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Intention to treat analysis, compliance,
drop-outs and how to deal with missing data
in clinical research: a review

Susan Armijo-Olivo, Sharon Warren and David Magee

Faculty of Rehabilitation Medicine, University of Alberta, Edmonton, Canada

Background: Pragmatically, intention to treat (ITT) analysis has become the ‘gold standard’ for

analysing the results of clinical trials. Despite its popularity and wide use, ITT is not without its critics,

controversies and misunderstandings. To perform an ideal ITT requires a full set of data, where all

patients providing data are followed, independent of any protocol deviation. However, most of the

time, clinicians and researchers are faced with non-compliance and drop-outs. Thus, researchers

should be familiar with the concepts associated with ITT and strategies to deal with missing data.

Objectives: The objective of this review is to clarify and summarise the important aspects of ITT

limitations, and contributions to clinical research. In addition, the concepts of effectiveness and

efficacy will be discussed in the context of randomised controlled trial (RCT) analysis. This will

help clinicians and researchers to have a greater understanding of ITT and apply this knowledge

when designing, evaluating, and reporting RCTs.

Conclusions: Depending on the objective of the trial, different approaches to data analysis could

be used. If the trial’s objective is purely explanatory, an ‘as treated’ or ‘per protocol’ analysis could

be a reasonable option. Nevertheless, it is advised that these approaches are not reported on

their own because of their susceptibility to bias when estimating treatment effects. If the objective

of the trial is pragmatic, that is, it addresses the effectiveness of a specific treatment in real life

(clinical setting), an ITT should be the primary analysis.

Keywords: Intention to treat analysis, efficacy, effectiveness, missing data, compliance, randomised

clinical trials, review

Introduction

Intention to treat (ITT) is a strategy used to analyse

the results of a randomised controlled trial (RCT) that

considers the subjects in the way they were randomised

at the beginning of the trial.1 ITT analysis is a

methodological quality indicator2 and many scales

and checklists measuring methodological quality have

used it to determine the global quality of the trial.3

Researchers and clinicians performing clinical trials in

the area of physical therapy as well as other areas of

health research should be familiar with this concept

and be aware of the benefits, limitations and con-

troversies related to ITT. The objective of this review is

to clarify and summarise the important aspects of ITT

analysis, its benefits, limitations, and contributions to

clinical research. In addition, the concepts of effec-

tiveness and efficacy in the context of RCT analysis

will be discussed. This will help clinicians and

researchers to have a greater understanding of this

approach, which can then be used when designing,

evaluating, and reporting RCTs.

Intention to treat analysis and its link with
randomisation

Randomised controlled trials (RCTs) are considered

the most powerful design for evaluating health care

treatment effectiveness since they use a systematic
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methodology that allows comparisons between

groups.4 Random assignment has been successfully

used for more than 50 years for ensuring homo-

genous or ‘comparable’ groups in RCTs.4,5 This is

accomplished because randomisation tends to dis-

tribute individual differences equally across the

groups (baseline homogeneity) so that the groups

systematically differ only in the way that they have

been treated. According to Altman et al.,1 randomi-

sation has three major advantages. First, it eliminates

selection bias in the assignment of treatments.

Second, it facilitates blinding of investigators, parti-

cipants and assessors to treatments or outcome

evaluations. Third, randomisation increases the like-

lihood that changes in the dependent variable are

attributable to the independent variables rather than

extraneous factors or confounding variables.

According to some authors,6–8 randomisation is one

of the main factors that ensure trial quality. However,

what happens if subjects are randomised properly to

different treatment groups but they do not follow the

assigned treatment? Moreover, what happens if the

subjects change to the other groups within the trial

(which they were not assigned to) or just drop out of

the study? How can researchers maintain the benefits

of randomisation?

One of the most accepted methods used in clinical

research to address this problem is the ‘intention to

treat analysis’ (ITT) (Fig. 1). ITT is a strategy used to

analyse the results of an RCT that considers the

subjects in the way they were randomised at the

beginning of the trial regardless of whether they

completed the intervention given to their group,1

their compliance with the entry criteria, the treatment

they actually received, or whether they withdrew

from treatment or deviated from the experimental

protocol.9 According to Deeks et al.,10 from the

Cochrane collaboration group, in order to use

ITT, ‘All participants should be included regard-

less of whether their outcomes were actually col-

lected’10 p112. However, there is no consensus amongst

researchers as to whether this criterion should be

applied since imputing data to replace missing

information for participants whose outcomes are

unknown (mainly through loss of follow-up) has been

questioned.

The ‘original concept and ideal ITT’ requires a

complete set of data,11,12 which means that all data

from all randomised subjects should be included in

the final analysis regardless of whether they com-

pleted the trial or not. Thus, all patients should be

followed and their data should be obtained regardless

of any protocol deviation (i.e. compliance, adverse

events, or migration between groups). In this way, a

more accurate estimate of the treatment effectiveness

can be obtained. According to Pocock and Abdalla,13

in many clinical trials an ‘ideal’ intention to treat

analysis (which means having a full set of data) is not

possible because loss of follow-up and withdrawal

from the study is practically unavoidable and data

from these subjects cannot be obtained. Therefore,

some statistical strategies have been created in order

to overcome these problems and estimate a treatment

effect when missing data are taken into account. One

of the main misunderstandings related to ITT is that

many authors believe that ITT is used only in the

Figure 1 Intention to Treat analysis. Modified from Walter et al.48 *Indicates groups being compared
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presence of missing data. However, the ITT principle

can be performed with or without missing data. An

ideal ITT analysis as mentioned previously occurs

when a complete set of data exists. However, clinical

trials commonly have withdrawals and drop-outs.

Thus, an ideal ITT is not always possible, but can still

be performed using imputation techniques (to be

discussed later).

Because of its numerous advantages (Table 1), the

use of ITT has been favoured by many researchers,

clinicians, policy makers, and evidence-based

groups.1,14 ITT has been described as the ‘gold

standard’ based on a pragmatic approach since it

maintains the benefits of randomisation and answers

a more pragmatic question: ‘how effective is a

treatment in a real life situation?’ Non-compliance

with ITT analysis results in many methodological

problems. The most important of these is the

potential loss of the benefits of randomisation. That

is, biased results may be obtained if the comparability

between the groups is lost. According to Armitage,15

it is dangerous to omit subjects who drop out or

deviate from a treatment protocol since there is no

longer total confidence that the remaining groups will

be comparable. Thus, if selection bias exists when

analysing the trial (if some subjects are omitted from

the analysis) and the subjects who drop out or violate

the protocol are likely to differ from participants who

provide complete data, the results from the trial could

be biased. In this case, it is important that researchers

provide the reasons that subjects failed to comply,

follow the treatment protocol, or complete the trial.

This information could prove to be useful to the

reader to evaluate the validity of the results of the

trial. For example, if subjects dropped out of a trial

for reasons linked to the intervention (e.g. adverse

effects, inadequate results of the treatment, worsen-

ing of the condition) or there is a great difference in

drop-out rates between groups, and these subjects

have been excluded from the analysis, the reader may

be more cautious in accepting the treatment estimates

of the trial. In addition, prognostic factors that affect

compliance and treatment effect cannot be identified

and taken into account because non-compliant

subjects and those who dropped out of the trail are

not accounted for in the analysis. Finally, general-

isation becomes more difficult, as the results are

applicable only for a specific group (i.e. the group

selected for analysis).16

According to Pocock and Abdalla,13 ITT should be

the main analysis for RCTs that take a pragmatic

approach, and the main conclusions of treatment

effects should be based on that analysis. However,

researchers could explore other analyses such as ‘per

protocol’ or ‘as treated’ analyses to complement the

pragmatic approach provided by ITT.

Table 1 Requirements, advantages and limitations of an Intention to Treat (ITT) analysis

Requirements for an ideal ITT
N Full compliance with randomised treatment
N No missing responses
N Follow-up on all participants

ITT advantages
N Preserve random allocation in a trial and maintain the balance of known and unknown characteristics of patients across

treatments. So, it preserves groups comparability
N Balance prognostic factors in the study groups
N Protect the inferential basis of statistical analysis in randomised controlled trials
N Test the effectiveness of a therapy (effect of an intervention in a real life situation) rather than efficacy (the effect of receiving a

treatment in a controlled laboratory setting)17

N It is consistent with the objectives of a pragmatic approach. Thus, it reflects the benefits of that treatment in quotidian clinical
practice

N It is a more conservative approach in the sense that it attenuates differences in effects between treatments (it decreases type I
error but increases type II error)

N Emphasises greater accountability for all patients entered to the study and as a result minimises the influence of withdrawals, non-
compliers, and patients lost to follow-up

ITT Limitations
N It is too cautious and more susceptible to type II error
N Interpretation of the ITT analysis is difficult if a large proportion of participants crosses over to the opposite group or if the

proportion of patients who drop out is significant
N ITT is inappropriate for efficacy researchers and clinicians since it analyses the effect of treatment prescribed and not the effect of

treatment received
N Presents some problems when patients do not receive any treatment post-randomisation
N In equivalence trials this analysis will favour equality of treatments
N Can hide problems related to the way in which missing data are handled (researchers perform and report the use of ITT analysis

poorly)47

Armijo-Olivo et al. Intention to treat analysis

38 Physical Therapy Reviews 2009 VOL 14 NO 1



Effectiveness and efficacy approaches to
analysing data in randomised trials

Effectiveness and efficacy are two concepts that

people use interchangeably when describing the

effects of an intervention. However, these concepts

are different and researchers and clinicians need to be

familiar with their definitions and use in clinical

research. Effectiveness is defined as ‘the extent to

which a treatment achieves its intended effect in the

usual clinical setting’17 p. 114 and efficacy has been

defined as ‘the extent to which a treatment has the

ability to achieve its intended effect under ideal

circumstances’.17 p. 114 Researchers, clinicians,

policy makers and patients could have different

questions relating to efficacy and effectiveness when

faced with the same therapeutic problem. For

example, consider the following clinical case: A

female patient, aged 46, with chronic neck pain and

dysfunction for five years is looking for relief of

symptoms. She goes to a clinician for a solution. The

clinician looks for the best available evidence

obtained from RCTs. If the clinician decides to use

therapeutic exercises, the clinician is interested in

whether such treatment will have a positive outcome

when used for this condition. The clinician knows

that exercises could be a good option for treating

chronic neck pain because in clinical practice,

exercises for neck pain have worked in the past with

patients. The clinician decides to look at the available

information on the efficacy of therapeutic exercises in

chronic neck pain. In this context, the first question

that the clinician or researcher is interested in is ‘what

is the efficacy of exercises for chronic neck pain?’ This

means, the clinician wants to know if exercises work

as a treatment option for chronic neck pain without

considering any factors such as compliance, and

drop-outs. Commonly, this approach uses a con-

trolled environment (laboratory setting) and is

applicable to a specific group of patients having the

condition of interest. An efficacy approach means

the treatment can be effectively administered (i.e.

the patient understands and is able to perform the

exercises) and that the effect of a treatment is

evaluated among patients who are able to tolerate

the treatment, without having side effects, and who

are adequately compliant (receiving at least 80% of

the assigned treatments).18,19

The second question the clinician or researcher is

interested in is ‘what is the ‘effectiveness’ of exercises

on chronic neck pain in real life?’ In this case, the

clinician is trying to determine if this intervention (i.e.

exercises) is effective if the subject does not totally

comply with the treatment or if there is any external

or environmental event present that could affect the

treatment. In this case, the effect of the treatment will

be seen as it happens in a real life situation or clinical

setting. With this approach, one is more able to

generalise the information to more subjects and to

less restrictive conditions.

In addition, if policy makers want to implement a

certain treatment to a given population they need to

know the effectiveness of this intervention since they

want to apply it in a real life setting for a large

number of people. Therefore, the design and analysis

of trials could answer different questions relating to

effectiveness and efficacy, depending on the interest

of researchers, clinicians, or policy makers. Many

methods have been used to analyse trials according to

different clinical questions. In the following section,

other methods that complement ITT analysis will be

discussed.

Efficacy approaches when analysing randomised trials

As treated analysis

The ‘as treated approach’ (AT), Fig. 2, compares

outcomes in subjects according to the treatment

received.19 Thus, AT analysis includes everyone who

received a treatment (i.e. at least 80% of the

treatment), whether or not the researchers assigned

that individual to that particular treatment group.

The use of AT analysis has been controversial and it

has not been well accepted. This is not only because

of its statistical inference flaws (increased type I error,

decreased sample size and loss of power) but also

because of its increased selection bias since it only

considers a subgroup of people. This analysis is

shown to be biased towards having an increased type

I error (the probability of rejecting the null hypoth-

esis when this is true20) because the likelihood of

finding differences between groups, having only the

subjects who received the intervention in the analysis,

is increased. This means that this analysis over-

estimates the treatment effects and is more likely to

reject the null hypothesis. However, according to

some,12,21 the results of AT analysis can be of interest

in an exploratory way. That is, the results can provide

some idea about the maximum treatment ‘efficacy’ in

patients who actually received the treatment.

Per protocol analysis

The ‘per protocol’ (PP) analysis, Fig. 3, deals with

patients who have completed the entire treatment

protocol as originally planned and with perfect

compliance.19 This analysis is also called ‘compliers

only’ analysis. Thus, this analysis counts only those

Armijo-Olivo et al. Intention to treat analysis
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subjects assigned to a treatment who actually received,

complied with, and completed the treatment. In this

case, compliance involves treatment participation,

availability for measurements to be taken at different

points in time, and absence of major protocol

deviations.22 The PP procedure also suffers from

selection bias and its assessment is generally difficult

since it does not consider in its analysis subjects who

are not compliant with the treatment protocol. Thus,

the treatment effect in patients who were not

considered in the analysis is unknown. However, the

US Food and Drug Administration (FDA) generally

requires that analyses based on PP in addition to ITT

be conducted before a drug will be approved. This

indicates that both approaches are necessary: to

determine whether the treatment is efficacious in a

predetermined population, and if the treatment is

effective in a real life situation.

According to Tillman et al.,23 if withdrawal is due

to adverse effects and these patients are excluded

Figure 3 Per protocol analysis. Modified from Walter et al.48 *: Indicates groups being compared in analysis

Figure 2 As treated analysis. Modified from Walter et al.48 *z: Indicates groups being compared in analysis. In this case

people receiving treatment A will be compared with people receiving treatment B
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from the analysis, withdrawal owing to adverse

effects could be underestimated and a selection bias

in favour of the intervention could result. In addition,

if the adverse effects of the intervention are serious,

this underestimation could be dangerous if the

treatment is implemented in the general population.

Nonetheless, PP can provide some idea about the

maximum treatment efficacy in patients who comply

fully with the treatment.12,21

Comparisons among intention to treat, as treated and per
protocol to analyse randomised clinical trials: advantages
and limitations

Even if ITT analysis is preferred by many researchers

because of its benefits, some controversies exist

regarding its use (Table 1). First, it has been

suggested that the ITT approach is too cautious

and more susceptible to type II error (failure to reject

the null hypothesis when it is false) and reduced

power since it attenuates the magnitude of the effect

size.19 However, according to Lachin,11 ITT has the

same power when compared with other approaches

(i.e. ‘as treated’ and ‘per protocol’) since everybody is

considered in the analysis of the trial, and has less

susceptibility to bias owing to the absence of subset

selection, a process which occurs in AT and PP

analyses.

Another limitation is that interpretation of the ITT

analysis is difficult if a large proportion of partici-

pants transfer to the opposite group because they did

not like the assigned treatment or had adverse events

from it, or drop out, since the treatment effect could

be underestimated or overestimated.24 For example,

if a large percentage of subjects drop out of the trial

without providing data, researchers could perform

ITT by imputing values, however, according to some

researchers25 if the drop-out rate is .20%, the

estimation of the treatment effect is not accurate.

Moreover, in the case of equivalence trials (i.e. those

that attempt to prove that two treatments do not

differ by more than a certain amount) ITT favours

equality of treatments.22

According to some efficacy researchers and clin-

icians,19 ITT analysis is unreasonable since it analyses

the effect of ‘treatment prescribed’ (through rando-

misation) and not the effect of ‘treatment received’.

Clinicians argue that the results of trials analysed

with ITT have no clinical meaning, because some

patients never received the randomised treatment and

thus, this approach could lead to wrong conclusions.

Therefore, researchers sometimes prefer an efficacy or

explanatory approach instead of a pragmatic or

effectiveness approach. In order to obtain an efficacy

analysis, subsets of patients who meet the require-

ments are analysed (through AT and PP analyses). As

stated by Pocock and Abdalla,13 it is helpful to know

the efficacy of a treatment for those patients who

comply with the treatment in order to provide advice

to clients. Nevertheless, it is also important to know

the results of a general pragmatic approach in order

to guide any decision-making process for the general

population.

In addition, some complications can occur when

deciding which subjects are included in an ITT

analysis. For example, what happens when subjects

drop out immediately after the randomisation proce-

dure without receiving any intervention or when

subjects cannot receive any intervention after rando-

misation (e.g. in the case of death)? In addition, what

happens when subjects are misdiagnosed and rando-

mised to a certain treatment group when they do not

meet the eligibility criteria of the trial? All of these are

difficult situations to analyse with ITT. Some

researchers18,22 have suggested certain principles

and guidelines to follow in order to decide whether

or not to exclude patients from a trial. They proposed

that exclusion criteria for the analysis of the study

should be clearly defined and described before

starting the trial, and that randomisation should be

performed after the consent form is completed and

diagnosis of the participant is confirmed. In addition,

researchers blinded to the treatment allocation

should be in charge of excluding participants from

the analysis. According to these authors, subjects

who are randomised to a certain treatment group

erroneously and do not receive any treatment after

randomisation can be excluded from the analysis

without a high risk of increasing bias; however,

researchers should not be allowed to exclude

subjects if they receive any kind of treatment after

randomisation.

The choice of which approach to use to conduct,

carry out or analyse clinical trials (effectiveness vs.

efficacy approach) depends on the objectives of the

trial and on who is expected to utilise the results. As

mentioned previously, different analyses can draw

different conclusions regarding the efficacy or effec-

tiveness of a specific treatment. Similar results can be

obtained from ITT, AT or PP when participants who

deviate from the assigned protocol comprise a

random selection of participants in the trial. Thus,

it is suggested that a ‘sensitivity analysis’ (i.e.

analysing data through two or more different

methods, e.g. using ITT and PP or AT) should be

conducted in order to test the validity of the

Armijo-Olivo et al. Intention to treat analysis
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conclusions. Following this suggestion, Wright and

Sim21 performed a simulated sensitivity analysis on

known data in order to confirm the strength of ITT

and ‘as-treated analysis’ (AT). They used a hypothe-

tical trial involving a pragmatic comparison of two

treatments for patients with a disability owing to

persistent hip pain. The patients were randomly

assigned to receive medication (i.e. analgesics or

anti-inflammatory drugs) or physical therapy in the

form of home exercises. They found that, in general,

any difference in treatment effect was weakened in an

ITT analysis and was exaggerated in an AT analysis

when patients switched groups because of changes in

the treatment assigned or when patients were lost to

follow-up because of a non-random process such as

adverse effects, dissatisfaction with the trial, or death.

This was thought to be because subjects who stay in

trials are generally the ones that have better effects. 26

In addition, they showed that seriously biased

estimates were obtained for all approaches when a

high percentage of participants was lost to follow-up

(>30%) and the methods for imputing values did not

account properly for the missing data.21 Therefore,

they felt, an ITT analysis was important when

analysing data in RCTs in order to draw appropriate

recommendations for treatment effects when the

focus of the study was on the ‘effectiveness’ of an

intervention package of care. They realised, however,

that AT analysis could provide misleading results

especially in the magnitude of treatment effects

(overestimation) since it only considered subjects

who received the assigned treatment, increasing the

likelihood of finding a greater treatment effect. Since

AT analysis involves selection bias, the treatment

effect estimates cannot be freely extrapolated to other

individuals or different settings than those of the trial.

However, as mentioned before, it provides an answer

regarding the efficacy of a determined treatment for

the specific people who received the treatment.

The need to do an ITT or an AT or PP analysis is

based on the question that researchers want to

answer. When investigators want to know the effect

of a certain treatment under ideal conditions on com-

pliant patients, then an AT analysis or PP analysis

should be used (efficacy analysis). However, if

researchers want to know whether the treatment

works in clinical and practical conditions, an ITT

analysis should be conducted (effectiveness analysis).

Gibaldi and Sullivan12 mentioned that ‘it is necessary

to establish treatment efficacy before evaluating treat-

ment effectiveness’p.672. This means that in order to

test a chosen treatment in a real life situation one

should be sure that this treatment works in a con-

trolled situation. This is logical since if one is not sure

that a treatment works in a controlled situation

(laboratory setting), the treatment will probably not

work in a practical setting. In addition, they noted

that a treatment can be efficacious without being

effective. This means that certain treatments can

work in a controlled laboratory setting but not in a

clinical setting (uncontrolled environment). Therefore,

many researchers recommend doing a sensitivity

analysis in order to incorporate both an efficacy

and effectiveness approach. Ideally, both approaches

should provide consistent results. If not, researchers

should explain the reasons for this inconsistency and

determine the significance of both approaches.

In addition to the ideas expressed previously,

Clarke27 emphasised the importance not only of

analysing studies according to different approaches

but also of designing and conducting hybrid studies.

These studies could combine both approaches:

efficacy and effectiveness. This means that they

should try to broaden the generalisibility of the

studies by recruiting more representative samples

from the population and clinical setting (effective-

ness) while maintaining the rigor of efficacy research

(controlled laboratory setting). In this way, the

research can address different questions and provide

answers to a broad spectrum of research consumers.

Compliance and intention to treat analysis

In randomised controlled trials, non-compliance or

non-adherence can be one of the major barriers to

achieving statistical power to detect intervention

effects.28 It has been shown that non-compliance

and attrition rates are relatively high in RCTs.29

Non-compliance is very common in clinical practice

and it is unrealistic to expect perfect compliance in a

trial with a long follow-up. However, researchers

should aim for perfect compliance in order to

keep trial evaluation as clean as possible.30 Non-

compliance occurs when subjects do not remain in the

assigned randomised group. The most common form

of non-compliance occurs when subjects fail to show

up and receive the treatment. Other forms occur

when subjects from the control group find ways to

receive the treatment targeted to the experimental

group or when subjects do the opposite of what they

are asked to do. The most extreme form of non-

compliance occurs when a patient totally withdraws

from the trial. This could occur because the patient

refuses to participate further in the trial, because

clinical judgment dictates the transfer of the patient
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to an alternative therapy30 or because of a physiolo-

gical event such as death. Withdrawal of a patient

from treatment, for whatever reason, should not

exclude the patient from subsequent evaluation.

Subjects can still provide measurements without

receiving the assigned intervention. It may be crucial

for the study that the evaluation continues until the

trial has finished. The researcher conducting the trial

has a critical role in explaining to study participants

why they should come for evaluations even if they do

not want to continue in the trial. The measurements

obtained from subjects not compliant with the trial

can add valuable information for those subjects and

can provide a more accurate estimation to clinicians

of the treatment effect as it happens in a real life

situation. This is the ideal for a full ITT analysis.

However, in clinical practice, this does not always

occur. In addition, compliance is not simply a

dichotomous measure. There are gradations between

full compliance and total non-compliance which can

change over time. All of these gradations are very

complex to measure.13

How should investigators analyse study data if one

or more participants have not adhered to the

allocated treatment? According to Pocock and

Abdalla,13 incorporating compliance data in the

analysis of a trial is a valuable complement to the

ITT analysis. Many investigators use the PP analysis,

which only analyses the patients who adhere to the

treatment protocol. This type of analysis, as noted

previously, is controversial and has been questioned.

Problems with this analysis arise when the reasons for

non-adherence to the protocol may be related to the

prognosis. It has been shown that patients who

generally adhere to treatment intervention tend to do

better than those who do not, even after adjusting for

all known prognostic factors and irrespective of the

group to which they were assigned (i.e. active

treatment or placebo).26 According to the clinical

literature, generally compliance is associated with

background health characteristics related to the

outcome and response.31 Thus, when one only

considers the compliers in the analysis, one is

analysing only those who generally have better

outcomes.32

On the other hand, ITT provides an unbiased

assessment of the effectiveness of the intervention at

the level of adherence observed in the trial. This level

of adherence could be similar to that observed in real

life or a clinical community and this could be very

helpful for the decision making process about the

effectiveness of the treatment.32 However, ITT could

also underestimate the treatment effect in adherent

subjects when treatment is effective but non-adher-

ence is substantial.

In addition, conventional ITT does not take into

account the actual time that subjects who withdrew

early spent taking part in the trial. As proposed by

Tillmann et al.,23 in conventional ITT analysis, the

results are independent of the actual time a subject

complies with the treatment since every participant

will contribute data at the moment of the evaluation.

Tillmann et al.23 analysed long-term mortality in a

large-scale clinical trial performed in Australia. They

added data regarding compliance and actual time on

trial medication to the traditional ITT analysis using

an ITT-based Cox proportional hazard model

(modified ITT). Thus, compliance and actual trial

medication were accounted for in the results obtained

in the trial. They found that incorporating compli-

ance data into the conventional ITT analysis resulted

in a more accurate effect size estimation.23 According

to these authors, this approach may strengthen the

validity of the conventional ITT analysis and may be

applicable to other similar situations.

Many techniques have been created to deal with

compliance in the analysis of data in a clinical trial.

However, these methods have either not been fully

developed for practical application in trials, or simply

not adopted.33 A more practical solution to the

compliance problem could be to identify compliers

and non-compliers or patients not tolerant to the

treatment beforehand in a pilot study. In this way,

only compliers with the treatment would be included

in the trial to guarantee adherence and minimise loss

to follow-up. However, this approach reduces repre-

sentativeness. In addition, it is advisable to monitor

compliance and motivate people to be compliant with

treatment protocols to avoid problems derived from

non-compliance.30 According to Pocock,30 careful

explanation to the patient about the treatment

protocol, schedule, and trial objectives are essential

in achieving full patient cooperation. Additionally, it

would be helpful to prepare an explanatory pamphlet

for each patient, to incorporate regular check-ups,

and reinforce compliance at follow-up examinations

or by phone.

Missing data and intention to treat analysis
Types of missing data

Missing data owing to subjects’ refusal to complete

outcome assessments, missed appointments or loss of

follow-up to treatment and evaluations can also

affect the power of the study. As with compliance,
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missing data are rarely under the control of the

researcher. These complications in a study greatly

compromise the ability to draw clear conclusions.31

Statistical evaluation of a treatment effect is usually

complicated by missing observations because of

drop-outs (i.e. subjects who drop out of the clinical

trial after some short-term follow-up visit and do not

return) or by missing observations because subjects

missed one or more visits even though they may have

completed the trial. The problem of missing data is

common but most of the time, researchers disregard

it in the analysis and presentation of the trial’s results.

This happens because researchers commonly lack the

knowledge to deal with missing data.29

The central problem of missing data is: whether the

researcher should complete or fill in the data of the

subjects who dropped out, or just exclude all the data

from these participants from the analysis? The answer

to this question is not a simple one and researchers

should first determine how the missing data occurred.

Rubin34 proposed a typology for classifying missing

data based on statements concerning the probability

related to the missing observations. The first category

is when data are ‘Missing Completely at Random’

(MCAR). This occurs when an observation that is

missing is totally unrelated to or independent of the

study intervention, measurements or the values of

any of the data.35–37 For example, one has a

dependent variable ‘quality of life’ or ‘pain intensity’

and a set of other variables such as baseline

measurements of the outcome variable, age, gender

and race. If missing data is not dependent on any of

these observed variables, then the missing data is

defined as MCAR. A subject’s missing data values

are only MCAR if the reason for the dropout was

unrelated to the outcome for that subject (e.g.

employment requires moving out from the city or

area; funeral of a family member; wedding).

However, missing data are generally related to the

intervention of interest in the study, so the MCAR

assumption is commonly unsustainable.11,21,36

The second category is called ‘Missing At Random’

(MAR). MAR is a condition that occurs when

missing values are not randomly distributed across

all observations but are randomly distributed within

one or more subsamples.36 For example, when

missing data are more likely among whites than

non-whites or among younger people than older

people but random within each sub-sample, the

missing data are defined as MAR. For example, let

one suppose a research project included the responses

to a survey about socioeconomic status. The

researcher also collects other demographic data such

as age, height, weight, and health level. The missing

data are said to be MAR, if the probability of having

missing socioeconomic status data may vary accord-

ing to the age, height weight or health level. Thus, for

example one age group may be less likely to disclose

its socioeconomic status and thus this missing data is

MAR. Missing data that are MCAR or MAR are

said to result from a missing data mechanism that is

ignorable.36 This means that imputation techniques

could provide more accurate estimates of treatment

effects when missing data have no relation to the

intervention or outcomes of interest.11,21,36

The third category is ‘Not Missing At Random’

(NMAR). This occurs when ‘the probability of

missing data depends on the actual value of the

missing data point and not on other observed

measures’.35 p.319 In this case, missing data are

‘non-ignorable’.11,36 The distinction regarding

whether the data is MCAR, MAR or NMAR is not

simple but it is important since the method of data

analysis depends greatly upon the type of missing

data.36 Generally, it is assumed that missing data are

MAR since MAR is a less restrictive assumption than

MCAR and can often be more reasonably assumed in

practice. However, in real life, most of the missing

data are related to the intervention or prognostic

factors. This complicates the issue of dealing with the

missing data in clinical trials since the imputation

methods are based on the assumption that data

should be missed at random.

Methods to handle missing data

Many procedures exist to deal with missing data. The

most common strategy to deal with missing data is

imputing missing values with some predicted values.

Some strategies use multivariate analysis of the

prognostic factors to predict the most likely outcome

in subjects lost to follow-up. All of these strategies

generally make unconfirmed assumptions that may

also bias the estimates of treatment effect by imputing

data. Thus, inferences from studies with a high

magnitude of loss to follow-up are less accurate and

therefore more questionable than those with minimal

loss to follow-up or drop-outs. None of the strategies

used for dealing with missing data can minimise all

bias introduced by loss of follow-up and thus they

cannot be considered as the solution for all poorly

conducted trials. They must be used with caution

since statistical analysis and imputation techniques

can never compensate for or exactly reproduce

missing data.25,38
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Methods of imputing data can be single or multi-

ple. Single imputation methods involve filling in

missing observations with reasonable estimates (gen-

erally means) to keep the original structure of the

data .36 Thus, the single imputation methods attempt

to preserve aspects of the data distribution. However,

because all missing data are replaced with the same

value, this substitution of missing values based on

observed or predicted means (through regression)

results in an underestimation of the measure’s

variance for this set of data. In addition, according

to Abraham and Russell,35 when single imputation is

used for a large number of missing data, relationships

between variables could be overestimated, and large

associations between covariates and outcome can

mask treatment effects, producing an increase in type

II error.39

Of the single imputation methods, the most

frequently used approach for dealing with missing

data in clinical trials is to use the last value obtained

from a subject for the analysis. This approach is

called ‘endpoint analysis’ or ‘last observation carried

forward’ (LOCF) which includes data for the last

known state of the subject in the analysis, assuming

that this is valid information about the subject’s true

outcome.25,36 Another approach consists of imputing

the mean of the missing subject’s own group, assum-

ing that the patient is representative for his/her

group, and not systematically different from those

subjects fully observed.25 According to Gadbury

et al.,36 the LOCF and the method of imputing

missing data with mean values require the missing

data to be MCAR to yield unbiased estimates of a

treatment effect, which is not justifiable most of the

time as mentioned previously. In addition both

methods underestimate the standard error resulting

in inflation of the true probability of observing a type

I error.36 Little and Yau40 added that LOCF can

interrupt a deteriorating course of a disease after a

drop out (e.g. in Alzheimer’s disease) since worse

values of the outcome are replaced by the last

measurement obtained. Thus, LOCF can incorrectly

find a treatment effective when there is truly no effect.

Imputation of the mean of the other group (i.e.

comparison group) is also used. This is done in order

to avoid erroneous decisions in favour of the new

treatment. However, its use is controversial since the

imputed value belongs to a different group.25

Unnebrink and Windeler25 performed a detailed

investigation using different methods for dealing with

missing values in an attempt to develop recommen-

dations for practice. They performed a simulation

study investigating possible consequences of type I

error and the power of different methods for dealing

with missing data. They found that some strategies

used in ITT analyses could increase the type I error

drastically and decrease power substantially. For

example, they found that in the ‘last observation

carried forward’ method (LOCF), the level of

significance was violated for only slightly different

courses of disease in different comparison groups. In

the method ‘imputation of the mean of the other

group’ (MOTH), there was no significant loss of

power for moderate drop-out rates. Thus, this

method (MOTH) seems to be more robust regarding

type I error for moderate drop-out rates. For

completeness, as comparative information, the AT

analysis (when not considering drop-outs in the

analysis) was found to increase the type I error to

unacceptable levels for moderate drop-out rates of

less than 20%. In addition, it has been shown through

recent simulation studies that PP and AT provide

inappropriate results when dealing with missing

data.41,42

Multiple imputation methods (MIM) were designed

to overcome problems of single imputation. Multiple

imputation methods try to replace each missing value

with a set of possible random values. In this way,

MIM can reproduce the variability of the missing

value maintaining the structure of the data set.

Basically MIM involves repeating the imputation

‘k’ times. The idea of MIM is to generate random

estimates by calculating these estimates several times

through regression models. Thus, the final estimate is

obtained by combining the ‘k’ estimates during the

multiple imputations.35,36 Once the missing data are

filled in (imputed) with multiple imputation, all

statistical tools available for the complete data may

be applied.43 Even if all of these methods sound

complicated, at the present time, many statistical

program packages such as SAS and SPSS have

procedures to implement multiple imputation36

which facilitate their use.

Gadbury et al.36 compared the estimation of the

treatment effect provided by single and multiple

imputation methods with simulated data. They

analysed complete case analysis (PP), last observation

carried forward (LOCF), multiple imputation, and

repeated measures mixed effect model (a new method

dealing with missing data that allows subjects with

missing data to be included at some point in time and

allows evaluation of trends in outcomes separately

for each group).36 They found that complete case

analysis produced biased estimates of treatment effect
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in MAR or NMAR situations. LOCF produced

biased estimates for all three types of missing data. In

addition, LOCF also produced the smallest standard

error because values imputed are the same as the last

visit. Both multiple imputation and repeated mea-

sures mixed effect models obtained better reproduci-

bility of unbiased estimates of a treatment effect for

all types of missing data (MCAR, MAR and

NMAR), providing more accurate information of

the treatment effect than the other analysed methods.

Based on their results, Unnebrink and Windeler25

stated: ‘there are no strategies for universal use when

dealing with missing data in an ITT analysis’, and

recommended that the reason for the choice of any

strategy should be provided when analysing and

reporting clinical trials. As a general rule, for drop-

out rates of less than 20% and similar courses of

disease in comparison groups, missing values might

be replaced by the mean of the other group, or

counted as treatment failures after dichotomisation

of the endpoint. However, for larger drop-out rates,

no adequate recommendation can be provided. In

summary, ‘no statistical methods will ever be able to

replace missing information and the optimal solution

is to keep the missing data to a minimum’.25 p.3945

This can be accomplished, for example, by minimis-

ing the amount of time between randomisation and

the delivery of trial interventions and actively

managing data collection for all participants irre-

spective of treatment allocation or adherence.

According to Wight and Sim21 whatever approach

is used to deal with missing data is open to criticism.

They recommend assessing the impact that ITT

analysis can have on the conclusion drawn from a

trial with a sensitivity analysis.21 This means that

researchers should report the results of ITT (by

including all the subjects randomised in the trial

regardless of compliance) and analyse the results

considering PP or AT, or even analyse the trial

results by using different imputation methods (in the

case of missing data). In this way, readers and

consumers of trial results (i.e. clinicians, policy

makers and researchers) could have more complete

information regarding treatment effects under differ-

ent conditions.

Methodological and reporting quality of ITT

Even if ITT analysis has been recognised as the gold

standard for analysing RCTs that take a pragmatic

approach, there is a lack of clarity in the definition

and understanding of ITT analysis. It has been

reported that authors frequently mention that they

used ITT analysis; nonetheless, the ITT is often

inadequately described and applied.16,24,44 For exam-

ple, Hollis and Campbell16 found that the major

medical journals reported ITT analysis poorly. This

has also been seen in specific areas of medicine such

as dermatology, obstetrics, ophthalmology and psy-

chology.24 Sometimes even if the authors have

performed ITT analysis, they have made serious

mistakes in the ways that they have performed these

analyses. Whittaker et al.44 found similar flaws in

their analysis of studies on parenting research. In

their analysis, authors violated the most basic

principle of ITT analysis – that is, considering

everybody in the analysis in the way they were

randomised – by forming specific groups for final

analysis without considering initial randomisation.

According to a report by Ruiz-Canela and

Martinez-Gonzalez,2 trials with a small sample size

were less likely to report the use of ITT analysis. In

addition, RCTs that did not report the number of

withdrawals or loss to follow-up, and those that did

not report information about compliance with treat-

ment were also less likely to report the use of ITT

analysis. On the other hand, trials with a greater

number of participants and those funded by pharma-

ceutical companies were more likely to report the use

of ITT analysis. Results from Ruiz-Canela and

Martinez-Gonzalez’s study support the association

between higher methodological quality of trials and

reporting the use of ITT analysis. No studies

analysing the use and the quality of ITT analysis in

physical therapy trials have been conducted. A

research study is underway in our research group

analysing the issues of ITT in physical therapy

research.

Summary and recommendations

Intention to treat (ITT) analysis has become the ‘gold

standard’ for analysing the results of clinical trials

based on a pragmatic approach. However, despite its

benefits, ITT analysis has been criticised by many and

its use still remains controversial. There are no clear

guidelines or rules on how to use ITT, which has led

to misunderstanding of its use.45 Thus, this review

has attempted to provide more information to

clinicians and researchers about ITT and highlight

the importance of its use when designing and

conducting RCTs.

Many researchers support the use of ITT analysis

and recommend it for analysing clinical trials since it

provides a more valid assessment of treatment

effectiveness as it relates to actual clinical practice.
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Policy makers and evidence-based research groups

(e.g. CONSORT statement group, Cochrane

Collaboration group, and the most prestigious

medical journals) have adopted ITT analysis as

the analysis of choice for RCTs because it is less

prone to selection bias and maintains the virtues of

randomisation, ensuring more accurate treatment

comparisons and assessment of treatment effects.

Conversely, some researchers do not support this

analysis since it is considered counter-intuitive

and too conservative, thus minimising treatment

effects. Nonetheless, the majority of research-

ers2,11,16,21,24,43,44,46 agree that ITT should be the

primary analysis of any RCT. However, the authors’

advice is to carry out a sensitivity analysis that could

assess the strength of results under different scenarios

and conditions. As mentioned by Wright and Sim,21 a

sensitivity analysis could provide a better under-

standing of the treatment effects under different

circumstances. In addition to the advancement of

research, Clarke27 highlighted the importance of

more studies being designed as hybrid studies. This

means that researchers try to incorporate both the

efficacy and effectiveness approaches when designing,

conducting and analysing trials of interventions.

Depending on the objective of the trial, different

approaches could be used. If the trial’s objective is

purely explanatory, an ‘as treated’ or ‘per protocol’

analysis is a reasonable option. Nevertheless, it is not

advisable to report these approaches on their own,

because of their susceptibility to bias when estimating

treatment effects. If the objective of the trial is

pragmatic, that is, it investigates the effectiveness of a

specific treatment in real life (clinical setting), an ITT

should be the primary analysis. If researchers want to

answer both questions, results from a trial can be

presented using both approaches: explanatory and

pragmatic.

The ideal ITT analysis requires a full set of data,

where all subjects are followed and provide data

independently of any protocol deviation or violation.

This is difficult to accomplish in real life situations as

clinicians and researchers are often faced with non-

compliance and drop-outs. In order to overcome

these circumstances, some techniques have been used

to account for non-compliance and to handle missing

data. There are no universally applicable methods to

handle missing data; however, there are some

methods that are likely to be more recommended

than others, Table 2. Multiple imputations can more

accurately estimate the treatment effect when com-

pared with single imputation methods in studies with

less than 20% missing data. Trials with a large

numbers of drop-outs (.20%) have an increased type

I error as well as loss of power regardless of the

methods used to handle missing data.25 Therefore, no

recommendation regarding imputation can be made

for trials with missing data that exceeds 20%. The

best advice is to keep the drop-out rate and missing

data as low as possible.

With regards to reporting of ITT analysis, authors

should note any deviation from random allocation or

the treatment protocol. Also, missing responses and

their cause should be reported and discussed.

Authors should clearly state the method for handling

missing data, as well as the software and statistical

Table 2 Recommendations for future research regarding ITT

N The full ITT principle should be applied as primary analysis in RCTs based on an effectiveness approach. Ideally, all patients should
be followed and should provide outcomes measures. PP and AT analysis could be complementary to ITT but they should not be
reported alone.

N Patients who withdraw or discontinue treatment due to inefficacy or adverse events must be followed through the study and their
outcomes reported.

N All protocol violations and major deviations should be reported as they occur. Investigators should aim to provide an honest account
of such events.

N Reasons for drop-outs and proportions for each treatment group should be reported.
N Sensitivity analysis to encompass different scenarios of assumptions and discuss consistency or discrepancy among results should

be conducted.
N Use strategies to minimize the chance of drop-outs and protocol deviations (switching groups) at the design stage and during trial

monitoring.
N Post drop-out data on the primary endpoints, if at all possible, should be collected.
N Consider the drop-out event itself an important event in studies with many drop-outs. This could add information for future

researchers.
N Post-randomization exclusions could be appropriate if there was strict double blinding, or if the patients did not received any

intervention.
N Use an appropriate method to handle missing data i.e. multiple imputations, modelling (always consult a statistician).
N Single imputations such as ‘the last observation carried forward’ should be avoided.
N If possible, use methods to motivate compliance (check-ups, pamphlets, education) and monitor compliance.
N Journal editors have the responsibility of supporting the improvement in clinical trial reporting by requiring researchers to adhere to

CONSORT guidance as a prerequisite of publication.
N Remember sophisticated statistical analysis cannot compensate for poorly designed and conducted trials.
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model used to analyse the trial. In addition, readers

should pay attention to the way authors analyse data

and be critical of trial abnormalities and sloppiness in

reporting and conducting a trial. Journal editors have

the responsibility to support improvement in clinical

trial reporting by requiring researchers to adhere to

CONSORT guidelines as a prerequisite of publica-

tion. In this way, the methodological and reporting

quality of trials and ITT could be improved.

Finally it should be noted that sophisticated

statistical analysis cannot improve poorly designed

and conducted trials. Clinical trials should always be

planned and conducted with the highest methodolo-

gical standards and should aim to accomplish an

ideal ITT analysis without missing data and with full

compliance.30
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