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Dose-response in epidemiology

Dose-response in epidemiology

Definition:

”the shape of the exposure-outcome curve(whatever that shape
may be)”

or

”a relationship in which a change in amount, intensity, or duration
of exposure is associated with a change - either an increase or a
decrease - in risk of a specified outcome”
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Common practice: categorical approach
Properties of categorical approach

Categorical approach

� Divide (categorize) continuous exposure by breaking the
exposure range into k groups.
Percentiles:
controls in case-control study

cohort population in cohort study

Cut-points:
based on distibution

dataset specific

� Fit a logistic model, if binary outcome, as step function.
logit(R|x)= α1 + α2 i2 + ... + KiK (0)

with k-1 category indicator variables i2, ...iK where ik = 1 if x is in category k, 0 otherwise.

� Run a supplemental trend test
ordinal scores (0,1,2,...) are assigned to the categories.
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Advantages of categorical approach

� Usefulness in health promotion
Risk management:
e.g., blood pressure for risk of cardiovascular event

� No assumption about the dose-response curve

� Convenient and realistic in questionnaire design
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Disadvantages of categorical approach

� Not using full information within category
Loss of power, especially when exposure effects on tail or non-linear.

Loss of precision

� Implied assumption of constant effect within categories while
allowing for big jumps in risk at category boundaries

� Subjects at high risk category may be submerged into lower
risk category by the mechanical grouping procedure.
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Disadvantages of categorical approach

� Investigator-induced measurement error and residual
confounding (for continuous covariates)
when the adjusting variable is categorized, its confounding effect is not

completely captured by the regression model.

� Biased or distorted exposure-response estimate.
especially when the association is non-linear within category (for primary

exposure)
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A paper on categorization of BMI

ORIGINAL ARTICLE

Categorizing BMI may lead to biased results in studies investigating
in-hospital mortality after isolated CABG
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Abstract

Objective: To investigate how categorizing body mass index (BMI) into weight classes can impact the assessment of the relationship
between BMI and in-hospital mortality after coronary artery bypass graft (CABG) surgery.

Study Design and Setting: BMIemortality (in-hospital) relationship was assessed in 5,762 patients who underwent isolated CABG at
Baylor University Medical Center (Dallas, TX) from January 1, 1997 to November 30, 2003. Different ways of modeling BMI were used to
investigate this association in a propensity-adjusted model, controlling for risk factors identified by the Society of Thoracic Surgeons (STS)
and other clinical/nonclinical details.

Results: A highly significant (P 5 0.003) association between BMI (modeled with a restricted cubic spline) and mortality was found.
Reduced risk of in-hospital mortality was observed for subjects with BMI in the low-30s as compared with patients with BMI in the mid-
20s or over 40 kg/m2. Results were strongly affected by the way BMI was specified in the multivariable model. Only five of the 10 BMI
categorizations considered produced significant results, and these results did not fully determine the effect of BMI on mortality.

Conclusions: BMI categorization critically impacts study results. Conceivably, findings of other studies investigating BMI and adverse
outcomes after CABG may be similarly affected. Investigators should consider smoothing techniques to avoid categorization. � 2007
Elsevier Inc. All rights reserved.

Keywords: Body mass index; Coronary artery bypass; Postoperative adverse outcomes; In-hospital mortality; Epidemiologic methods; Smoothing methods

1. Introduction

With the rising incidence of obesity in the U.S. popula-
tion, there has been increasing interest in how obesity af-
fects the risk of disease as well as the risk of adverse
events after surgery or other treatment. Upon reviewing
the literature, we found great variation in the categoriza-
tions of body mass index (BMI) used in studies examining
the effect of BMI on risk of postoperative adverse out-
comes. It is possible that this variation in how subjects
are grouped by BMI compromises the internal validity of
some studies assessing the risks associated with obesity,
and may lead researchers to inaccurate conclusions. It has
previously been suggested that the variation in the

categorization of BMI may be partly responsible for the
variable and often conflicting findings regarding the effect
of BMI on risk for adverse events after coronary artery by-
pass graft (CABG) surgery [1]. Specifically, the way BMI is
specified in the statistical model used for the analysis (i.e.,
BMI categorization schemes as well as assuming a linear
effect of BMI on the outcome of interest) may critically af-
fect the internal validity of epidemiologic studies focusing
on the relationship between obesity and adverse outcomes
after cardiac surgery. Although the significant problems as-
sociated with categorizing continuous exposures/covariates
have been noted in the statistical and epidemiologic litera-
ture [2e4], such categorizations remain commonplace in
medical research and, in particular, research investigating
adverse outcomes after CABG. To our knowledge, no at-
tempt to determine the extent to which BMI categorization
(or assuming a linear relationship between BMI and the
post-CABG adverse outcome) may influence study results
has been made. Presented here is a study investigating the
relationship between BMI and risk of in-hospital mortality

* Corresponding author. Institute for Health Care Research and Im-

provement, Baylor Health Care System, 8080 North Central Expressway,

Suite 500, Dallas, TX 75206, USA. Tel.: 214-265-3633; fax: 214-265-

3640.

E-mail address: giovanni.filardo@aya.yale.edu (G. Filardo).

0895-4356/07/$ e see front matter � 2007 Elsevier Inc. All rights reserved.

doi: 10.1016/j.jclinepi.2007.01.008

Journal of Clinical Epidemiology 60 (2007) 1132e1139
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Properties of spline regressions
Number and position of knots

Spline regressions

Spline regression can be a solution or an alternative for the issues
that categorical regression can not solve. Spline regression is a
smoothly joined piecewise regression which can be performed with
any regression program simply by adding some transformed
exposure variables to the regression. Spline regression has the
following properties.
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Properties of spline regressions

� fit complex distribution as well as linear association.

� examine both strength and shape of associations.

� Beneficial for skewed data.

� Use all information on risk variation within categories and
avoid power loss.

� Restrict tails to linearity, if restricted form is used, and provide
conservative estimates for the tail regions so to reduce the
influence of outliers.
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Properties of spline regressions
Number and position of knots

Linear spline regression

� A simple form of spline regression and a simple solution for
the problems of categorization.

� Allows for non-zero slope within category and has no sudden
jump between categories.

� Problems of linear spline regression
still not biologically plausible with sharp bends at joining
boundaries.
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Procedure of linear spline regression

� The general idea is to simultaneously fit the K category-specific linear models.
We would like these K models to fit together and the adjacent pair of category-specific models to predict
the same risk at their boundaries.

� These ideas can be expressed in linear spline model:

logit(R|x) = α + β1x + β2s2 + ... + βK sK (1)

where
sk = 0 if x ≤ ck ,
x-ck if x > ck .
sk : positive part of x − ck . ck : boundary value.

� 2K coeficients(K intercepts and K slopes) are reduced to K+1.

Intercept α2, ..., αK are eliminated because of the continuity (no jump) constraint, leaving only one

intercept.
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How the exposure variable is transformed for spline function

If the boundaries are 2, 5, and 7 servings of fruit and vegetable intake per day,

s2 =

{
x − 2, if x > 2,
0, if x ≤ 2,

s3 =

{
x − 5, if x > 5,
0, if x ≤ 5,

s4 =

{
x − 7, if x > 7,
0, if x ≤ 7,

(2)
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A graphic on linear spline

 
 

 

S. Greenland (1995). Epidemiol 6:356
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Number and position of knots

Quadratic spline regression

� Allows for the same slope for the adjacent models at their
common boundaries to have a smooth appearance
by adding a quadratic term to each category-specific model,

and fit them together as linear spline regression to have the same slope at

their common boundaries.
� The summarized model will be:

logit(R|x) = α + βx + γ1x2 + γ2s2
2 + ... + γK s2

K (3)

� One more parameter than linear spline regression
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A graphic on quatratic spline

 

S. Greenland (1995). Epidemiol 6:356
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Cubic spline regression

� Further smooths the curve
by adding a cubic term δkx

3 to the category-specific quadratic models.

� Problem of cublic spline regression
not stable at tails

� The model will look like:

logit(R|x) = α + βx + γx2 + δ1x3 + δ2s3
2 + ... + δK s3

K (4)

� will have K+3 coefficients including intercept.
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Restricted cubic spline regression

� Restrict the fitted curve to be linear in open-ended categories
by dropping γx2 and δ1x

3 at lower tail and δK s3
K at upper tail.

� The model will be written:

logit(R|x) = α + βx + δ2s3
2 + ... + δK−1(sK−1)3 (5)

� will have K coefficients including intercept.
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A graphic on restricted cubic spline
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How to determine knot number

� General rule
Usually between k = 3,4, or 5 based on sample size. For many datasets,

k = 4 offers an adequate fit. When the sample size is large, k=5 is a

good choice. Small sample size may require the use of k=3.

� Strengths of marginal relationships between predictors and
response
Estimated by using generalized Spearman x2test.AIC

AIC can be used for data-based choice of k.
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Properties of spline regressions
Number and position of knots

The specification of knot position

The location of the knots are usually specified in advance.
It has been found that the location of knots in a restricted cubic
spline model is not very crucial in most situations; the fit depends
much more on the choice of the number of knots.
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

the Tennessee Colorectal Polyp Study

�� An on-going colonoscopy-based case-control study looking into
risk factors for colorectal polyps starting at the year of 2000.

� Criteria for enrollment
age 40-75
free of genetic colorectal cancer syndromes or a prior history of
inflammatory bowel disease, adenomas, or any cancer other than
non-melanoma skin cancer.

participants were recruited before colonoscopy was conducted.

� Case and control identification
Case: with colonoscopy and pathology findings,as adenomatous polyps.

Control: polyp-free at colonoscopy.

� Dietary intake assessment
FFQ within 13 days after colonoscopy
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Study questions

� Whether there is an association between fruit and vegetable
intakes and risk of colorectal adenomas.

� What is the shape of the association?

William Wu Cancer Biostatistics



logo

Background
Common practice

Spline regression as an alternative
An example
Conclusion

The Tennessee Colorectal Polyp Study
Model building procedure
Results

Participants characteristics

   Characteristic Case 
N=764 

Control 
N=1517 

P value 

Age (years, median, 25th, 75th) 59.6 (54.9, 65.2) 56.7 (51.7, 63.1) < 0.001 
Female (%)                                     173 (23) 664 (44) < 0.001 
White (%)                                       645 (86) 1341 (89) 0.013 
Study sites (%)   < 0.001 
   Veteran’s Affairs 398 (51) 528 (35)  
   Academic 368 (48) 994 (66)  
Education    < 0.001 
   High school or less 503 (66) 825 (55)  
   College or higher 257 (34)                681 (45)  
Household Income (%)   < 0.001 
     <30,000   278 (38) 353 (25)  
     30,0000 - <50,000 158 (22) 317 (22)  
     >=50,000 288 (40) 759 (53)  
NSAID use (%)   0.957 
    Current 398 (56) 753 (56)  
    Former 36 (5) 72 (5)  
    Never 273 (39) 512 (38)  
Smoking status (%)                                    < 0.001 
    Current                                        215 (28) 188 (12)  
    Former                                         298 (39) 558 (37)  
    Never                                          250 (33) 768 (51)  
Alcohol drinking (%)   < 0.001 
    Current 157 (21) 260 (17)  
    Former 217 (28) 348 (23)  
    Never  388 (51) 905 (60)  
Regular physical activity past 10 years 382 (50) 876 (58) < 0.001 
Family history of colorectal cancer 107 (14) 199 (13) 0.887 
BMI (kg/m2 , median, 25th, 75th)              27.9 (24.7, 31.3) 27.3 (23.8, 30.9) < 0.001 
Dietary intake (median, 25th, 75th)    
    Red meat (servings/week) 1.74 (1.03, 2.81) 1.50 (0.80, 2.39) < 0.001 
   Total energy (kcal/day)               1611 (1249, 2016) 1554 (1221, 1955) 0.064 
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Exposure distribution

fruits, servings/week
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vegetables, servings/week
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fruits and vegetables, servings/week
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median=33 servings/week

recommended daily intake for fruit and vegetable combined: 8 servings (56 servings/week)
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Model building procedure
� Two models were built

1 restricted cubic spline regression
3 knots

2 categorical regression
tertiles

� The two models had the same d.f..

� Variable selection
Known potential risk factors and confounders according to
literature

� Interaction
Sex and fruit and vegetable was pre-specified according to
literature, and then deleted because of insignificance

� Variable collinearity
see next slide
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Variable collinearity
Moderate correlations (around 0.25) between vegetable and total energy

intakes, gender and study site, and education and income.

    Spearman ρ 
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Model in R

ff = lrm (case - rcs(age,5)+reasons +

race+site+rcs(bmi,3)+regexer+druguse+smk+alc+rcs(redmeat,3)+fh+edu.num+income.num+rcs(foodenergykcal,3)+

rcs(vegetable,3)+ gender+rcs(fruit1,3),data=t3)
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Fitted models
Monotonic relationship with the two models, somewhat nonlinear with
restricted cubic spline regression.

Risk still increases when intake approaches 0, and decreases more with intake

at after 10 relative to categorical regression.

Total fruits, servings/week
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Output of the models
ORs and ANOVA including non-linearity can be computed with spline

regression.

 
 
 

               Table 2.  Association of fruit and vegetable intake with the risk of colorectal adenoma risk, The Tennessee Colorectal Polyp Study 2003-2005 

           Logistic regression with categorical intake                                     Logistic regression with spline function intake 

 Intake Tertile                     Intake Tertile 
 

 

Fruits and Vegetables3 T1 

(Lower) 

T2 

OR (95% CI) 

T3 (Upper)                         

OR (95% CI)     p ANOVA   p trend    

T2 

OR (95% CI) 

T3 (Upper) 

OR (95% CI)             p ANOVA    P nonlinear 

   

0.75 (0.59-0.97) 

 

.72 (0.54-0.95)    0.03          0.02 

 

.75 (0.62-0.91) 

 

0.66 (0.51-0.86)         0.01 (9.23)      0.05 (3.84)   Total fruits 1.0 (ref) 

   

0.74 (0.57-0.97) 

 

0.87 (0.65-1.16)    0.08          0.36 

 

0.99 (0.82-1.19) 

 

0.94 (0.72-1.22)         0.73 (0.62)     0.77 (0.08) Total vegetables 1.0 (ref) 
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Vegetable intake and risk

Total vegetable intake was not associated with risk for adenoma. The plot

below shows the risk across the total vegetable intake.

Vegetables, servings/week
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Summary of the two models

� Similar point estimates, but narrower 95% confidence interval
with spline regression.

� Underestimated risk reduction of further increase in fruit
intake with categorical analysis.

� Overall,significant association for fruit intake, not for
vegetable intake. Non-linear relationship for fruit with spline
regression whereas significant trend test with categorical
analysis.
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

A similar study
Witte et al tried categorical, linear, quadratic and quadratic spline regressions in

analyzing the association between fruit and vegetable intake and adenoma risk. Only

quadratic splne regression was satisfactory for describing the association for their data.
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Model validation

with 26 d.f and 764 cases, overfitting won’t be a major concern.
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The Tennessee Colorectal Polyp Study
Model building procedure
Results

Fruits vs. vegetables

Why fruits, not vegetables?
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Conclusions

� Nonlinearity does occur in nutritional epidemiology and
categorical regression may not address this dose-response
appropriately.

� Techniques are avaiable to deal with it.

� Restricted cubic spline regression has many advantages,both
for checking nonlinearity and for checking overall trend.

� Restricted cubic spline regression can be used for dealing with
primary exposure and covariates, and easily implemented in
almost any software.
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Thank you and have a nice day!
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