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Summary box: 
· Bias in randomised controlled trials can impact on the validity of outcomes and conclusions reached in meta-analyses which include them.
· True randomisation produces treatment groups that differ only by chance. The true difference in baseline variables between the two groups is zero; therefore, when several studies are included in a meta-analysis of a baseline variable, the heterogeneity should be zero.
· This straightforward approach involves performing a meta-analysis of baseline variables and systematically removing trials, starting with those with the largest t-statistic, until the I2 measure of heterogeneity becomes 0%, then repeating the outcome meta-analysis with only the remaining trials as a sensitivity check.
· We recommend routine use of this technique, using age and a second baseline variable predictive of outcome for the particular study chosen, to help eliminate potential bias in meta-analyses.

Introduction: 
Systematic reviews and meta-analyses of randomised controlled trials (RCTs) provide an important summary of the best available evidence to help guide clinical practice. However, not every RCT is conducted as rigorously as we might expect and inclusion of such trials might introduce bias into meta-analyses. Selection bias resulting from inadequate allocation concealment is one key source1. Investigating differences in baseline variables between randomised groups helps to assess the robustness of the allocation process. True randomisation should ensure that baseline variables only differ between randomised groups by chance; therefore, a meta-analysis of a baseline measurement should produce no overall difference and zero heterogeneity. In this paper we describe a method that could be used to identify and remove potentially biased trials from meta-analyses. 

Investigating baseline variables: a background
This approach stems from work by Trowman et al.2 who undertook meta-analyses of outcome and baseline body weight, and noted a significant imbalance at baseline which explained almost all of the differences between groups at follow up. Clark et al.3 expanded on this work by investigating baseline heterogeneity, as well as baseline imbalances. They argue that heterogeneity is more important than baseline imbalance because misallocation can favour either the treatment or control group, which might result in baseline balance of observable variables as these could cancel each other out. In contrast, heterogeneity will be elevated as individual trial’s baseline imbalances will contribute to this irrespective of the direction of the difference. Clark et al.3 noted a baseline imbalance in age in two out of twelve meta-analyses published in major medical journals, with significant heterogeneity in eight. They also identified that other variables more predictive of outcome than age demonstrated greater heterogeneity, and consequently suggested using another prognostic variable alongside age in baseline meta-analyses to assess the validity of outcome results.4

For individually randomised trials many statisticians argue that testing of baseline variables is misleading and should not be done5.  The argument against baseline testing in trials is based on the fact that if randomisation is conducted properly, then any difference between the two groups will solely be due to chance.  Baseline testing, therefore, is a fruitless activity and can result in misleading findings if it influences the outcome analysis.  For example, if the decision is made to include a variable seen to be statistically significantly imbalanced at baseline in the analysis model but this variable has no relationship to the outcome then the analysis will ‘correct out’ some of the randomisation (as it correlates with this) and result in a biased estimate.  On the other hand, Berger argues that baseline testing in individual trials may indicate where there have been allocation problems6.  In this paper we are concerned with baseline testing across randomised trials to identify potentially biased studies rather than baseline testing within a trial.  

A recent study by Ker et al.7 demonstrated serious flaws in a number of trials investigating the effects of Tranexamic acid on the prevention of postpartum haemorrhage, and a meta-analysis of baseline variables suggested an inadequate randomisation process in many cases. Whilst existing evidence suggests that many meta-analyses contain flawed trials, this does not mean that most trials are not fit for purpose. It is the aim of this paper to describe a straightforward statistical technique that can be incorporated into meta-analyses to identify and remove potentially biased trials.

Dealing with baseline heterogeneity: a worked example
We took a single meta-analysis from the British Medical Journal (BMJ) to demonstrate our approach. The systematic review ‘Effects of interventions in pregnancy on maternal weight and obstetric outcomes: meta-analysis of randomised evidence’ by Thangaratinam et al. 20128, containing 44 RCTs9-52, was chosen because Clark et al. had identified this as a review with significant heterogeneity (I2 = 50%) and imbalance in baseline age3.  The heterogeneity was identified through the use of a fixed effects meta-analysis of age.  A fixed effects approach was used because we know that the null is true and all of the trials will be estimating the same difference: that is there is no difference in age.  Consequently, the only legitimate source of between study variation is due to chance, which is accounted for in a fixed effects model.  
    The following information was extracted for each component RCT where available: number of participants, a summary of all reported baseline variables (mean or median) and their dispersion (standard deviation (SD), standard error (SE), range, interquartile range), outcome data (reported value, dispersion and significance level) and allocation concealment information. When RCTs contained three arms we grouped into two arms as per Thangaratinam et al. We did not contact the authors of the RCTs for further information when data was not reported in the published articles. 
    The most commonly reported baseline variables across the component trials were age, weight of mother (kg) and BMI. Standard approximation formulas were applied when these variables were not reported as mean and SD (e.g. if median and range were presented instead53), and conversion of SE to SD was applied where necessary. For each trial, the t-statistic for the difference in baseline variables between treatment arms was calculated54, and studies ranked by its absolute value. The t-statistic, calculated by dividing the difference in means by its standard error, is used to test the null hypothesis that there is no difference between the means of two samples. The larger the t-statistic, the less likely the difference has occurred by chance. For each of baseline age, weight and BMI, a fixed-effect meta-analysis was conducted and the heterogeneity, as quantified by the I2 statistic, recorded. The meta-analysis was repeated after removing the component RCT with the largest t-statistic. This process was continued until zero heterogeneity was observed, i.e. I2=0%. For validation the procedure was conducted in reverse, starting with the RCT with the smallest t-statistic, trials were added in until heterogeneity was observed (i.e., I2>0%) and the results compared. 
    The meta-analyses of the outcomes conducted in the original study were replicated, and then repeated once the studies contributing to heterogeneity in each baseline variable had been identified and removed. All meta-analyses were performed in Meta-Light55. Figure 1 provides an illustrative summary of the method used.  Note that the baseline variables used in the meta-analysis were identified a priori.


















Figure 1
An illustrative summary of the method used to identify and remove ‘suspect’ trials.


Results
We obtained full text versions for 43 studies through the University of York Library service. One study (Gomez15) was only available in abstract format; however, Thangaratinam et al. only obtained the abstract of this study too. Three studies15,33,37 were translated into English using Google Translate56.

Replication of primary outcome data meta-analyses
Exact replication of the original meta-analyses of outcome data proved difficult. A number of studies did not report the required data or provided figures that were unsuitable for inclusion.  Furthermore, in some cases it appears that the authors wrongly used baseline data as the outcome variable (e.g. for Baciuk23) – that is instead of using follow-up measures of weight they accidentally used baseline weight in the meta-analysis. We suspect that Thangaratinam et al. obtained extraneous data by contacting authors of component trials, since they included data we could not find. Consequently, the results of our replicated primary outcome data meta-analysis differ slightly from the original meta-analysis. 

Analyses using baseline data
A number of studies were excluded from the meta-analyses because baseline data was not reported: 17 excluded for age, 18 for baseline BMI, and 22 excluded for baseline weight. Figure 2 shows the flow of component RCTs included in the weight gain meta-analysis.




























Figure 2

Primary outcome: weight gain in pregnancy

Involved in the systematic review:
44 RCTs



10 excluded: 
· Did not use the outcome measure ‘weight gain in pregnancy’



Included by Thangaratinam et al:
34 RCTs


9 excluded: 
· 4 = Presented ‘final weight’ data rather than ‘weight gain in pregnancy’
· 2 = No dispersion value reported
· 3 = Did not report outcome data




Included in our original meta-analysis:
25 RCTs



10 excluded:
· 4 = No baseline demographic data reported
· 5 = Did not report baseline age
· 1 = Did not report baseline weight




Reported baseline data for age and weight:
15 RCTs



3 excluded:  contributed to baseline heterogeneity
· Crowtherw6 and Huiw38 for baseline age
· Barakatw26 for baseline weight in kg



Included in final meta-analysis:
12 RCTs






Comment: this flowchart highlights a limitation to the approach. For the primary outcome ‘weight gain in pregnancy’ the number of trials included in the final meta-analysis is halved compared to the trials reporting useable outcome data.


Age
In Table 1 we show the mean differences in age between the randomised groups for each study included in the meta-analysis and the t-statistic for that difference.  We rank the studies by the absolute value of the t-statistics (highest to lowest) and show the resulting heterogeneity for the meta-analysis as each study is removed.  The total heterogeneity for the 27 studies in the meta-analysis of baseline age was 35.4%. (Clark et al. were only able to obtain 20 trials for their meta-analysis, hence our total heterogeneity is lower - 50.1% vs. 35.4%. Five studies were systematically removed based on their t-statistic until no heterogeneity existed14,32,35,38,46. The same trials were rejected when adding in trials starting with the smallest t-statistic. A statistically significant baseline imbalance was present for age (raw mean difference 0.271, p=0.04), which was eliminated when trials with baseline heterogeneity were removed (mean difference 0.128, p=0.53). 


Table 1: Studies included in the meta-analysis of baseline age ranked by t-statistic for difference in age between randomised groups

	Study
	Mean Difference (kg)
	t-statistic
	absolute value of t-statistic
	Heterogeneitya I2 (%)
(35.4% total)

	Hopkins
	2
	2.618964
	2.618964
	29.3

	Crowther
	0.8
	2.319949
	2.319949
	25.5

	Santos
	-2.6
	-2.306597
	2.306597
	12.8

	Marquez-Sterling
	3.5
	2.142188
	2.142188
	1.07

	Hui
	1.4
	1.738516
	1.738516
	0.0

	Clapp
	1
	1.732051
	1.732051
	0.0

	Barakat
	0.9
	1.615753
	1.615753
	0.0

	Guelinckx
	-1.4
	-1.603391
	1.603391
	0.0

	Wolff
	-2
	-1.542686
	1.542686
	0.0

	Barakat
	1
	1.294297
	1.294297
	0.0

	Quinlivan
	-1.2
	-1.265797
	1.265797
	0.0

	Jackson
	-0.8
	-1.193001
	1.193001
	0.0

	Haakstad
	0.9
	1.133327
	1.133327
	0.0

	Baciuk
	1.4
	1.120274
	1.120274
	0.0

	Erkkola
	0.4
	1.025268
	1.025268
	0.0

	Landon
	0.3
	0.821535
	0.821535
	0.0

	Bung
	-1
	-0.625135
	0.625135
	0.0

	Khoury
	-0.2
	-0.479653
	0.479653
	0.0

	Phelan
	-0.2
	-0.385095
	0.385095
	0.0

	Erkkola + Makela
	0.2
	0.368133
	0.368133
	0.0

	Garshasbi
	-0.21
	-0.328250
	0.328250
	0.0

	Asbee
	0.3
	0.265534
	0.265534
	0.0

	Huang
	0.22
	0.262568
	0.262568
	0.0

	Khaledan
	0.15
	0.093955
	0.093955
	0.0

	Sedaghati
	0.02
	0.026337
	0.026337
	0.0

	Huib
	0
	0
	0
	0.0

	Vinterb
	0
	0
	0
	0.0

	aheterogeneity observed in meta-analysis of baseline age when this study (and those with higher t-statistic) removed
bstudies with same t-statistic ranked according to sample size (largest first)







BMI
Substantial heterogeneity (I2=67.2%) was observed in the meta-analysis of 26 studies reporting baseline BMI. The heterogeneity was reduced to zero after just one study was removed (Barakat34, t-statistic 10.72). Statistically significant mean differences in BMI were present (mean difference 0.44, p<0.001), but were eliminated once heterogeneity was removed (mean difference -0.029, p=0.91). 

Weight in kg
The heterogeneity for the meta-analysis of baseline weight in kg, containing 22 studies, was initially 64.7%. We identified an apparent error in the Garshasbi study30 as the mean difference in baseline weight did not correlate with BMI. Fortunately, height was provided which allowed us to correct the error (it read 55kg for one group rather than 65kg). When this was corrected, total heterogeneity was 0% without removing any studies. The mean difference in weight was not significant between groups (mean difference 0.208, p=0.60). 

Of the 44 studies in the review, 35 did not provide sufficient information to determine their methods of allocation concealment. Only five trials were considered to have an allocation concealment method judged as ‘low risk’ by the Cochrane Collaboration’s tool for assessing risk of bias57. The remaining four trials were considered to be at high risk of bias. 

Meta-analyses of primary outcomes incorporating baseline data
The outcomes considered were the continuous outcomes of weight gain in pregnancy (kg) and baby’s birthweight (g), and the categorical outcomes of small for gestational age and large for gestational age. Nineteen studies reported baseline variables for both age and weight (BMI or weight in kg) and did not contribute to heterogeneity in any of the baseline meta-analyses 9,13-14,16-17,22-23,25,28,30-31,33,39,41-42,45-47,50,52. 
    The results of the outcome meta-analyses are displayed in Table 2. For birthweight and large for gestational age babies, a statistically significant difference was noted which was not present in the original meta-analysis by Thangaratinam et al. This difference was apparent when we originally replicated their meta-analysis, and persisted for the birthweight outcome when only the studies contributing to 0% heterogeneity were included. For weight gain in pregnancy, the results were unchanged compared to our replication of the full meta-analysis. Similarly, the relative risk of babies born small for gestational age remained non-significant.
    Table 2 also shows the heterogeneity of the outcome measures.  For two of the four outcome measures the heterogeneity actually increased with the removal of the studies that contributed to baseline heterogeneity.  This difference was not large and could be due to chance; however, removal of studies that produce baseline heterogeneity may not affect outcome heterogeneity if there are other reasons for this, such as differences in trial populations or treatment quality or dose. 




Table 2: Results of the outcome meta-analyses

	Outcome variable
	Meta-analysis
	No. of studies
	Effect size (95% CI)d
	p-value
	Heterogeneity I2 (%)

	Weight gain in pregnancy (kg)
	Originala
	34
	-1.42 (-1.89, -0.95)
	<0.001
	80

	
	Replicationb
	25
	-1.69 (-1.74, -1.65)
	<0.001
	88.7

	
	After identified trials removedc 
	12
	-1.67 (-1.85, -1.49)
	<0.001
	80.5

	Baby’s birthweight (g)
	Originala
	31
	-50.0 (-100.0, 0.0)
	0.08
	57

	
	Replicationb
	27
	-59.3 (-90.3, -28.4)
	<0.001
	69.2

	
	After identified trials removedc 
	13
	-66.6 (-110.0, -22.9)
	<0.001
	70.9

	Small for gestational age
	Originala
	11
	1.00 (0.78, 1.28)
	0.99
	0

	
	Replicationb
	10
	0.99 (0.77, 1.27)
	0.998
	0

	
	After identified trials removedc 
	4
	1.11 (0.77, 1.60)
	0.976
	0

	Large for gestational age
	Originala
	18
	0.85 (0.66, 1.09)
	0.21
	38

	
	Replicationb
	18
	0.76 (0.65, 0.90)
	0.0435
	39.6

	
	After identified trials removedc 
	8
	0.76 (0.58, 0.98)
	0.0731
	46

	aAs reported in the published meta-analysis by Thangaratinam et al.
bOur replication of the meta-analysis
cThe meta-analysis repeated when the studies identified as contributing heterogeneity to the meta-analysis of baseline age and BMI are removed
dMean difference for weight gain and baby’s birthweight, and relative risk for small- and large for gestational age 




Discussion
Important clinical decisions are made on the basis of conclusions from systematic reviews and meta-analyses, yet they can produce flawed results when bias is introduced58. It is important, therefore, that we attempt to identify ‘suspect’ RCTs within meta-analyses and at the very least undertake a sensitivity analysis to assess whether results change when we remove papers demonstrating baseline imbalances. Previous work on the impact of allocation issues tend to compare papers that have reported poor allocation concealment or those who have not.  Some have found a strong relationship with reported allocation concealment whilst others have not59,60. However, this approach relies upon the allocation method being reported accurately, which is not always the case, and this will mask any issues with poor allocation methods. 
    In this article we have demonstrated a relatively simple method to investigate the potential effect of biased randomisation. We argue that heterogeneity in a meta-analysis of baseline variables should not exist, and therefore removing trials which contribute to heterogeneity from a meta-analysis will produce a more valid result. We confirmed the validity of this method by both removing and adding studies whilst observing their impact on overall heterogeneity, and confirmed that the same results are observed in this example. In this instance the results of the outcome meta-analyses, as shown in Table 2, did not greatly alter the findings, however we believe it is important to remove trials with baseline imbalances to check that the results do not change. 
    Our results demonstrate that, as well as eliminating baseline heterogeneity, baseline imbalance is likewise removed. Analysis of both baseline imbalances and heterogeneity is advised, as a single method might not show the effects alone. For example, although the meta-analysis of baseline weight by Trowman et al. had 0% baseline heterogeneity it still demonstrated statistically significant baseline imbalances. It is possible that this occurred because a number of the included trials have allocation subversion all favouring the same treatment arm. Overall a review of baseline data should expect to see no heterogeneity and no statistically significant differences between groups. 
    Of the six excluded studies (five contributing to heterogeneity for baseline age, and one contributing for baseline weight in kg), three did not report their method of allocation concealment and two used envelopes, a technique which is generally not recommended61. Although one of the two used the sealed opaque numbered envelope (SNOSE) system, which is generally seen as a robust method, it does not prevent advanced opening of envelopes which can result in biased allocation62.  This supports the possibility that such trials may be flawed and were appropriately excluded on the basis of baseline heterogeneity between treatment groups. Crowther14 contributed to baseline heterogeneity, yet this was a relatively large study (total sample size 1000) using a central randomisation process. This does not exclude the possibility of allocation subversion; alternatively it may be a chance finding.  
    It is important to distinguish between allocation misconduct and data fabrication.  Both are forms of fraud; however, with misallocation there are actually ‘real’ trial participants, whereas with data fabrication ‘trials’ may include fictitious participants.  The statistical methods of dealing with these two problems are different.  In our study we focus on identifying possible misallocation rather than data fabrication.  For the latter other statistical methods have been described by Carlisle63.  

Limitations
The main limitation to this approach is the consequent exclusion of studies that do not report baseline data. In our example, a number of studies were excluded on this basis.  This could impact on the minimum number of trials required to make a meta-analysis valid. Nevertheless, the reporting of baseline demographics is a feature of a good quality study so one may argue that exclusion of these studies is appropriate.  As with an outcome meta-analysis, the method works best with a greater numbers of studies.  

Recommendations for authors
We propose that analysis of baseline variables should be incorporated into meta-analyses routinely. The approach does not require in depth details of randomisation processes which are often not accurately reported, yet it can help provide assurances that the outcomes reached are more likely to be valid. 
    Ideally the chosen baseline variables should be pre-specified in the protocol to avoid the risk of bias. We propose that age, an important predictor of outcome in most instances, should always be used. Additionally, this is a variable which can easily, consciously or unconsciously, be used to subvert allocation3. The inclusion of a second variable strengthens the process, and this is recommended to be a variable that strongly predicts outcome4.  If the primary outcome is also measured at baseline (e.g. body weight, pain severity) then this should be used.  If the primary outcome is not measured at baseline (e.g. cancer recurrence) then another key predictor should be chosen and pre-specified. 
    The advantages of this method, as opposed to a sensitivity analysis based on the identification of studies that report a poor allocation method, is that it is not dependent on accurate methodological reporting of the allocation method, or the somewhat subjective judgement of its risk of bias.  On the other hand, more recent trials do tend to better report the allocation method – so this approach could be used in conjunction with methods based on reporting of allocation concealment.    
    Further work on a greater number of meta-analyses is advised to investigate the efficacy of this technique in more detail.
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Identify the baseline variables to be used


Extract data from each individual RCT


Apply standard approximation formulae where necesary


Calculate the t-statistic for the difference in baseline variables between treatment arms


Rank studies by the absolute value of the t-statistic


Perform a fixed effects meta-analysis of the baseline data for each baseline variable


Remove the RCT with the largest t-statistic and repeat the meta-analysis


Continue until there is no heterogeneity (I2=0%)


Repeat the outcome meta-analyses with the studies contributing to heterogeneity in any baseline variable excluded



























