
Understanding and interpreting  
funnel plots for the clinician

F
unnel plots are simple scatterplots. 
They allow readers to identify outliers 
by analysing a diagram. In the case 
of a meta-analysis, a funnel plot can 
highlight studies that are subject to 

bias compared to those that are not. This 
enables readers to more accurately interpret 
conclusions drawn from the overall study. 

While funnel plots are commonly used for 
this purpose in the scientific literature another 
use has grown considerably over recent years. 
Following the public inquiry into paediatric 
cardiac surgery at the Bristol Royal Infirmary, 

the NHS has placed increasing emphasis on 
transparency of clinical outcomes. As such, 
surgeon- and institution-specific data are 
now increasingly available across a range of 
specialties and are being used as a way to 

monitor performance. As a result, the funnel 
plot is now showing a second benefit as a way 
to display performance data. 

For example the National Joint Registry 
was initially set up to provide information 
on joint replacements performed in the UK. 
It has since progressed to monitor the rates 
of revision surgery, the brands of implants 
used and individual surgeons. Funnel 
plots are commonly used in National Joint 
Registry analyses to identify outliers which 
need further investigation. The use of funnel 
plots can also inform surgeons and the public 
alike that the performance of a surgeon or 
institution is in accordance with accepted 
standards. For this reason, an understanding 
of the funnel plot is essential if the data that 
it contains are to be accurately interpreted. 

Figure 1 gives an example of a funnel plot. 
They are constructed by plotting individual 
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Figure 1. A funnel plot displaying the rate of revision hip surgery (%). The crosses represent data 
points (in this example institutions). The further along the x-axis an institution lies, the more cases 
it has performed. The further along the y-axis an institution lies, the higher the rate of revision at 
that centre. a. Control limit typically two or three standard deviations about the mean. b. The 
mean. c. An institution scattering widely from the mean representing increased variability, most 
likely the result of a smaller number of cases performed. d. An institution scattering close to the 
mean representing less variability as a result of a larger number of cases performed. e. Institutions 
contained within the control limits are likely to be accountable to common cause or natural 
variance and therefore performing within set standards. f. An institution lying outside of the control 
limits is highlighted as an outlier. This institution is displaying special cause variance and should 
be investigated to determine why it has a higher than expected revision rate.
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data points followed by control limits, which 
are superimposed around the data. Plotted data 
can represent individual studies (in the case 
of meta-analyses) or an individual institution 
(in the case of performance comparison). The 
control limits represent the area two or three 
standard deviations either side of the mean. 
Data points lying within this area can be 
assumed to be the result of expected variation.

A small sample size typically displays a 
greater degree of variability resulting in wider 
control limits. As a sample size increases the 
degree of variability decreases resulting in 
narrower control limits, generating an inverted 
funnel shaped distribution. In the absence of 
bias, the scatter of data will be the result of 
sampling variation alone and the funnel plot 
should be symmetrical about the mean. 

The scatter of data points lying either 
within the control limits or outside of them 
are the result of common cause or special 
cause variance respectively. Common cause 
or natural variance are the usual quantifiable 
variations within a system. They represent 
an inherent part of a process and no specific 
actions can be performed to prevent common 
cause variance. In other words common 
cause variance represents random variability 
or marginal differences in external factors. 
While common cause variance can account 
for differences in the data points, it cannot 
be used to overcome basic inadequacies in 
data quality (Mayer et al, 2009). Special 
cause variance refers to unusual or unplanned 
variance that has an assignable cause. It can be 
corrected by identifying weaknesses within a 
system or process. Data points in the funnel 
plot which lie within the control limits are said 
to be attributable to common cause variance 
whereas those lying outside the control limits 
are attributable to special cause variance. 

Commonly the display of three standard 
deviations serves as the demarcation between 
common cause and special cause variance. An 
author may choose to include two standard 
deviations only to illustrate that all of the data 
points lie within those limits and variation is 
likely accountable to chance alone. However, 
data points lying outside of two standard 
deviations could still be accountable to chance. 
Conversely an author may decide to display 
control limits of two standard deviations with 
greatly spread data points to highlight the 
degree of variation among the data. With this 
in mind the choice of two or three standard 
deviations depends on the message the author 
is ultimately trying to convey.

Funnel plots can be presented with the 
inverted funnel in an up-down direction or in a 
horizontal direction, with control limits either 
being straight or curved. Typically when the 
funnel plot is used to identify bias in a meta-
analysis, the measure of study size is found 
on the vertical axis and the treatment effect is 
found on the horizontal axis. This creates the 
up-down inverted funnel (Figure 2).

In contrast, when assessing performance 
outcomes, the health outcome is seen on the 
vertical axis with the sample size seen on the 
horizontal axis creating a horizontal funnel 
(Figure 3). While the data can be displayed 

as either an up-down or horizontal funnel, 
there is no statistical reason or significance 
for the difference in display. However, it is 
important that the reader acknowledges the 
difference in layout so that the funnel plot 
can be interpreted correctly. 

Funnel plots can be used to identify the 
probability of bias within meta-analyses or 
in the comparison of performance, discussed 
in more detail below. 

Funnel plots in meta-analyses 
Meta-analysis is a statistical method of 
analysis combining results from a number 

Figure 3. A horizontal funnel plot illustrating the risk-adjusted postoperative mortality against total 
caseload by trust from 0 to 30 days (90-day mortality outliers marked). From Byrne et al (2013).
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Figure 2. An up-down inverted funnel plot illustrating 14 studies estimating the risk ratio of 
postoperative surgical site infections after clean orthopaedic implant surgery in HIV-infected 
patients compared to HIV-negative patients. From Kigera et al (2012). 
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Heterogeneity
Heterogeneity refers to the variation in study 
outcomes between studies which is not 
attributable to chance. This can be either 
clinical (types of patients, implementation 
or intervention) or statistical (control 
over bias). Heterogeneity is an important 
consideration as studies used in a meta-
analysis may not be estimating the same 
effect for the same intervention in the same 
way. This can result in asymmetry of a funnel 
plot, particularly if a treatment effect is larger 
in smaller studies. This could occur if, for 
example, interventions were implemented 
less thoroughly in a larger study resulting 
in more positive results in a smaller study. 

Numerous methods exist to help 
investigate the presence of heterogeneity 
in meta-analyses. Statistical testing can 
be used to identify the probability of 
between-study variation, represented as a ‘P 
value’. Two common methods include the 
DerSimonian–Laird test and the Breslow–
Day test. The main issue is that this form 
of testing can be underpowered as it relies 
on two main factors: the number of studies 
included and the respective weight allocated 
to each study. Therefore true differences may 
be hard to identify particularly if there is 
only a small number of studies (Song et al, 
2001). 

Other methods commonly used to 
investigate heterogeneity are subgroup 
analysis and meta-regression. Subgroup 
analysis separates the studies into subgroups 
according to study-level variables allowing 
separate analysis of each subgroup. Its 
usefulness may be limited in meta-
analyses containing only a small number 
of studies. It is also possible that differences 
between subgroups could simply be the 
result of chance. Meta-regression is a 
more sophisticated approach that uses the 
estimate of study results as the dependent 
variable and study-level variables as the 
independent variable. If a linear relationship 
is seen between the two, regression analysis 
will yield a greater statistical power than 
subgroup analysis (Song et al, 2001). 

If there is little difference between studies a 
fixed effect model can be used which assumes 
that the studies have been conducted under 
similar conditions with similar subjects. 
Random effect models allow study outcomes 
to vary in a normal distribution and are often 
used to incorporate heterogeneity in meta-
analysis (Sterne et al, 2011).

Figure 4. Funnel plot illustrating asymmetry. The log of the risk ratios are plotted against the 
standard error of the risk ratio of each study to identify asymmetry in the distribution of trials. 
From Ritchie and Romanuk (2012).
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of different studies on a specific topic. The 
aim is to draw a conclusion about the overall 
effect of a process or intervention. While this 
method of analysis can produce estimates of 
treatment effect, it can be subject to bias. 
This can be identified by using a funnel plot. 

The funnel plot is based on the estimation 
that the underlying treatment effect will 
increase as the sample size increases. Studies 
with small sample sizes therefore scatter 
widely at the base of the funnel (further from 
the mean), while studies with larger sample 
sizes spread more narrowly at its apex (closer 
to the mean) (Figure 3). In the absence of 
bias and other factors, a symmetrical funnel 
shape will be seen. It follows that funnel plots 
can be used to assess the quality of collated 
data within a meta-analysis. The resultant 
symmetry or asymmetry (Figure 4) can 
indicate the presence of bias. Publication 
bias for example is a known cause of funnel 
plot asymmetry. It is well discussed in 

the literature and often attributed as the 
sole cause of asymmetry. This is not the 
case, however, and other factors including 
heterogeneity and chance must also be 
considered. 

Reporting or selection bias
Reporting or selection bias is the selective 
revealing or suppression of information that 
is typically influenced by the nature and 
direction of results. This means that studies 
with findings that support or favour an 
outcome are more likely to be published than 
those that do not. There are many different 
types of reporting bias as outlined in Table 1. 

The significance of reporting bias is 
simply that the data collected by a meta-
analysis may be skewed, leading to funnel 
plot asymmetry. This asymmetry will be 
exaggerated if the smaller studies (more 
prone to selective suppression as a result of 
insignificant findings) are concealed. 

Table 1. Different types of reporting bias

Type of bias Description

Publication bias More likely to be published than statistically insignificant studies

Time lag bias More likely to be published into the scientific literature at a quicker rate

Multiple 
publication bias

Published in numerous locations which could lead to overestimation of a treatment 
effect

Location bias Published in journals with better ease of access, indexing standards, impact factor

Citation bias References included are most likely to those studies supporting the treatment effect

Language bias Published in journals that are written in English so can be more widely read

From Hopewell et al (2009) 
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Chance
Chance must be considered when 
interpreting funnel plots. As meta-analyses 
can contain a limited number of studies, 
they can be prone to uncover false positive 
findings affecting the symmetry of the plot. 

Assessing funnel plot asymmetry 
Assessing for asymmetry is done visually. The 
reader may note the absence of data points 
in one quadrant of the plot and assess for 
asymmetry by counting studies in each 
quadrant for comparison. The differences 
in data points between quadrants can be 
termed as imbalance, but the imbalance must 
be interpreted relative to the total number of 
studies in the analysis (Simmonds, 2015). 

Imbalance does not take into account the 
distance of the data points from the mean. 
Therefore assessing asymmetry distance can be 
useful. This is done by comparing the sum of 
the distance of data points on one side of the 
mean to the sum of the distance of data points 
on the other side of the mean and dividing this 
by the total distance. A score of zero implies 
perfect symmetry while a score of one implies 
maximum asymmetry (Simmonds, 2015). 

Using visual assessment alone to identify 
the presence of asymmetry in a funnel 
plot can be misleading particularly when a 
meta-analysis has a relatively low number 
of studies. This can lead to incorrect 
conclusions being drawn as readers may 
struggle to appropriately interpret the 
funnel plot (Terrin et al, 2000) or become 
confused by differing axes and outcome 
measures (Tang and Liu, 2000). In this case 
more formal statistical tests such as the rank 
correlation test or Egger’s regression test (see 

below) can be used to identify the presence 
of asymmetry which can then be illustrated 
on the funnel plot. 

If asymmetry is found, one method to 
identify the possibility of bias is for the author 
to establish contour lines (Figure 5) that 
correspond to statistical significance (Peters 
et al, 2008). If data points are missing from 
areas of ‘non significance’, it is possible that 
reporting bias may be present but other factors 
should also be considered. Conversely if data 
points are missing from ‘high significance’ 
areas then reporting bias is unlikely.

Statistical tests for funnel plot 
asymmetry
More formal statistical tests can be performed 
to test for funnel plot asymmetry. The rank 
correlation test developed by Begg and 
Mazumdar (1994) and the Egger’s regression 
test (Egger et al, 2001) are used to identify 
publication bias. As a general rule tests for 
asymmetry should not be used when there 
are fewer than 10 studies in the meta-
analysis. Owing to a low test power formal 
statistical tests are unable to distinguish 
between chance and real asymmetry. This 
means that even if asymmetry is ruled out, 
bias cannot be excluded (Sterne et al, 2011).

Funnel plots as a comparison of 
institutional performance
League tables and caterpillar plots (Figure 6) 
are typically used in the literature to rank 
institutional and individual performance. 
Caterpillar plots are side-by-side bar plots 
displaying 95% confidence intervals. The 
specific purpose of this plot is to identify 
differences in performance that may be 

accountable to chance. While both types 
of data display are used for institutional 
comparison they do have limitations 
including not displaying sample size or 
accounting for over-adjustment of case-
mix. Anell et al (2016) demonstrated that 
when league tables were used to compare 
institutional performance, units were over-
identified for further investigation. As a result 
funnel plots are becoming an increasingly 
popular graphical tool in the comparison of 
institutions and identification of outliers.

Funnel plots for performance comparison 
are constructed by placing the performance 
indicator value on the vertical axis and 
the accuracy of the measured indicator 
or number performed by a surgeon or 
institution on the horizontal axis. As in the 
case for funnel plots used in meta-analyses 
(Figure 2), lines for target outcomes and 
control limits are superimposed onto the 
plot. The control limits (typically three 
standard deviations from the mean) account 
for the bulk of variation, which is assumed 
to be the result of common cause variation, 
as explained above. 

In contrast to league tables, funnel plots 
can identify institutions that are performing 
outside of the set control limits, indicating 
special cause variation. This allows readers to 
identify specific institutions and determine 
possible reasons for their significant variance. 
Both funnel plots and cumulative funnel 
plots have been used to present in-hospital 
outcome data. The funnel plot is used to 
display summaries of overall performance 
while the cumulative funnel plot is used to 
display a case series of an individual clinician’s 
performance (Kunadian et al, 2008).

Figure 5. Funnel plots (a) with and (b) without contour lines. b has shaded regions corresponding to different P values with varying levels of 
significance as identified in the legend. From Crossley et al (2014). 
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Consideration of funnel plots used 
for institutional comparison
Data used in funnel plots should be 
adequately adjusted to represent the patient 
population. In others words, where possible 
the data used should be as homogenous as 
possible. While funnel plots will allow for 
factors that result in random variation to 
fall within the predetermined control limits, 
obviously heterogeneous data will not, and 
may instead be highlighted as an outlier. For 
this reason funnel plots should be interpreted 
with caution and readers should consider this 
when outlying units are identified. 

Funnel plots for institutional comparison 
represent a snapshot analysis for a given 
period, meaning any variation seen could 
be the result of chance alone (Mayer et 
al, 2009). However, modifications in the 
construction of funnel plots can allow for 
the identification of performance over time, 
allowing readers to determine changes in 
performance as a continuous process.

Over-dispersion is noted when the majority 
of data points on the funnel plot are situated 
outside the control limits. This is clearly not 
conducive to identifying outliers and could 
occur as a result of unmeasured variables that 
have not been taken into account. This could 
be for a number of reasons, including inability 
of the variables to be measured, the variables 
being deemed insignificant to the displayed 

data or that they simply were not considered. 
While each individual unmeasured variable 
may not be enough to cause significant 
variation, their summation could lead to 
significant variability. When looking for 
institutions with divergent performance 
the data can be adjusted to bring the data 
points within the control limits. It should 
be remembered, however, that the aim is to 
identify divergent performance from an overall 
standard or target. There are a number of 
methods by which the data can be controlled. 
These include not using a given indicator 
(as not sensitive to compare institutions), 
improving risk stratification (by measuring 
factors causing excess variability), analysis by 
clustering (creating more homogenous groups 
to compare like with like), estimating an over-
dispersion factor or assuming a random effects 
model (Spielgelhalter, 2005). An example of 
the effects of correcting over-dispersion can 
be seen in Figure 7. 

The volume–outcome relationship was first 
coined by Luft in 1987. It describes the notion 
that institutions with higher volumes of cases 
will have better outcomes. This might be the 
result of either the ‘practice makes perfect’ 
hypothesis or the ‘selective-referral pattern’ 
hypothesis whereby patients are referred to a 
centre as it is perceived to have better results 
(Luft et al, 1987). Funnel plots are ideally 
suited to illustrate this relationship by placing 

Figure 6. A caterpillar plot illustrating the odds ratios and 95% confidence intervals for 216 trauma 
centres when exploring the variability in delayed fixation of femoral shaft fractures. From Byrne et 
al (2017). 

the observed event rate on the vertical axis 
and the volume of cases on the horizontal 
axis. An example of the benefit of data being 
displayed in this way is in the identification 
of mortality rates for a given institution. 
While it is known that hospitals with smaller 
case loads are likely to exhibit statistically 
significant higher mortality rates, standardized 
mortality ratios can instead be plotted. This 
enables volume–outcome relationships to be 
identified, while also allowing the reader to 
identify divergent data points. This makes 
funnel plots an ideal graphical tool in the 
identification of institutions that may need 
further investigation for service improvement. 

Conclusions 
Funnel plots are becoming more prevalent 
in the scientific literature. They represent a 
graphical method by which data points can 
be categorized into normal or special cause 
variation. Through statistical analysis, they 
can be easily constructed and provide an easy 
way for readers to identify divergent data 
points. In the case of meta-analyses, outlying 
studies can be easily identified. By considering 
outlying studies as well as the presence of 
asymmetry the conclusions drawn from 
studies can be more accurately interpreted. 
This is imperative considering the importance 
of meta-analyses in evidence-based medicine. 
An increasing use of the funnel plot is in the 
display of performance outcome data either at 
surgeon or institution level. This is becoming 
ever more prevalent across a range of hospital 
specialties. Funnel plots used for this purpose 
can illustrate units performing outside of 
accepted control limits. This will allow them 
to be identified and further investigated to see 
if improvement is required. However, funnel 
plots can also be used to reassure readers of 
units that are performing within accepted 
standards. Owing to its increasing use in the 
literature the reader must understand the 
basic principles of the funnel plot for accurate 
interpretation of the data.  BJHM
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KEY POINTS
■■ Funnel plots are used primarily as a visual 

tool to assess for the presence of bias.

■■ Studies with small sample sizes tend to 
scatter widely at the base, while larger 
studies scatter more narrowly towards 
the mean.

■■ Asymmetrical funnel plots can be the 
result of reporting bias, as well as factors 
such as heterogeneous data and chance.

■■ When comparing institutional 
performance, funnel plots may more 
accurately identify significant outliers that 
need further investigation than traditional 
league tables or caterpillar plots.

■■ Modifying the funnel plot can allow 
comparison of institutions over time vs a 
snapshot analysis.

■■ Funnel plots are ideally suited to identify 
the volume–outcome relationship. 

Figure 7. Funnel plots displaying unadjusted and adjusted motor vehicle mortality rates in Alberta based on 70 subregions (represented by black dots). 
a. Of 70 subregions, 16 lie on or outside of the 95% confidence limit with six identified as anomalies lying outside of the 99.8% limit. b. The authors 
then adjusted for demographic factors (age and sex) as well as behavioural risk factors (seat belt use and drink driving). Following factor adjustment 
only six subregions now lie on or outside of the 95% confidence limits with 0 subregions identified as anomalies. From Dover and Schopflocher (2011).
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