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Abstract The substantial burden of cancer and diabetes and
the association between the two conditions has been a moti-
vation for researchers to look for targeted strategies that can
simultaneously affect both diseases and reduce their overlap-
ping burden. In the absence of randomized clinical trials, re-
searchers have taken advantage of the availability and richness
of administrative databases and electronic medical records to
investigate the effects of drugs on cancer risk among diabetic
individuals. The majority of these studies suggest that metfor-
min could potentially reduce cancer risk. However, the valid-
ity of this purported reduction in cancer risk is limited by
several methodological flaws either in the study design or in
the analysis. Whether metformin use decreases cancer risk
relies heavily on the availability of valid data sources with
complete information on confounders, accurate assessment
of drug use, appropriate study design, and robust analytical
techniques. The majority of the observational studies
assessing the association between metformin and cancer risk
suffer from methodological shortcomings and efforts to ad-
dress these issues have been incomplete. Future investigations

on the association between metformin and cancer risk should
clearly address the methodological issues due to confounding
by indication, prevalent user bias, and time-related biases.
Although the proposed strategies do not guarantee a bias-
free estimate for the association between metformin and can-
cer, they will reduce synthesis of and reporting of erroneous
results.
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Introduction

Type 2 diabetes and cancer incidence are increasing world-
wide, imposing a great economic, social, and health burden
on all people living in rural and urban areas around the
globe [1]. In 2012, 32.6 million people were living with
cancer worldwide [2]. The global prevalence of diabetes
between the age of 20 and 69 years was 8.3 %, correspond-
ing to 837 million people, in 2014 [2]. Patients with dia-
betes have a higher risk of cancer development and at the
same time, higher rates of cancer mortality [3]. Given the
substantial burden of both diabetes and cancer and the as-
sociation between these two conditions, identifying
targeted strategies that can simultaneously affect both dis-
eases would reduce a great public health burden. Results of
observational epidemiologic studies along with findings
from laboratory studies suggest that some anti-diabetic
medications could affect cancer risk [3]. In particular, sev-
eral observational studies suggest a beneficial effect for
metformin [4–8].

Metformin is a biguanide widely used for the treatment of
type 2 diabetes [3]. This drug is well tolerated, has a very good
safety profile, and is inexpensive. Metformin is the preferred
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first-line therapy for type 2 diabetes but is also used in com-
bination with other anti-diabetes agents. While the exact
mechanism of metformin in diabetes treatment is not entirely
clear, metformin treatment has been associated with a reduc-
tion in circulating levels of both insulin and glucose in patients
with impaired insulin resistance and hyperinsulinemia [3].
The inhibitory effect of metformin on hepatic gluconeogene-
sis has been described as the main mechanism through which
metformin reduces circulating glucose levels [9, 10]. Apart
from its anti-diabetic properties, metformin has attracted at-
tention for its in vitro anti-cancer properties, either directly
through activation of the AMP-activated protein kinase
(AMPK) pathway and inhibition of mammalian target of
rapamycin (mTOR) signaling pathway or indirectly by lower-
ing insulin and insulin-like growth factor-1 (IGF-1) [3]. Pre-
clinical studies have reported that metformin exerts its anti-
neoplastic properties through (1) inducing cell cycle arrest in
an AMPK-dependent and independent manner, (2) reducing
glucose uptake by inhibiting insulin signaling pathway
through activating AMPK, and (3) reducing insulin sig-
naling by reducing IGF-1 levels which diminish glucose
supply to tumors [4, 11–16].

While randomized clinical trials (RCTs) are the ideal
study design to assess the effect of metformin on cancer
risk, RCTs are not practical to study this for several rea-
sons. Lack of sufficient follow-up time during trial peri-
od, confounding due to natural crossovers, treatments re-
quired for unanticipated hyperglycemia, and budgetary
limitations make RCTs impractical study designs to as-
sess the effect of metformin on cancer risk. In the ab-
sence of RCTs, one practical strategy to unveil the effect
of metformin on cancer is to take advantage of the pre-
existing information on treatment of diabetes gathered
longitudinally to conduct observational studies. The
availability and richness of administrative databases and
electronic medical records have made them attractive re-
sources for such investigations. A large proportion of the
observational studies that have used these data have re-
ported a protective effect for metformin in cancer risk.
However, the validity of this reported reduction in cancer
risk is limited due to several methodological flaws, most
importantly time-related biases; immortal time bias and
time-window bias [17••, 18, 19]. These methodological
shortcomings may lead to overestimation of the benefi-
cial effect of metformin [19].

The objectives of this review are to (1) describe
methods (study design and analysis) used to assess the
effect of metformin on cancer risk, (2) outline the major
methodological challenges in assessing the metformin-
cancer association and discuss how these shortcomings
can affect the validity of the findings, and (3) summarize
the evidence on the effect of metformin on cancer risk
from the most valid existing observational studies.

Identification of Relevant Literature

We performed a systematic search for observational (cohort
and case-control) studies of metformin and cancer risk pub-
lished between January 1, 1996 and April 1, 2015. The search
was carried out in PubMed using the following main key-
words and/or MeSH terms: Bmetformin,^ Bbiguanide,^
Bcancer,^ Bneoplasm,^ and Bpolycystic ovary syndrome^.
We also performed a manual search of previously published
meta-analyses and systematic reviews on metformin and can-
cer risk to identify additional relevant publications. The first
study on cancer and metformin in human was published in
1995, so we started the search in 1995. To make sure we were
not missing any observational studies, we looked for addition-
al relevant studies in the references list of all included studies.
We included studies of adults with type 2 diabetes with no pre-
existing cancer. For studies with more than one publication,
the publication with the largest sample size was selected. Two
independent readers reviewed titles and abstracts. Any discor-
dance was resolved through discussion.

Detailed information on the drug use assessment (use ver-
sus no use, dose and duration), cancer incidence ascertainment
method, study population, study design and methods, and
cancer site were abstracted and summarized by members of
the research team. Each study was evaluated by at least three
team members for the validity of the study design, appropri-
ateness of the analytical methods and presence of major meth-
odological shortcomings. Any disagreement was resolved
through discussion. A brief description of common methodo-
logical shortcomings assessed in the included studies is pro-
vided in Table 1. In addition to the conventional methodologic
considerations in observational studies, studies with no time-
related biases, no prevalent user bias, and appropriate adjust-
ment for confounding by indication were considered to be at
low risk of bias. We summarized findings from low risk of
bias studies were summarized separately for case-control and
cohort studies.

Results

A total of 73 eligible studies were identified and includ-
ed. There were 42 cohort studies and 31 case-control
studies published between 1995 and April, 2015. The
comparator groups of these studies were composed of
other oral anti-diabetics, oral anti-diabetics except
thiazolidinones, all other anti-diabetics (including oral
and injectable medications), sulphonylureas, thiazolidinones,
insulin, diet and exercise, and adults without diabetes.
In this review, we focused on the most common meth-
odological issues of the published papers, namely time-
related biases, prevalent user bias, and confounding by
indication.
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Time-Related Biases

Time-related biases, immortal time bias and time-window
bias, are common methodological shortcomings of most of
the earlier observational studies of metformin and cancer.
Failure to account for these two biases has resulted in
spurious results supporting a protective effect of metformin
on cancer.

Immortal Time Bias

Immortal time bias is a special case of exposure misclassifi-
cation. Immortal time refers to an initial follow-up time during
which the outcome could have not occurred due to the defini-
tion of the exposure [17••, 20••]. By misallocating unexposed
time as exposed, the event-free person-time will be
overestimated among the exposed and the incidence rate of
the event will be consequently diluted [17••, 20••]. The expo-
sure definition and time of study initiation are keys in deter-
mining immortal time bias. For example, consider a cohort of
patients who had diabetes but free from cancer were followed
up from the time of diabetes diagnosis. In this case, the time
between cohort entry and the first prescription for metformin
is considered immortal time since by the virtue of the study
design, metformin users could not have had cancer during that
period (Fig. 1a). As another example, consider a cohort of
patients with diabetes followed up from the time they start
their first prescription for a diabetes medication. Medication
use was defined as the second prescription of metformin or its
comparator to avoid inclusion of non-adherent users to the

study. Thus, the time between the first and the second pre-
scription is immortal time (Fig. 1b). In both scenarios, metfor-
min users were not exposed to metformin during these periods
and as a result could not have experienced cancer. Failure to
attribute this immortal person-period to the non-metformin
user group either through misallocating this person-period to
metformin users or simply excluding this person-period from
the calculations will result in a lower incidence of cancer
among metformin users and a consequent beneficial effect
for this drug [21]. Lai et al. used data from the National Health
Insurance Program in Taiwan to assess the effect of anti-
diabetic drugs on cancer risk. The investigators identified
adults newly diagnosed with diabetes and looked at anti-
diabetic medications within this cohort. The study reported a
45 % (95 % CI, 18, 63 %) reduction in lung cancer risk with
metformin use compared to non-users of metformin. Howev-
er, at the time of cohort enrollment, participants were not using
anti-diabetic drugs. Exposure to anti-diabetic drugs, includ-
ing metformin, occurred after the start of the study. By
including the period between study initiation and start of
medication, i.e., immortal person-time, the event-free per-
son times in the anti-diabetes medication groups were
overestimated, resulting in an underestimation of the true
effect of metformin on cancer [22].

The magnitude of immortal time bias depends on the extent
of immortal time, the risk of the outcome during that period,
and the prevalence of exposure [17••]. Thus, in the context of
a very common drug such as metformin, one can speculate
that even a small amount of immortal time for each individual
can lead to a large degree of bias [17••]. Different methods

Table 1 Summary of common
methodological issues in
observational studies of the
association between metformin
and cancer risk

Immortal time bias A case of exposure misclassification. Immortal time bias occurs
when exposure happens after the start of study follow-up.

Time-window bias Cases and controls not matched on duration of follow-up, i.e.,
duration of opportunity to be exposed. Direction of bias depends
on the distribution of follow-up among the randomly selected
controls compared with the follow-up time among cases.

Prevalent user bias Inclusion of prevalent users in the study design and analysis introduces
two biases (1) risk of cancer changes over time, and prevalent users
are survivors of the initial period of the treatment, (2) changes in risk
factors over time can have an impact on the cancer risk by drug.

Confounding by indication Unequal distribution of baseline covariates across comparison groups
due to their disease stages, complications, or general wellbeing.

Generalizability The physiologic milieu and the type of cancer develop in persons
without diabetes may differ in many important ways. Insulin resistance
may be present many years before diabetes presents itself, therefore people
with diabetes may be more likely to develop insulin- or glucose-dependent
cancers that are more susceptible to the glucose and or insulin lowering
effect of metformin.

Exposure assessment Binary effect versus assessing dose, duration of use, and continuity of use.
Some drugs have longer latency and different drugs have different
minimum therapeutic doses.

Pharmacokinetics In many preclinical studies, the concentration of metformin that has been
associated with anticarcinogenic effect is considerably higher than the
therapeutic plasma levels in humans.
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have been proposed to overcome immortal time bias in obser-
vational studies. Both Zhou et al. and Levesque et al. com-
pared the performance of different methods in correcting for
immortal time bias and concluded that using a time-matched
nested analysis (see next section) and time-dependent expo-
sure analysis had the best performance in controlling for im-
mortal time bias [23, 24]. However, the validity of the results
from the time-dependent Cox proportional models is question-
able. When using time-dependent Cox proportional models, it
is inherently assumed that metformin assignment occurs at
random, which may not be the case. Using time-dependent
Cox models and assigning the immortal time periods of met-
formin users to non-users to handle bias related to immortal
person time has been shown to introduce substantial bias with
inflated effect sizes [19, 25, 26].

Ray et al. suggested a new-user design by moving the start
of the follow-up to the time of drug initiation, i.e., end of
immortal time [27]. This design is free of immortal time
among users. A cohort of participants with a well-defined start

of drug initiation, i.e., a new-user design, is an appropriate
approach to evaluate the effect of metformin over time.
By definition, a new-user design is free of immortal time
bias as the follow-up period initiates with the first date
patients start taking their medication. Mamtani et al. con-
ducted a retrospective cohort study within The Health Im-
provement Network (THIN), an electronic medical records
database that is representative of the UK. They identified
patients with diabetes who were ever-users of metformin
or ever-users of sulfonylureas, and compared incidence
rates of bladder cancer between ever metformin and ever
sulfonylurea users. Exposure to metformin and sulfonyl-
urea was based on receipt of two prescriptions of either
drugs or medications that contained those drugs within
6 months. This design helped ensure that those non-
adherent to medication were less likely to be included
compared to adherent patients. By defining the index date
as the date of receiving the second prescription, immortal
time bias was avoided. After properly accounting for time-
related biases in the study design, the authors did not
observe a decreased incidence of bladder cancer associated
with metformin use [28].

Time-Window Bias

Time-window bias is another time-related bias in observation-
al studies of metformin and cancer that has resulted in the false
conclusion that metformin reduces cancer risk [17••, 18].
Time-window bias usually occurs in case-control studies
when exposure measurement periods (duration of time for
potential exposure) differ for cases and controls (Fig. 2). Con-
trol selection and exposure measurement methods in controls
give rise to this bias [18]. Neglecting time for potential to be
exposed while selecting controls might lead to a differential
likelihood of being exposed to metformin compared to cases.
In the presence of this bias, cases could have less follow-up
time and therefore receive fewer metformin prescriptions
compared to controls; alternatively, cases could have longer
follow-up period and therefore more metformin prescriptions
compared to controls. Unlike immortal time bias, the direction
of time-window bias is not predictable a-priori. The direction
of bias depends on the differential distribution of the exposure
assessment between the two groups [18]. In their case-control
study of metformin and/or thiazolidinediones (TZDs) and lung
cancer, Mazzone et al. randomly selected controls from persons
with diabetes who were free of lung cancer and individually
matched them for age (+/−5 years), sex, and smoking history.
Medication records were extracted from the electronic medical
record of the Cleveland Clinic Health System. They reported a
52 % reduction in likelihood of lung cancer associated with
metformin use. Their result, however, was subject to time-
window bias due to differential assessment of metformin expo-
sure in lung cancer cases and controls. Cases and controls were

Fig. 1 Immortal time bias in cohort studies. Each dot represents one
prescription. The blue circle represents the end of the study, loss to
follow-up or cancer occurrence. a Comparing metformin users to non-
users. Exposure to metformin occurs after the start of the follow-up, i.e.,
exposure occurs after the initiation of the study. b The exposure is defined
as the second prescription of metformin. The time between the first and
the second prescription is considered immortal person time
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not matched on the duration of metformin assessment and
therefore the potential exposure time to metformin was not
the same in both groups. Exposure to metformin in lung cancer
cases was measured until they were diagnosed. Controls, how-
ever, could have been assessed for metformin use any time
before and after lung cancer diagnosis in their matched lung
cancer cases. As a result, they had a higher likelihood of being
exposed to metformin compared to lung cancer cases [29].

To avoid time-window bias, one should consider the time-
dependent nature of metformin use and select controls such
that cases and controls have the equivalent follow-up time
during which metformin exposure will be assessed [17••,
18]. Adapting a nested design where controls are selected
for each case when a case occurs or exposure is assessed for
a control at the same time it is assessed for their matched case
are some proposed methods [17••, 18]. Smiechowski et al.
used data from the UK General Practice Database to assess
the incidence of lung cancer associated with metformin use.
Within a defined cohort of patients with diabetes newly treated
with oral hypoglycemic agents between 1988 and 2009, they
conducted a nested case-control study. The investigators
matched lung cancer cases and controls on duration of
follow-up to ensure that cases and controls had the same du-
ration of exposure assessment, thus avoiding time-window
bias. Unlike Mazzone et al., Smiechowski et al. did not find
a significant association between metformin and incident lung
cancer [30].

Prevalent User Bias

The use of prevalent metformin information in the design and
analysis of observational studies will introduce prevalent user
bias [19]. Overall, inclusion of prevalent users can introduce
two biases: (1) prevalent users are survivors of the early phase

of therapy and therefore constitute a Bsurvivor cohort^ who
constitutes a generally healthier group of patients. On the oth-
er hand, this design leads to under-ascertainment of the events
that occur early during the disease course. Since the more
susceptible individuals, i.e., those who have experienced
events earlier, are not included in the prevalent user design,
this cohort is more likely to experience an additional biased
survival benefit, and (2) prevalent use of the drug is likely to
alter the levels of the risk factors. Thus, they might not neces-
sarily be a reflection of clinical outcomes of the disease any-
more. In such circumstances, controlling for the confounding
effect of these risk factors would be complicated as these
factors are affected by treatment and are on the causal pathway
from the exposure to the outcome [19, 20••]. In a hypothetical
example, obesity has been linked to increased cancer risk
through several mechanisms, some of which, including insu-
lin, IGF-1, mTOR, and AMPK, are directly impacted by met-
formin. Additionally, because of its potential weight loss prop-
erties, metformin may be selected over other medication clas-
ses for obese patients. In an observational setting with preva-
lent use of metformin, obesity rates may be lower and as a
result, obesity cannot be considered as a risk factor for cancer
in this setting.

Identifying a cohort of new users and collecting data prior
to the initiation of the study is an effective method to avoid
prevalent user bias, especially when the drug effect changes
over time. The new user design can be implemented in a
nested case-control or a cohort setting. Although a new user
design can eliminate the biases associated with inclusion of
prevalent users, this study design has its own limitations and
logistical issues. Compared to prevalent users, a new user
design might have an overrepresentation of poor adherers
and short-term users. By restricting the study to new users,
statistical power will also be limited. Finally, logistical con-
siderations on the timing of data collection (both drug and
other covariates) are another concern with new-user design
[27]. One important consideration in the design of new-user
study is the timing of medication initiation and measurement
of other covariates/potential confounders at or prior to the start
of the medication. This requires extensive resources as the
investigators are required to monitor the exposure’s and the
other covariates’ status on a daily basis [27].

Confounding by Indication

Metformin is used as first-line pharmacotherapy for diabetes
and as such, is usually initiated in patients at younger ages or
patients who are at earlier stages of diabetes [3, 31]. Other
diabetes medications are usually prescribed if metformin is
not tolerated (or contraindicated), if metformin does not pro-
vide sufficient glycemic control and according to other
patient-specific factors such as complications and co-morbid
conditions and preferences related to side effects, frequency of

Fig. 2 Time-window bias in case-control studies. The blue circles
represent the end of the follow-up period for controls and the crosses
represent cancer occurrence for cases. The orange circles represent first
prescription of metformin. The follow-up duration was longer in controls
compared to cases and resulting in a higher likelihood of being exposed to
metformin compared to cases
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dosing, etc. [19, 20••]. These patient-specific factors which
determine the diabetes regimen are also associated with out-
comes whose risk is increased among patients with diabetes,
such as cardiovascular disease and cancer. The unbalanced
distribution of risk factors between users of different dia-
betes medications leads to a biased association between
drugs and outcomes (e.g., cancer), namely, confounding
by indication [19].

Therefore, comparing metformin users to patients treated
with second- or third-line diabetes agents likely introduces
confounding by indication when evaluating the association
between metformin and cancer risk as patients requiring a
second- or third-line drug likely have a longer disease duration
(and exposure to hyperglycemia and hyperinsulinemia) which
increases their cancer risk.

Confounding by indication is an intractable threat to valid-
ity, and if not accounted for in studies of the association be-
tween metformin and cancer, it can lead to conflicting results
[32]. The first step in controlling for confounding by indica-
tion is defining an appropriate comparator group so that dis-
tribution of the risk factors is balanced between the two
groups. In the absence of randomization, one can use restric-
tion as a powerful alternative to control for confounding and
restrict the population to those with the same drug indication
[20••]. Upon identification of a proper comparator group, dif-
ferent strategies at the design or the analysis level can be
implemented to further reduce confounding. One effective
strategy to further control for all potential confounding is to
use propensity scores. This method is especially effective
when the outcome is uncommon and the number of measured
covariates is large, a common scenario with large healthcare
datasets. The propensity score is an important tool which in-
corporates all of the covariates into one score and represents
the probability of receiving one treatment over the other given
all of the potential confounders in the study. This method aims
to achieve balance between the study groups with regard to
measured confounders, similar to what happens in a random-
ized trial. The achieved balance can be checked by comparing
the covariates’ distribution between the treatment groups be-
fore and after applying propensity score methods. A lack of
balance after propensity score matching is an indication of the
inadequacy of the data for answering the question of interest
as opposed to a limitation of the method [20••, 32].

Some of the comparator groups in studies of metformin and
cancer risk included the following: use of any anti-diabetic
drug including insulin [7, 33] and sulfonylureas [7, 34–36],
use of only oral anti-diabetic drugs [6, 30, 37], no use of anti-
diabetics therapy [38], and combinations of the above catego-
ries. A comparator group composed of a mixed group of dia-
betes patients receiving second- and third-line therapies and/or
a combination of different medications is most likely at higher
cancer risk compared to metformin users due to the greater
severity and duration of their diabetes and potentially greater

burden of oncogenic comorbidities. In these studies, inclusion
in the metformin or comparator groupmight in fact explain the
reported association between metformin and cancer. Currie
et al. used information from people treated in UK general
practices who were participating in The Health Information
Network (THIN). They categorized 62,809 individuals with
diabetes who had received oral anti-diabetic medications into
four groups: monotherapy with metformin, monotherapy with
sulfonylurea, combination therapy with both drugs, and insu-
lin. The study reported an increased risk for cancer comparing
other therapies with metformin monotherapy; the adjusted HR
was 1.08 (95 % CI 0.96–1.21) for metformin plus sulfonyl-
urea, 1.36 (95 % CI 1.19–1.54) for sulfonylurea monotherapy,
and 1.42 (95 % CI 1.27–1.60) for insulin-based regimens.
Comparing first-line therapy and second- or third-line therapy
introduced confounding by disease duration and severity, and
confounding by indication. The increased risk of cancer with
second- and third-line therapy is likely to be due to disease
indication and not medication effects [7]. Van Staa et al. used
data from the General Practice Research Database to evaluate
comparability of users of different hypoglycemic agents with
respect to their underlying cancer risk, i.e., presence of con-
founding by indication. They hypothesized that in the absence
of confounding by indication, the cancer rate should be similar
across all groups shortly after initiation of therapy, as it would
take several months before the effect of the drugs on cancer
risk is clinically noticeable. Van Staa and his colleagues did
observe increased rates of cancer during the first 3 months
after initiation of insulin and sulfonylurea compared to met-
formin, revealing confounding by indication [39•].

Like metformin, sulfonylurea is one of the initial
choices for treatment of type 2 diabetes. To reduce con-
founding by indication, Ko et al. chose new sulfonylurea
users as the comparator in assessing the effect of metfor-
min in new users on endometrial cancer risk. They further
used propensity score methods to adjust for residual con-
founding. The authors used data from the Truven Health
Analytics MarketScan and Medicare Supplemental data-
bases for 2000–2011 and identified women above 18 years
old who initiated metformin or sulfonylurea and followed
them from their second prescription of their initial drug
until cancer development, cessation of either drug, cross
over, administrative censoring, or the end of the study.
They identified baseline characteristics during the 6-
month washout period before the study initiation and fur-
ther used propensity score weighting to adjust for con-
founding. Assessment of covariates 6 months before study
initiation ensured appropriate sequencing of the events and
that the identified covariates were not intermediate vari-
ables affected by the exposure. In this study, metformin
was not associated with a decrease in endometrial cancer
incidence compared to sulfonylurea (HR (95 % CI) 1.09
(0.89, 1.34)) [34].
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Review of the Available Literature

From the 73 included studies, we identified 29 studies with no
time-related biases. Considering all the three major biases
(time-related bias, prevalent user bias, and confounding by
indication), we classified seven cohort studies and six case-
control studies as studies at low risk of bias to evaluate the
association between metformin and cancer risk [6, 28, 30,
34–37, 40–45]. Figures 3 and 4 summarize the identified

cohort and case-control studies and their risk estimates. As
shown in the figures, most of these low risks of bias studies
showed no association between metformin and cancer risk.

Other Considerations

Some of the other methodological considerations besides the
major biases discussed above include but are not limited to

Fig. 3 Summary of the low risk of bias cohort studies conducted between
January 2005 and April 2015 [28, 34–36, 40–42]. HR hazard ratio.
Sulfonylurea was the comparator for most of the studies except for But
et al., Tsilidis et al., Mamtani et al. and two of the comparisons in Kowal

et al. *Comparator: no anti-diabetic medication use.**Comparator:
insulin. ****Comparator: other anti-diabetic medications. ^Comparator:
non-users of metformin
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generalizability, lack of power, exposure assessment, and drug
exposure level.

Generalizability

Most of the studies on metformin and cancer risk have been
conducted among patients with diabetes. The effect of metfor-
min in the general population may different from the effect
observed in patients with diabetes. Results of animal studies
have shown that metformin inhibits tumor growth inmice on a
high-energy diet, while it has no effect on tumor growth in
mice with a controlled diet [4]. This observation suggests that
the effect of metformin among patients with diabetes with
elevated insulin receptor activation might not be generalizable
to the general population with normal insulin receptor func-
tion [4, 15].

Exposure definition

So far, exposure definition in studies of anti-diabetic medica-
tions and cancer has received little attention [46]. Most of the

studies on metformin and cancer risk have used a simple bi-
nary categorization and classified metformin exposure into
users and non-users. While the use of an arbitrary cut-point
for dichotomizing patients into users and non-users of metfor-
min is straightforward and common, it has drawbacks. For
some of the studies that have used this binary categorization,
the cut-off is made at the diagnosis of diabetes. Inappropriate
exposure definition leads to misrepresentation of exposure
duration and thus immortal time bias.

Even when the timing of the exposure is properly defined,
one should always bear in mind that this simple binary repre-
sentation, although informative, does not capture and reflect
all the available information on drug exposure. By adapting
this approach, the dimension of time and duration of drug use
would be underestimated in the analysis of drug exposure and
cancer risk, such that long- and short-term users would be
grouped together and the estimated treatment effect would
not necessarily reflect a valid estimate of the drug effect. In-
corporating information on duration, cumulative dose, and
continuity of drug use where available could give a more in-
depth understanding of the true nature of this association [46].
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Conclusions

In an era when there is a strong push towards repurposing
inexpensive licensed drugs for cancer prevention and treat-
ment, metformin comes to the forefront as one of the most
commonly prescribed candidates with great potential, based
on previously conducted observational studies and meta-
analyses and the promising results from animal and laboratory
studies [31, 47]. Determining the effect of metformin on can-
cer risk in humans depends on the availability of valid data
sources with complete information on confounders, accurate
assessment of drug use, appropriate study design, and robust
analytical techniques. Confounding by indication and disease
severity, inclusion of prevalent anti-diabetic drug users, inclu-
sion of or inappropriately addressing immortal-time bias in the
analysis and time-window bias are likely to be responsible for
the currently-debatable effect of metformin on cancer risk.
Different drug exposure level seems to be responsible for the
inconsistency between laboratory and human studies. The
dose of metformin used in animal and laboratory studies is
considerably higher compared to the currently standard clini-
cal dose. The in vitro dose reported in various studies ranges
between 165 and 6600 mg/L, while the feasible therapeutic
plasma level is 0.645 to 2.5 mg/L. This indicates that while an
anti-cancer effect for metformin is plausible, the required con-
centration for such an effect might be orders of magnitude
higher than what is used in humans [47]. In the absence of
clinical trials, unravelling the true effect of metformin on can-
cer risk in observational studies requires the use of validated
datasets, rigorous study design, and analytic methods capable
of addressing all three major biases. Comparing metformin
users to diabetic patients with similar drug indications and
further adjusting for confounding using propensity score
methodology can reduce confounding by indication. Adapting
a new-user design ensures that only incident users of metfor-
min and their comparators are enrolled into a study can avoid
prevalent user bias. Immortal-time bias should also be taken
into account by design so that exposure time begins once
patients are exposed to medications.

We show that the majority of the observational studies
assessing the association between metformin and cancer risk
suffer from methodological shortcomings, and efforts to ad-
dress these issues have been incomplete. Future investigations
on the association between metformin and cancer risk should
clearly address the methodological issues due to confounding
by indication, prevalent user bias, and time-related biases.
Although the proposed strategies do not guarantee a bias-
free estimate for the association between metformin and can-
cer, they will reduce synthesis and reporting of erroneous
results.

This review sets up a framework for future observational
studies that aim to assess new indications for drugs that have
already been widely adopted by emphasizing how

methodological shortcomings affect the validity of findings.
By increasing the current understanding of biases and threats
to validity and evidence generation in observational studies
and the available strategies to minimize them, we hope to
contribute to the generation of robust evidence on the true
effect of metformin on cancer incidence. Using the effect of
metformin on cancer incidence as an example, we set up the
basis for all similar studies that looked at benefits and harms of
anti-diabetes medications in EMR and claim data. The pro-
posed harmful effect of insulin glargine and thiazolidone on
cancer incidence and the effect of different anti-
hyperglycemic drugs on cardiovascular diseases can now be
evaluated in EMR data with robust methodology. Finally, this
work will also set up a framework for all similar studies of
drug repurposing using EMR data in diabetes, cancer, and
other fields.

Acknowledgments This project was support by the NIDDK-funded
Baltimore Diabetes Research Center (P30DK079637).

Compliance with Ethical Standards

Conflict of Interest Asieh Golozar, Shuiqing Liu, Joeseph A. Lin,
Kimberly Peairs, Hsin-Chieh Yeh declare that they have no conflict of
interest.

Human and Animal Rights and Informed Consent This article does
not contain any studies with human or animal subjects performed by any
of the authors.

References

Papers of particular interest, published recently, have been
highlighted as:
• Of importance
•• Of major importance

1. Bloom DE, Cafiero ET, Jané-Llopis E, Abrahams-Gessel S, Bloom
LR, Fathima S, et al. The global economic burden of non-
communicable diseases. Geneva: World Economic Forum, 2011.

2. Ferlay J, Soerjomataram I, Dikshit R, Eser S,Mathers C, RebeloM,
et al. Cancer incidence and mortality worldwide: sources, methods
and major patterns in GLOBOCAN 2012. Int J Cancer.
2015;136(5):E359–86.

3. Giovannucci E, Harlan DM, Archer MC, Bergenstal RM, Gapstur
SM, Habel LA, et al. Diabetes and cancer: a consensus report.
Diabetes Care. 2010;33(7):1674–85.

4. Algire C, ZakikhaniM, BlouinMJ, Shuai JH, PollakM.Metformin
attenuates the stimulatory effect of a high-energy diet on in vivo
LLC1 carcinoma growth. Endocr Relat Cancer. 2008;15(3):833–9.

5. AnisimovVN, Berstein LM, Egormin PA, Piskunova TS, Popovich
IG, Zabezhinski MA, et al. Effect of metformin on life span and on
the development of spontaneous mammary tumors in HER-2/neu
transgenic mice. Exp Gerontol. 2005;40(8–9):685–93.

6. Azoulay L, Dell’Aniello S, Gagnon B, Pollak M, Suissa S.
Metformin and the incidence of prostate cancer in patients with

Curr Diab Rep (2016) 16: 4 Page 9 of 11 4



type 2 diabetes. Cancer Epidemiol Biomarkers Prev. 2011;20(2):
337–44.

7. Currie CJ, Poole CD, Gale EA. The influence of glucose-lowering
therapies on cancer risk in type 2 diabetes. Diabetologia.
2009;52(9):1766–77.

8. Libby G, Donnelly LA, Donnan PT, Alessi DR, Morris AD, Evans
JM. New users of metformin are at low risk of incident cancer: a
cohort study among people with type 2 diabetes. Diabetes Care.
2009;32(9):1620–5.

9. Kim YD, Park KG, Lee YS, Park YY, Kim DK, Nedumaran B,
et al. Metformin inhibits hepatic gluconeogenesis through AMP-
activated protein kinase-dependent regulation of the orphan nuclear
receptor SHP. Diabetes. 2008;57(2):306–14.

10. Madiraju AK, Erion DM, Rahimi Y, Zhang XM, Braddock DT,
Albright RA, et al. Metformin suppresses gluconeogenesis by
inhibiting mitochondrial glycerophosphate dehydrogenase.
Nature. 2014;510(7506):542–6.

11. Algire C, Amrein L, Zakikhani M, Panasci L, Pollak M.
Metformin blocks the stimulative effect of a high-energy diet
on colon carcinoma growth in vivo and is associated with re-
duced expression of fatty acid synthase. Endocr Relat Cancer.
2010;17(2):351–60.

12. Ben Sahra I, Laurent K, Loubat A, Giorgetti-Peraldi S, Colosetti P,
Auberger P, et al. The antidiabetic drug metformin exerts an antitu-
moral effect in vitro and in vivo through a decrease of cyclin D1
level. Oncogene. 2008;27(25):3576–86.

13. Ben Sahra I, Regazzetti C, Robert G, Laurent K, Le Marchand-
Brustel Y, Auberger P, et al. Metformin, independent of AMPK,
induces mTOR inhibition and cell-cycle arrest through REDD1.
Cancer Res. 2011;71(13):4366–72.

14. Foretz M, Hebrard S, Leclerc J, Zarrinpashneh E, SotyM,Mithieux
G, et al. Metformin inhibits hepatic gluconeogenesis in mice inde-
pendently of the LKB1/AMPK pathway via a decrease in hepatic
energy state. J Clin Investig. 2010;120(7):2355–69.

15. Gallagher EJ, LeRoith D. Diabetes, cancer, and metformin: connec-
tions of metabolism and cell proliferation. Ann N Y Acad Sci.
2011;1243:54–68.

16. Gotlieb WH, Saumet J, Beauchamp MC, Gu J, Lau S, Pollak MN,
et al. In vitro metformin anti-neoplastic activity in epithelial ovarian
cancer. Gynecol Oncol. 2008;110(2):246–50.

17.•• Suissa S, Azoulay L. Metformin and the risk of cancer: time-related
biases in observational studies. Diabetes Care. 2012;35(12):2665–
73. This study offers a thorough explanation on time-related
biases in studies on metformin and cancer.

18. Suissa S, Dell’aniello S, Vahey S, Renoux C. Time-window bias in
case–control studies: statins and lung cancer. Epidemiology.
2011;22(2):228–31.

19. Yang XL, Ma RC, So WY, Kong AP, Xu G, Chan JC. Addressing
different biases in analysing drug use on cancer risk in diabetes in
non-clinical trial settings—what, why and how? Diabetes Obes
Metab. 2012;14(7):579–85.

20.•• Patorno E, Patrick AR, Garry EM, Schneeweiss S, Gillet VG,
Bartels DB, et al. Observational studies of the association between
glucose-lowering medications and cardiovascular outcomes: ad-
dressing methodological limitations. Diabetologia. 2014;57(11):
2237–50. This paper provides a detailed overview of limitations
and biases in pharmacoepidemiological studies of anti-
hyperglycemic medications and cardiovascular events.

21. Targownik LE, Suissa S. Understanding and avoiding immortal-
time bias in gastrointestinal observational research. Am J
Gastroenterol. 2015.

22. Lai SW, Liao KF, Chen PC, Tsai PY, Hsieh DP, Chen CC.
Antidiabetes drugs correlate with decreased risk of lung cancer: a
population-based observation in Taiwan. Clin Lung Cancer.
2012;13(2):143–8.

23. Levesque LE, Hanley JA, Kezouh A, Suissa S. Problem of immor-
tal time bias in cohort studies: example using statins for preventing
progression of diabetes. BMJ. 2010;340:b5087.

24. Zhou Z, Rahme E, Abrahamowicz M, Pilote L. Survival bias asso-
ciated with time-to-treatment initiation in drug effectiveness evalu-
ation: a comparison of methods. Am J Epidemiol. 2005;162(10):
1016–23.

25. Yang X, Chan JC. Metformin and the risk of cancer in type 2
diabetes: methodological challenges and perspectives. Ann Transl
Med. 2014;2(6):52.

26. Yang X, Weng J. Increased cancer risk with drug use among pa-
tients with diabetes: are the biased methods the culprit? J Diabetes
Investig. 2012;3(6):479–80.

27. Ray WA. Evaluating medication effects outside of clinical trials:
new-user designs. Am J Epidemiol. 2003;158(9):915–20.

28. Mamtani R, Pfanzelter N, Haynes K, Finkelman BS, Wang X,
Keefe SM, et al. Incidence of bladder cancer in patients with type
2 diabetes treated with metformin or sulfonylureas. Diabetes Care.
2014;37(7):1910–7.

29. Mazzone PJ, Rai H, BeukemannM,XuM, Jain A, Sasidhar M. The
effect of metformin and thiazolidinedione use on lung cancer in
diabetics. BMC Cancer. 2012;12:410.

30. Smiechowski BB, Azoulay L, Yin H, PollakMN, Suissa S. The use
of metformin and the incidence of lung cancer in patients with type
2 diabetes. Diabetes Care. 2013;36(1):124–9.

31. Badrick E, Renehan AG. Diabetes and cancer: 5 years into the
recent controversy. Eur J Cancer. 2014;50(12):2119–25.

32. Bosco JL, Silliman RA, Thwin SS, Geiger AM, Buist DS, Prout
MN, et al. A most stubborn bias: no adjustment method fully re-
solves confounding by indication in observational studies. J Clin
Epidemiol. 2010;63(1):64–74.

33. Morden NE, Liu SK, Smith J, Mackenzie TA, Skinner J, Korc M.
Further exploration of the relationship between insulin glargine and
incident cancer: a retrospective cohort study of older Medicare pa-
tients. Diabetes Care. 2011;34(9):1965–71.

34. Ko EM, Sturmer T, Hong JL, Castillo WC, Bae-Jump V, Funk MJ.
Metformin and the risk of endometrial cancer: a population-based
cohort study. Gynecol Oncol. 2015;136(2):341–7.

35. Kowall B, Rathmann W, Kostev K. Are sulfonylurea and insulin
therapies associated with a larger risk of cancer than metformin
therapy? A retrospective database analysis. Diabetes Care.
2015;38(1):59–65.

36. Tsilidis KK, Capothanassi D, Allen NE, Rizos EC, Lopez DS, van
Veldhoven K, et al. Metformin does not affect cancer risk: a cohort
study in the U.K. clinical practice research datalink analyzed like an
intention-to-treat trial. Diabetes Care. 2014;37(9):2522–32.

37. Smiechowski B, Azoulay L, Yin H, Pollak MN, Suissa S. The use
ofmetformin and colorectal cancer incidence in patients with type II
diabetes mellitus. Cancer Epidemiol Biomarkers Prev. 2013;22(10):
1877–83.

38. Lin HC, Kachingwe BH, Lin HL, Cheng HW, Uang YS, Wang LH.
Effects of metformin dose on cancer risk reduction in patients with
type 2 diabetes mellitus: a 6-year follow-up study. Pharmacotherapy.
2014;34(1):36–45.

39.• van Staa TP, Patel D, Gallagher AM, de Bruin ML. Glucose-
lowering agents and the patterns of risk for cancer: a study with
the General Practice Research Database and secondary care da-
ta. Diabetologia. 2012;55(3):654–65. This study demonstrates
how pat ients wi th d iabetes us ing di f ferent ant i -
hyperglycemic medications have different underlying risks
(presence of confounding by indication) and as result, they
should not be compared.

40. But A, Wang H, Mannisto S, Pukkala E, Haukka J. Assessing the
effect of treatment duration on the association between anti-diabetic
medication and cancer risk. PLoS One. 2014;9(11):e113162.

4 Page 10 of 11 Curr Diab Rep (2016) 16: 4



41. Qiu H, Rhoads GG, Berlin JA, Marcella SW, Demissie K. Initial
metformin or sulphonylurea exposure and cancer occurrence
among patients with type 2 diabetes mellitus. Diabetes Obes
Metab. 2013;15(4):349–57.

42. Ruiter R, Visser LE, van Herk-Sukel MP, Coebergh JW, Haak HR,
Geelhoed-Duijvestijn PH, et al. Lower risk of cancer in patients on
metformin in comparison with those on sulfonylurea derivatives:
results from a large population-based follow-up study. Diabetes
Care. 2012;35(1):119–24.

43. Becker C,Meier CR, Jick SS, BodmerM. Case–control analysis on
metformin and cancer of the esophagus. Cancer Causes Control.
2013;24(10):1763–70.

44. Hagberg KW, McGlynn KA, Sahasrabuddhe VV, Jick S. Anti-
diabetic medications and risk of primary liver cancer in persons
with type II diabetes. Br J Cancer. 2014;111(9):1710–7.

45. Margel D, Urbach D, Lipscombe LL, Bell CM, Kulkarni G, Austin
PC, et al. Association between metformin use and risk of prostate
cancer and its grade. J Natl Cancer Inst. 2013;105(15):1123–31.

46. Walker JJ, Johnson JA, Wild SH. Diabetes treatments and cancer
risk: the importance of considering aspects of drug exposure.
Lancet Diabetes Endocrinol. 2013;1(2):132–9.

47. Dowling RJ, Niraula S, Stambolic V, Goodwin PJ. Metformin in
cancer: translational challenges. J Mol Endocrinol. 2012;48(3):
R31–43.

Curr Diab Rep (2016) 16: 4 Page 11 of 11 4


	Does Metformin Reduce Cancer Risks? Methodologic Considerations
	Abstract
	Introduction
	Identification of Relevant Literature
	Results
	Time-Related Biases
	Immortal Time Bias
	Time-Window Bias

	Prevalent User Bias
	Confounding by Indication
	Review of the Available Literature
	Other Considerations
	Generalizability
	Exposure definition

	Conclusions
	References
	Papers of particular interest, published recently, have been highlighted as: • Of importance •• Of major importance



