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Abstract

The use of metformin, a common orally ingested first-line therapy for treat-
ment of type 2 diabetes, has been associated with a lowered risk of endome-
trial cancer incidence in observational studies. However, contradicting evi-
dence has been observed in recent studies, along with discoveries of method-
ological flaws in some earlier studies. The goal of this analysis was to obtain
additional methodologically sound evidence on the relationship between met-
formin use and endometrial cancer incidence.

A population based cohort of women aged 40 or over with a new diagnosis of
type 2 diabetes in 1996–2011 was assembled from Finnish registry sources.
The primary measure of exposure to metformin was chosen as the subject’s
ever-use status. A full cohort analysis was performed using Poisson regres-
sion, along with a nested case-control analysis, with up to 20 controls per
case, where the effect of the cumulative amount of defined daily doses (DDD)
of medication used was estimated. Both analyses were adjusted for patient
age and duration of diabetes as well as the use of statins, insulin and other
anti-diabetic medication.

In the full cohort analysis there was a total of 89 871 patients followed, with
a mean time on follow-up of 5.5 years, and a median of 4.6 years. During
follow-up there were 580 cases of type 1 endometrial cancer, and 57 cases
of type 2 or 3 endometrial cancers observed. The incidence rate of type 1
endometrial cancer in the diabetic cohort was 117.7 per 100 000 person-years.

Metformin ever use was associated with an increased risk of type 1 endome-
trial cancer (HR: 1.26; 95% CI: 1.03–1.54) in the results obtained from the
nested case-control analysis. A slight trend of increasing risk with the cu-
mulative dose of metformin used was also observed. However, it is possible
that this result is confounded by body mass index (BMI), of which data were
not available, and which is known to be associated with an increased risk of
endometrial cancer and may be associated with the use of metformin.

Regardless, it can be said that the results obtained from this study do not
support the hypothesis that the use of metformin would lower the risk of
endometrial cancer for patients with type 2 diabetes.
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Tiivistelmä

Tilastollinen analyysi metformiinin käytön vaikutuksesta kohdunrungon syö-
vän ilmaantuvuuteen tyypin 2 diabetesta sairastavilla potilailla

Metformiini on tyypin 2 diabeteksen hoidossa suosittu ensilinjan lääke, jonka
käytön on epäkokeellisissa tutkimuksissa havaittu olevan yhteydessä alentu-
neeseen kohdunrungon syövän ilmaantuvuuteen. Viimeaikaisista tutkimuk-
sista on kuitenkin saatu ristiriitaista näyttöä, ja joidenkin aiempien tutki-
musten tilastollisissa menetelmissä on havaittu puutteita. Tämän analyysin
tavoitteena oli tuottaa lisää menetelmällisesti luotettavaa tietoa metformiinin
ja kohdunrungon syövän välisestä yhteydestä.

Tutkimusta varten koottiin suomalaisista rekisterilähteistä väestöpohjainen
kohortti yli 40-vuotiaista naisista jotka saivat uuden tyypin 2 diabeteksen
diagnoosin vuosina 1996–2011. Ensisijaisena metformiinin altistuksen mit-
tarina käytettiin tietoa siitä, onko potilas koskaan käyttänyt metformiinia.
Koko kohortti analysoitiin käyttäen Poisson-regressiomallia. Lisäksi kohortis-
ta poimittiin tiheysotannalla tapaus-verrokki otos lääkkeiden kumulatiivisen
annoksen vaikutuksen estimointia varten. Analyysit vakioitiin iän, diabetek-
sen keston sekä statiinien, insuliinin ja diabeteslääkityksen käytön suhteen.

Tutkimuksen aikana kohortissa seurattiin yhteensä 89 871 naista, joiden kes-
kimääräinen seuranta-aika oli 5.5 vuotta (mediaani 4.6 vuotta). Seurannan
aikana havaittiin yhteensä 580 tyypin 1 kohdunrungon syöpää ja 57 tyypin
2 tai 3 kohdunrungon syöpää. Tyypin 1 kohdunrungon syövän ilmaantuvuus
kohortissa oli 117.7 per 100 000 henkilövuotta.

Metformiinia joskus käyttäneiden potilaiden joukossa havaitiin kohonnut koh-
dunrungon syövän riski tapaus-verrokki otoksen analyysissä (riskitiheyssuh-
de: 1.26; 95% luottamusväli: 1.03–1.54). Lisäksi metformiinin kumulatiivisen
annoksen kasvaessa syövän riskin havaittiin hieman kasvavan. On kuitenkin
mahdollista, että tuloksiin on tullut sekoittuneisuutta painoindeksin (BMI)
suhteen. Tutkimusaineistosta puuttuva painoindeksitieto on tunnetusti yh-
teydessä kohonneeseen kohdunrungon syövän riskiin, ja lisäksi metformiinin
käyttö voi olla yleisempää ylipainoisilla potilailla kuin normaalipainoisilla.
Huolimatta mahdollisesta sekoittuneisuudesta, tämän tutkimuksen tulosten
ei voida sanoa tukevan hypoteesia, jonka mukaan metformiinin käyttö alen-
taisi kohdunrungon syövän ilmaantuvuutta tyypin 2 diabeetikoilla.
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1 Introduction

Metformin is an orally administered anti-diabetic drug commonly used as a
first-line therapy for patients with type 2 diabetes. Registry based observa-
tional studies conducted since the early 2000s, such as Evans et al. (2005)
[12], have associated the use of metformin with a lowered risk of cancer inci-
dence, as well as increased survival time after diagnosis of cancer [19]. These
positive results have contributed to the planning of randomized controlled
trials to further investigate the relationship between metformin and cancer.

Since then, several of the earlier studies have received criticism regarding
their statistical methodology, revealing potentially significant biases caused
by errors in study design and analysis. Suissa and Azoulay (2012) [27] iden-
tified a total of 24 studies whose results have been influenced by time-related
biases in their analysis. Applying approximate corrections for these biases,
the authors found it likely that if properly analyzed, the protective effects of
metformin observed in these studies could be nullified or even overturned.

In addition to the methodological flaws pointed out in some early studies
of the effects of metformin, a growing amount of more recent studies such
as Smiechowski et al. (2013) [26] have found no evidence of an association
between metformin use and cancer incidence. Considering all this, additional
rigorous investigation into the relationship between metformin and cancer is
called for.

Based on nationwide registry sources from Finland, this retrospective study
conducted by a research group at the Department of Obstetrics and Gynae-
cology of the Oulu University Hospital investigates the relationship between
exposure to metformin and incidence of endometrial cancer among type 2
diabetic patients — special care is taken to avoid common methodological
flaws pointed out in previous studies, in order to add to the pool of credible
evidence on the matter.

Two separate analyses are performed based on the same set of data; a full
cohort analysis including all eligible patients from the registry sources directly
estimates incidence rates of endometrial cancer, while a case-control analysis
is used to asses the effect of ever exposure as well as cumulative dose of
metformin on the incidence of endometrial cancer.
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2 Study setting and material

2.1 Data sources

To form the base cohort, patients diagnosed with type 2 diabetes in Finland
between 1st of January 1996 and the end of the study period on 31st De-
cember 2011 were identified from a diabetes registry gathered for the FinDM
II project (hencheforth referred to as the diabetes registry) [29]. The data
from the diabtes registry include the subject’s date of birth and date of entry
to the registry (used as date of diabetes onset), as well as date of death.
Immigration status was not available from the diabetes registry.

Data for cancer incidence were obtained from the Finnish Cancer Registry
(Suomen Syöpärekisteri), which has been maintaining a comprehensive record
of newly diagnosed cancer cases in Finland since 1953 [2]. Information used
from the registry data was cancer type (ICD-O-3 topography and morphol-
ogy), along with the date of diagnosis. The diagnosis date in the registry
is recorded only to the accuracy of the month and year, and in some cases
only the year of diagnosis was available. For the purposes of this study any
missing date information was imputed as the earliest possible date, e.g. if
only the year was known, 1st of January was used as the date of diagnosis.
The cancer incidence data were combined to the diabetes cohort by match-
ing with a unique personal identification number (PIN) that is assigned to
all Finnish residents.

Using the PIN as before, medication purchase data from the Finnish national
reimbursable prescription drugs registry (maintained by the Social Insurance
Institution of Finland) were added to evaluate exposure to metformin and
other antidiabetic drugs. The registry contains records of the names, amounts
and dates of purchase for reimbursable medication purchased from Finnish
pharmacies, from 1993 and onwards. All antidiabetic drugs are at least par-
tially reimbursable in Finland, and they are not available without a prescrip-
tion — therefore the reimbursable drugs registry provides a reliable record
of antidiabetic medication use in Finland. In addition to diabetes medica-
tion data, information about statin and hormone replacement therapy drug
purchases was also pulled from the reimbursable drugs registry.
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Finally data for various medical treatments and diagnoses received at Finnish
hospitals were obtained from the Care Register for Health Care (Hoitoilmoi-
tusrekisteri, HILMO) maintained by the Finnish National Institute for Health
and Welfare [1]. The registry has only been operational since 1987, which
proved to be problematic considering the advanced age of the typical patient
in the diabetic cohort. The records simply didn’t reach far enough in order
for much of the information to be used. In the end only hysterectomy data
pulled from HILMO were used, for assessing exclusion criteria.

2.2 Study cohort

The study cohort, selected from the base cohort, consists of female patients
with a Finnish national identification number, aged 40 years or older, who
were newly diagnosed with type 2 diabetes during the 16-year study period
from 1st January 1996 to 31st December 2011. In total there were 89 871
patients followed in the study, with a mean time on follow-up of 5.5 years,
and a median of 4.6 years.

The date of entry to the study cohort for each subject was defined as her

� date of diabetes onset plus 365 days,

� date of 40th birthday or

� the start of the study period on 1st January 1996,

whichever came latest.

The date of exit from the study cohort for each subject was defined as her

� date of first hysterectomy,

� date of first diagnosis of a target cancer,

� date of first exposure to hormone replacement therapy,

� date of death or

� the end of the study period on 31st December 2011,

3



whichever came earliest.

Subjects with a diagnosis of diabetes or endometrial cancer, or whose uterus
had been removed prior to their entry to the cohort were excluded from
the study. Two subjects were excluded from the study due to having been
diagnosed with a target cancer over three months after having a hysterectomy
(indicating some erroneous data entry).

Due to hysterectomy data from registry sources only being available starting
from 1987, it is likely that there are patients whose uterus has been removed
prior to that date included in the base cohort without a record of hysterec-
tomy. There were 7 472 patients in the cohort identified as having received
estrogen treatment without accompanying progestagen therapy. We believe
that these patients have in fact had a hysterectomy, as according to our team
of gynaecologists this type of treatment regimen is restricted to patients who
have had their uterus removed. Not having a uterus, it was not possible for
this group of patients to develop endometrial cancer, and thus they should
not be included in the population-at-risk. Following this, the decision was
made to limit the study cohort to patients who had no record of hormone
replacement therapy.

2.3 Target cancers

For the analysis of endometrial cancer incidence in the study cohort, only
type 1 endometrial cancers (ICD-O-3 topography: C54.1 or C54.9, morphol-
ogy: M-8380/3) were considered as target cancers. Incidence of type 2 or 3
endometrial cancer (see appendix B for ICD-O-3 classifications) was treated
as a censoring event. In total, there were 580 cases of type 1 cancer, and 57
cases of type 2 or 3 cancers observed in the study cohort during follow-up.

2.4 Drug exposure

Exposure to anti-diabetic medication in the study was considered in three
groups of drugs: metformin, insulin and other anti-diabetic medication (see
appendix A for classification by ATC codes). Additionally, exposure to
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statins was also evaulated. Exposure to any medication considered in the
study was determined to start 365 days after its purchase date, in an at-
tempt to minimize reverse causality.

In the full cohort analysis patients were considered unexposed to a drug until
365 days after their first purchase of the drug. Afterwards, the remaining
time on follow-up for the patient was classified as exposed to the drug. This
classification of follow-up time leads to drug use being considered as a binary
never-exposed/ever-exposed time dependent factor in modelling the incidence
of the target cancers.

A more detailed description of drug exposure was considered in a nested
case-control analysis, where cumulative use of anti-diabetic medication and
statins was used to model the effect of exposure to a drug on cancer incidence.
The amount of defined daily doses (DDD) of drugs purchased from each
drug group was summed over each subject’s time on follow-up until their
index date. The cumulative exposure calculated in this manner was then
categorized according to the tertiles of the distribution for each drug group,
and the resulting categorical factors were used for analysis.

2.5 Software tools

The data management and manipulation required to turn the registry data
into a usable set for analysis was conducted using SAS/STAT® software,
version 9.4 of the SAS System for Windows1.

All the tables, figures, estimates and data analyses presented were created
using R version 3.3.0 (2016-05-03) [23]. Key packages used for managing the
follow-up data were dplyr and Epi[31, 10, 9]. Regression models were fitted
with the functions glm and clogit from the packages stats and survival

respectively [23, 30].

1Copyright © 2016 SAS Institute Inc. SAS and all other SAS Institute Inc. product
or service names are registered trademarks or trademarks of SAS Institute Inc., Cary, NC,
USA.
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3 Statistical methods

3.1 Poisson regression

This study makes use of Poisson regression for a full cohort analysis, which
while not flawless, offers particularly attractive features for the purposes of
the study. One such feature is the flexibility in the inclusion of several dif-
ferent time scales. Both patient age and time since entry into the cohort
can be interesting scales of time, as well as time since last exposure to met-
formin. An additional benefit of Poisson regression is the acquisition of direct
estimates of baseline cancer incidence in the cohort.

The results presented in this section are adapted from the work of Agresti
(2015), Breslow and Day (1987), Clayton and Hills (1993), Fahrmeir and
Tutz (2001), Läärä (2015) and Selvin (2011) [3, 8, 11, 13, 21, 24].

3.1.1 Poisson model

Poisson regression is used to model count data, and can be adjusted for
modelling rates. In epidemiology, the typical unit of observation is a “cell” of
a contingency table that cross-classifies categorical variables, i.e. the analysis
is based on grouped data, where the number of events observed in each group
is modelled by the Poisson distribution.

In such a setting it is common for each subject to contribute follow-up time to
multiple cells, as the category of the subject changes with time. For example,
a patient followed from age 68 to 73 would contribute 2 person-years of follow
up to the age group 65–69 and 3 years to the group 70–75. Any time-varying
covariates would be handled in the same manner.

The assumption in Poisson regression for rates is that the number of events d
in a cell, given time at risk y and (time-dependent) covariates x ∈ Rp, follows
a Poisson distribution with a rate parameter λ = λ(x):

d|x ∼ Poisson(yλ(x)), µ = E(d|x) = yλ(x).
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In epidemiological applications, the covariates x usually include terms for
one or more time scales of interest (such as patient age or time since the
start of follow-up), which can be treated as either continuous or categorical
variables. With time categorized into (infinitesimally) short intervals, the
Poisson regression model is equivalent to a corresponding Cox proportional
hazards model [20].

Using the linear predictor η = x>β, where x, β ∈ Rp, the regression equation
modelling the rate parameter λ can be written as

g(λ(x)) = x>β = η, (1)

where β is a vector of unknown parameters to be estimated and g is the
chosen link function. The canonical link function for the Poisson distribution
is the log-link g(x) = log(x), but alternative choices such as the identity link
g(x) = x can be used in some applications.

When using the logarithmic link function, it follows from (1) that the mean
µ of the Poisson distribution is modelled as:

log(µ/y) = log(µ)− log(y) = η ⇔ µ = yeη. (2)

Thus, the model implies a multiplicative relationship between the covariates
and the response on the original scale, with a proportionality constant y.
Should the link function be chosen as the identity link, the relationship would
instead be additive on the scale of the response [3].

The interpretation of the parameters β depends on the choice the the link
function. Using the identity link, each parameter βj can be interpreted as the
difference in the event rate resulting from a unit change in the corresponding
covariate xj when other covariates remain unchanged. The same applies to
a logarithmic link function, except now βj is the difference in log-rate. This
implies that exp(βj) can be interpreted as the hazard ratio between xj + 1
and xj, when other covariates remain equal. Or, in the case of categorical
factors where xj is an indicator variable, the hazard ratio between the two
groups, which can be seen from
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λ(x|xj = 1)

λ(x|xj = 0)
=

exp{βj + x>(−j)β(−j)}
exp{x>(−j)β(−j)}

= exp(βj).

3.1.2 Estimation

Here we give an overview of the estimation of the regression parameters
(or, analogously, coefficients) β for the Poisson regression model based on
maximum likelihood methods using the log-link. First, the likelihood for
observing d cases in a single cell with a vector of covariates x is constructed
using equation (2) for the mean along with the probability mass function of
the Poisson distribution:

f(d|x; β) =
µd

d!
exp(−µ). (3)

Substituting into (3) the regression equation for µ from (2), we obtain

f(d|x; β) =
(yeη)d

d!
exp(−yeη) =

edη
′

d!
exp(−eη′), (4)

where y is embedded into η′ so that η′ = log y + η. The reason for this
formulation is that in estimation, log y can be treated as an “offset” term, i.e.
a covariate with the corresponding regression coefficient restricted to 1.

For i.i.d. samples from n cells, using (4), the likelihood can be written as

L(β) =
n∏
i=1

f(di|xi; β) =
n∏
i=1

ediη
′
i

di!
exp(−eη′i). (5)

Dropping the terms that do not depend on the parameters β and taking the
natural logarithm, we obtain the log-likelihood from (5) as

8



`(β) =
n∑
i=1

(diη
′
i − eη

′
i). (6)

Maximum likelihood estimates for the regression parameters β are obtained,
as one might expect, as the parameter values that maximize the value of the
likelihood function, i.e. β̂ = argmaxβ{`(β)}, and can thus be found as the
solution of the estimation equation:

∂`(β)

∂β
= 0.

However, in the case of Poisson regression, the general estimation equation
produced by (6) has no closed form solution. Therefore iterative methods,
such as the Newton-Raphson method (see appendix C for the mathematical
formulation), are required in order to find the maximum likelihood estimate.

When applied to the gradient (i.e. score function) of a likelihood function, the
Newton-Raphson method produces estimates corresponding to local minima
or maxima of the likelihood. In many important applications, such as Poisson
regression, the likelihood function is concave and thus the local maximum
found by the method corresponds with the global maximum of the likelihood
function, yielding the maximum likelihood estimate.

In the context of maximum likelihood estimation, Fahrmeir and Tutz (2001)
[13] present the kth step of the Newton-Raphson algorithm as

β̂(k) = β̂(k−1) + F−1obs(β̂
(k−1))s(β̂(k−1)),

where F−1obs(β) is the inverse of the observed Fisher information matrix and
s(β) is the p-dimensional score function of the model, derived from the log-
likelihood function `(β) as

Fobs(β) = − ∂
2`(β)

∂β∂β>
, s(β) =

∂`(β)

∂β
.
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When the specified convergence criteria are met on iteration K, the resulting
β̂(K) is used as the maximum likelihood estimate β̂.

A variation of the Newton-Raphson scheme known as Fisher scoring is ob-
tained by replacing the observed information matrix Fobs(β) with the ex-
pected information matrix F (β) = E(Fobs(β)). The expected information
matrix can be easier to calculate, and is always positive semidefinite.

3.1.3 Confidence intervals

Asymptotically the maximum likelihood estimate β̂ follows a normal distri-
bution with the inverse Fisher information matrix as the covariance matrix
and the true parameter value β as the mean:

β̂
a→ N(β, F−1(β̂)), when n→∞.

With a “sufficiently large” sample size n, inference can thus be based on the
approximately normal distribution of the regression coefficients [13].

Based on this approximation, for a linear combination of β̂ we have

Var(x>β̂) = x>Var(β̂)x = x>F−1(β̂)x. (7)

Using (7) the Wald 100(1−α)% confidence interval for the linear combination
x>β̂ is obtained as

x>β̂ ± zα/2 ×
√
x>F−1(β̂)x,

where zα/2 denotes the 1− α/2 fractile of the standard normal distribution.

Confidence intervals on the scale of the response can obtained by taking the
inverse link function g−1 of the confidence interval calculated on the scale of
the linear predictor.
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3.1.4 Goodness-of-fit

After estimating the parameters of a Poisson regression model, a simple sum-
mary of its goodness-of-fit can be provided by the log-likelihood ratio statistic
G2, as described by Breslow & Day (1987) [8]. The statistic is calculated us-
ing the observed counts di and fitted counts d̂i = yig

−1(x>i β̂) from the model
used, and has the following form:

G2 = 2
n∑
i=1

(
di log(di/d̂i) + (d̂i − di)

)
.

When to model is valid, the log-likelihood ratio statistic G2 approximately
follows a chi-squared distribution with n − p degrees of freedom, i.e. the
degrees of freedom is the number of observations minus the number of linearly
independent parameters in the model. This approximation requires that the
observed counts di are relatively high and the number of cells n is relatively
low. The hypothesis of having an adequately fitting model can be tested
by calculating the p-value corresponding to the observed G2, based on the
χ2(n− p) distribution.

Alternatively, goodness-of-fit can be more rigorously assessed by examining
the standardized residuals ri or adjusted residuals r̃i of the model fit [8]. The
residuals are calculated, based on the Poisson assumption, as

ri =
di − d̂i√

d̂i

and r̃i =
di − d̂i√
d̂i(1− hi)

,

where hi = d̂iVar(x>i β̂) is a term used in the calculation of adjusted residuals,
taking into account the amount of parameters used in the model fit.

An advantage of analysing residuals is the possibility of finding highly in-
fluential outliers. Extreme outliers may, in some cases, be single-handedly
responsible for an inadequate fit, and should be investigated further even if
the model fit is deemed adequate.
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Table 1: Simulated data with true effects of exposure and moving to a higher age
group being a two-fold increase in incidence.

Exposed Unexposed

Age Cases P-years Rate Cases P-years Rate Rate ratio

40–49 26 200 0.13 31 650 0.05 2.73
50–59 161 800 0.20 66 550 0.12 1.68
60–69 242 600 0.40 83 400 0.21 1.94
Total 429 1600 0.27 180 1600 0.11 2.38

3.1.5 Example: simulated data

Suppose we are interested in the effect of an exposure to a risk factor X to the
incidence of a disease C, and want to perform an age-adjusted comparison
of two exposure groups.

For this example, we simulate a dataset for the described setting. For the
purposes of Poisson regression, each age-exposure combination group forms a
single observation, or“cell”. The number of cases in each observation is drawn
from a Poisson distribution such that the true effect of both exposure to X,
and moving to a higher age group, is a two-fold increase in the incidence of
disease C. Time-at-risk in person-years in each observation is kept constant.
The resulting simulated data are described in table 1.

Using Poisson regression, we fit two models to the simulated data. In model
A, age is treated as an unconstrained factorial covariate, while in model B
we assume age to have a linear effect on the log-scale. The model equations
can be written as follows:

Model A: log(rate) = β0 + β1 × exposure + β2 × age50–59 + β3 × age60–69

Model B: log(rate) = β0 + β1 × exposure + β2 × age

The estimated regression coefficients β̂j obtained from fitting both models to
the simulated data, along with their 95% confidence intervals, are shown in
table 2.
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Table 2: Parameter estimates obtained from Poisson regression for the incidence
rate of disease C using simulated data from table 1.

Model A* Model B�

Parameter β̂j exp(β̂j) (95% CI) β̂j exp(β̂j) (95% CI)

Intercept -2.90 0.06 (0.04–0.07) -2.89 0.06 (0.04–0.07)
Exposure 0.65 1.92 (1.61–2.29) 0.65 1.92 (1.62–2.29)
Age

50–59 0.68 1.98 (1.48–2.68) - -
60–69 1.33 3.80 (2.87–5.11) - -
Trend - - 0.66 1.94 (1.72–2.19)

* G2 = 2.568, df = 2, p-value = 0.28 � G2 = 2.587, df = 3, p-value = 0.46

Both models provide accurate estimates of the true parameters, with the rate
ratio between exposed and unexposed estimated at RR = exp(β̂1) = 1.92 and
confidence intervals that easily cover the true value 2.0. The effect of age,
too, is captured similarly in both models.

The log-likelihood ratio statistic G2 offers no support against the hypothesis
that the model fits adequately in either model. In fact, the goodness-of-fit is
almost identical between the models.

Finally, figure 1 plots the fit of model B in both the original scale of the
incidence rate and on the log-scale, clearly illustrating the log-linearity as-
sumption made in Poisson regression.
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Figure 1: Observed and fitted incidence rates of disease C (per 100 person-years)
from model B on the original scale (left) and log-scale (right).
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3.2 Case-control methodology

Breslow and Day (1980) [7] describe a case-control study as, at its core,
an investigation of the differences of exposure to potential risk factors of a
condition between cases (subjects with a specific condition) and comparable
controls (subjects without the condition). To put it simply, observing a high
prevalence of exposure to a potential risk factor among cases, while exposure
among similar subjects without the condition is low, can be seen to offer
evidence of an association of the risk factor with the condition.

Case-control studies are typically employed in a prospective setting where
the collection of information from the subjects is difficult, expensive and/or
time consuming. One of the benefits of this type of study is the relatively
low amount of subjects required . In order to achieve accuracy in estimates
comparable to a full cohort study, only 4–5 control subjects are typically
required per case [15]. In fact, Keogh and Cox (2014) [16] show that the
information lost when sampling m − 1 controls is asymptotically only 1/m
compared to the information from a full cohort analysis if the null hypoth-
esis holds. Especially when investigating rare conditions, this dramatically
reduces the total size of the study population required.

In order for a case-control study to provide valid results, it is paramount
that the case and control groups are comparable with respect to risk factors
not included in the modelling. The entire basis of this type study relies on
comparability, the lack of which can induce significant biases in the results.
Additionally, it is important that the cases genuinely have the condition of
interest — meaning a high positive predictive value is required for the cases.

3.2.1 Measure of risk

In its simplest form, the results from a case-control study can be condensed
into a cross-tabulation of the number of cases and controls by a binary ex-
posure status, demonstrated in table 3. In a pure case-control setting it is
not possible to directly estimate absolute incidence rates; the measure of risk
associated with exposure that can be estimated by a case-control study is
the odds ratio

14



Table 3: Example of results from a simple case-control study.

Exposed Unexposed

Case A B
Control C D

ψ =
π1/(1− π1)
π0/(1− π0)

=
π1(1− π0)
π0(1− π1)

,

where π1 and π0 respectively denote the probability of an exposed and an
unexposed subject being a case. The odds ratio can be estimated from the
results of a simple case-control study shown in table 3 as

ψ̂ =
π̂1(1− π̂0)
π̂0(1− π̂1)

=
(A/(A+ C))× (D/(B +D))

(B/(B +D))× (C/(A+ C))
=
A×D
B × C

.

The relation between the odds ratio ψ̂ estimated from a case-control study
and the hazard ratio (the ratio of the incidence rate among exposed to the
incidence rate among unexposed subjects) varies depending on the sampling
method used to select the controls, as summarized by Pearce (1993) [22].

The control selection scheme considered in this study is risk set sampling,
for which Greenland and Thomas (1982) [14] show that the estimated odds
ratio ψ̂ is a consistent estimator for the incidence-density ratio (i.e. hazard
ratio) of exposure, when the hazard ratio between exposed and unexposed
subjects remains constant during the study period.

3.2.2 Selection of controls by risk set sampling

In risk set sampling (also known as a nested case-control setting) a risk set
is formed at each failure time (index time) in the cohort being studied. The
set includes the case and all eligible controls on follow-up at the time, i.e.
patients who are still at risk of failure at the index time. Langholz and
Goldstein (1996) [17] describe the process and its implications on the results
derived from risk set sampled data in more detail.
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After the risk sets have been formed, a specified amount of patients at risk
are sampled from each set, using either matched or simple random sampling,
to serve as controls for the case of that time point. The set including the
case and their sampled controls is referred to as the sampled risk set. The
controls in the sampled risk set are then assigned the same index time as their
case, and their covariate and exposure history is evaluated at that time. It is
worth noting that it is entirely possible that some patients who fail at a later
time are sampled as controls for earlier cases. While this may seem like an
unwanted feature at a glance, the possibility of the event is in fact necessary
in order for the process to produce unbiased results, as independent sampling
of risk sets is required for inference [11].

3.2.3 Matching

In order to control the effect of major confounders in a case-control study,
matched sampling of control subjects can be performed instead of random
sampling. This can be especially useful in controlling for the effects of con-
founders that are not easily measurable, e.g. matching twins as controls to
account for genotype [4].

The main reason for matching is often “to improve the efficiency of rate ratio
estimators (exposure odds ratios) that are statistically adjusted to account for
possible confounding effects” [4, Breslow, p. 304]. When the matching factor
is associated with both the outcome and the exposure (i.e. the matching
factor is a true confounder), the efficiency of a matched design increases
when the matching factor increases the risk of the outcome but exposure does
not. However, Breslow shows in [4] that if the matching factor is not a true
risk factor for the outcome, matching has the opposite effect of decreasing
efficiency instead.

In matched sampling only controls with the same (or similar) values of the
specified matching factors as the case are eligible to be selected as controls
for the case. When the matching is accounted for in the analysis, the con-
fouding effect of the matching factors will be controlled for. Failure to take
the matching into consideration in the analysis leads at best to a loss in
efficiency, and at worst into the attenuation of the effect. Over-matching
on a factor in the causal pathway between the exposure being investigated
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and the outcome can render the data useless when it comes to estimation
of the effect of the exposure — Breslow and Day (1980) [7] recommend that
matching should only be done on factors for which there are valid reasons to
suspect a confounding effect.

3.2.4 Analysis of risk set sampled data

Under the Cox proportional hazards model, the hazard of failure at time t for
a subject i with time-dependent covariates xi(t) ∈ Rp is expressed by Borgan
and Samuelsen (2003) [6] as

λi(t) = λ0(t) exp{xi(t)>β},

where λ0(t) denotes a baseline hazard at time t shared by all subjects and β
is a vector of unknown regression coefficients to be estimated.

Suppose subject j fails at time tj during follow-up. Let xk(tj) ∈ Rp be the

vector of covariates for subject k measured at time tj, and denote by R̃(tj)
the sampled risk set at time tj, including the case j and mj − 1 controls. We
assume that the controls are selected randomly without replacement from
the risk set of size nj at time tj. Each sampled risk set then contributes to
a partial likelihood the probability that the case is the individual j and not
one of the other individuals in the set R̃(tj), given that there is only a single
failure at time tj and that particular risk set was observed:

Lj(β) =

(
nj−1
mj−1

)−1
exp{xj(tj)>β}∑

k∈R̃(tj)

(
nj−1
mj−1

)−1
exp{xk(tj)>β}

.

The selection probability weights that arise from the sampling of controls
are, in the case of random sampling, the binomial coefficients that are equal
for all of the subjects, and thus cancel out in the likelihood.

When the risk sets are sampled independently, estimation of the regression
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coefficients is based on the partial likelihood L(β) that is obtained as a prod-
uct of the contributions from each sampled risk set:

L(β) =
∏
j

exp{xj(tj)>β}∑
k∈R̃(tj)

exp{xk(tj)>β}
,

where j takes the values of all the observed cases in the cohort [16]. Parameter
estimates β̂ can then be obtained by maximizing the partial likelihood L(β)
using iterative methods such as the Newton-Raphson algorithm.

It is worth noting that the exact same partial likelihood can be reached
from the basis of conditional logistic regression used for analyzing matched
case-control data, which as a consequence differs only by name for this type
of analysis from the method described here [11]. The intuitive notion that
risk set sampling can be seen as matching on the time scale used helps with
understanding this relation.
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4 Time-related biases

Several different types of time-related biases can be identified in observational
studies. Based on points raised by Suissa and Azoulay (2012, 2014) [27, 28],
this section gives an overview of the biases of major concern for a population
based observational study, and explores the statistical methods available for
avoiding, or correcting for, said biases. In order to better understand the
relationship between metformin and cancer, it is vital that the existence
of these biases is recognized and taken into consideration when designing,
analyzing and interpreting results of studies.

4.1 Immortal time bias

Often easily overlooked, the root cause of immortal time bias is time-fixed
categorization of exposure. Unlike in experimental studies, the subjects’
exposure to the agent of interest is not in the control of the researcher in
observational studies. Depending on the definition of the study population, it
is entirely feasible (and in fact quite common) for subjects to change exposure
category during an observational study. That is, a subject may, for instance,
start in the study population without receiving any medication, but start
using a drug later on in the study. If this is the case, then any time-fixed
categorization of subjects to, for example, ever-exposed and never-exposed,
will automatically cause a potentially significant bias in the results.

Consider a hypothetical situation where two subjects, A and B, enter a study
without exposure to drug M. Subject A then remains on follow-up for two
years until contracting disease C. Subject B starts using drug M after one
year of follow-up, and continues in the study for another three years until
contracting disease C. The researchers consider exposure to drug M as a

Table 4: Näıve analysis of a hypothetical observational study considering expo-
sure as a time-invariant quantity of a subject.

Drug M Cases of C Person-years Incidence rate

Ever-user 1 4 0.25
Never-user 1 2 0.5
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Figure 2: Example of time-dependent exposure in a hypothetical study.

time-fixed covariate, and thus classify subject B as an ever-user, and subject
A as a never-user of drug M. Incidence rates are then calculated according
to table 4, resulting in an incidence rate ratio of 0.5, indicating exposure to
drug M as having a protective effect against disease C.

With the help of figure 2, the major flaw in the time-fixed analysis becomes
apparent. In a sense the first year of follow-up for subject B is “immortal” —
in order to be classified as drug-exposed, subject B had to stay disease-free
until starting the use of drug M. For the first year of follow-up, subject B
is not yet exposed to drug M, and this follow-up time should in fact count
for the unexposed group. By treating exposure as a time-invariant property
of the subjects, this time is counted in the wrong exposure group, causing
a bias in the results. In this case, proper (time-dependent) classification of
exposure would yield incidence rates of 0.33 for both the exposed and the
unexposed group, providing no evidence for a protective effect of drug M.

The same phenomenon on a large scale causes systematic overestimation of
exposed person-time and underestimation of unexposed person-time. Cor-
recting for the bias by considering exposure as a time-varying covariate thus
leads to higher incidence in the exposed group and lower incidence in the un-
exposed group when compared to the crude results obtained with time-fixed
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exposure categorization. This in turn has the potential to reveal a seemingly
protective effect as a potentially harmful one instead.

4.2 Time lag bias

When the study population consists of patients with a long term chronic
disease such as diabetes, comparisons of the effectiveness of treatments given
at a different stage of disease progression can suffer from time lag bias.

The stage of the base disease itself can be a confounding factor when it comes
to incidence of another disease, regardless of the type of medication received.
If this is the case, then a lagged comparison of a first-line treatment to a
second or third-line treatment can present biased results. When confounding
by stage of disease is of concern, comparisons of treatments of different stage
should be performed by matching index dates based on the start of the later-
stage treatment.

Another scenario where time lag bias can become an issue, is that where
prolonged exposure to an earlier stage treatment is itself associated with an
increased risk of another disease. When patients move on to a further stage
treatment, cases of the other disease (caused by exposure to the earlier treat-
ment) can start to stack up during follow-up on the later stage treatment,
creating an illusion of the later stage treatment being worse. This can be par-
ticularly problematic when studying the incidence of a disease that is known
to develop over long periods of time, such as cancer.

All in all, time lag bias usually becomes an issue when comparing treatments
given at different stages of disease. For the sake of simplicity, when the
effectiveness of a first-line treatment is the main question of interest, it can
be preferable to restrict the comparison to other first-line treatments only.
In the case of metformin, this means that the comparison of interest is with
other oral antidiabetic medication, since comparisons to later stage therapies
such as insulin are potentially confounded by the progression of diabetes.
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4.3 Example: immortal time bias in the diabetic co-
hort

Immortal time bias is particularly problematic when dealing with exposures
with high prevalence in the study population — such as metformin use among
diabetics. If not properly analyzed, even very small periods of misclassified
follow-up time between cohort entry and true beginning of exposure can cause
a significant bias in the results when the issue affects a large proportion
of subjects in the study. In order to demonstrate the practical effects of
immortal time bias, an overview of the preliminary data from the diabetic
cohort is presented in this section.

The follow-up history of 50 subjects sampled from the full diabetic cohort is
shown in figure 3. It’s apparent that starting metformin use during follow-up
is not an uncommon event in the cohort. Therefore any results from this data
are susceptible to immortal time bias, if the analysis is handled incorrectly
— exposure to metformin must be treated as a time-varying covariate.

Table 5 quantifies the effect that a time-fixed exposure classification would
have on person-time distribution between the exposure groups. It’s clear
that a 32% increase in the total unexposed person-time (and a 13% decrease
in exposed person-time) will have a significant impact on the results of any
analysis.

Table 5: Distribution of person-years on follow-up by fixed metformin usage
status at the end of follow-up and actual metformin exposure during the study.

Metformin Exposed Unexposed

Ever-user 1 123 262 161 458
Never-user 0 497 590

Crude incidence rates from using a näıve method of classifying subjects as
never-users and ever-users of metformin only by their status at the end of the
study (see table 6) seem to indicate a slight protective effect of metformin
ever-use against endometrial carcinoma. However, after correcting for the
immortal time bias caused by the misclassified person-time (see table 5) due
to the time-invariant exposure categorization, the result is overturned into
an apparent increased risk of cancer instead, as seen in table 7.
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Figure 3: Follow-up times for a sample of 50 subjects from the diabetic cohort.

Table 6: Incidence (per 100 000 person-years) of endometrial carcinoma in female
patients with type 2 diabetes by fixed status of metformin use at the end of follow-
up during 1996–2013 in Finland.

Metformin Subjects Cases Person-years Incidence Rate ratio

Ever-user 153 491 1 516 1 284 720 118.0 0.91
Never-user 66 232 648 497 590 130.2 -

Table 7: Incidence (per 100 000 person-years) of endometrial carcinoma in fe-
male patients with type 2 diabetes by exposure to metformin during 1996–2013 in
Finland.

Metformin Cases Person-years Incidence Rate ratio

Exposed 1 516 1 123 262 135.0 1.37
Unexposed 648 659 048 98.3 -

23



5 Results

5.1 Cohort analysis

The distribution of observed cases and person-time at risk in the study cohort
is shown in table 8 by the factors considered. The majority of time on follow-
up is from an older population, as over 90% of the total person-time comes
from patients aged 55 or older. The popularity of metformin is also evident,
with 74% of patients having used metformin at some point during follow-up.

A Poisson regression model for rates was fitted to the data, including terms
for age (categorized into 5-year groups) and duration of diabetes (categorized
by approximate quartiles) as well as ever use of statins, metformin, insulin
and other anti-diabetic medication. The dataset for fitting the model was
created by splitting the follow-up time of each subject into the appropriate
time intervals using the Lexis function from the Epi package [9, 10]. Follow-
up time was also split at the date of first use of statins and anti-diabetic
medication, where the subject becomes an ever-user.

Table 9 shows the resulting estimated hazard ratios for use of medication from
each drug group. A statistically significant increase in risk of endomterial
cancer was found to be associated with ever-use of metformin in the cohort,
along with insulin ever-use. Conversely, statin ever-use was associated with
a decreased risk of cancer.

The observed and multivariate adjusted estimated incidence rates by age
group and metformin use status are plotted in figure 4. As is to be expected
when studying cancer incidence, there was a strong association with age and
incidence of endometrial cancer. The relationship between metformin use and
endometrial cancer remains a more complex matter, as the observed hazard
ratio between metformin ever use and never use was much higher in the
age groups 60–69 than elsewhere (2.10 vs 1.12). The multivariate adjusted
estimates failed to capture this difference, giving an indication of a possible
interaction between metformin use status and age.
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Table 8: Observed number of cases and person-years at risk in the cohort, along
with crude incidence rates (per 100 000 person-years) by risk factor levels.

Cases (%) Person-years (%) Incidence

Total 580 (100) 492 897 (100) 117.7
Age (years)

40–44 4 (0.7) 9 778 (2.0) 40.9
45–49 4 (0.7) 15 830 (3.2) 25.3
50–54 28 (4.8) 22 564 (4.6) 124.1
55–59 39 (6.7) 31 572 (6.4) 123.5
60–64 65 (11.2) 42 331 (8.6) 153.6
65–69 94 (16.2) 55 292 (11.2) 170.0
70–74 96 (16.6) 76 621 (15.5) 125.3
75–79 127 (21.9) 91 125 (18.5) 139.4
80–84 82 (14.1) 80 973 (16.4) 101.3
85–89 29 (5.0) 47 450 (9.6) 61.1
90 or over 12 (2.1) 19 361 (3.9) 62.0

Time since diabetes
diagnosis (years)

0–<3 174 (30.0) 156 819 (31.8) 111.0
3–<5 136 (23.4) 116 184 (23.6) 117.1
5–<8 130 (22.4) 117 561 (23.9) 110.6
8 or more 140 (24.1) 102 333 (20.8) 136.8

Statin use
Never 315 (54.3) 262 317 (53.2) 120.1
Ever 265 (45.7) 230 580 (46.8) 114.9

Metformin use
Never 176 (30.3) 179 431 (36.4) 98.1
Ever 404 (69.7) 313 466 (63.6) 128.9

Insulin use
Never 489 (84.3) 435 325 (88.3) 112.3
Ever 91 (15.7) 57 572 (11.7) 158.1

Other anti-diabetic
medication use

Never 193 (33.3) 174 173 (35.3) 110.8
Ever 387 (66.7) 318 724 (64.7) 121.4

Any anti-diabetic
medication use

Never 32 (5.5) 33 501 (6.8) 95.5
Ever 548 (94.5) 459 396 (93.2) 119.3
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Figure 4: Observed (points) and multivariate adjusted (lines: adjusted for age,
duration of diabetes and ever use of statins and anti-diabetic medication, dashed:
approx. 95% CI) incidence rates of endometrial cancer in the study cohort by age
group and metformin use status (blue circles: never use, red triangles: ever use).

Table 9: Estimated hazard ratios of endometrial cancer indicence in the study
cohort from univariate and multivariate adjusted (adjusted for age, duration of
diabetes and ever use of other medication) Poisson regression models.

Ever use HRuv HRmv (95% CI)

Statin 0.96 0.82 (0.69–0.97)
Metformin 1.31 1.27 (1.05–1.54)
Insulin 1.41 1.28 (1.01–1.63)
Other anti-diabetic
medication

1.10 1.09 (0.89–1.32)
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5.2 Case-control analysis

5.2.1 Selection of controls

Up to 20 controls were selected for each case from the population at risk at
the index date (date of cancer diagnosis) of the case. Controls were matched
to cases on age (date of birth ±182 days) and duration of diabetes (date of
diabetes onset ±182 days), which implies that analyses performed on the risk
set sampled data were adjusted for age and diabetes duration. In total there
were 11 586 cancer-free patients selected as controls for the 580 patients who
developed endometrial cancer during the study period. That is an 86.5%
reduction in the size of the dataset when compared to the 89 871 subjects
included in the full cohort analysis, yet the amount of information available
from the data remains roughly equal.

Table 10 shows the distribution of background characteristics among cases
and controls. As is to be expected in a mached setting, the distributions of
age and diabetes duration hardly differ between cases and controls. However,
the differences in the distributions of drug use are indicative of possible effects
of the drugs on cancer incidence.

5.2.2 Risk estimates

In order to account for the matching of controls and cases, conditional logistic
regression was used to analyze the risk set sampled data. Two separate mod-
els were fitted: one including exposure to statins and anti-diabetic medication
as a never/ever factor, and another where information about the cumulative
dose of each drug group was used. The cumulative dose was calculated as
the total amount of defined daily doses consumed by a subject before their
index date, and was categorized according to the tertiles of its distribution.

Estimated hazard ratios from both models are shown in table 11. The esti-
mated effects of ever use were very similar to the respective estimates from
the full cohort analysis for all drug groups. Cumulative use of metformin and
insulin showed an increasing trend with higher doses, while no trend seemed
to be present for statins and other anti-diabetic medication.
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Table 10: Distribution of background characteristics among cases and controls.

Cases (%) Controls (%)

Total 580 (100) 11 586 (100)
Age (years)

Mean, median 71.9 73.2 71.9 73.1
40–49 8 (1.4) 160 (1.4)
50–59 67 (11.6) 1 328 (11.5)
60–69 159 (27.4) 3 201 (27.6)
70–79 223 (38.4) 4 434 (38.3)
80–89 111 (19.1) 2 251 (19.4)
90 or over 12 (2.1) 212 (1.8)

Time since diabetes
diagnosis (years)

0–<3 174 (30.0) 3 519 (30.4)
3–<5 136 (23.4) 2 745 (23.7)
5–<8 130 (22.4) 2 543 (21.9)
8 or more 140 (24.1) 2 779 (24.0)

Statin use
Never 315 (54.3) 5 691 (49.1)
Ever 265 (45.7) 5 895 (50.9)

Metformin use
Never 176 (30.3) 4 001 (34.5)
Ever 404 (69.7) 7 585 (65.5)

Insulin use
Never 489 (84.3) 10 145 (87.6)
Ever 91 (15.7) 1 441 (12.4)

Other anti-diabetic
medication use

Never 193 (33.3) 3 970 (34.3)
Ever 387 (66.7) 7 616 (65.7)

Any anti-diabetic
medication use

Never 32 (5.5) 683 (5.9)
Ever 548 (94.5) 10 903 (94.1)
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Table 11: Estimated hazard ratios and their 95% confidence intervals for the effect
of drug use on endometrical cancer incidence from conditional logistic regression.
Estimates for ever use and cumulative use were obtained from separate models.

Exposure Cases Controls HR (95% CI)

Statin
Never use 315 5 691 Reference
Ever use 265 5 895 0.78 (0.65–0.93)
Cumulative use (DDD)

390 or less 85 1 970 0.77 (0.60–0.99)
391–1100 77 1 977 0.68 (0.52–0.88)
1101 or more 103 1 948 0.92 (0.71–1.19)

Metformin
Never use 176 4 001 Reference
Ever use 404 7 585 1.26 (1.03–1.54)
Cumulative use (DDD)

325 or less 132 2 592 1.15 (0.90–1.48)
326–1100 130 2 477 1.23 (0.95–1.59)
1101 or more 142 2 516 1.31 (0.99–1.74)

Insulin
Never use 490 10 151 Reference
Ever use 90 1 435 1.29 (1.00–1.66)
Cumulative use (DDD)

330 or less 24 485 0.96 (0.62–1.46)
331–1200 32 482 1.33 (0.90–1.96)
1201 or more 34 468 1.47 (0.98–2.18)

Other anti-diabetic
medication

Never use 234 5 351 Reference
Ever use 346 6 235 1.10 (0.90–1.36)
Cumulative use (DDD)

450 or less 119 2 108 1.29 (1.01–1.63)
451–1649 111 2 049 1.22 (0.95–1.57)
1650 or more 116 2 078 1.22 (0.93–1.62)
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6 Discussion

In a rather stark contrast to the protective effects of metformin use observed
in some other studies, ever use of metformin was associated with an increased
risk of type 1 endometrial cancer (HR: 1.26; 95% CI: 1.03–1.54) in the nested
case-control analysis of this study. While there are a number of possible sce-
narios that could explain this observed elevated risk, any support for the
hypothesis that metformin use would lower the incidence of endometrial can-
cer cannot be seen in these results.

Neither of the types of exposure to medication considered in this study, ever
use and cumulative dose, can capture a time-dependent effect on cancer in-
cidence very effectively. For instance cessation of use doesn’t really affect
either of the measures. This also means that an effect that is only present
with active use of a medication is unlikely to be captured with the factors
used in this study. Measures of exposure that accommodate the separation
of active use from previous use, like for instance time since last use, might
provide insightful perspectives on the results.

The largest limiting factor in this study was the lack of detail in the infor-
mation available from the registry sources used. Data regarding behavioural
habits such as smoking or alcohol use are rarely stored in such registries.
Due to the advanced age of the study population, medical history data were
often not available for the time of the subjects’ younger years, making the
assessment of true ever exposure difficult in practice.

Hysterectomy data are only available since 1987, which means there is likely
to be some amount of patients included in the study cohort whose uterus
has been removed. This artificially increases the amount of time-at-risk in
the cohort, introducing a slight downward bias in cancer incidence estimates.
However, there is little reason to suspect a correlation between metformin use
and having a hysterectomy, so the effect is unlikely to confound the results
regarding metformin use.

A more serious concern caused by the lack of sufficient data available from
registry sources arises from the fact that BMI and obesity data were not in-
cluded in our sources. Several studies such as Setiawan et al. (2013) [25] and
Becker et al. (2013) [5] where such data has been available have shown an
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association between obesity and cancer incidence. Additionally, there is rea-
son to suspect that metformin might be more easily prescribed to overweight
patients due to a more flexible compatibility profile. If this were the case,
obesity could be an important confounding factor, and the lack of its inclu-
sion in the analyses in this study may explain the elevated risk associated
with metformin use in these results.

These limitations of the data could perhaps be at least partially overcome
by complementing the existing registry data with a case-control sample for
which the exposure history could be evaluated from other sources such as
interviews or less readily available records.

More complex modelling frameworks could also be considered for use in the
analyses. For instance hierarchical Bayesian models could be applied in the
study. In the current setting, their role would likely mostly be as a sensitivity
analysis. However, a Bayesian analysis could offer an interesting perspective
on the results, and remains an option for future considerations.

All in all, the analyses in this study were performed in such a way as to
avoid any obvious biases resulting from methodological flaws. Regardless of
some of the limitations posed by the availability of data, the results of this
study should at least act as a call for caution when investigating metformin
and cancer incidence. While it may be unlikely that the observed association
of metformin with an elevated risk of endometrial cancer is reproducible
or indeed indicative of metformin truly being a risk factor, this study does
add to the pool of evidence contrasting the seemingly miraculous effects of
metformin reported by some studies, such as Lee et al. (2011) [18].
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Appendices

A Medication grouping by ATC codes

Medication group ATC code

Statin C10AA01
Statin C10AA02
Statin C10AA03
Statin C10AA04
Statin C10AA05
Statin C10AA06
Statin C10AA07
Statin C10AX09
Insulin A10AB01
Insulin A10AB02
Insulin A10AB04
Insulin A10AB05
Insulin A10AB06
Insulin A10AC01
Insulin A10AC03
Insulin A10AC30
Insulin A10AD01
Insulin A10AD04
Insulin A10AD05
Insulin A10AE01
Insulin A10AE02
Insulin A10AE04
Insulin A10AE05
Metformin A10BA02
Metformin A10BD03
Metformin A10BD05
Metformin A10BD07
Metformin A10BD08
Other anti-diabetic medication A10BB01
Other anti-diabetic medication A10BB02
Other anti-diabetic medication A10BB03
Other anti-diabetic medication A10BB07
Other anti-diabetic medication A10BB12
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Other anti-diabetic medication A10BD03
Other anti-diabetic medication A10BD04
Other anti-diabetic medication A10BD05
Other anti-diabetic medication A10BD07
Other anti-diabetic medication A10BD08
Other anti-diabetic medication A10BG02
Other anti-diabetic medication A10BG03
Other anti-diabetic medication A10BH01
Other anti-diabetic medication A10BH02
Other anti-diabetic medication A10BH03
Other anti-diabetic medication A10BX01
Other anti-diabetic medication A10BX02
Other anti-diabetic medication A10BX03
Other anti-diabetic medication A10BX04
Other anti-diabetic medication A10BX07

B Endometrial cancer type by ICD-O-3 codes

Cancer type Topography Morpohology Behaviour

Type 1 C54.1 M-8380 3
Type 1 C54.9 M-8380 3
Type 2 or 3 C54.1 M-8000 3
Type 2 or 3 C54.1 M-8010 3
Type 2 or 3 C54.1 M-8140 3
Type 2 or 3 C54.1 M-8260 3
Type 2 or 3 C54.1 M-8310 3
Type 2 or 3 C54.1 M-8441 3
Type 2 or 3 C54.1 M-8460 3
Type 2 or 3 C54.9 M-8000 3
Type 2 or 3 C54.9 M-8010 3
Type 2 or 3 C54.9 M-8140 3
Type 2 or 3 C54.9 M-8260 3
Type 2 or 3 C54.9 M-8310 3
Type 2 or 3 C54.9 M-8441 3
Type 2 or 3 C54.9 M-8460 3
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C Newton-Raphson algorithm

The Newton-Raphson method is a general-purpose optimization algorithm
that can be used for finding the maximum likelihood estimates for general-
ized linear models. Strictly speaking the method is used to find roots of a
differentiable function f , based on a first-order Taylor expansion approxima-
tion of the target function.

Let x(0) = (x
(0)
1 , . . . , x

(0)
p ) ∈ Rp be an initial guess for a root r of a differen-

tiable function f : Rp 7−→ Rp such that r = x(0) + h. Expanding a first-order
Taylor series approximation of f about the point x(0) we obtain

f(x(0) + h) ≈ f(x(0)) + Jf (x
(0))h. (8)

where Jf (x) ∈ Rp×p is the Jacobian matrix of f at x ∈ Rp. That is

Jf (x) =
∂f(x)

∂x
=

[
∂f(x)

∂x1
· · · ∂f(x)

∂xp

]
.

Since f(x(0) + h) = f(r) = 0 we can solve (8) for h to obtain

h ≈ −J−1f (x(0))f(x(0)),

provided that the Jacobian matrix Jf (x
(0)) is invertible. An improved ap-

proximation of the root r is then found as

x(1) = x(0) − J−1f (x(0))f(x(0)).

The same method can then be applied again, this time starting from x(1), in
order to further improve the approximation. This gives rise to the general
formulation of step k + 1 of the Newton-Raphson algorithm as
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x(k+1) = x(k) − J−1f (x(k))f(x(k)).

The final approximation r̂ of the root r is obtained by iteratively improving
the initial guess x(0) in this manner until specified convergence criteria are
met. Such criteria are often based on some distance metric d : Rp×Rp 7−→ R+

0

and require that d(f(r̂), 0) is “small enough.”
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