Forest Plots

Visualization of heterogeneity in forest plots - started to appear in meta-analyses in the early 1980s [1]

- the most commonly used visualization in meta-analyses [2]
European Congress of Methodology - provides information about the findings of the individual
Tenerife, Spain studies and the results of the meta-analysis [3]

- recommended in various reporting guidelines: PRISMA [4],

July 23-25, 2025 7 )
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Forest Plots Example: BCG Vaccine Meta-Analysis [9]
. - . . . . Vaccinated Control
combination of textual info and various graphical elements: Author(s) and Yoar B 8. TBe 1B Risk Ratio [95% CI
- study identifier (typically first author + year)
Lo . Aronson, 1948 4 119 1 128 i 0.41[0.13, 1.26]
- summary statistics to compute the effect sizes Forguson & Simes, 1949 s 100 2 o4 e 020[0.09, 0.49]
- means, standard deviations, study/group sizes Rosenthal et al, 1960 3 228 1 209 P — 0.26 [0.07, 0.92]
- counts (Qg Of the Ce“S in2x2 tabtes) Hart & Sutherand, 1977 62 13536 248 12619 - 0.24[0.18,0.31)
R ' R R . Frimodt-Moller et al, 1973 33 5036 47 5761 ——-— 0.80 [0.52, 1.25]
- effect sizes of the studies with corresponding Cls Stein & Aronson, 1953 180 1361 372 1079 - 0.46 [0.39, 0.54]
- as points/boxes and horizontal lines Vandiviere et al, 1973 8 2537 10 619 = 0.20[0.08, 0.50]
. often also added textuaHy TPT Madras, 1980 505 87886 499 87892 3 1.01[0.89, 1.14)
Coetzee & Berjak, 1968 29 7470 45 7232 —-— 0.63 [0.39, 1.00]
- study weights (in %) Rosenthal et al, 1961 17 1699 65 1600 —-— 0.25[0.15, 0.43]
. apolygon (ldiamoﬂd') fOrthe pooled est‘\mate ('[L) aﬂd |tS Cl Comstock et al, 1974 186 50448 141 27197 - 0.71[0.57, 0.89)
Comstock & Webster, 1969 5 2493 3 2338 —_— 1.56 (0.37, 6.53]
- info about the statistical significance of the pooled estimate Comstock et al, 1976 27 16886 2 17825 —a— 0.98(0.58, 1.66)
- info about potential heterogeneity (e.g, Q-test, 12, 72)
Random-Effects Model - 0.49(0.34,0.70]
- risk of bias assessment for the individual studies Test of the overal effect: Z=-3.97, p<0.001 e
Heterogeneity: Q=152.23, df=12, p<0.001; 1=0.31, 1’=92% Ve % Yo %1 2 4 8
Risk Ratio (log scale)
3 4

Example: BCG Vaccine Meta-Analysis [9] Reporting/Quantifying Heterogeneity
Vaccinated Control . . . . . . . 2
Authoris) and Year B+ T8 B T8 Risk Ratio 5% C1} Q-test: only indicates whether we can reject Hy: 7% = 0
- I? statistic: indicates (in %) how much of the total variability
Aronson, 1948 4 19 1 128 —_— 0.41[0.13, 1.26] X X X L
Ferguson & Simes, 1949 6 300 T R — 0,20 (0.09, 0.49] in the observed effects is due to heterogeneity, but it is not an
Rosenthal et al, 1960 3 228 1 209 —— 0.26 [0.07, 0.92] abSOlute measure Of heterogeneity [/‘ LJ]
Hart & Sutherland, 1977 62 13536 248 12619 - 0.24[0.18,0.31) 5 . .
FrmodtMoleretal, 1973 33 5036 47 5761 —u 0.80(0.52, 1.25] - estimate of 7°: is an absolute measure but hard to interpret
Stein & Aronson, 1953 180 1361 372 1079 - 0.46 [0.39, 0.54] o, . e . . .
T s s 10 el REO0D O 95% prediction interval: indicates where most of the true
TPT Madras, 1980 505 87886 499 87892 o 1.01[0.89, 1.14) effects of similar/new studies are expected to fall [11,12]
Coetzee & Berjak, 1968 29 7470 45 7232 - 0.63 [0.39, 1.00] . . . . .
Rosenthal ot al, 1961 pram——— 8 1800 - 0250 - directly reflects the degree of heterogeneity (in effect size units)
Comstock et al, 1974 186 50448 141 27197 - 0.71[0.57, 0. + basic computation:
Comstock & Webster, 1969 5 2493 3 2338 —_— 1.56 [0.37, 6.53] ~ s
Comstock et al, 1976 27 16886 29 17825 . 0.98[0.58, 1.66] f£1.967
- various refinements to account for uncertainty in & and 72
Random-Effects Model - 0.49 [0.34, 0.70]
Test of the overall effect: 2=-3.97, p<0.001 —r T - recommended as the best indicator of heterogeneity [10,13]

Vo a1 2 4 8
Risk Ratio (log scale) + 95% PI for the BCG vaccine meta-analysis: 015 to 1.55

( Heterogeneity: Q=152.23, df=12, p<0.001; t=0.31, 1’=92% )




Visualizing Heterogeneity

- want to show the prediction interval visually in a forest plot
- various proposals for this have been made [11,12,14-16]:

- diamond shape

- horizontal line through the diamond

- horizontal bar under the diamond
- two (somewhat) novel approaches:

- horizontal bar with shading

- plot of the predictive distribution

Diamond Shape for the Prediction Interval

Author(s) and Year TB+  TB- B+ TB- Risk Ratio [95% Cl]
Aronson, 1948 4 119 1o 128 —_— 041[0.13,1.26]
Comstock etal, 1976 27 16886 29 17825 - 098(0.58, 1 asi
Random-Effects Model - 049(034,0.70]
Prediction Interval [95% PI] —_— [0.15, 1.55)
———TTT
Ve %o Yo i 1 2 4 8

- suggested by Higgins et al. (2009) [11]
- sometimes the Pl diamond is distinguished by color (see above)
- problem: easy to confuse the Pl with the CI for s

Horizontal Line Through the Diamond

Author(s) and Year TB+  TB- B+  TB- Risk Ratio [95% C1]
Aronson, 1948 4 19 1 128 —— 0.41[0.13,1.26]
;omslock etal, 1976 27 16886 29 17825 —— 098(0.58, 1.6;51
Random-Effects Model - 049(034,0.70)
Prediction Interval [95% PI] 015, 1.55)

Ve % Y i1 2 4 8
- suggested by Borenstein et al. (2009) [14] (and others [12,15])
- problems:
- easy to confuse the Pl with the Cls for the individual effect sizes
- Pl bounds in the annotations are in a different line than the
horizontal line for the PI

Horizontal Bar under the Diamond

Author(s) and Year TB+  TB- TB+  TB- Risk Ratio [95% CI]
Aronson, 1948 4 19 1 128 —— 041[0.13,1.26)
;R:mslock etal, 1976 27 16886 29 17825 —— 098 [0.58, 1.66]
Random-Effects Model - 049[0.34,0.70]
Prediction Interval [95% PI] — 0.15,1.55]

s e e e
Vo h % %1 2 4 8

- suggested by Guddat et al. (2012) [16]
- Pl uses a clearly distinguishable shape
- problem: not every value in the interval is equally likely

8 9
Horizontal Bar with Shading Under the Diamond Plot of the Predictive Distribution
Author(s) and Year TB+  TB- TB+  TB- Risk Ratio [95% CI] Author(s) and Year T8+  TB- TB+  TB- Risk Ratio [95% CI]
Aronson, 1948 4 19 " 128 —— 0.41[0.13, 1.26) Aronson, 1948 4 19 1" 128 —— 0.41[0.13, 1.26)
Comstock etal, 1976 27 16886 29 17825 —.— 0.98 [0.58, 1.66] Comstock etal, 1976 27 16886 29 17825 — = 0.98 [0.58, 1.66]
Random-Effects Model - 0.49(0.34,0.70) Random-Effects Model - 0.49[0.34,0.70)
Prediction Interval [95% PI] . [0.15, 1.55] Predictive Distribution [95% PI) i ) [0.15,1.55)

T T T T

Ve % %1 2 4 8

- not suggested for Pls before, but based on Jackson (2008) [17]
- shading indicates the density of the predictive distribution
- problems:

- might not be clear what the shading indicates

- need a legend to be able to interpret the shades

Vo % Y %1 2 4 8
- clarifies that we are estimating an entire distribution of effects
- (optional) shading of regions:
- darker gray: tail regions correspond to the 95% PI
- lighter gray: area on the opposite side of the pooled effect
(corresponds to P(# > 1) = 0.11 in this case)




Other Applications / Models Subgrouping

illustrate differences in heterogeneity across: Authorls) and Year Random Risk Ratio [857% Cl
- subgroups (subgrouping / meta-regression models) Rosenthal et al, 1961 no 0.25[0.15,043)
Stein & Aronson, 1953 no 0.46 [0.39, 0.54]

- values of a continuous predictor (location-scale models) Comstock et al, 1974 no 0.71[0.57, 0.89)
. . . . Frimodt-Moller et al, 1973 no — 0.80 [0.52, 1.25)
different outcomes (in multivariate models) Comatock et al, 1976 o P 0.98 (058, 1.66]
Comstock & Webster, 1969 no 1.56 [0.37, 6.53]

Vandiviere et al, 1973 yes 0.20 [0.08, 0.50]

Ferguson & Simes, 1949 yes 0.20 [0.09, 0.49]

Hart & Sutheriand, 1977 yes 0.24[0.18,0.31]

Rosenthal et al, 1960 yes 0.26 [0.07, 0.92]

Aronson, 1948 yes - 0.41[0.13, 1.26]

Coetzee & Berjak, 1968 yes
TPT Madras, 1980 yes

0.63[0.39, 1.00)
1.01[0.89, 1.14]

-
-
-
Pooled Estimate for Non-Random Allocation - 0.62[0.40, 0.95)
Predictive Distribution [95% P1] TN [0.23,1.67)
—
—r—T

Pooled Estimate for Random Allocation
Predictive Distribution [95% P1]

0.38[0.22, 0.65)
[0.10, 1.45]

—r—T

Yo % % % 1 2 4 8

2 Risk Ratio (log scale) 3

Location-Scale Models Location-Scale Models
Author(s) and Year Sample Size SMD [95% CI]
Bangert-Drowns et al. (2004) [18] meta-analyzed k = 48

Ross & Faucette, 1994 16 0.70[-0.31, 1.71]
H ini i i H Rivard, 1996 20 — , 0.45)
studies examining the effectiveness of an intervention for e etaliieT = ' 064]
. . . . Weiss & Walters, 1980 25 -0.17, 1.43]
improving educational achievement Ayers, 1993 34 -0.75(-1.45,~0.05]
effect sizes are given as standardized mean differences Nieswandt, 1997 91 — 0.12(-0.29, 0.53]
Baisch, 1990 95 — -0.21[-0.61, 0.19]
. H i H H H — — K Burton, 1986 99 —r 0.06[-0.33, 0.45]
studies differed in their size (from n = 16 to n = 542) Shum 1967 i 0.49{ 0.10. 0.69]
. . . . . Langer & Applebee, 1987 107 —_— -0.13[-0.51, 0.25]
can use a location-scale model [19] to examine if the size of . .
R R Wells, 1986 250 —— -0.21, 0.29]
the pooled effect and the amount of heterogeneity differs for Uliich, 1926 289 - . 038)
Lodholz, 1980 446 —— , 0.17]
H Becker, 1996 462 —— -0.16, 0.22]
smaller versus larger studies Brodney, 1994 545) = 0.06[-0.10. 0.22]
Pooled Estimate for n=20 - 0.29[ 0.17, 0.41]
Predictive Distribution [95% PI] e [-0.40, 0.99]
Pooled Estimate for n=100 - 0.25[ 0.15, 0.35]
Predictive Distribution [95% PI] A ~ [-0.24, 0.73)

Pooled Estimate for n=500 - 0.03(-0.08,

Predictive Distribution [95% PI] A\ [-0.11,

r T T |
" 2 A 0 1 2 o
Standardized Mean Difference >

Multivariate Models Multivariate Models

- studies often report multiple outcomes Study Outcome MD [95% C1)
can use a multivariate model to analyze multiple outcomes Pihlstrom et al., 1983 PD —— 0.47[ 0.30, 0.64]
. L [ [7’W ﬁw] Pihlstrom et al., 1983 AL —_— -0.32[-0.49, -0.15]
simultaneously [20-22 Lindhe et al., 1982 PD —— 0.20[ 0.05, 0.35]
Berkey et al. (1998) [21] examined the effectiveness of surgical Lindho ot al., 1882 AL - ~0.60[-0.66, -0.54)
] _ ; Knowles et al., 1979 PD . 0.40[ 0.31, 0.49)
versus non-surgical treatment for periodontal disease for Knowles et al., 1979 AL - -0.12[-0.19, -0.05]
. ) , . , Ramfjord et al., 1987 PD —-— 0.26[ 0.15, 0.37)
outcomes ‘probing depth’ (PD) and ‘attachment level’ (AL) Raniord ot el 1987 a - 0.31-0.36. ~0.23]
Becker et al., 1988 PD D 0.56[ 0.32, 0.80]
Becker et al., 1988 AL — -0.39(-0.73, -0.05]
Pooled Estimate for Outcome AL —— -0.34[-0.51, -0.17]
Predictive Distribution [95% PI] — ™~ [-0.73, 0.05]
Pooled Estimate for Outcome PD - 0.35[ 0.24, 0.47]
Predictive Distribution [95% PI] LN [ 0.1, 0.60]

I T T 1

-1 -0.5 0 0.5 1

16 Mean Difference 7




Non-Normal True Effects

distribution of true effects may not be normal
can either assume different distributions [23-27] or estimate
the distribution non-parametrically [28]

- can use the same visualization when using these methods
note: other visualizations hide the shape of the distribution
(except when using shading, but this is difficult to process)

Example: BCG Vaccine Meta-Analysis

Vaccinated Control
Author(s) and Year B+ TB- B+  TB- Risk Ratio [95% C]
Aronson, 1948 4 19 1n 128 e 0.41[0.13,1.26)
Ferguson & Simes, 1949 6 300 29 274 — 0.20 (0.09, 0.49)
Rosenthal et al, 1960 3 228 1 200 @ ——— 0.26 [0.07,0.92)
Hart & Sutherland, 1977 62 13536 248 12619 - 0.24[0.18, 0.31)
Frimodt-Moller et al, 1973 33 5036 47 5761 . 0.80[0.52, 1.25)
Stein & Aronson, 1953 180 1361 372 1079 - 0.46 [0.39, 0.54]
Vandiviere et al, 1973 8 2537 10 619 —_— 0.20 (0.8, 0.50)
TPT Madras, 1980 505 87886 499 87892 1.01[0.89, 1.14]
Coetzee & Berjak, 1968 29 7470 45 7232 . 0.63[0.39, 1.00)
Rosenthal et al, 1961 17 1699 65 1600 —— 0.25[0.15,0.43)
Comstock et al, 1974 186 50448 141 27197 - 071057, 0.89]
Comstock & Webster, 1969 5 2493 3 2338 —————— 156(0.37,653]
Comstock et al, 1976 27 16886 29 17825 —.— 0.98[0.58, 1.66]
Random-Effects Model - 0.49 (034, 0.70)
Predictive Distribution [95% PI] i [0.15,1.55)
Predictive Distribution (non-parametric) [95% P] ) [0.19,1.25)
Test of the overall effect: Z=-3.97, p<0.001 hﬁfg_,_\

Heterogeneity: Q=152.23, df=12, p<0.001; °=0.31, ’=92% Yo % % %1 2 48

Risk Ratio (log scale)

Back-Transformation

often a meta-analysis is conducted on a transformed scale (e.g,,
log risk/odds ratios, r-to-z transformed correlation coefficients)
- for easier interpretation, the results from the meta-analysis are
back-transformed (e.g, exponentiation, z-to-r transformation)
in the forest plot, we can:
- show the results on the transformed scale
use an axis transformation
directly back-transform all values
- when directly back-transforming all values, the predictive
distribution needs to be transformed accordingly
- this implies a non-normal distribution for the true effects on
the back-transformed scale (e.g., a log-normal distribution)

BCG Example: Show Results on the Transformed Scale

Author(s) and Year Log[RR] [95% CI]
Aronson, 1948 e -0.89[-2.01, 0.23]
Ferguson & Simes, 1949 —_— -1.50 [-2.45, -0.72)
Rosenthal et al, 1960 e -1.35 [2.61, -0.08]
Hart & Sutherland, 1977 - 1.4 [-1.72, -1.16]
Frimodt-Moller et al, 1973 —a 0.22[-0.66, 0.23]
Stein & Aronson, 1953 - 0.79[-0.95, -0.62)
Vandiviere et al, 1973 —_—— -1.62[-2.55, -0.70)
TPT Madras, 1980 - 0.01[0.11, 0.14]
Coetzee & Berjak, 1968 — -0.47 [0.94, -0.00)
Rosenthal et al, 1961 — 1.37 .90, -0.84]
Comstock et al, 1974 - -0.34[-0.56, -0.12)
Comstock & Webster, 1969 e 045[0.98, 1.88]
Comstock et al, 1976 — 0.02 [0.54, 051]
Random-Effects Model — 0.71[1.07, -0.36)
Predictive Distribution [95% P] [-1.87, 0.44]

T T T T ]

3 2 1 0 1 2

Log Risk Ratio

BCG Example: Use an Axis Transformation

Author(s) and Year Risk Ratio [95% CI]

Aronson, 1948 0.41[0.13, 1.26]

Ferguson & Simes, 1949 B — 0.20 (0.09, 0.49)
Rosenthal et al, 1960 0.26 [0.07, 0.92)
Hart & Sutheriand, 1977 —.— 0.240.18,0.31)
Frimodt-Moller et al, 1973 - 0.80 [0.52, 1.25)
Stein & Aronson, 1953 - 0.46 [0.39, 0.54]
Vandiviere et al, 1973 —_— 0.20[0.08, 0.50)

TPT Madras, 1980 - 1.01[0.89, 1.14]

Coetzee & Berjak, 1968 e 0.63[0.39, 1.00]
Rosenthal et al, 1961 — 0.25(0.15, 0.43)
Comstock et al, 1974 - 0.71[0.57, 0.89)
Comstock & Webster, 1969 1.56 [0.37, 6.53]
Comstock et al, 1976 — 0.98[0.58, 1.66)
Random-Effects Model — 0.49(0.34, 0.70)
Predictive Distribution [95% P} 0.15, 1.55)

T T T T T T |

% K% %1 2 4 8

Risk Ratio (log scale)

BCG Example: Directly Back-Transform All Values

Author(s) and Year Risk Ratio [95% Cl]
Aronson, 1948 —_— 0.41[0.13, 1.26]
Ferguson & Simes, 1949 —-— 0.20[0.09, 0.49)]
Rosenthal et al, 1960 R — 0.26[0.07, 0.92)
Hart & Sutherland, 1977 - 0.24[0.18, 0.31)
Frimodt-Moller et al, 1973 . 0.80 (052, 1.25)
Stein & Aronson, 1953 0.46 [0.39, 0.54]
Vandiviere et al, 1973 e 0.20[0.08, 0.50]
TPT Madras, 1980 - 1.01[0.89, 1.14]
Coetzee & Berjak, 1968 —. 0.63[0.39, 1.00]
Rosenthal et al, 1961 -— 0.25(0.15, 0.43]
Comstock et al, 1974 -.-— 0.71[0.57, 0.89]
Comstock & Webster, 1969 1.56 [0.37, 6.53]
Comstock et al, 1976 . 0.98[0.58, 1.66]
Random-Effects Model - 0.49(0.34, 0.70)
Predictive Distribution [95% P} [ >~ [0.15, 1.55)

r T )

0 1 2 3

Risk Ratio
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Back-Transformed Estimates

BCG Example: Directly Back-Transform All Values

due to Jensen’s inequality, the back-transformed mean effect
is not an estimate of the mean effect on the back-transformed
scale (it is an estimate of the median effect)

can also estimate the mean of the back-transformed predictive
distribution and its mode

Author(s) and Year Risk Ratio [95% CI]
Aronson, 1948 — 0.41[0.13,1.26]
Ferguson & Simes, 1949 —-— 0.20 [0.09, 0.49]
Rosenthal et al, 1960 0.26 [0.07, 0.92]
Hart & Sutherland, 1977 - 0.24[0.18, 0.31]
Frimodt-Moller et al, 1973 — 0.80 [0.52, 1.25])
Stein & Aronson, 1953 = 0.46 [0.39, 0.54]
Vandiviere et al, 1973 —-— 0.20 [0.08, 0.50]
TPT Madras, 1980 - 1.01[0.89, 1.14]
Coetzee & Berjak, 1968 —— 0.63 [0.39, 1.00]
Rosenthal et al, 1961 -— 0.25[0.15, 0.43]
Comstock et al, 1974 - 0.71[0.57, 0.89]
Comstock & Webster, 1969 1.56 [0.37, 6.53]
Comstock et al, 1976 — e 0.98 [0.58, 1.66]
Random-Effects Model — 0.49 [0.34, 0.70)
Predictive Distribution [95% PI] Ve [0.15, 1.55)

r T T )

0 1 2 3

Risk Ratio

Density

Risk Rato

mode: 0.36 (95% Cl: 0.25 - 0.51)
median: 0.49 (95% Cl: 0.34 - 0.70)
mean: 0.57 (95% Cl: 0.40 - 0.81)
95% prediction interval: 0.18 - 1.81
P(B > 1) =011

predictive distribution is visually distinct from the polygon

- visualizes the different densities under the distribution
can use shading to emphasize different regions of interest
can also be used for non-normal predictive distributions
easily possible with the metafor package in R
code corresponding to the examples given on my website

clarifies that we are estimating an entire distribution of effects
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