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ABSTRACT

Objective: Demonstrate how mixed models may be used to estimate treatment effects and inform 

decisions on the need for monitoring initial response.

Study Design and Setting: Mixed models were used to analyse data from the Perindopril Protection 

Against recurrent Stroke Study (PROGRESS) which examined the effects of perindopril and 

indapamide in 6105 patients at high risk of a cerebrovascular event. 

Results: The mean effect of perindopril was to lower blood pressure (systolic/diastolic) by 6/3 

mmHg. The mean effects of perindopril/indapamide varied according to baseline blood pressure, 

and lowering of blood pressure ranged from 9/5 to 14/5 mmHg (for individuals with a baseline 

systolic blood pressure <140 and >150 mmHg respectively). We found no variation in the effects 

of treatment on blood pressure for either perindopril alone or in combination with indapamide. The 

effects of treatment on the individual can be predicted from the mean effect of treatment for the 

group (perindopril) or baseline systolic blood pressure subgroup (perindopril/indapamide). 

Conclusion: Monitoring initial treatment response is unnecessary for anti-hypertensives similar to 

those examined in this study. To address this issue for other therapies we suggest trials report 

estimates of treatment effects from mixed models, and the CONSORT statement be expanded to 

include this item. 

Abstract word count: 203
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Clinical care commonly involves monitoring patients with chronic disease. Although monitoring is 

used in nearly every chronic disease, it is uncertain whether monitoring does more good than harm, 

and valid methods remain poorly defined. Monitoring may be divided into the following phases:

pre-treatment, initial response, maintenance, re-establish control and post-treatment(1). Initial 

response monitoring uses repeated measurements soon after a new therapy is started to check a 

patient’s response is within a range that maximises the benefits while minimising the harms. 

Monitoring initial response to drug treatment may be done using patient centred outcomes, 

intermediate outcomes or adherence measures.(2) In this article we limit our discussion to initial 

response monitoring of intermediate outcomes.

Intermediate outcomes (such as blood pressure and cholesterol) are usually used for initial response 

monitoring in patients with chronic conditions. These outcomes are used to predict patient-relevant, 

long-term endpoints like a patient’s risk of stroke or myocardial infarction. These ‘hard’ end points 

are unsuitable for monitoring purposes as they may occur many years after the patient was first 

diagnosed, be irreversible or carry a substantial mortality risk. The intermediate outcomes are often 

responsive to therapy, and by using therapy to alter the value of an intermediate outcome early on in 

the disease process, the clinician hopes to change the patient’s risk of developing later clinically 

important outcomes. 

An intermediate outcome should only be considered for monitoring if a change in this outcome is 

known to predict the effect of treatment on the risk of the clinical outcome. Such evidence usually 

comes from population level meta-analyses of randomized controlled trials where change in 

intermediate outcome is related to change in risk of clinical outcome for patients on active treatment 

relative to those on placebo. However, although the population average treatment effect on an

intermediate outcome may predict the population average treatment effect on the risk of a clinical 

outcome, the intermediate outcome might not be useful for monitoring the treatment effect in an 
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individual. Measurement variation can cause random change in the intermediate outcome in an 

individual. Failure to recognize non-treatment related variation in the intermediate may lead 

clinicians to make inappropriate changes to therapy or conversely to delay taking action when they 

should intervene(3). 

Because of the potential for misinterpretation of changes observed in the intermediate outcome 

within an individual, unnecessary initial response monitoring is best avoided. Population data from 

randomized trials can be used to decide when initial response monitoring is unnecessary for the 

individual. For instance, monitoring is unnecessary (and best avoided) if the treatment effect on the 

intermediate outcome is the same for everyone. However, monitoring may be necessary if the 

treatment effect on the intermediate outcome differs between individuals. In this case the need for 

monitoring will usually depend on the probability of meeting defined treatment targets. If there is a 

high probability that a patient will meet a pre-determined target level with treatment, then there will 

be no need for monitoring. Conversely, if there is uncertainty whether the patient will meet the

target level, then initial response monitoring will be needed. 

Much of the often considerable variation observed between patients on treatment may be explained 

by pre-treatment differences between patients, short-term variability and measurement error(4).

Temporal variation in an intermediate outcome in the placebo arm of a randomized trial represents 

variation from all non treatment sources. This variation includes within person measurement 

variability due to both measurement error and short term biological fluctuations. It also includes 

between person variation in baseline level of the intermediate outcome and change in the 

intermediate outcome over time; this variation may arise because of differences in underlying 

physiology and the effect of co-interventions besides the trial medication (these co-interventions 

may be non-pharmacological such as diet and exercise, or they may be other non-trial medications). 

If there is no variation in the treatment effect between patients then variability in the treated group 
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should be equivalent to that in the placebo group. Analysis of the difference in variability between 

placebo and active treatment groups provides insight into whether the treatment effect differs 

between individuals. The main sources of variability in randomized controlled trials are 

summarized in Table 1 (adapted from (4)).

A common example of initial response monitoring is blood pressure monitoring after starting a new 

anti-hypertensive agent. Individuals are started on anti-hypertensive treatment if they are judged to 

be at increased risk of a vascular event. A recent population based prospective study found 1.8% of 

an English population suffered one or more vascular events over a three year period, with a steep 

increase in risk with increasing age(5). The proportion of individuals at increased risk of a vascular 

event (for whom anti-hypertensives are prescribed) is considerably greater than this and will grow

further as populations age. As nearly all individuals commenced on anti-hypertensive treatment are

monitored for their initial response, there are a large number of individuals having potentially 

unnecessary initial response monitoring of blood pressure.

In this paper, we use data from the Perindopril Protection Against recurrent Stroke Study

(PROGRESS)(6), a randomized trial of perindopril and indapamide in patients at high risk of 

stroke, to demonstrate how mixed models may be used to inform decisions on initial response

monitoring. Monitoring questions potentially answered by this trial include: Should we monitor 

blood pressure after starting perindopril in patients at high risk of a vascular event? Should we 

monitor after starting perindopril and indapamide together? 

METHODS

Study Design and Population

We analysed data from PROGRESS(6). This trial evaluated the effects of perindopril alone 

compared to single placebo or perindopril together with indapamide compared to double placebo on 
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the risk of stroke in 6,105 high risk patients. The decision on whether patients would be allocated to 

single therapy (single placebo or perindopril) or dual therapy (double placebo or 

perindopril/indapamide) was decided on clinical grounds before randomization; for this reason 

single therapy and dual therapy groups are considered separately. 

Outcome Measures

We fitted mixed models using systolic and diastolic blood pressure as outcomes. Measurements 

were made to the nearest 2 mmHg, with a standard mercury sphygmomanometer. We used the 

average of two measurements made at each clinic visit for each individual. Blood pressure data 

from the first three clinics post randomization were used: one month, three months and six months 

after treatment was started. Baseline blood pressure (measured prior to starting the trial) was 

included as one of the predictors. We limited analysis to the first six months post randomization to 

reflect a period of time that might be used clinically for monitoring initial response after starting a 

new therapy. 

Statistical Analysis

A series of mixed models were fitted where there was the same treatment effect for everyone 

(treatment had a fixed effect) or between person differences in treatment effect (treatment had

random effects). We outline the alternative models in order of increasing complexity. Model 0 

(random intercept, no treatment effect) included all significant predictors except treatment: baseline 

blood pressure, age, gender, other anti-hypertension treatment and presence of left ventricular 

hypertrophy on baseline electrocardiogram. To correct for measurement error in individuals’

baseline blood pressure measurements, we adjusted blood pressure measurements made at the pre-

randomization visit to reflect average blood pressure levels found during follow up in the placebo 

group. This was done by regressing the mean of three follow up measurements on the pre-treatment 

measurement for individuals on placebo and using the resulting regression equation to adjust all 
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individuals’ pre-treatment measurements. This method is adapted from previously described 

methods of correction for measurement error(7). The predictors were fitted to have the same effect 

for everyone (i.e. they were fixed effects). This model also included a term for between person 

variation in the first measurement on treatment (random intercept). In Model 1 treatment was fitted

to have the same effect for everyone (Model 1: random intercept, fixed treatment effect). Model 1 

was also used to investigate effect modifiers of treatment apart from time. The following interaction 

terms were assessed for significance: treatment×baseline blood pressure, treatment×age, 

treatment×gender, treatment×other treatment, treatment×LVH. In this way we identified factors that 

predict the effect of treatment. Model 1 was then extended to include a term for between person 

variation in change over time to account for the fact that individuals may differ in how their 

measurements change over time (Model 2: random intercept and random time effects, fixed 

treatment effect).  This model was further extended to include a term for between person variation 

in treatment effect on the first measurement (Model 3: random intercept, random time effects and 

random treatment effects). Two further models were fitted which included a treatment-by-time 

interaction where the effect was the same for everyone (Model 4: random intercept, random time 

effects, fixed treatment effect and fixed treatment time interaction), and where the effects differed 

between individuals (Model 5: random intercept, random time effects and random treatment time 

interactions).  

The alternative models were compared using likelihood ratio tests to see which model provided the 

best fit for the data. Figure 1 provides a schematic overview of the model fitting process.  We 

started with the least complex model (Model 0) and used forward selection to add the parameters 

that were needed until the final model was reached. 

As the primary analysis we used systolic blood pressure as our outcome (univariate response 

models). Systolic blood pressure is the best type of blood pressure measurement for predicting 
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macrovascular disease(8, 9). However many clinicians use both systolic and diastolic blood 

pressure measurements to guide decisions about therapy and monitor treatment effects. These two 

types of measurement are highly correlated when taken at the same time on the same individual(10). 

As an extension to the analysis outlined above, we also built bivariate response models which 

enabled the two outcomes to be considered simultaneously while allowing for their correlation.

Assessing the power of mixed models to detect random effects is a challenging and understudied 

area. To minimise the possibility that a failure to detect random effects of treatment reflected 

insufficient analytic power, we chose a large dataset for our example. Models were fitted using data 

from 6105 individuals, with four measurement occasions for each individual. The power was 

further increased by using bivariate response models that incorporated both systolic and diastolic 

blood pressure.

A detailed description on how mixed models inform decisions on initial response monitoring is 

provided in the Appendix. Analysis was done using MLwiN (using iterative generalised least 

squares). 

RESULTS

For both single and dual therapy groups, there was an improvement in model fit for Model 1 (where 

treatment has a fixed effect and time has no effect) compared to Model 0 (where both treatment and 

time have no effect), indicating a significant treatment effect on mean systolic blood pressure at one 

month. For single therapy, there was no evidence that treatment effect was modified by any of the 

other predictors included in the model. For dual therapy there was very strong evidence that 

treatment effect was modified by baseline blood pressure (all other interactions were not 

statistically significant). 
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There was further improvement in model fit  for Model 2 (where treatment has a fixed effect and 

time has random effects) compared with Model 1, indicating a significant change in mean systolic 

blood pressure over the six months as well as between person variation in change. There was no 

further improvement in model fit for Model 3 (where both treatment and time have random effects) 

compared with Model 2. This means there was no evidence of between person variation in 

treatment effect on blood pressure at one month for either perindopril alone or in combination with 

indapamide (likelihood ratio test for single therapy: χ2=1.64, 2df, p=0.44, likelihood ratio test for 

dual therapy: χ2=3.8, 2df, p=0.15). There was also no improvement in model fit for Model 4 and 

Model 5 compared with Model 2 which means there was no evidence that the treatment effect 

changed over time.

We adopted the second model as our final model for both single and dual therapy groups. The 

parameter estimates for fixed effects and random effects in the final model are presented in Table 1

along with results of significance testing (single therapy estimates are on the left-hand side and dual 

therapy estimates are on the right-hand side). 

The estimated effect of perindopril alone (relative to single placebo) was to lower systolic blood 

pressure by 6 mmHg. The estimated effects of perindopril and indapamide combined (relative to 

double placebo) varied according to baseline blood pressure, with systolic blood pressure lowered 

by 9, 11, 13 and 14 mmHg for individuals with a baseline systolic blood pressure <140, 140-145, 

145-150 and >150 mmHg respectively.

The bivariate response analyses (where systolic and diastolic blood pressures were considered 

simultaneously) yielded similar conclusions to the analyses of systolic blood pressure alone. There 

remained no evidence of variation in treatment effect between patients (likelihood ratio test for 

single therapy: χ2=6.9, 7df, p=0.44, likelihood ratio test for dual therapy: χ2=9.6, 7df, p=0.21). The 
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estimated effect of perindopril alone (relative to single placebo) was to lower (systolic/diastolic) 

blood pressure by 6/3 mmHg. The estimated effects of perindopril and indapamide combined 

(relative to double placebo) varied according to baseline blood pressure, with blood pressure 

lowered by 9/5, 11/5, 12/5 and 14/5 mmHg for individuals with a baseline systolic blood pressure 

<140, 140-145, 145-150 and >150 mmHg respectively (Treatment effect on diastolic blood pressure 

did not vary according to baseline diastolic blood pressure).

DISCUSSION

Clinical medicine has a long history of initial response monitoring, aimed at ensuring therapy is 

tailored to meet the specific needs of the individual. Where initial response monitoring achieves 

this, patients are likely to benefit, but current monitoring practices are rarely based on empirical 

research and may actually cause harm(11). In this paper we have illustrated how mixed models on 

individual patient data from clinical trials can be used to inform decisions on the need for initial 

response monitoring. 

Our example used trial data to examine the need for blood pressure monitoring of antihypertensive 

therapy in patients at high risk of a cerebrovascular event. Although there was substantial variability 

in blood pressure both between and within patients, we found no evidence of variation in treatment 

effect between patients after allowing for background variability and other significant predictive 

factors. The effect of perindopril alone was assumed to be the same for everyone, and the effect for 

the individual could be predicted from the group’s mean of 6/3 mmHg reduction in blood pressure. 

The effects of  perindopril and indapamide combined differed depending on the patient’s baseline 

blood pressure and ranged from a lowering of  9/5 mmHg (for individuals with baseline systolic 

blood pressure below 140 mmHg) to 14/5 mmHg (for individuals with baseline systolic blood 

pressure greater than 150 mmHg).  For this patient group there is no need for initial response 

monitoring of perindopril alone (4mg), or of perindopril in combination with indapamide (4mg/2-
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2.5mg). Decisions to alter therapy made on the basis of monitoring blood pressure in this early 

period after treatment initiation would be misguided as any variation in intermediate outcome is 

likely to be due to background random variation that is not related to treatment. 

Current guidelines for the management of hypertension recommend a treatment target of below 

130/80 for a number of groups of high risk patients(12, 13). On this basis, for individuals with a 

true baseline BP <136/83 (known through averaging a large number of pre-treatment 

measurements) perindopril (4mg) alone will be sufficient therapy to meet the target.  For patients 

with baseline blood pressure levels above this but below 141/85, the combination of perindopril 

(4mg) and indapamide (2-2.5mg) will usually achieve the target but for patients with higher

baseline blood pressure levels more intensive therapy would be required.  Treatment decisions 

about which therapy should be commenced to achieve the desired target can be made before any 

blood pressure lowering agents are begun. Treatment targets will be met more quickly, patients will 

be saved unnecessary clinic visits,  clinical benefit will be maximised and inappropriate cessation of 

treatment will be averted.

There are problems with using blood pressure targets to guide therapy. There is a risk of under 

treating high risk individuals such as stroke patients who happen to have a low or normal level of 

blood pressure at baseline. For this reason it may be preferable to use a target change in blood 

pressure rather than a target level. For example, the target change might be a decrease in 

systolic/diastolic blood pressure of at least 10/5 mmHg (which corresponds to a relative risk 

reduction of about 33% for stroke and of 20% for ischaemic heart disease(14-16)). On the basis of 

our results, only when perindopril (4mg) and indapamide (2-2.5mg) are given together will the 

treatment effect usually exceed this minimum target change. Some advocate even larger reductions 

in blood pressure for high risk patient(14). So far studies have failed to identify a "threshold" (or “J-

shape”) below which a lower blood pressure is not associated with a lower risk of stroke or
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coronary heart disease. An intensive approach to therapy is to continue escalation of anti-

hypertensive agents as far as the patient will tolerate. Adopting this approach there is even less 

reason to monitor blood pressure after starting therapy – monitoring would only be considered if the 

patient began to experience adverse effects from therapy that might be due to hypotension. 

Methods were used in PROGRESS to minimise measurement error in blood pressure estimation

(for example blood pressure was measured to the nearest 2 mm Hg with a mercury 

sphygmomanometer and the average of two measurements taken at each clinic was used in 

analysis). Measurement error may have been further reduced with the use of ‘out of office’ 

monitoring techniques such as 24 hour ambulatory blood pressure monitoring and patient self 

monitoring (both use the average of a large number of blood pressure measurements). Although this 

may have resulted in smaller estimates of within person variation in the mixed models, the estimates 

of between person variation would remain unchanged, and the finding of no variation in treatment 

effects would still hold.

We have focused attention on a continuous outcome because these are by far the most common 

form of intermediate outcome (blood pressure, cholesterol, bone mineral density). However the 

methods described can be adapted to other forms of intermediate outcome such as binary outcomes 

(e.g. presence of retinopathy on fundoscopy) and ordinal outcomes (e.g. number of plaques on MRI 

in multiple sclerosis, amount of protein on urinalysis). 

The type of analysis we have presented in this paper requires individual patient data which is only 

available to clinicians if reported by trialists. For intermediate outcomes used for initial response 

monitoring, it is most useful if both the mean treatment effect and the between person variability in 

treatment effect are reported from a mixed model analysis. These results will often be context 

specific. This means that not only do we need this information for trials of different treatments, we 
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also need it for trials of the same treatment with different patient populations, different doses of 

treatment or different intermediate outcomes. For example, while it is reasonable to generalise our 

results to other angiotensin converting enzyme inhibitors and thiazide diuretics at equivalent doses, 

further research is needed for other classes of antihypertensive drugs such as calcium channel 

blockers, beta-blockers and angiotensin-II receptor antagonists. In this way not only would trials 

inform clinical decisions on which treatment to choose (treatments that are proven to reduce the risk 

of adverse clinical outcomes) but also whether initial response monitoring is needed (when there is 

clinically relevant between person variation in the treatment effect on intermediate outcomes). We 

would recommend these data should be requested by journals in the next revision of the CONSORT 

statement(17).
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Table 1 Sources of variation in measured outcomes in randomised controlled trials

Source Description
Between treatments Variation caused by average effect of treatment

Between patients Variation caused by differences between patients unrelated 
to treatment

Within patients Variation caused by measurement variability

Between patients in 
treatment effect

Variation caused by differences between patients in effect 
of treatment

Adapted from (4)
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Table 2: Predictors of Systolic Blood Pressure in Final Models*

Perindopril vs Single 
placebo

Perindopril/Indapamide vs Double 
Placebo

Variable Parameter Estimate of 
effect 
(Standard 
Error)

Likelihood 
Ratio test†

Estimate of effect 
(Standard Error)

Likelihood 
Ratio test†

Fixed Effect
Baseline 
SBP‡

Treatment 
Estimate

<140 -9.5
140-145 -10.9
145-150 -12.2

Treatment
(active vs placebo)

Mean 
(mmHg)

-5.9 (0.5) χ2=154.6, 
1df, 
p<0.001

>150 -13.6

χ2
treatment 

=684.1, 1df, 
p<0.001
χ2

treatmentbaseline 

=29.5, 1df, 
p<0.001

Random Effects¤

Mean 
(mmHg)

137.6 (0.5) N/A 142.4 (0.4) N/AIntercept 
(one month after
treatment started)

Between person 
Variance
(mmHg2)

103.7 (5.8) χ2= 1053.3, 
2df, 
p<0.001

119.2 (5.2) χ2=1810.2, 2df, 
p<0.001

Mean 
(mmHg)

0.15 (0.06) χ2=5.8,1df, 
p=0.02

0.22 (0.1) χ2=15.6,1df, 
p=<0.001

Time (months)

Between person 
Variance 
(mmHg2)

1.7 (0.4) χ2=25.1, 
2df, 
p<0.001

2.3 (0.3) χ2=71.2, 2df, 
p<0.001

Residual

Within person 
Variance 
(mmHg2)

109.8 (3.1) N/A 105.7 (2.5) N/A

* All models adjusted for baseline blood pressure, age, gender, other anti-hypertension treatment and presence of left 
ventricular hypertrophy on baseline electrocardiogram.
†Likelihood ratios calculated by comparing the model that included all covariates to a model without the covariate in 
question
‡
Baseline blood pressure adjusted to reflect average blood pressure levels found during follow up in the placebo group. 

Baseline blood pressure and its interaction with treatment were fitted as continuous variables for significance testing. 
Estimates of treatment effects by baseline blood pressure are from bivariate response model.
¤ 

Mean and variance refers to distribution of random effects
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APPENDIX
Using Mixed Models to decide on need for initial response monitoring

Mixed models are a powerful method for analysing data from longitudinal studies, in which there 

are multiple measurements on each subject (18, 19). This approach allows explicit modelling of the 

within and between person variation in the intermediate outcome, while also taking into account the 

correlation between measurements taken on the same individual. In this type of analysis, predictive 

factors may be fitted to have the same effect for everyone, in which case they are said to be ‘fixed 

effects’ (these effects are equivalent to the estimated effects in ordinary least squares regression 

models). Alternatively, the predictive factors may be fitted to have effects which differ between 

individuals, in which case they are said to have ‘random effects’ (these effects are not allowed for in 

ordinary least squares regression models).  

We can conceptualise a series of these models where there is the same treatment effect for everyone 

(treatment has a fixed effect) or between person differences in treatment effect (treatment has 

random effects). In order of increasing complexity, these alternative models are outlined below and 

graphically illustrated in Appendix Figure using hypothetical data for ten individuals. In this figure, 

time point 1 is the first measurement taken after treatment is initiated. Dashed lines are used for 

patients on placebo and solid lines are used for those on active treatment. The two thick lines are the 

mean changes in intermediate outcome over time for placebo and active treatment groups, while the 

thin lines represent individuals’ changes in intermediate outcome over time.

In the basic mixed model (Model 0: random intercept, no treatment effect), the intermediate

outcome is predicted by a number of factors (such as time, age, gender, pre-trial intermediate

outcome measurement) but not by treatment: treatment has no effect. The other predictors have the 

same effect for everyone (i.e. they are fixed effects). This model also includes a term for between 

person variation in the first measurement (random intercept). The random intercept represents 
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variation in the first measurement between individuals beyond that explained by the fixed effect 

predictors. 

Model 0, Figure 1 shows variation between the individuals in the intermediate outcome at Time 1. 

There is a fixed effect of time on the intermediate outcome, so the trajectories are all parallel. The 

distribution for individuals on active treatment is the same as that for individuals on placebo 

reflecting the absence of any treatment effect.  

The random intercept allows for a more realistic representation of the data than conventional 

models where there is only one value of intercept for everyone. There is also a residual error term 

which represents the random variation seen within an individual over time. It is important to include 

all statistically significant fixed effects in the basic mixed model so as to minimise the variability in 

outcome that is unexplained. This increases the power of analysis to detect random effects added in 

subsequent models and gives better estimates of the random effects’ variance(s).  

Model 1 is identical to Model 0 except that treatment now has an effect assumed to be the same for 

everyone (Model 1: random intercept, fixed treatment effect). Model 1, Figure 1 shows a downward 

shift in the distribution of the intermediate outcome at Time 1 for individuals on active treatment 

compared to those on placebo. The variances of the two distributions are the same, reflecting the 

fact that the treatment effect is the same for everyone. There remains a fixed effect of time on the 

intermediate outcome for both treatment groups, and all trajectories are again parallel.

Model 1 can be extended to include a term for between person variation in change over time to 

account for the fact that individuals may differ in how their measurements change over time (Model 

2: random intercept and random time effects, fixed treatment effect).  In Model 2, Figure 1 there is 

again a downward shift in the Time 1 distribution for those on active treatment compared with those 
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on placebo. Again both groups have the same variance. However whereas in the previous models 

time had a fixed effect, in this model individuals differ in how the intermediate outcome changes 

with time. On average there is the same upward drift in the intermediate outcome between Time 1 

and  Time 3 as there was  in Model 0 and Model 1, but there is now some variation in change 

between individuals (for example two people in each group have downward sloping trajectories). 

The effects of time are the same for both active treatment and placebo groups. Treatment effect is 

again the same for everyone.

This model can be further extended to include a term for between person variation in treatment 

effect on the first measurement (Model 3: random intercept, random time effects and random 

treatment effects). Model 3, Figure 1 shows an increased variance in the intermediate outcome 

distribution at Time 1 for those on active treatment compared to those on placebo. This reflects 

between person differences in the effects of treatment. Once the effects of treatment at Time 1 are 

accounted for, there are no further differences between individuals on active treatment and 

individuals on placebo over time.

If the effect of treatment is thought to change over time in a way that is the same for everyone, a 

treatment time interaction may be added as a fixed effect (Model 4: random intercept, random time 

effects, fixed treatment effect and fixed treatment time interaction). In Model 4, Figure 1 the 

distance between the mean intermediate outcome level in the placebo group and the active treatment 

group is larger at Time 3 compared to Time 1. This reflects an increasing effect of treatment over 

time. The variability between individuals around the two mean trajectories is the same. This means 

that at any particular time point the effect of treatment is the same for everyone. 

If the effect of treatment is thought to change over time in a way that differs between individuals, a 

treatment time interaction may be added as random effects (Model 5: random intercept, random 
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time effects and random treatment time interactions).  In Model 5, Figure 1 there is again an 

increasing effect of treatment over time. However, there is now more variability in individuals’ 

changes in the active treatment group than there is in the placebo group. This means there are 

differences between individuals in how the effects of treatment change over time.

The interactions in Models 4 and 5 can also be thought of as effect modification of treatment effect 

by time.

The alternative models can be compared using likelihood ratio tests to see which model provides 

the best fit for the data. Figure 2 provides a schematic overview of the model fitting process.  The 

usual strategy for mixed model fitting is to start with the least complex model (Model 0) and use 

forward selection to add parameters that are needed until a final model is reached. 

As can be seen in Figure 2, the model comparisons for our theoretical Models 1-5 do not follow a 

simple numerical progression. Rather, there are two branches to the model building. If treatment 

effect stays constant over time, the model comparisons are between Models 0, 1, 2 and 3. If 

treatment effect changes over time, the model comparisons are between Models 0, 1, 2, 4 and 5. 

If Model 0 has the best fit, then treatment can be assumed to have no effect.

If Models 1,2 or 4 have the best fit then treatment can be assumed to have the same effect for 

everyone. For models 1 and 2 the initial treatment effect is maintained over time (with an 

underlying change in the intermediate outcome over time that is uniform for Model 1 and variable 

for Model 2). If Model 4 has the best fit then the treatment effect changes over time, but at any one 

time the effect is the same for everyone. 

To decide on whether the effect of treatment differs between individuals, Model 3 is compared with 

Model 2 or Model 5 is compared with Model 4. If Model 3 has a better fit than Model 2, then the 
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immediate effects of treatment differ between individuals. If Model 5 has a better fit than Model 4, 

then the change in treatment effect over time differs between individuals. 

Likelihood Ratio Testing using mixed models

The likelihood ratio test compares the difference in -2Log likelihood for two models to a chi-

squared distribution. The degrees of freedom for the test reflects the number of additional  

parameters in the more complex model compared with the more simple one. The test is only valid if 

the models are ‘nested’ – i.e. the variables being tested in one model are a subset of those in the 

other model. 

Likelihood ratio test to compare nested models for variance components may be based on maximum 

likelihood (or iterative generalised least squares) or restricted maximum likelihood (or restricted 

generalised least squares). Likelihood ratio tests to compare nested models for fixed effects should 

only be based on maximum likelihood (or iterative generalised least squares)(19).
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Assumptions for using Mixed Models

There are three main assumptions invoked for using mixed models in the standard form

1.Functional Form. In the simplest type of mixed model (as presented in this paper) one assumes 

that there is a linear relationship between the intercept for the intermediate outcome and each of the 

individual level predictors and between the change over time for the intermediate outcome and each 

of the individual level predictors. One also assumes a linear relationship between the level of 

intermediate outcome and time for each individual. 

2. Normality. One assumes that the distribution of the Random Effects, as well as the within person 

residuals is normal.

3. Homoscedasticity. One assumes that the distribution of the Random Effects do not vary across 

different individual level predictors. One also assumes that the distribution of within person 

residuals do not vary over time. 

If the assumptions are violated there are a number of possible solutions. Transforming either the 

intermediate outcome or the time variable is the simplest solution (e.g. logarithmic transformation). 

If this fails to resolve the problem(s) then another option may be to add higher order terms for the 

time variable and adopt a ‘polynomial growth model’ (e.g. add a quadratic term). If there is still 

concern assumptions are being violated then adopting a nonlinear model may be the solution (e.g. 

‘logistic individual growth curve’) or a model with a more complex error structure (e.g. 

‘Autoregressive’).

In the blood pressure example we used in this paper, all the assumptions were met with one minor 

exception. When we assessed the homoscedasticity of random intercepts by quartiles of baseline 
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blood pressure we found similar variances for the first three quartiles and a moderately increased 

variance for the highest quartile (for both single and dual therapy groups). 

Applying estimates of treatment effect(s) to patients

In our example, there was no variation in treatment effect for either perindopril or 

perindopril/indapamide which meant the application of the trial population results to individual 

patients is relatively straight forward. In other situations, we may find evidence of between person 

variation in treatment effect. In this case, the ease of application to individual patients will vary 

depending on the extent of any correlation between treatment effect and either baseline level or 

background change in intermediate outcome. In the simpler case where there is no substantial 

correlation, the estimate of variance for treatment effect can be used to calculate a 95% distribution 

of treatment effect.  Individuals with a baseline level of intermediate outcome that is lower than 

[treatment target level + the 2.5th percentile of treatment effect] are very likely to meet the target, 

and initial response monitoring is not needed.  Individuals with a baseline level higher than 

[treatment target level + the 97.5th percentile of treatment effect] are unlikely to meet the target 

without additional therapy, and initial response monitoring is not needed. It is only when 

individuals’ baseline levels of intermediate outcome lie between these two points that there is 

uncertainty whether the treatment target level will be met and initial response monitoring is needed.

Even if information on variability of treatment effect on the intermediate outcome is not available, 

randomized trials may help inform decisions on the need for initial response monitoring. If trialists 

present the mean change and variance of change in intermediate outcome from baseline, then 

inferences can be made about the treatment effect on the intermediate outcome using a simple 

method of analysis which compares summary variances of the placebo and active treatment 

groups(2). This method makes the following important assumptions: data are normally distributed 
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with no relationship between variability and level of intermediate outcome, and there is no 

substantial correlation between the treatment effect and background change in intermediate

outcome. 

For example, comparing the standard deviations presented in the Appendix Table  for change in 

systolic blood pressure between baseline and one month post-randomization in the single therapy 

group, we find weak evidence of between person variation in the effects of perindopril alone (17.0 

vs 16.2 mmHg, F1227,1244 =1.09, p=0.06). The estimated 95% distribution of treatment effect ranges 

from a decrease in systolic blood pressure of 3.7 mmHg to a decrease of 7.3 mmHg. Comparing 

variances for change in systolic blood pressure between baseline and one month post-randomization 

in the dual therapy group, we find no evidence of between person variation in the effects of 

perindopril in combination with indapamide (F1735,1744 =1.04, p=0.20) and the treatment effect for all 

patients is estimated as a decrease in systolic blood pressure of 11.5 mmHg (the mean treatment 

effect). 

Because the simple variance comparison approach only uses data from two time points (and there 

are multiple potential comparisons that could be made using different pairs of time points), it may 

be more likely to find spurious variation in treatment effect than the more complete analysis 

possible with mixed models. Other weaknesses of this method are that the assumptions may not 

always be reasonable (although they were found to hold for the PROGRESS data) and there is no 

allowance made for other predictors (and importantly, treatment effect modifiers) when estimating 

the treatment effect. For these reasons, inferences about treatment effects on intermediate outcomes 

made on the basis of a mixed model analysis on individual patient data are preferred whenever 

possible.
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Appendix Table: Variation in Systolic Blood Pressure measurement during the first 6 months 
of PROGRESS trial.

Systolic Blood Pressure Measurement (mm Hg)

1 month pre-
randomization

1 month post-
randomization

3 months post-
randomization

6 months post-
randomization

Level Change* Level Change* Level Change* Level Change*

Mean 143.4 - 139.0 4.4 140.2 3.2 140.2 3.1Placebo
N = 1245† Standard

Deviation
18.2 - 18.0 16.2 18.0 16.7 17.5 17.5

Mean 144.1 - 134.0 9.9 133.9 9.9 134.3 9.5

Single 
Therapy

Perindopril
N = 1228† Standard

Deviation
19.1 - 18.3 17.0 17.9 17.3 17.8 18.1

Mean 149.5 - 144.6 4.8 145.1 4.2 145.7 3.5Placebo 
N = 1745† Standard

Deviation
19.2 - 18.3 17.4 18.2 18.1 18.4 18.5

Mean 149.1 - 132.8 16.3 133.3 15.8 133.8 15.2

Dual 
Therapy

Perindopril 
& 
Indapamide
N = 1735†

Standard
Deviation

18.6 - 16.3 17.7 16.6 18.7 16.7 19.1

* Change is from measurement one month prior to randomization
† N for change at one month, three months and six months differ slightly



Figure 1: Schematic overview of Model fitting

Model 1:  Random Intercept, 
No Time Effect, Fixed 
Treatment Effect
(Same treatment effect for 
everyone)

Model 3:  Random Intercept, 
Random Time Effects and 
Random Treatment Effects
(Treatment effects differ between 
individuals)

Model 4:  Random Intercept and
Random Time Effects with Fixed 
Treatment*Time Interaction
(Treatment effect changes over 
time in the same way for 
everyone)

Model 5:  Random Intercept and 
Random Time Effects, Random 
Treatment*Time Interactions
(Treatment effects change over 
time in a way that differs between 
individuals)

Model 0:  Random Intercept, 
No Time or Treatment effects

Model 2:  Random Intercept, 
Random Time Effects and 
Fixed Treatment Effect
(Same treatment effect for 
everyone)

Figure(s)



Appendix Figure: Key Scenarios for Initial Response to Treatment
Mixed models based on hypothetical data for ten patients

                     
Individual on Placebo
Mean of Individuals on Placebo

Individual on Active Treatment
Mean of Individuals on Active Treatment

Note: As this is a Randomized trial, the distributions for Placebo and Active 
treatment groups at Time 0 are the same in all models

Figure(s)




