy, and carbohydrate, and serum folate (see Table S1
for the availability of the study factors in the surveys and sample sizes; see Table S2 for the
measurements). Further details on compiling study factor data and handling of periods with
no data are described in the Supplementary Methods and Figures S1-S2.

2.2.2 Computing study factor levels—We harmonized study factor data from the
different surveys and computed the weighted prevalence for each study factor for each
population group defined by age, period, race, and sex.29-21 The study population (whites
and blacks aged 25-49 during 1977-2016) was divided into 160 subgroups: Five 5-year

age groups (25-29, 30-34, ..., 45-49) x eight 5-year periods (1977-1981, 1982-1986, ...,
2012-2016) x two race groups (whites and blacks) x two sexes (men and women). In
addition, we computed weighted prevalence for the population groups aged 20-24 and
during 1972-1976 for use in the lagged or cumulative models. See Table S3 for specific age
and period groups used in each model. Due to small sample sizes, we did not include races
other than whites and blacks; we also did not stratify by ethnicity (Hispanic/non-Hispanic),
as such information was unavailable from the surveys (e.g., NHANES I and I1) or cancer
surveillance programs (see below) for earlier periods.

For the no-lag and lagged models (see below), all exposures were categorized by quintiles,
as done in Pfeiffer et al.12 The quintiles were determined based on all population groups
(i.e., 80 subgroups for men/women when data were complete). For the other three models
(AMC no-lag, AMC lagged, and AMC cumulative; see below), exposures were analyzed
as continuous variables, because the AMC-processed exposures no longer spanned a wide
range of quintile categories for different age groups and could lead to unstable model
estimates using quintiles.
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2.3 EOCRC incidence

We obtained EOCRC incidence data from the Surveillance Epidemiology, and End Results
(SEER) Program using SEER*STAT.%:22:23 To match with the exposures, the EOCRC
incidence data were aggregated to the same 160 groups specified above. As the coverage of
SEER expanded over time, we used SEER data in two ways. In the main analysis, we used
SEER 9, which included nine registries, covered 9.4% of the US population, and provided
EOCRC incidence throughout our study period (1977-2016). As a sensitivity analysis, we
combined SEER 9 with SEER 13 (13 registries; 13.5% coverage; 1992-2016) and SEER 18
(18 registries; 27.8% coverage; 2000-2016). The SEER program, albeit covering a subset
of the US population, is representative of the general US population;24 in addition, SEER
started in 1973, earlier than many other national cancer surveillance programs (vs. e.g., the
National Program of Cancer Registries starting in 1992).

2.4 Statistical Analysis

Using the population groups defined above, we applied five negative binomial regression
models to examine the association between EOCRC incidence and each study factor for men
and women, separately.

2.4.1 No-lag model—The no-lag model is similar to the model of Pfeiffer et al.12 but
differs in two ways: i) we included race as a covariate in order to include subgroups from
both races (whites and blacks) in the same model to increase sample sizes; ii) we considered
age-period interaction. The no-lag model equation is

lOg(}”a,p,r) =u+pfy+ Ypt 5a,p + 7+ (GOZa,p,r,O + elza,p,r,l + -+ 94Za,p,r,4

) 0]

where A, -is the expected EOCRC incidence rate for age a, period p, and race 7. B, yp, 71
and &, represent the effects of age, period, race, and age-period interaction, respectively;
is the intercept. &, ,was included only when the term was significant (P<0.05) in a model
including age, period, race, and interaction terms for all age-period combinations. Z, , -4

is an indicator variable that is 1 for age &, period p, race r, and exposure quintile g, and

0 otherwise; a(a=0,1, ..., A) represents the five 5-year age groups: 25-29, ..., 45-49; p
(p=0,1, ..., P represents the eight 5-year periods: 1977-1981, ..., 2012-2016; r(r=0,1)
represents white and black; and g (¢=0,1,2,3,4) represents the quintile of exposure.

2.4.2 Lagged model—The lagged model used the same structure as Eq (1), except that
ZaprgWas replaced by Z,» 5 4 That is, the exposure occurred 10 years before EOCRC
diagnosis (i.e., two 5-year periods ago, hence -2 in the subscript) when the EOCRC cases
were 10 years younger (i.e., two 5-year age intervals ago, hence 4-2). The 10-year lag was
chosen, given the likely induction time® and data availability (note the youngest age group,
i.e., 25-29, can no longer be included due to a lack of earlier measurements; details in Table
S3). In addition, we also tested models with a 5-year or 15-year lag to explore pattern across
different lags.

2.4.3 AMC no-lag model—We used AMC to address potential confounding by age. For
each study factor, we calculated the age-mean centered exposure per
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Ra, p.r = Za, p.r— Za,r )

where Z , rrepresents the exposure (on continuous scales) for age &, period p, and race
1, Z,, . 1s the mean of Z, , ,for age aand race racross all study periods. By subtracting

the age-, race-specific mean, the residuals, /<, , would still retain the time trend, which is
of interest here, but remove the association with age (Figure 1). The AMC no-lag model
equation is

10g(Aa, p.r) = U+ Pat+Vp+ 84 p+ 7+ ORy 3)

using the same notations as Eqgs (1)-(2). Of note, for all three AMC models (the AMC no-lag
model here and the others below) where continuous exposures were used, we standardized
the age-removed exposure (mean=0; SD=1) before regression, which allows comparison of
the estimates across different study factors and models.

2.4.4 AMC lagged model—The AMC lagged model extends the AMC no-lag model to
include the time-lag from exposure to cancer diagnosis. The AMC lagged model equation is
the same as Eq (3) except that R, -is replaced by Rz -2 -

2.4.5 AMC cumulative model—The AMC cumulative model uses exposures summed
over the 10 years before cancer diagnosis. The model equation is the same as Eq (3) except
that Ra/p/,‘is replaced by Ra_]_’p_lir"' Ra_zvp_zlr.

2.4.6 Examine the association between age and each study factor—For men
and women, separately, we regressed each study factor upon age using 12 groups defined by
age and race: six 5-year age groups (20-24, 25-29, ...45-49) x two race groups (whites and
blacks).

2.4.7 Assess the association between each study factor and EOCRC—AII
models estimated the incidence rate ratio (IRR) of EOCRC in relation to each study
factor, including the mean, 95% confidence interval, and P-value (see Tables 2 and S4).

In addition, we used the Bayesian information criterion (BIC) to assess the strength of
estimated associations.2® Specifically, for each study factor and model (one of the five
described above), we also tested a corresponding null model with all covariates but the
study factor. We calculated the BIC for both models and the diffidence ABIC=BIC-BIC;
(BICs for the full model including the study factor and BIC for the null model). ABIC>0
indicates the EOCRC data are better explained when the study factor is included, thus
supporting the association between the study factor and EOCRC. The evidence was deemed
weak, positive, strong, and very strong for ABICs in the ranges of 0-2, 2-6, 6-10, and

>10, respectively.2> ABIC<0 implies an absence of such evidence. All data processing and
analyses were conducted using R (https://www.r-project.org).

2.4.8 Method validation—To test the models, we performed two sets of model
validation. First, we tested the models on model-generated synthetic data, for which the
underlying associations are known and thus can be compared to model estimates. Second,
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we applied the models to older age groups (i.e., 35-59-year-olds) and a subset of well-
studied exposures (smoking, alcohol consumption, and calcium intake).8:26 See details in the
Supplementary Methods, Tables S5-S7, and Figures S3-S5.

2.5 Data availability statement

The study factor data are publicly available at the websites of NHANES!4, NHIS1, and
BRFSS16. The EOCRC incidence data are available at the SEER website%2223,

3 Results

3.1 Method validation

As detailed in the Supplementary Methods, synthetic testing showed that both the lagged
and AMC-lagged models were able to accurately identify the true direction of association
in most tests (overall accuracy: 79% and 80% by the lagged and AMC-lagged models,
respectively; Figures S4-S5). When the association between EOCRC and exposure was
close to the null (i.e., IRRs close to 1), the AMC-lagged model was more accurate than
the lagged model (71% vs. 65% accuracy; Figure S5), suggesting the AMC approach may
alleviate potential biases to more accurately estimate the true association. Furthermore,
model results for those aged 35-59 were generally consistent with findings in the literature
(i.e., positive associations of CRC with smoking and alcohol consumption and a negative
association with calcium intake, primarily based on cases 50 years and older®25): see the
red cells (representing positive association) for smoking and alcohol and blue cells (negative
association) for calcium in Figure S6 and Table S7 for specific estimates.

3.2 Effect of AMC on estimated associations

We designed AMC to address potential age confounding between study factors and EOCRC.
In multiple instances, changes of estimated associations after AMC were consistent with
the expected. For instance, as calcium intake decreased with age (Figure S7) while CRC
increased with age, age confounding could bias the estimated association between calcium
intake and EOCRC towards the negative (Table S5). Indeed, without removing the negative
association between calcium intake and age, the no-lag and lagged models estimated
negative associations (see blue cells in Figure 2) with larger ABICs (ABIC>6 except for
men using the lagged model; Table 2), indicating stronger evidence for this association. In
comparison, the AMC models, designed to remove the age association with calcium intake,
generally estimated negative associations with lower ABICs, indicating weaker evidence for
this association.

For tea, coffee, and caffeine, intake generally increased with age (Figure S7), which could
nudge the estimated association with EOCRC towards the positive (Table S5). Indeed,
without removing the age association with these exposures, in multiple instances, the no-lag
and lagged models estimated positive associations for these exposures (see red cells in
Figure 2). In contrast, with AMC, the models in general estimated negative or no association
(see light blue or white cells in Figure 2).
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3.3 Association between study factors and EOCRC

For smoking, the models found a positive association with EOCRC for both men and
women (Figure 2). For 25-49-year-old men, the no-lag model estimated that IRRs were
1.11 (95% ClI: 0.95-1.29) and 1.26 (95% ClI: 1.04-1.53) for the top two quintiles (Table 2).
When smoking prevalence 10 years before EOCRC diagnosis was used, the lagged model
estimated that IRRs increased from 1.12 (95% CI: 1.02-1.24) for the second quintile to
1.33 (95% CI: 1.14-1.55) for the fifth. Consistently, estimated IRRs were 1.14 (95% CI:
1.05-1.23) per the AMC no-lag, 1.17 (95% CI: 1.10-1.24) per the AMC lagged, and 1.20
(1.13-1.29) per the AMC cumulative models. For the three AMC models, comparison with
the corresponding null models showed strong to very strong support for this association
(ABIC ranged from 6.1 to 24.9; Table 2).

For alcohol consumption, the models also generally found a positive association with
EOCRC for both young men and women (Figure 2). For 25-49-year-old men, the lagged
model estimated the IRRs increased from 1.10 (95% CI: 0.97-1.24) for the second quintile
to 1.28 (95% ClI: 1.13-1.46) for the fifth; for the AMC lagged and AMC cumulative
models, estimated IRRs were 1.08 (95% CI: 1.04-1.12) and 1.06 (95% CI: 1.03-1.09),
respectively (Table 2). The three models incorporating the time-lag also outperformed their
corresponding null models (ABICs ranged from 8.1 to 14.5; Table 2), further supporting
the association. Models without the time-lag generally found no association for alcohol
consumption (except the AMC no-lag model for men).

For the intake of whole fruit, fruit juice, and total fruit, the estimated associations with
EOCRC tend to be negative, but the overall evidence was not strong (Figure 2). For

the intake of cholesterol, protein, fiber, and magnesium, the estimated associations with
EOCRC were either nonsignificant or inconsistent across different models for meaningful
interpretation (Figure 2).

The estimated associations between a few study factors and EOCRC were unexpected:
negative associations for fat, total energy, and carbohydrate intake, and a positive association
for serum folate (Figure 2).

Model results using EOCRC data combining SEER 9, 13, and 18 were similar to those
above using SEER 9 data alone (Figure S8 and Table S8). Results from models using
different lags are also similar to the main analyses using a 10-year lag; we did not find any
clear pattern (Figure S9) except for alcohol, for which the IRRs were the largest with a
10-year lag.

4 Discussion

To explore reasons underlying the recent increases in EOCRC incidence, we have examined
the ecologic association between EOCRC and 18 dietary factors. Given the ecological
nature of the study, model results represent a first assessment to generate hypotheses
regarding potential risk factors to inform more in-depth investigation. Overall, we found that
smoking and alcohol consumption starting in young adulthood were positively associated
with EOCRC. While these exposures are long-established carcinogens for many cancers
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including CRC,26:27 most studies are based on older populations and mid to late life
exposure.28:28 Given the likely long induction time,® our findings suggest that primary
prevention strategies for EOCRC, which are urgently needed, should incorporate tobacco
and alcohol control measures targeting younger populations. The findings also suggest
smoking and alcohol consumption may be important risk factors for identifying young
adults for early screening and detection of EOCRC in clinical settings.

The contributions of smoking and alcohol consumption to the recent increases in EOCRC,
however, likely differ. As shown in Figure 3, smoking prevalence has been decreasing
significantly in recent decades (see details of the break-point trend analysis in the
Supplementary Methods), suggesting changes in smoking are likely not the reason behind
the recent EOCRC increases. In contrast, alcohol consumption decreased significantly from
1971 to around 1980, consistent with the decrease of EOCRC incidence from 1973 to the
early 1990s; alcohol consumption then increased since the 1980s, albeit not statistically
significant, followed by the increases in EOECR incidence since the 1990s (Figure 3).
These lagged, concordant trends of alcohol consumption and EOCRC incidence resemble
the parallel trends in smoking and lung cancer that have strongly supported smoking as a
main cause of lung cancer.26 Consistently, using the approach in Figure 3 of Pfeiffer et al.12,
we showed that, compared to the adjusted EOCRC incidence setting alcohol consumption
at the lowest quintile, for both men and women, the observed EOCRC incidence was
higher from 1992 onwards and the gap reached the maximum during recent periods

(e.g., 2012-2016), when alcohol consumption levels were the highest (see Figure S10 and
details in Supplementary Methods). Given these analyses, we hypothesize that increase in
alcohol consumption is a key contributor to the recent EOCRC incidence increases. Further
investigation is warranted while teasing out the effect of other potential risk factors.

We found some, albeit weak evidence for negative associations of caffeine, whole fruit, fruit
juice, and total fruit intake with EOCRC (18/24 of the IRRs in the range of 0.95-0.99 after
AMC). The literature on biological effects of these dietary factors also suggests negative
associations.2%-31 More in-depth investigation into the potential role of fruit and caffeine
using stronger epidemiological designs may thus prove fruitful for EOCRC prevention.

For fiber, calcium, and magnesium intake, we found either no or weak negative association
with EOCRC. In contrast, epidemiological studies among older adults suggest these
nutrients are protective against CRC.8:32 For instance, an umbrella review of meta-analyses
of cohort studies found convincing evidence for a negative association of CRC with

fiber and calcium intake, separately, and some evidence of a negative association with
magnesium.® Unlike previous studies using cohorts, we used aggregated population-level
data, due to the challenges studying EOCRC as noted in the Introduction. This ecologic
design may be less powered to identify milder risk factors, especially for younger population
(e.g., aged 25-49 here). Moreover, unlike other study factors (e.g., smoking), fiber and
magnesium data were unavailable during 1972-1987, further reducing the sample sizes and
statistical power. Nonetheless, the direction of our estimates for calcium and magnesium
(see the blue cells indicating negative associations in Figure 2) is consistent with previous
findings.
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Importantly, we note that fiber, calcium, and magnesium intake among blacks were
significantly lower than those among whites (P<0.001, paired t-test; Figures S11-S13),

and also considerably lower than the recommended levels per current dietary guildlines.33
Supporting the disparities in intake of these nutrients and potential impact on EOCRC,
models including these nutrients partly explained the higher incidence for blacks than
whites (e.g., estimated IRRs for black compared to white men: 1.03-1.16 vs. 1.19-1.25
using the lagged model with vs without one of these nutrients; Table S9). Given the higher
EOCRC among blacks and multiple health benefits of these nutrients, these findings suggest
increasing the intake of these nutrients may help mitigate EOCRC risk among blacks.

Some of our findings were at odds with the literature. In particular, for CRC, past

studies found positive associations with high fat diet and total energy intake,32:3435 no
association with carbohydrate intake,3¢ and negative associations with folate intake.37-38
Model estimates here were inconsistent with these previous findings, particularly for young
men, which highlights limitations in this ecologic analysis. Nonetheless, we note that while
EOCRC increased during the later part of our study period (from 1990s onwards), fat intake
had been decreasing among young men (Figure S14). Similar time-trends were observed for
total energy and carbohydrate (Figures S15-16). These trends suggest that, at the population
level, the changes in fat, total energy, and carbohydrate intake are likely not associated

with the recent increases in EOCRC. For folate intake, serum folate concentration increased
during 1987-2016 likely due to the folic acid fortification program implemented in 199839
(Figure S17; see Table S2 for reasons for excluding earlier serum folate data); this coincided
with the increases in EOCRC during the time period. The positive association between
serum folate and EOCRC may have been an artefact of such concurrent changes. We thus
caution the above limitations, even though ecologic studies could be invaluable in examining
potential risk factors taking advantage of long-term population data. Further, we advocate
for comprehensive result interpretation combining ecologic modeling results, findings from
the literature, and careful inspection of underlying data, as demonstrated here.

We note several study limitations, apart from the ecological design. First, while our analysis
included cigarette smoking, other forms of tobacco consumption were not included due

to a lack of long-term data. For example, e-cigarettes have gained popularity among

youth and young adults in the US in the 2010s. The potential impacts of such exposure,
particularly during critical development periods, warrant future investigations. Second,

due to challenges in converting and harmonizing intake of various vegetable items (e.g.,
inconsistent classification/inclusion schemes and definitions of serving size#%41), we were
unable to analyze the association of EOCRC with total vegetable intake. Third, this study
focused on testing the proposed methods and dietary factors. Future work will extend to
non-dietary factors, including those that have been found to affect CRC risks among older
adults (e.g., body weight and physical exercise®). Fourth, this study estimated the marginal
effect of each study factor, as done in Pfeiffer et al.12 Future work considering potential
interactions among various study factors is under way. Fifth, while our models accounted
for and estimated the age and period effect, to incorporate the risk factor data and estimate
their associations with EOCRC, the models were not formulated as conventional age-period-
cohort models*2 to enable estimation of birth cohort effect.
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In sum, we found that alcohol consumption was strongly associated with EOCRC incidence
and has increased since the 1980s, which may have contributed to recent EOCRC increases
among US adults aged 25-49. We have also proposed an AMC approach, which may be
applied in ecologic studies of risk factors and other diseases where large-cohort data are
unavailable.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Schematic of the age-mean centering (AMC) approach to alleviate age confounding.
(A) Trends in fat intake and early onset colorectal cancer (EOCRC) among white men

aged 25-49 show an example where both the exposure (here, fat intake) and outcome (here,
EOCRC) are associated with age and could act in opposite directions, i.e., fat intake tends to
decrease with age whereas EOCRC incidence tends to increase with age. (B) After removing
the age-specific mean (i.e., subtracting the average of all fat intake values for that age and
race group across all periods, shown by the horizontal dashed lines in A), the age-mean
centered fat intake values are now on similar scales for all age groups (0 means for all age
groups as shown by the horizontal dashed lines; estimated association with age: 0.00 (95%
Cl: -0.17, 0.17) using a regression model), whereas the trends over time remain the same

as the raw data shown in A. (C) Diagrams of causal relationships before and after applying
AMC to the exposure data. Without AMC, age is associated with both the exposure and
outcome and could bias the estimate of exposure-outcome association (left panel). After
AMC, age is no longer associated with the exposure (right panel); in addition, because
changes in exposure over time (i.e., calendar years) needed to examine the changes in
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disease outcome over time are still retained as shown in B, the age-mean centered exposure
can be used to examine the association between the exposure and disease outcome.
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Figure 2.
Estimated incidence rate ratios (IRRs) of early-onset colorectal cancer (EOCRC) incidence

in relation to study factors, for 25-49-year-old men and women. EOCRC incidence data
were obtained from SEER 9. All IRR estimates were adjusted for age, period, and race.

For the no-lag and lagged models, the mean of four IRRs (for the quintiles) is shown

here. Of note, the estimated IRRs before and after AMC are not comparable because the
exposure was on different scales (quintiles vs continuous). The evidence for an association
was deemed weak, positive, strong, and very strong for ABICs in the ranges of 0-2, 2-6,
6-10, and >10, respectively. Numerical values of the IRRs and ABICs are shown in Tables 2
and S4.
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Figure 3.
Trends of smoking, alcohol consumption, and early-onset colorectal cancer (EOCRC)

incidence for 25-49-year-old men and women. All estimates of smoking prevalence,
numbers of alcohol drinks per day, and EOCRC incidence rates were age-standardized

using the age structure of US population in 2000. Red dots show available measurements
for smoking (top row) and alcohol consumption (bottom row) from NHANES; blue dots
show annual EOCRC incidence (log transformed) from SEER 9. The estimated annual
percentage changes [APCs; means (95% confidence intervals)] for EOCRC incidence are
shown in blue; the corresponding estimates for the slopes of smoking prevalence and alcohol
consumption are shown in red. Note that alcohol consumption data for Year 1981-1989 were
not available, which may affect the accuracy of estimated trend (e.g., timing of break-point).
See details of the trend analysis in the Supplementary Methods.
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Table 1.
Overview of the sources of study factor data.

NHANES NHIS BRFSS
Target population  Civilian, noninstitutionalized Civilian, noninstitutionalized US adult population

US population US population
Sampling Multistage, probability sampling Multistage, probability sampling Sampling based on landline
approach (and also cellular telephone

numbers since 2011)

Data collection Household interviews and physical Household interviews Telephone interviews

examinations

Included surveys ~ NHANES | (1971-1974), NHANES 11 (1976 NHIS (1976, 1977, 1985, 1987, 1988,  BRFSS (1984-2016)
to 1980), NHANES I11 (1988 to 1994), 1990-1995, and 1997-2016)
continuous NHANES (1999-2016)

NHANES=National Health and Nutrition Examination Surveys; NHIS=National Health Interview Surveys; BRFSS=Behavioral Risk Factor
Surveillance System;
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