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PURPOSE: We sough to investigate the effect of serum uric acid (SUA) levels on risk of cancer incidence
in men and to flexibly determine the shape of this association by using a novel analytical approach.
METHODS: A population-based cohort of 78,850 Austrian men who received 264,347 serial SUA mea-
surements was prospectively followed-up for a median of 12.4 years. Data were collected between 1985 and
2003. Penalized splines (P-splines) in extended Cox-type additive hazard regression were used to flexibly
model the association between SUA, as a time-dependent covariate, and risk of overall and site-specific
cancer incidence and to calculate adjusted hazard ratios with their 95% confidence intervals.
RESULTS: During follow-up 5189 incident cancers were observed. Restricted maximum-likelihood op-
timizing P-spline models revealed a moderately J-shaped effect of SUA on risk of overall cancer incidence,
with statistically significantly increased hazard ratios in the upper third of the SUA distribution. Increased
SUA (>8.00 mg/dL) further significantly increased risk for several site-specific malignancies, with P-spline
analyses providing detailed insight about the shape of the association with these outcomes.
CONCLUSIONS: Our study is the first to demonstrate a dose–response association between SUA and
cancer incidence in men, simultaneously reporting on the usefulness of a novel methodological framework
in epidemiologic research.
Ann Epidemiol 2009;19:15–24. � 2008 Elsevier Inc. All rights reserved.
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INTRODUCTION

Serum uric acid (SUA) is a breakdown product of ingested
and endogenously synthesized purines, excreted by the kid-
neys and intestinal tract. In the kidneys, it is filtered and sub-
sequently reabsorbed or further secreted in the proximal
tubule, predominantly under the action of a urate trans-
porter (1). Although the majority of cases of increased
SUA result from impaired renal excretion, production can
be increased by several mechanisms, including rare enzy-
matic defects and states of high cell turnover (2).

Numerous epidemiologic studies have reported an associ-
ation of elevated SUA and prevalent health conditions, in-
cluding obesity, insulin resistance, the metabolic syndrome,
diabetes, hypertension, and renal disease (3–5). Moreover,
hyperuricemia was found to be independently related to in-
cidence of and mortality from cardiovascular disease (6–11),
although a causal link remains controversial (12). The asso-
ciation of SUA with cancer, however, remains largely
1047-2797/09/$–see front matter
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Selected Abbreviations and Acronyms

SUA Z serum uric acid
P-splines Z Penalized splines
VHM&PP Z Vorarlberg Health Monitoring and Promotion Program
ICD Z International Classification of Diseases
REML Z Restricted maximum-likelihood
BMI Z Body-mass index
AIC Z Akaike Information Criterion
BIC Z Bayesian Information Criterion

unexplored to date. It has been hypothesized that antioxi-
dant properties of SUA may play a role in cancer etiology
by preventing the formation of oxygen radicals, thereby
protecting against carcinogenesis (13, 14). However, the au-
thors of recent large-scale population-based studies con-
cluded that increased SUA significantly increases the risk
of overall and site-specific cancer mortality in both men
and women (15, 16). Conversely, in the only two epidemi-
ologic investigations, focusing on cancer incidence as the
primary end point, no significant association with SUA
could be detected after controlling for confounding factors
(17, 18).

Because previous investigations related to the topic
either assumed a linear effect or exclusively relied upon
categorical analyses, knowledge on the dose–response asso-
ciation of SUA with cancer incidence/mortality is widely
limited. On the one hand, parametric analyses of SUA im-
posed a strong a priori assumption about the functional form
of the relationship that might have critically affected the
internal validity of the findings. On the other hand, step func-
tion analyses are known to provide a rather crude approxima-
tion of the true relationship by not using the full range of
exposure data available to estimate associations; this, in
turn, leads to a reduction of statistical power and less precise
regression estimates (19, 20). It has been widely discussed in
the epidemiologic and statistical literature that categorization
of continuous exposures/covariates may lead to insufficient
flexibility, clinically implausible results, and possible cut-point
bias, especially when data are sparse (21–25).

Spline regression has long been proposed as a powerful al-
ternative to conventional regression approaches because no
underlying assumptions of linearity have to be fulfilled. In
contrast to categorical models, spline models use the full
range of exposure data to estimate the shape of the associa-
tion and can fit complex distributions as well as linear rela-
tionships (26–28). In the present work, we use penalized
splines (P-splines) in extended Cox-type additive hazard re-
gression, to flexibly model the relationship between SUA, as
a time-dependent covariate, and risk of overall and site-
specific cancer incidence in a prospective, population-based
cohort of 78,850 Austrian men. We further introduce the
use of P-splines in extended Cox-type additive hazard re-
gression as a novel and powerful methodological framework
to flexibly model the association between continuous expo-
sures/covariates and the risk of a time-to-event outcome
that does not require 1) a-priori knowledge of spline knot
location, 2) categorization, or 3) an assumption of a
linear effect.
METHODS

Study Population

The Vorarlberg Health Monitoring and Promotion Program
(VHM&PP) (6, 7, 15, 16, 29, 30), started in 1985 and con-
ducted by the Agency for Social and Preventive Medicine in
Vorarlberg, the westernmost province of Austria, is one of
the world’s largest ongoing population-based risk factor sur-
veillance programs. All adults of the region are invited to
participate by a combination of different measures, includ-
ing written invitations, television, radio, and newspaper re-
ports. Active follow-up of study participants is performed
through a recall system of written biennial reinvitation
letters. Sociodemographic data are recorded, and a voluntary
physical examination is conducted regularly in a standard-
ized manner by trained local physicians and internists. Dur-
ing the examination, a fasting blood sample is taken. Costs
are covered by the participant’s (compulsory) health insur-
ance. A more detailed description of the program methodol-
ogy has been reported elsewhere (29).

Between 1985 and 2003, 80,224 male Vorarlberg
residents (ages O18 years) were enrolled in the VHM&PP
cohort. Approximately 75% of participants had two or
more routine health examinations. After excluding 1350
participants (1.7%) with missing data on SUA at baseline,
the current investigation was restricted to 78,874 male par-
ticipants. To eliminate possible effects of severe preclinical
disease, before enrolment we further excluded participants
with a history of malignancies and participants with baseline
SUA concentrations O12.0 mg/dl (n Z 24), resulting in
a total of 78,850 apparently healthy men with 264,347 serial
SUA measurements eligible for analyses. All participants
signed informed consents to have personal data stored and
processed, and for this study, institutional review board
approval was obtained by the Ethics Committee of the
province of Vorarlberg.

Data Collection

Measurements of height, weight, smoking status (current,
former, never), and SUA are routinely obtained for each
study participant. Participants in the study had between 1
and 19 SUA measurements available for analysis. Individ-
uals who reported smoking of at least one cigarette per day
during the year before examination were classified as current
smokers. Occupational status (blue collar, white collar, or
self-employed) was determined by the insurance number
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of participants and used as a surrogate measure of socioeco-
nomic status. Participants who were retired at baseline were
classified according to their former occupation.

Cancer Ascertainment

Cancers were identified with the Vorarlberg cancer registry,
which has been accepted for IARC publication since 1993
(31) and has high completeness of recording (32). Nearly
all cancers (96.7%) were histologically confirmed. Cohort
data were linked with the Vorarlberg Death Index to iden-
tify deaths and to calculate person-years at risk. For statisti-
cal analyses, cancers were grouped into the following
subgroups according to the International Classification of
Diseases, 9th and 10th Revisions (ICD-9, ICD-10) (33):
Malignant neoplasms of digestive organs (ICD-9 150-157;
ICD-10 C15-C26), malignant neoplasms of respiratory sys-
tem and intrathoracic organs (ICD-9 160-165; ICD-10
C30-C39), malignant neoplasms of bone, connective tissue,
soft tissue and skin (ICD-9 170-173; ICD-10 C40-C49), ma-
lignant neoplasms of male genital organs (ICD-9 185-187;
ICD-10 C60-C63), malignant neoplasms of urinary organs
(ICD-9 188-189; ICD-10 C64-68), and malignant neo-
plasms of lymphoid, hematopoietic and related tissue
(ICD-9 200-208; ICD-10 C81-C96).

Laboratory Measurements

Two central laboratories undergoing regular internal and
external quality-control procedures performed SUA mea-
surements on fasting blood samples. Blood samples were
centrifuged for 15 min at 3309 g within 60–240 min of veni-
puncture. Subsequently, uric acid concentrations of all sam-
ples were measured enzymatically on an RXL Chemistry
Analyzer (Dade Behring, Newark, DE) by monitoring the
loss of absorbance at 293 nm after treatment with uricase
(34). To check calibration, three daily control samples
were included. If the mean values for the control samples
of each run were not within 3% of the expected value, the
run was repeated. Day-to-day variation (CV) was 5%.

Statistical Analyses

To gain sufficient flexibility in modeling, the dose–response
association between SUA, as a time-dependent covariate,
and risk of overall and site-specific cancer incidence, we
used penalized splines (P-splines) in extended, restricted max-
imum-likelihood (REML-) optimal Cox-type additive hazard
regression (35). In the classical Cox proportional hazards
model, the hazard rate is related to covariates x by model (1),

lðt; xÞZl0

�
t
�
exp
�
x
0
b
�
; (1)

where l0ðtÞ denotes the baseline hazard rate common to all
individuals and b contains the regression coefficients. The
most distinct feature of the Cox model is the clear separation
between time variation captured in the baseline hazard rate
and individual covariate influences captured in the linear
predictor x

0
b. Moreover, all effects are assumed to be linear,

making the direct application of model (1) rather restrictive.
Inferential conclusions on the regression coefficients in the
Cox model typically are based on the partial likelihood
whereas estimation of the baseline hazard rate is postponed
to a second step based on Breslow‘s estimate. Although the
classical Cox model serves as a very useful and popular sur-
vival analysis tool to model joint covariate effects on the
risk of a time-to-event outcome and extensions of the Cox
model for the inclusion of time-varying covariates have previ-
ously been well-established (36) and implemented in standard
statistical software, the limitation of linear effects remains.

To overcome this restriction, in our analyses, we consid-
ered additive extensions of the Cox model (35, 37). A ver-
sion of a more general model equation that is sufficient for
our purposes is given by model 2,

lðt;u; xÞZexp
�
goðtÞ þ g1ðuðtÞÞ þ x

0
b
�
; (2)

where g0ðtÞZlogðl0ðtÞÞdenotes the log-baseline hazard rate
and g1(u(t)) represents a smooth, non-linear effect of a time-
varying covariate u(t). A similar class of models has been
considered in the context of discrete-time survival modeling
(38). The major feature making model (2) more suitable in
our application than model (1) is that it allows for nonlin-
ear, smooth effects of a covariate, leading to a considerable
amount of additional flexibility. In particular, the model al-
lows for more general shapes of the relative risk as a function
of u(t). This flexibility might greatly help further scientific
understanding about the association structure between co-
variates and time-to-event response. Additionally, model
(2) contains the log-baseline hazard rate as a further smooth
function of time allowing for inference based on the full in-
stead of the partial likelihood. It thereby makes use of the
complete data likelihood in estimating the regression coef-
ficients and combines the classical two-step approach into
a joint estimation procedure.

Both, the log-baseline hazard rate and the nonparametric
effect can efficiently be modeled by penalized splines
(P-splines) (39). The general idea is to approximate the
functions by linear combinations of B-spline basis functions,
i.e.,

g0ðtÞZ
X

j

g0jBjðtÞ and g1ðuðtÞÞZ
X

j

g1jBjðuðtÞÞ:

Although it is conceptually related to a polynomial exten-
sion of a covariate effect, a representation in terms of B-
splines is much more flexible and allows for more general
functional forms. To obtain a data-driven amount of
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smoothness, the regression coefficients g0Zðg0jÞ
0

and
gZðg1jÞ

0
are not simply estimated by maximizing a like-

lihood but are based on the penalized (log-)likelihood crite-
rion in model 3,

lpenðg0;g1;bÞZ
X

i

dilogðlðti;,ÞÞ �
Z ti

0

lðv; ui;xiÞdv

� h0g
0

0Kg0 � h1g
0

1Kg1: (3)

Although the first two terms of the penalized likelihood
criterion provide a measure of fidelity to the data, i.e., a model
fit criterion, the last two terms define roughness penalties for
the coefficients of the smooth functions. Defining suitable
penalty matrices (40) leads to penalties that essentially reflect
smoothness of first or second order derivatives of the smooth
functions. The essential quantity in (3) is now given by the
smoothing parameters k0 and k1 that govern the impact of
the smoothness penalty. Choosing small values for the
smoothing parameters leads to an almost unpenalized fit
and therefore to a very flexible estimate. In the other ex-
treme, choosing large values for the smoothing parameters
leads to an overwhelming impact of the penalty and, as a
consequence, to very smooth estimates. Determining the
smoothing parameters in a data-driven way results in an
adaptive choice that reflects the requirements of the data at
hand. Such an automated estimation routine that provides
both estimates of the regression coefficients and the smooth-
ing parameters can be derived based on a mixed model repre-
sentation of (2); see Kneib and Fahrmeir (35) for details.

Considering the choice of polynomial splines, there are
two important quantities: The degree of the spline and the
number of knots to use. The former is relatively simple to
choose according to one’s knowledge of subject matter. Cu-
bic splines have proven to be a suitable default choice, lead-
ing to twice continuous differentiable, i.e., visually smooth
functions. The choice of knots has been an issue of major
concern for a long time in polynomial spline smoothing.
Note, however, that in combination with penalization, the
choice of the knots becomes much less important. As long
as a sufficiently large number of knots is employed, the exact
number and placement of knots have only negligible effect
on the resulting estimates, since the penalty avoids over-
fitting. We therefore use a moderate number (with 20 as a
default choice) of equidistant knots in our analyses.

When considering relative risks with respect to a refer-
ence value x0 in the Cox model, the linear combination of
covariate effects leads to the rather restrictive form

RRðx;x0ÞZexp
�
ðx� x0Þ0b

�
:

In contrast, in the nonparametric model relative risks with
respect to a reference value u0(t) are given by the following:
RRðu; ðtÞ;u0ðtÞÞZexpððg1ðuðtÞÞ � g1ðu0ðtÞÞÞ;

i.e., the relative risks are also of nonlinear form (41). Relying
on asymptotic normality of the estimated coefficients g1, we
constructed pointwise confidence bands for the nonlinear
relative risk curve.

Because SUA measurements were not generally available
at all observed event times for all subjects in our cohort, in
our analyses we assumed piecewise constant time-varying
covariates, i.e., the covariate values remain constant in be-
tween the measurement periods. Each of our regression runs
included as potential confounders age, body-mass index
(BMI), smoking status (current, former, never), occupa-
tional status (blue collar, white collar, self-employed) and
year of enrolment into the cohort. To gain sufficient flexibil-
ity also in modeling of continuous confounders, simulta-
neously controlling for computational effort, age and BMI
were modeled as cubic polynomials. A SUA concentration
of 4.50 mg/dL, as the mid-point of the laboratory reference
range (2.0–7.0 mg/dL in men), was used as reference value
for all calculations of hazard ratios.

To check sensitivity of our REML estimates, we addi-
tionally fitted 1) Akaike Information Criterion (AIC)
(42) and 2) Bayesian Information Criterion (BIC) (43)
optimal P-spline models and 3) modeled SUA as a cubic
polynomial. To assess the impact of categorization and
linearization on our results, we further modeled SUA as
categorical and linear covariate. To eliminate possible con-
founding of our findings by severe preclinical disease (i.e.,
undiagnosed cancers at time of enrolment), we repeated
all analyses and excluded participants diagnosed with ma-
lignancies within the first 2 years after enrollment. By using
stratified analyses, we evaluated whether the SUA–cancer
relationship was modified by BMI and smoking. All statisti-
cal analyses were conducted with BayesX statistical
software (44) that is available free from http://www.stat.
uni-muenchen.de/wbayesx/.
RESULTS

Characteristics of the Study Population

Demographic and clinical characteristics of the study pop-
ulation are shown in Table 1. Median follow-up time was
12.4 years with a total of 888,280 person-years. Most partic-
ipants (92.1%) were followed for at least 2 years after base-
line SUA measurement, and 61.3% had follow-up times of
10 or even more years. Mean age at study entry was 41.7
years. During follow-up, 5189 (6.6%) incident cancers
were observed. On average, 3.4 SUA measurements were
obtained for each participant (range, 1–19). SUA concen-
trations ranged from 1.1 to 12.0 mg/dl, with a mean (SD) of
5.7 (1.3) mg/dL.

http://www.stat.uni-muenchen.de/~bayesx/
http://www.stat.uni-muenchen.de/~bayesx/


TABLE 1. Characteristics of study population, VHM&PP
1985–2003

All male VHM&PP participants, 1985–2003 80,224

Participants with complete and valid

data on SUA at enrolment

78,874

Eligible participants for analysesa 78,850

Total number of routine health examinations 264,347

Number of SUA measurements,

mean G SD (range)

3.4 G 2.9 (1–19)

Age, years, mean G SD (range) 41.7 G 14.6 (18–96)

BMI, kg/m2, mean G SD (median) 25.3 G 3.6 (24.9)

SUA, mg/dl mean G SD (median)b 5.7 G 1.3 (5.6)

Current or former smoker, % 30.1

Occupational status, %

Blue collar 37.7

White collar 51.8

Self-employed 10.5

Follow-up, years, mean G SD (median) 11.3 G 5.7 (12.4)

Total person-years at risk 888,280

Incident cancers, no. (%) 5189 (6.6)

Age at cancer diagnosis, years, mean G SD (range) 57.0 G 12.2 (19–93)

BMI Z body mass index; SUA Z serum uric acid; VHM&PP Z Vorarlberg Health
Monitoring and Promotion Program.
aParticipants with baseline SUA concentrations O12.0 mg/dL or with a history of
malignancies before enrollment were excluded.
bSUA values are shown as averages of each participant during individual follow-up
and before eventual cancer diagnoses. All other characteristics pertain to baseline
values (i.e., measurements at first visit).
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Association of SUA With Overall and Site-Specific
Cancer Incidence From REML-Optimal P-Spline
Models

The dose–response association of time-varying SUA, mod-
eled as P-Spline, with risk of overall cancer incidence,
from REML-optimal extended Cox-type additive hazard re-
gression, adjusted for age and BMI (modeled as cubic
TABLE 2. Estimated adjusted hazard ratios with 95% confidence inte
cancer incidence from restricted maximum-likelihood (REML)-optimal
spline expansion of time-varying SUAa

All cancers Digestive organs

Respiratory system and

intrathoracic organs

Bone,

soft

SUA (n Z 5189) (n Z 1243) (n Z 883)

2.0 mg/dL 1.06 (0.91–1.24) 1.23 (0.87–1.74) 0.86 (0.71–1.05) 0.8

3.0 mg/dL 1.03 (0.95–1.11) 1.09 (0.92–1.30) 0.91 (0.82–1.02) 0.9

4.5mg/dL 1.00 (Ref) 1.00 (Ref) 1.00 (Ref) 1.
6.0 mg/dL 1.02 (0.97–1.06) 1.03 (0.94–1.13) 1.11 (1.03–1.20) 1.0

7.0 mg/dL 1.05 (0.99–1.19) 1.09 (0.96–1.23) 1.21 (1.08–1.35) 1.1

8.0 mg/dL 1.11 (1.03–1.20) 1.22 (1.06–1.41) 1.32 (1.14–1.54) 1.2

9.0 mg/dL 1.18 (1.07–1.31) 1.44 (1.20–1.74) 1.46 (1.20–1.78) 1.3

10.0 mg/dL 1.25 (1.08–1.46) 1.71 (1.29–2.25) 1.61 (1.24–2.10) 1.4

11.0 mg/dL 1.31 (1.05–1.66) 1.97 (1.27–3.07) 1.78 (1.26–2.51) 1.6

SUA Z serum uric acid.
aAll models are adjusted for age and body mass index (modeled as cubic polynomials), smok
employed), and year of entry into the cohort. SUA was modeled as a time-varying cova
malignant cancers before enrollment were excluded.
polynomials), smoking status, occupational status, and
year of entry into the cohort is shown in Table 2 and Figure 1.
We found evidence for a moderately J-shaped effect of SUA
on risk of overall cancer incidence, with statistically signif-
icantly increased hazard ratios in the upper third of the SUA
distribution and moderately increased hazard ratios in the
lowest part of the SUA distribution; however, the latter es-
timates did not exhibit statistical significance. Exclusion of
participants diagnosed with malignancies within the first 2
years after enrolment did not change our findings. Stratifica-
tion by BMI or smoking status did not indicate interactions
of SUA by those variables. A likelihood ratio test revealed
a statistically significant departure from linearity
(p Z 0.026), indicating that the assumption of a linear rela-
tionship for the effect of SUA on the adjusted logit of the
predicted probability of cancer incidence is not appropriate.

In cancer site-specific REML-optimal P-spline models,
elevated SUA concentrations (>8.00 mg/dL) statistically
significantly increased risk for malignant neoplasms of diges-
tive organs, the respiratory system, bone, connective tissue,
soft tissue and skin, urinary organs, and hematopoietic
cancers, with non-monotonic associations to be observable
for several site-specific malignancies. For these outcomes,
P-spline analyses provided detailed insight about the shape
of the relationship, especially at the upper and lower end
of the SUA distribution (Fig. 2). Although sparse data, lead-
ing to relatively large confidence intervals, necessitate a con-
servative interpretation, men in the upper end of the SUA
distribution appear to have a more than 2-fold risk for devel-
oping malignant neoplasms of digestive and urinary organs
and hematopoietic cancers in comparison with men with
SUA concentrations within the laboratory reference range.
rvals for the association of SUA with overall and site-specific
extended Cox-type additive hazard regression using a penalized

Site-specific cancers

connective tissue,

tissue and skin Genital organs Urinary organs

Lymphoid,

hematopoietic,

and related tissue

(n Z 446) (n Z 1850) (n Z 447) (n Z 320)

9 (0.66–1.20) 1.00 (0.90–1.12) 1.10 (0.74–1.63) 1.21 (0.77–1.92)

3 (0.80–1.09) 1.00 (0.94–1.07) 1.04 (0.85–1.27) 1.09 (0.86–1.37)

00 (Ref) 1.00 (Ref) 1.00 (Ref) 1.00 (Ref)
7 (0.96–1.18) 1.00 (0.95–1.06) 1.08 (0.97–1.22) 1.07 (0.94–1.22)

3 (0.97–1.31) 1.00 (0.93–1.09) 1.20 (1.03–1.41) 1.20 (1.00–1.44)

2 (1.00–1.48) 1.01 (0.90–1.13) 1.36 (1.12–1.65) 1.40 (1.12–1.74)

4 (1.03–1.74) 1.02 (0.88–1.18) 1.54 (1.19–1.99) 1.65 (1.24–2.20)

9 (1.04–2.12) 1.02 (0.85–1.24) 1.73 (1.19–2.51) 1.94 (1.28–2.94)

5 (1.02–2.67) 1.03 (0.81–1.31) 1.92 (1.11–3.33) 2.24 (1.20–4.19)

ing status (current, former, never), occupational status (blue collar, white collar, self-
riate. Participants with SUA values O12.0 mg/dL at baseline or with a history of



FIGURE 1. Estimated adjusted hazard ratios (solid line) with
80% (dark grey) and 95% (light grey) confidence intervals for
the association of SUA (in mg/dL) and overall cancer incidence
(n Z 5189) in 78,850 male VHM&PP participants from REML-
optimal, extended Cox-type additive hazard regression, adjusted
for age, BMI, smoking status, occupational status, and year of ex-
amination. The nonlinear effect of SUA on risk of overall cancer
incidence was modeled with the use of a penalized spline expan-
sion, with SUA as a time-varying covariate. A SUA concentra-
tion of 4.5 mg/dL, as the mid-point of the laboratory reference
range, was used as reference value for the calculation of hazard ra-
tios. BMI Z body mass index; REML Z restricted maximum-
likelihood; SUA Z serum uric acid; VHM&PP Z Vorarlberg
Health Monitoring and Promotion Program.
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In contrast, P-splines revealed no association of elevated
SUA with cancers of genital organs, despite being the
most frequently observed malignancy in our population
(Table 2).
Sensitivity Analysis

To investigate sensitivity of our REML-optimal P-spline es-
timates, we additionally calculated extended Cox-type addi-
tive hazard models, with SUA as a P-Spline, by minimizing
AIC and BIC. We further modeled SUA as cubic polyno-
mial, linear function, and categorized covariate (by using
quintiles of the SUA distribution). A good agreement,
with very similar risk patterns and estimated logits of the
predicted probability of cancer incidence covered by the
95% confidence interval of the REML procedure, emerged
for the AIC-optimal and BIC-optimal P-Spline model.
However, in the upper end of the SUA distribution, where
data were sparse, the AIC-minimizing model showed im-
plausible behavior, with a marked decrease in the estimated
adjusted logit starting at 10 mg/dL (Fig. 3a). In line with this
result, it previously has been shown that AIC may perform
poor for small numbers of observations or in the presence
of too many parameters in relation to the size of the sample
(45, 46). Similarly, modeling SUA as cubic polynomial re-
vealed adjusted logits within those of the 95% confidence
interval of the REML-optimal P-Spline, indicating a stable
magnitude of effect, also under several modeling strategies
(Fig. 3a).

Although linear and categorical analyses of SUA, when
quintiles of the SUA distribution were used, likewise widely
overlapped our P-spline curves, these estimates tended to
undervalue risk in the upper and lower end of the SUA dis-
tribution, whereas the risk was slightly overestimated for
SUA concentrations within the normal range (Fig. 3b). Ad-
ditionally, AIC, BIC, and REML indicated a worse fit of
linear and categorical analyses of SUA in comparison to
all P-spline models (data not shown).
DISCUSSION

The aim of the present study was to flexibly investigate the
dose–response association of SUA with risk of overall and
site-specific cancer incidence in a large, prospective popula-
tion-based cohort of 78,850 apparently healthy men and to
introduce the use of P-splines in an extended Cox-type ad-
ditive hazard regression as a novel and powerful tool in an-
alyzing the effects of continuous exposures/covariates on
time-to-event outcomes.

Although semiparametric regression models, based on
polynomial splines, have long been proposed for epidemio-
logic studies (22), they are still rarely used. The main reason
may have been the lack of automated estimation routines,
because most of the earlier approaches required manual tun-
ing either with respect to the number and placement of
knots or with respect to the choice of some smoothing pa-
rameter. In the Cox-type additive hazard regression models
considered in this article, these difficulties are overcome by
combining penalization of the spline coefficients with auto-
matic choice of the smoothing parameter by REML estima-
tion (35). As a consequence, the choice of knot locations
becomes an issue of minor importance. AIC- and BIC-opti-
mal smoothing parameters can supplement the results of the
REML-optimal model to check the sensitivity of the
estimates. However, REML-based estimation seems to be
the recommended standard choice because AIC often tends
to select too wiggly functions whereas BIC leads to very
smooth functions (45, 46). Moreover, estimating the
smoothing parameter with REML leaves the possibility to
compare different model specifications based on the model
choice criteria AIC or BIC.

Compared with the classical, semi-parametric Cox
model, our spline-based model is somewhat more restrictive,
considering the form of the baseline hazard rate, which



FIGURE 2. Estimated adjusted hazard ratios (solid lines) with 80% (dark grey) and 95% (light grey) confidence intervals for the asso-
ciation of SUA (in mg/dL) with malignant neoplasms of (a) digestive organs; (b) respiratory system/intrathoracic organs; (c) bone, con-
nective tissue, soft tissue, and skin; (d) genital organs; (e) urinary organs; and (f) lymphoid, hematopoietic and related tissue in 78,850
male VHM&PP participants from REML-optimal extended Cox-type additive hazard regression adjusted for age, BMI, smoking status,
occupational status, and year of examination. The effects of SUA on risk of site-specific malignancies were modeled with a penalized spline
expansion, with SUA as a time-varying covariate. A SUA concentration of 4.5 mg/dL, as the mid-point of the laboratory reference range,
was used as reference value for the calculation of hazard ratios. For abbreviations, see legend to Figure 1.
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remains completely unspecified in the Cox model. From
a practical point of view, however, the assumption of a poly-
nomial spline for the baseline hazard does not seem to be
very restrictive since most hazard rates observed in practice
can very accurately be approximated by polynomial splines
with a sufficiently large number of knots. Moreover, direct
modeling of the baseline hazard may have the advantage
that an estimate for the hazard itself instead of the cumula-
tive hazard becomes available. Finally, in concordance with
biological knowledge in most applications, this estimate is
a smooth instead of a step function. One drawback of our ap-
proach is, however, the increased numerical complexity re-
sulting in longer computing times as compared to
conventional analyses based on the Cox model. Still, this
price should not be too high if additional and more realistic
insights into the subject matter can be gained.
Previous studies on the association of SUA and cancer in-
cidence/mortality (15–18) either assumed a linear associa-
tion or exclusively relied upon categorical analyses of SUA,
with both analytic strategies imposing strong a-priori assump-
tions about the functional form of the relationship. Concern-
ing these methodological limitations, previous knowledge on
the dose–response association of SUA and cancer is widely
limited. Although step-functions have been the common sta-
tistical methods for risk estimation, major concerns regarding
potential sources of bias have been raised (19–22). Step func-
tions are based on the assumption that risks are constant
within each interval, with discontinuities in risks at category
cut points not being biologically plausible and violating the
assumption of actual risks varying smoothly with the data.
Additionally the choice of reference categories and interval
cut-points can greatly influence the results (19–22).



FIGURE 3. Comparison of estimated adjusted logits of the predicted probability of cancer incidence according to SUA concentrations
(in mg/dL) in 78,850 male VHM&PP participants from different extended Cox-type additive hazard regression models. (a) REML-
optimal, AIC-optimal, and BIC-optimal model with time-varying SUA modeled as penalized spline and time-varying SUA modelled
as cubic polynomial. (b) Time-varying SUA modeled as linear function and categorized variable (using quintiles) in comparison with
the REML-optimal P-spline model. 95% CIs are shown for the REML-optimal P-spline model. All models are adjusted for age, BMI, smok-
ing status, occupational status, and year of entry into the cohort. For abbreviations, see legend to Figure 1.
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Although recent investigations on cancer mortality, in
line with our results, reported on an independent effect of
elevated SUA (15, 16), we are aware of only two previous
studies (17, 18) in which the authors focused on cancer in-
cidence as the primary study end point, with both failing to
detect an independent association with elevated SUA.
Conversely, in the present study, we found clear evidence
for a non-monotonic and moderately J-shaped dose–
response association of SUA and risk of overall cancer inci-
dence, with statistically significantly increased hazard ratios
in the upper third of the SUA distribution and moderately
increased hazard ratios in the lowest part of the SUA distri-
bution. Given this non-monotonic pattern, conventional
analyses of the effects of SUA on cancer risk may have re-
sulted in invalid findings, with undervalued risk estimates
in the upper and lower end of the SUA distribution possibly
accounting for the lack of association.

Additionally, the authors of previous studies assessed
SUA concentrations at one time-point, obtaining only
one measure of exposure, rather than incorporating multiple
SUA measurements as a time-varying covariate, as in the
present study. Since one single SUA measurement is greatly
influenced by metabolic, physiologic, and environmental
factors, this approach might have resulted in additional bias.

Given the observational nature of our investigation, the
underlying biological mechanisms causing elevated SUA to
significantly increase cancer risk overall and for several an-
atomic sites, cannot be sufficiently answered in the present
study. We recently showed, however, that the predictive
power of SUA levels on subsequent total cancer mortality
increased with the implementation of considerable long
time intervals (lags) between screening and subsequent
death (15), possibly suggesting increased SUA to be a valu-
able long-term surrogate marker which is indicative of a life-
style at increased risk for the development and progression
of cancer, rather than acting as an independent risk factor
or even carcinogenic substance by itself. In any case, consid-
ering the lack of any explanation from in vitro or animal
studies, the underlying biological mechanisms causing
elevated SUA to increase cancer risk need further study.

The present investigation has several strengths and
potential limitations that should be considered. A major
strength is that our analytical approach does not require
a-priori knowledge of spline knot location, categorization
or an assumption of a linear effect, enabling us to flexibly in-
vestigate the dose–response association of SUA and cancer
incidence. Further strengths are the prospective study de-
sign, large sample size, length of follow-up, and the standard-
ized protocol. In addition, examinations were performed by
experienced physicians only. Even though information on
major risk factors was collected, our study was unable to
account for additional factors that further might have resid-
ually confounded the relationship between SUA and cancer
incidence. Uric acid is the main end product of metabolism
of purines, which in turn are derived mostly from diet, and
increases especially with the greater intake of red meat.
Reasons for a secondary hyperuricemia caused by increased
purine biosynthesis and/or urate production are multiple
and include obesity, excessive dietary purine ingestion, dia-
betic ketoacidosis, Vitamin B12 deficiency, ethanol, and
chronic renal insufficiency (47). Data from National Health
and Nutrition Examination Survey suggested that greater
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levels of meat and seafood consumption were associated
with hyperuricemia and that dairy consumption was in-
versely correlated with higher levels of uric acid (48). In
our cohort, diet was not routinely recorded and thus, could
possibly explain differences in SUA levels among the study
population. Additionally, alcohol consumption, use of di-
uretics and other causes of high SUA, including increased
endogenous production of urate, decreased excretion of
monosodium urate by the kidneys, or decreasing renal func-
tion were not directly adjusted for in our P-spline models.
Although our cohort consisted of an apparently healthy
population, rather than a sick hospital sample, impaired
renal function is common in CVD patients and is a
co-determining factor of SUA. Because creatinine or other
measures of renal function were not routinely determined
in all participants of this study, we were unable to directly
adjust for these parameters in the main analyses. However,
we checked cross-sectional correlation of SUA with serum
creatinine in a subgroup of 838 participants that underwent
more detailed examination (49) and only found a weak age-
adjusted correlation coefficient of SUA with creatinine of
r Z 0.13 that was further diminished to 0.11, after addi-
tional adjustment for confounding factors. Finally, despite
the size of our cohort, due to infrequent events, we were un-
able to estimate site-specific hazard ratios for the subgroup of
malignant neoplasms of the nervous system and unspecified
sites (ICD-9 190–199; ICD-10 C69–C72).

In summary, in this present study we prospectively inves-
tigated the association of SUA and cancer incidence in
a population-based cohort of more than 78,000 apparently
healthy men, by using penalized splines in extended Cox-
type additive hazard regression. Our results, for the first
time, indicate a clear dose–response association between in-
creased SUA and risk of cancer incidence in men and pro-
vide detailed insight about the shape of this relationship,
simultaneously demonstrating the usefulness of fairly novel
analytical methods in epidemiologic research.
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