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Psychosocial interventions indicate
prolonged survival in cancer patients in a
systematic review, meta-analysis, and
multiverse meta-analysis of randomized
controlled trials

Check for updates

A list of authors and their affiliations appears at the end of the paper

Whether psychosocial interventions containing active psychological components prolong survival in
cancer patients has been studied for decades, yet findings from primary (RCTs) and secondary
research (meta-analyses) remain inconclusive. Our preregistered systematic review, meta-analysis,
and multiverse meta-analysis aimed to clarify this research question using contemporary methods of
research synthesis. We searched Web of Science, Scopus, MEDLINE, PsycINFO, Embase, and
Google Scholar for RCTs of structured psychosocial interventions for cancer patients published until
October 17, 2025. We calculated the overall effect; assessed its robustness; estimated a median
survival benefit, characterized the psychological components included in the interventions; examined
risk of bias, study quality, meta-analytic post hoc power, and sponsorship bias; explored 25
substantive and methodological moderators; and considered publication bias as well as p-hacking.
Using multiverse meta-analysis, we calculated multiple overall effects based on reasonable
specifications employed in prior meta-analyses (descriptive analysis) and compared them with the
95% CI band of 1000 simulated overall effects assuming no true effect (inferential analysis).
Psychosocial interventions, provided alongside medical treatment, demonstrated a small, positive
and robust overall effect on survival in cancer patients, with an HR of 0.80, 95%CI [0.71, 0.90] across
32 RCTs comprising 5704 participants. Heterogeneity was moderate to substantial with an I² = 48%
and a wide 95%PI (HR 0.49–1.29). Median survival time benefit was estimated at 3.9 months, 95%CI
[− 0.7, 8.5], basedondata from16 trials. Thepsychological componentsmost frequently appliedwere
educational, cognitive–behavioral, emotionally expressive, and group-based social support. Low
average meta-analytic post hoc power (17%) likely contributed to inconsistent findings among trials.
Multiversemeta-analysis confirmed the presence of a general overall survival effect and indicated that
previously conflicting meta-analytic conclusions primarily stemmed from differences in effect size
metrics and analytic decisions. Psychosocial (psychological) interventions appear to improve survival
in cancer patients, with effect sizes comparable in magnitude to effects previously reported in the
literature formedical cancer treatments suchas chemo-, radio-, andhormone therapy. The certainty of
evidence was rated moderate, primarily due to statistical heterogeneity, hence effects might not
generalize equally to all populations. Considering survival impact, established psychological benefits,
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favorable safety profile, and comparatively low cost, the findings support a paradigm shift toward
establishing psychosocial interventions alongside medical therapy as a standard component of
comprehensive cancer care; potentially guiding future research and clinical practice.

Each year, ~19.3 million individuals develop cancer, and about 10 million
patients die from the disease1. Psychological risk factors for cancer devel-
opment and progression, such as stress, anxiety, depression, anger,
bereavement, repression of emotions, helplessness, and hopelessness, are
already well known2–7.

Psychosocial interventions are provided to help cancer patients over-
come the initial shock of diagnosis, difficulties in coping with the illness,
associated mental health problems, and irritating side effects of medical
treatment through cognitive–behavioral, supportive-expressive, or
mindfulness-based techniques8,9.

Additionally, they appear to alleviate psychological and physiological
risk factors for cancer progression10 and have been shown to reduce stress in
cancer patients11, a major factor for the onset, development, and recurrence
of cancer5,6,12–15, which extends far beyond the benefits of palliative care
alone16.

Whether psychosocial interventions are similarly able to prolong the
survival of cancer patients has been hotly debated since the landmark study
by Spiegel et al.17, which sparked much research in the field of psycho-
oncology. To date, almost half of the respective randomized controlled trials
(RCTs) have found a life-extending effect, whereas the remainder have not
(see Fig. 1A, B for a timeline with published RCTs and meta-analyses)—
including three failed replication attempts of the initial positive finding18–20.

Likewise, ten priormeta-analyses (see Table 1) have resulted in similar
contradictory conclusions. Four meta-analyses yielded a significant overall
effect (at least at one of the examined follow-ups), whereas six did not (see
Fig. 1A, B).

Heterogeneity in the results of primary (RCTs) as well as secondary
research (reviews and meta-analyses) has fueled controversial debates and
led to the formation of two opposing camps. One group argues that the
evidence for psychosocial interventions enhancing the survival of cancer
patients is convincing9,21–25, whereas the other argues it is not26–36.

In an attempt to investigate possible causes of the ongoing controversy,
we have identified a number of factors that could explain the ambiguous
findings of prior meta-analytic research and believe that a modern and
comprehensive synthesis of the existing evidence remains necessary.

An overview of the most relevant issues identified in prior meta-
analytic research is provided in the following paragraphs addressing the
number of included trials, the choice of effect size measures, the investiga-
tion of risk of bias factors within studies, the handling of clinical and sta-
tistical heterogeneity, the examination of reporting bias across studies, the
need for a comprehensible effect sizemeasure for practitioners and patients,
and concerns regarding data-analytic decisions in prior meta-analyses (see
Table 1).

Possible causes for the contradictory findings in prior meta-
analyses
Number and selection of included trials. Ameta-analysis is considered
to produce the highest form of scientific evidence37 and its execution
therefore requires quite delicate handling38. Prior meta-analyses on the
topic (see Table 1) followed the current gold standard in evidence-based
research and analyzed RCTs only39, whereas the most recent attempt40

applied even stricter criteria and focused exclusively on RCTs that used
passive controls and an intention-to-treat (ITT) analysis.

The application of selective inclusion criteria might serve the aim of
increasing the validity of the meta-analytic overall effect41. However, in our
view, the feasibility of such an approach depends on the amount of available
evidence and, on top of that,may address only indirectly some of the risks of
biaswithin studies (e.g., studyquality) and reporting bias across studies (e.g.,
publication bias) that could affect themeta-analytic result. Further, selective

inclusion criteria might even allow investigators to exploit researcher
degrees of freedom resulting in the mass production of redundant meta-
analyses that often contain only fragments of the totality of evidence42.

Moreover, the first meta-analysis on this topic was published almost
two decades ago43, when only a few RCTs were available. As a consequence,
priormeta-analyses (see Table 1) frequently involved only a handful of trials
and none of them more than 15 RCTs.

Hence, the statistical power of the prior meta-analyses to identify
small-to-moderateoverall effectsmight have been insufficient38. In addition,
a trend can be observed that overall effects tended to be not significant in
earlier meta-analyses, but significant inmore recent meta-analyses (see Fig.
1A, B). Thus, updating this line of meta-analytic research, without addi-
tional restrictions, still appears to be required to adequately address the
pending research question of whether psychosocial interventions may
prolong the survival of cancer patients or not.

Choice of the effect sizemeasure. Priormeta-analyses differed in their
use of effect size measures: odds ratio (OR) vs. risk ratio (RR) vs. hazard
ratio (HR). Yet, in the context of survival data, the use of the HR is
preferable over theOR and the RR, as it considers information of time-to-
event data from all participants, including those whowere lost during the
trial44. Moreover, the HR considers the whole study period and does not
allow study authors or meta-analysts to selectively pick one (or multiple)
of many possible follow-up intervals as endpoints (e.g., at 1, 5, or 10
years), which can be readily done with the OR and the RR (see Table 1).

Hence, theHRhelps tomeasure survivalmoreprecisely and safeguards
against possible questionable research practices (i.e., the exploitation of
researcher degrees of freedom to achieve a desired result45). However, only
four of the priormeta-analyses have used theHR,whereas the other six have
used either the OR or RR (see Table 1).

Risk of biaswithin studies. Risk of bias in primary research represents a
threat to the validity of science such as selection bias (sample not
representative of the target population, due to non-randomization or
high dropout rates), design bias (inherent flaws in the study design, such
as additional interventions or inadequate control groups), data analysis
bias (manipulation of data analysis until statistically significant results are
found), and financial or other conflicts of interest (researchers’ personal
interests influencing the outcome)46.

Common threats to the validity of meta-analytic research that might
have a profound influence on the overall effect are: (1) the methodological
and statistical quality of the included studies, which is a crucial factor for the
overall quality of a meta-analysis47; (2) the meta-analytic post hoc power of
included trials (i.e., the probability that a study can detect the observed
overall effect of a meta-analysis), which is critical for the validity of meta-
analytic hypothesis testing46,48,49; (3) the risk of sponsorship bias (i.e., the
distortion of study effects by financial interests), which is important for a
precise and unbiased overall effect estimate50,51; as well as (4) themultiplicity
of analyses (i.e., conducting numerous analyses) and (5) the flexibility in
analyses (i.e., adjusting analytical methods based on results), which both
increase the risk of finding significant results by chance52,53.

Five out of ten priormeta-analyses collected data with the Risk-of-Bias
Tool 154, seven out of the ten priormeta-analyses presented descriptive data
on study quality, but only two have evaluated its impact on survival by
excluding low-quality studies in the form of a sensitivity analysis (see Table
1). However, none of the meta-analyses reviewed here have investigated
(meta-analytic) post hoc power or risk of sponsorship bias. It follows that
these risk of bias factors still need to be examined systematically in this field
of research.
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Clinical and statistical heterogeneity. The meta-analytic overall effect
is meaningful if the included studies are sufficiently homogenous,
whereas it can be misleading in the face of high clinical (substantive and
methodological) or high statistical heterogeneity55,56. In this sense,
substantive moderators (e.g., age, sex, cancer type, tumor stage, or

hormone receptor status20,57,58) and methodological moderators (e.g.,
intervention type, nature of control group, type of statistical analysis, or
length of follow-up interval57,58) might exert an effect on overall survival
time and should therefore be investigated in a thorough moderator
analysis.

Fig. 1 | Significance-based timeline of published RCTs and meta-analyses on psychosocial interventions and survival in cancer patients. A Timeline covering studies
published from 1980 to 2002. B Timeline covering studies published from 2002 to 2025. Note that Fawzy et al., 2003 and Kuchler et al., 2007 were follow-up publications.

https://doi.org/10.1038/s44271-026-00414-x Article

Communications Psychology |            (2026) 4:49 3

www.nature.com/commspsychol


T
ab

le
1
|L

is
t
o
ft
he

te
n
p
ri
o
r
m
et
a-
an

al
ys

es
th
at

ex
am

in
ed

th
e
ef
fe
ct
s
o
fp

sy
ch

o
so

ci
al

in
te
rv
en

ti
o
ns

o
n
su

rv
iv
al

in
ca

nc
er

p
at
ie
nt
s
(d
at
a
re
fe
rs

to
su

rv
iv
al

an
al
ys

is
)

Fi
rs
t
au

th
o
r
an

d
ye

ar
o
f

p
ub

lic
at
io
n

N
um

b
er

o
f

in
cl
ud

ed
R
C
T
s

O
ve

ra
ll
ef
fe
ct

at
la
st

fo
llo

w
-u
p

[9
5%

C
I]

p
va

lu
e

Fo
llo

w
-u
p

in
te
rv
al
s

(y
ea

rs
)

S
ta
ti
st
ic
al

he
te
ro
g
en

ei
ty

(I2
)

S
ub

st
an

ti
ve

m
o
d
er
at
o
rs

an
al
yz

ed

M
et
ho

d
o
lo
g
ic
al

m
o
d
er
at
o
rs

an
al
yz

ed
S
ta
ti
st
ic
al

te
st
s

m
is
si
ng

R
is
k
o
fb

ia
s
(R

o
B
)

an
d
st
ud

y
q
ua

lit
y

as
se

ss
m
en

t

R
ep

o
rt
in
g
b
ia
s

as
se

ss
m
en

t

C
ho

w
et

al
.

20
04

12
7

8,
6

R
R
=
0.
93

[0
.7
7,

1.
13

]
0.
50

1,
4

I2
=
N
A

N
on

e
N
on

e
N
on

e
N
on

e
N
on

e

S
m
ed

sl
un

d
et

al
.

20
04

15
9

8
H
R
=
0.
77

[0
.5
6,

1.
06

]
0.
10

P
oo

le
d

I2
=
74

.9
0%

N
on

e
S
tu
d
y
d
es

ig
n,

in
te
rv
en

tio
n
fo
rm

at
Tf
S
D

N
on

e
Fu

nn
el

p
lo
t

Z
ab

al
eg

ui
et

al
.

20
05

17
4

3
S
M
D
=
0.
22

[-
0.
24

,0
.6
8]

0.
40

P
oo

le
d

I2
=
N
A

N
on

e
N
on

e
N
on

e
N
on

e
N
on

e

E
d
w
ar
d
s
et

al
.

20
08

17
5

4,
4,

3
O
R
=
0.
78

[0
.3
7,

1.
64

]
0.
51

1,
5,

10
I2
=
35

.0
0%

N
on

e
In
te
rv
en

tio
n
ty
p
e

Tf
S
D

S
tu
d
y
q
ua

lit
yc

N
on

e

M
us

ta
fa

et
al
.

20
13

17
6

6,
4

O
R
=
1.
03

[0
.4
2,

2.
52

]
0.
95

1,
5

I2
=
70

.0
0%

N
on

e
In
te
rv
en

tio
n
ty
p
ea

N
on

e
R
oB

,s
tu
d
y
q
ua

lit
yc

N
on

e

X
ia
et

al
.2

01
41

77
13

,1
4,

13
,9

R
R
=
0.
99

[0
.8
6,

1.
15

]
0.
90

1,
2,

4,
6

I2
=
70

.0
0%

N
on

e
N
on

e
N
on

e
S
tu
d
y
q
ua

lit
yc
,

se
ns

iti
vi
ty

an
al
ys
is

Fu
nn

el
p
lo
t

Ja
ss
im

et
al
.

20
15

17
8

2
H
R
=
0.
76

[0
.2
5,

2.
32

]
0.
63

P
oo

le
d

I2
=
84

.0
0%

N
on

e
N
on

e
N
on

e
R
oB

,s
tu
d
y
q
ua

lit
yc

N
on

e

Fu
et

al
.2

01
61

58
12

,1
3,

12
R
R
=
0.
94

[0
.8
5,

1.
04

]
0.
24

1,
2,

4
I2
=
34

.0
0%

N
on

e
In
te
rv
en

tio
n
fo
rm

at
Tf
S
D

R
oB

,s
tu
d
y
q
ua

lit
yc

N
on

e

O
h
et

al
.2

01
66

8
15

H
R
=
0.
83

[0
.6
8,

1.
01

]
0.
06

P
oo

le
d

I2
=
64

.0
0%

M
et
as

ta
si
sa
,

ca
nc

er
ty
p
ea

In
te
rv
en

tio
n
ty
p
e/

fo
rm

at
a /
p
ro
vi
d
er

a /
d
os

ea
,

fo
llo

w
-u
p
a

Tf
S
D
(e
xc

ep
t

in
te
rv
en

tio
n

ty
p
e)

R
oB

,s
tu
d
y
q
ua

lit
yc
,

se
ns

iti
vi
ty

an
al
ys
is

Fu
nn

el
p
lo
t,
tr
im

-a
nd

-
fi
ll,
fa
il-
sa

fe
N
,E

gg
er
’s

re
gr
es

si
on

te
st

M
iro

se
vi
c
et

al
.

20
19

40
12

H
R
=
0.
71

[0
.5
8,

0.
88

]
0.
00

1
P
oo

le
d

I2
=
62

.6
0%

M
ar
ita

ls
ta
tu
s,

tu
m
or

st
ag

e,
ag

e
C
an

ce
rt
yp

eb
,

in
te
rv
en

tio
n
ty
p
eb
/

fo
rm

at
b
/d
os

eb
/p
er
io
d
b

N
on

e
R
oB

,s
tu
d
y
q
ua

lit
yc

Fu
nn

el
p
lo
t

H
R
/O

R
/R
R
<
1
an

d
a
p
os

iti
ve

S
M
D
in
d
ic
at
e
a
su

rv
iv
al

b
en

efi
to

ft
he

in
te
rv
en

tio
n;

H
R
/O

R
/R
R
>
1
an

d
a
ne

ga
tiv

e
S
M
D
in
d
ic
at
e
a
su

rv
iv
al
d
is
ad

va
nt
ag

e;
H
R
/O

R
/R
R
=
1
or

S
M
D
=
0
in
d
ic
at
es

no
ef
fe
ct
.

H
R
ha

za
rd

ra
tio

,O
R
od

d
s
ra
tio

,R
R
ris

k
ra
tio

,S
M
D
st
an

d
ar
d
iz
ed

m
ea

n
d
iff
er
en

ce
,R

C
Ts

ra
nd

om
iz
ed

co
nt
ro
lle
d
tr
ia
ls
,9

5%
C
I9

5%
co

nfi
d
en

ce
in
te
rv
al
,I
²p

ro
p
or
tio

n
of

tr
ue

va
ria

nc
e
to

to
ta
lv
ar
ia
nc

e,
N
A
no

ta
va

ila
b
le
,T

fS
D
te
st

fo
rs

ub
gr
ou

p
d
iff
er
en

ce
s.

a S
ub

gr
ou

p
s
w
ith

ov
er
la
p
p
in
g
95

%
C
Is
.

b S
ub

gr
ou

p
su

m
m
ar
y
ef
fe
ct
s
no

tr
ep

or
te
d
.

c O
nl
y
d
es

cr
ip
tiv

e
in
fo
rm

at
io
n,

no
ts

ta
tis

tic
al
ly
an

al
yz
ed

.

https://doi.org/10.1038/s44271-026-00414-x Article

Communications Psychology |            (2026) 4:49 4

www.nature.com/commspsychol


Note that for a long time the term “psychosocial intervention” was
rather vaguely defined, but finally has been described and grouped into six
distinct categories by Teo et al.59 with respect to cancer patients: (1) cog-
nitive-behavioral; (2) meaning-enhancing; (3) dignity therapy, life review,
and narrative-driven; (4) other counseling; (5) education-only; and (6)
musical therapy, writing therapy, and others (see Table 2 for a detailed
description of these categories). Examining the previous literature regarding
the topic, the impressionmayarise that the goal of the ongoingdebatewas to
(generally) declare all types of psychosocial interventions as either effective
or ineffective in prolonging cancer survival. However, one should consider
that specific types of interventions may work well in certain populations,
whereas in others they may not21. Therefore, further investigation in this
area could prove beneficial.

Possible causes of heterogeneity should be investigated not only care-
fully but also in a systematic manner that examines all potentially relevant
moderators, along with those interactions between moderators that are
deemed important and make the most sense60.

In addition, machine-learning and bootstrap-based approaches may
help to identify the most relevant moderators in an exploratory fashion,
especially when the number of moderators is larger than the number of
included studies, thus providing results which then can be matched to (or
contrasted against) the results of conventional moderator analysis61.

Clinical heterogeneity was clearly evident in the corpus of pri-
mary studies (RCTs), and statistical heterogeneity was identified in
eight of the 10 prior meta-analyses (see Table 1). Yet, prior meta-
analyses often did not sufficiently investigate sources of hetero-
geneity. Six meta-analyses investigated categorical moderators in
subgroup analyses. However, only two meta-analyses inspected more
than two moderators and only two applied statistical tests to explore
actual subgroup differences (see Table 1).

In some cases, continuous moderators were transformed into cate-
gories by dividing studies into groups with low,middle, and high values of a
given characteristic.While this approachmay aid interpretability, it can also
introduce issues concerning the justification of cutoff values and may
increase false-positive rates62,63. Furthermore, none of the prior meta-
analyses controlled for possible type-1 errors in the moderator analysis. In
sum, this casts doubt on the evidentiary value of some of the reported
moderators regarding survival. Consequently, a broad range of possible
moderators still needs to be investigated systematically.

Reporting bias across studies. The ten prior meta-analyses did not
apply proper (or any) contemporary methods to examine publication
bias and p-hacking (see Table 1). Publication bias may result in the
distortion of the meta-analytic overall effect, due to a higher likelihood of
primary studies being published if they report significant effects64,65,
whereas p-hacking denotes the manipulation of data analysis with the
aim to produce a significant result66,67.

Publication bias was investigated in five of the 10 prior meta-analyses.
Four of them used graphical methods (funnel plots), while only one68

applied statistical tests to search for evidence of publication bias (see Table
1); however, using a method (Egger’s regression test69) for which an
enhanced extension (FAT-PET-PEESE70) is available and a procedure
(Rosenthal’s fail-safe N71), which is not considered valid anymore64,65. This
meta-analysis was also the only one that tried to adjust the overall effect for
publication bias, but yet again, with a method (Trim-and-Fill72) that is not
deemed appropriate anymore64,66. None of the prior meta-analyses checked
for the evidence of p-hacking (see Table 1). It follows that the totality of
evidence still needs to be tested for the presence of reporting bias with
contemporary methods.

Data-analytic decisions. The visualization of study overlap for all meta-
analyses published so far (including the present meta-analysis) with the
GROOVE Tool73 resulted in a high overlap of evidence (see Fig. 2 for a
matrix of evidence of GROOVE), as the overall corrected covered area
adjusted by structural zeros was 43% (see Supplementary Fig. A1, A2 for
overall results of GROOVE). From these figures, it can be concluded that
some meta-analyses are redundant, whereas others are very selective.
Hence, it seemed self-evident to examine the complexity of prior meta-
analytic decisions and their effects on the outcomes of these meta-analyses.

In general, there are many ways to analyze data (various researcher
degrees of freedom), which in some cases may yield broadly similar results,
whereas in other cases vastly different ones. Accordingly, the question of
whichdata shouldbe analyzed (thedatauniverse) andhow thesedata should
be analyzed (the model universe) have become more and more relevant in
recent years, for primary studies41,74,75 as well as meta-analysis76. Four of the
ten prior meta-analyses reported a significant overall effect, whereas six did
not (see Table 1). These meta-analyses differed in numerous ways con-
cerning the data that were analyzed (e.g., at times a focus on metastatic or
non-metastatic female breast cancer patients) and how these data were
analyzed (e.g., survival analysis after 1, 2, 4, 5, 6, or 10 years of follow-up).

The specification curve and multiverse-analysis approach to meta-
analysis76,77 can provide insights into the causes of heterogeneity in the
results of past meta-analyses and specifically enables evaluation of the
generalizability (vs. narrowness) and robustness (vs. fragility) of findings
across all differentmeta-analytic specifications. It does so by: (1) identifying
reasonable specifications of (past) meta-analyses concerning which data
were meta-analyzed (WHICH factors; data universe) and how these data
were meta-analyzed (HOW factors; model universe); (2) calculating the
overall effects of all of these specifications and their combinations; (3)
presenting the results graphically with descriptive (meta-analytic) specifi-
cation curve plots (which display the meta-analytic overall effect of each
specification, in an ascending order, together with the number of included
trials) and histograms with the number of corresponding p values; and (4)
applying parametric bootstrap techniques and presenting inferential (meta-
analytic) specification curve plots, which allow one to infer whether
observed overall effects from all of these specifications deviate from the 95%
confidence interval (CI) bands of simulated true overall effects of zero.
Therefore, conducting a specification curve andmultiverse meta-analysis is

Table 2 | Classification and components of each type of psychosocial intervention

Type of intervention Specific components

Cognitive-behavioral Target psychoeducation, goal setting, problem-solving, cognitive reappraisal, relaxation techniques, mindfulness training,
coping skills training, stress management, and activity planning

Meaning-enhancing Emphasize meaning-making and/or expression of disease-related emotions and feelings

Dignity therapy, life review, and narrative-
driven

Give patients the opportunity to reflect on their own life and its personal meaning

Other counseling Counseling that does not fit into the other categories (e.g., individually tailored approaches to meet specific needs)

Education-only Aim to transmit knowledge about illness and symptoms, to improve communication between patients and physicians, and
aid with decision-making and symptom management

Musical therapy, writing therapy, and
others

Interventions that are mainly based on music therapy or expressive writing and other types of social support (e.g.,
web-based)

Categories and components were drawn from ref. 59.
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deemed necessary to resolve the existing ambiguities regarding this research
question.

A tangible effect size for practitioners, patients, and
policymakers
Practitioners, patients, and policymakers may have difficulties interpreting
effect sizes such as the HR, OR, or RR, which are frequently used in meta-
analyses about survival. Some statistical knowledge about specific cutoff
values that allow classification of an overall effect ratio as small, medium, or

large is necessary, while the question remains about what a small, medium,
or large effect actually means. Therefore, we also provide a more tangible
effect size, the overall median survival (time) difference78,79. This is a
weighted average of the difference in median survival time between the
intervention and control group.

Objectives of the present analysis
The purpose of our preregistered systematic review, meta-analysis, and
multiverse meta-analysis was to investigate whether psychosocial

Fig. 2 | Matrix of evidence of the GROOVE tool for all meta-analyses and all
included RCTs (note that refs. 182,185 are follow-up studies). The green cells
marked with 1 indicate a primary study which was included in the respective meta-
analysis, the white cells indicate a primary study which was not included, and the

black cells marked with X indicate a structural zero (a study that could not have been
included either because it was published after the meta-analysis or because a follow-
up publication has been incorporated instead).
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interventions prolong the survival of cancer patients, addressing all of the
above issues. Therefore, we (1) systematically searched for eligible RCTs,
calculated HRs where necessary, and estimated an overall effect HR based
on the currently available corpus of primary studies; (2) estimated the
overall median survival difference between the intervention and control
groups to provide amore tangible effect size; (3) applied sensitivity analyses
for both effect size measures; (4) investigated risk of bias, study quality,
meta-analytic post hoc power, and risk of sponsorship bias within primary
studies to assess the validity of included RCTs; (5) inspected clinical and
statistical heterogeneity with a systematic approach to moderator analysis
that examined all previously exploredmoderators (identified from included
trials, prior meta-analyses, and other relevant literature), while controlling
for type-1 errors and also drawing on a machine-learning approach; (6)
examined publication bias and p-hacking across primary studies in order to
assess the evidential value of the meta-analytic findings; (7) planned to
estimate a meta-analytic overall effect adjusted for publication bias (in case
the appropriate conditions would be met); (8) explored possible causes for
heterogeneity in the results of prior meta-analyses; (9) checked for the
existence of true (nonzero) overall effects across reasonable specifications by
specification curve and multiverse meta-analysis, and (10) evaluated the
certainty of all the gathered evidence.

Consequently, we present a comprehensive analysis of the effects of
psychosocial interventions on survival in cancer patients, designed to clarify
sources of ambiguity in both primary and prior secondary researchfindings
and contribute to a more coherent scientific understanding.

Methods
Study eligibility criteria
General eligibility criteria of primary studies are listed according to the
patient, intervention, comparison, outcome, timing, and study type
(PICOTS80) framework (see Table 3 for a list of general eligibility criteria).

Specific inclusion criteria
Studies were required to focus on psychosocial interventions designed to
improve the mental, emotional, and social well-being of cancer patients.
Eligible interventions comprised structured approaches containing active
psychological components, such as psychoeducation, mindfulness-based
interventions, cognitive-behavioral therapy (CBT), emotional-expressive
therapy, or peer support. These interventions primarily targeted mental
health outcomes, including anxiety, depression, and distress. Included
trials could involve palliative care, provided that psychosocial interven-
tions constituted a central element of the study and were administered to
both the intervention as well as the control group. General recommen-
dations on lifestyle factors (e.g., nutrition and exercise) were acceptable,
but systematic lifestyle interventions were not allowed to be a core
component, particularly when they were provided exclusively to the
intervention group.

Specific exclusion criteria
Trials were excluded if they focused primarily on palliative care, symptom
control (e.g., pain or nausea management), or end-of-life care without a
structured psychosocial intervention. Studies that lacked defined psycho-
logical components (e.g., general discussions without therapeutic techni-
ques or unstructured emotional support) were also excluded. Research
integrating systematic lifestyle interventions (e.g., structured dietary chan-
ges or exercise programs) was excluded to ensure that psychosocial effects
could be isolated fromother factors, especiallywhen administrationdiffered
between the intervention and the control groups.

Registration and protocol
This meta-analysis and multiverse meta-analysis was preregistered on
October 18, 2020 at the Open Science Framework (https://osf.io/4knzu)
after an initial literature search but before any analysis of the current dataset
took place (registration number 10.17605/OSF.IO/4KNZU). The article
follows the PRISMA 2020 reporting guidelines81. The methodology for our
analysis was refined throughout the course of the project as a more suitable
approachwas identified in linewith the guidelinesof good scientificpractice.
Hence, the final form deviates from the preregistration in the
following ways:

First, exporting citations from the databaseCENTRAL is no longer free
(since 2019), so instead,Web of Science, Scopus, and Embase were added to
the literature search. Second, the database OpenGrey closed in 2020, so we
used ProQuest Dissertations&Theses Global as an alternative. Third, effect
sizes (HRs) were calculated using the approach of ref. 82, which is a more
precise method than that of ref. 83—especially when some information on
censoring is available. Fourth, standard forest plots were used instead of
rainforest plots to present the results, as the R package Metaviz84 did not
allow the presentation of subgroup summary effects calculated with pooled
τ2 estimates.

Fifth, the R package MetaForest was used to explore moderators
instead of Meta-CART85, as it had a higher power to detect effects, offered
better protection against overfitting, and captured interactions more effec-
tively. Sixth, the additional FE moderator analysis was dropped, as Meta-
Forest proved to be a farmore powerful tool to identify possiblemoderators
in an exploratory manner. Seventh, FAT-PET-PEESE was added to test for
publication bias in an exploratory manner. Eighth, the overall effect was
planned to be adjusted using the best appropriate method according to the
Meta Showdown Explorer instead of predetermining it beforehand.

Ethical considerations
Ethics approval was not required, as this study analyzed only previously
published trials with existing ethics approval and informed consent, in
accordance with the University of Vienna Ethics Committee policy. No
individual patient data were collected.

Information sources
Electronic databases such as Web of Science, Scopus, MEDLINE (via
PubMed), PsycINFO (via EBSCO), Embase, and Google Scholar (first 500
results for RCTs, first 100 results for meta-analyses) were searched for
eligible RCTs and prior meta-analyses on October 18, 2020 and were reg-
ularly updated until October 17, 2025. A similar combination of these
databases has been proposed to be the most promising for systematic lit-
erature searches86. In addition, the reference lists of all eligible RCTs and
prior meta-analyses that dealt with the same topic were hand-searched. On
top of that, databases ClinicalTrials.gov and ProQuest Dissertations &
Theses Global were searched for gray literature.

Literature search
The main search terms were (psychotherapy OR psychosocial) AND
(cancer OR neoplasm) AND (survival OR mortality) AND “randomized
controlled trial” (for the search of RCTs) or meta-analysis (for the search of
meta-analyses; see Supplementary Tables A1–A3 for full lists of search
strings).

Table 3 | List of general eligibility criteria according to the
PICOTS framework

Categories Description

General Articles in English with no restriction on the year of publication

Patient Male and female patients (≥18 years) with a primary (tumor) or
secondary cancer (metastasis) diagnosis of any type and any
stage, but without a diagnosis of a mental disorder

Intervention Some form of psychosocial or psychotherapeutic intervention

Comparison Active (placebo intervention) or passive controls (no intervention)

Outcome HRs of all-cause survival or all-cause mortality from primary
studies, prior meta-analyses, or Kaplan–Meier survival curves
from which an effect size can be estimated

Timing Any length of intervention or follow-up interval

Study Type RCTs analyzed prospectively or retrospectively

Eligibility criteria listed according to the PICOTS framework (ref. 80).
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Selection process of primary studies
The literature search and study screeningwere conducted independently by
two authors (KDAH, LB), with disagreements resolved through discussion
and consensus. At first, all identified articles were imported into a reference
management program (EndNote 21), and duplicates were removed. Next,
titles and abstracts were screened for eligibility. Finally, full-text versions of
seemingly eligible trials were obtained and evaluated for final inclusion.

Data collection process
Adata extraction sheet was created that contained all variables of interest. It
was pilot-tested on ten randomly selected RCTs and refined accordingly.
Data were collected independently by two authors (KDAH, LB) and sub-
sequently checked for consistency. Any disagreements were again resolved
by discussion and consensus. Seven of 18 contacted authors of eligible RCTs
provided more detailed information about the articles of Guo, Z. et al.87,
Julião et al.88, Kirkegaard et al.89, Kissane et al.19,90, Ross et al.91, Spiegel
et al.17,20, and Temel et al.92.

Data items
Data extracted from eligible RCTs included (1) general study information:
first author, year of publication, sample size, number of deaths, name of
interventions, and intervention components (e.g., psychoeducation, cog-
nitive restructuring, and expression of emotions); (2) effect sizes: HR (plus
95% CIs) and median survival time (plus minimum, maximum, first and
third quartile of survival time in months); (3) moderator variables: age
(years), sex (% male), marital status (% married), cancer type (breast, col-
orectal, lung, melanoma, other, and mixed samples), tumor stage (stage
I–IV,mixed samples), tumor phase (early [stage I & II], late [stage III & IV],
mixed samples), (distant) metastasis (metastatic [stage IV], non-metastatic
[stage I–III], mixed samples), (baseline) estrogen receptor status positive
(%), (baseline) progesterone receptor status positive (%), (baseline) lymph
node statuspositive (%), (baseline) surgerybefore study entry (%), (baseline)
chemotherapy before study entry (%), (baseline) radiotherapy before study
entry (%), (baseline) hormone therapy before study entry (%), intervention
type (CBT-based, meaning-enhancing, narrative-driven, other counseling,
education-only, others), intervention format (individual, group), interven-
tion dose (hours), intervention period (weeks), intervention onset (during
hospital stay, after hospital stay), background of intervention provider
(medical, psychological, social, mixed teams), (significant) differences
between groups in attendance of psychosocial interventions outside of study
(yes, no), control group type (active: minimal psychosocial input such as
health education, relaxation training, or guidance material; passive: treat-
ment as usual without any structured psychosocial input), length of follow-
up (months), analysis type (ITT, not ITT), patients lost to intervention (%),
and continent of origin (Africa, Asia, Australia, Europe, North America,
South America); and (4) risk of bias assessment: risk of bias (low, some
concerns, high), study quality (score), meta-analytic post hoc power (%),
funding sources (no funding, government funding only, [also] public
charity funding involved, [also] private foundation funding involved, [also]
for-profit organization funding involved, for-profit organization funding
only), and risk of sponsorship bias (low, moderate, high). Note that some
categories could not be analyzed due to an insufficient number of studies.

In addition, intervention components were systematically extracted
from each included study based on intervention descriptions in the main
article and supplementary materials. Each intervention was coded for the
presence of psychological and supportive components reported in the
articles. Multiple components could be coded per study, reflecting the
multicomponent nature of the interventions. Component frequencies were
summarizeddescriptively by absolute and relative occurrence (in significant
and non-significant studies). This analysis was exploratory and descriptive
in nature, and did not assess causal effects.

Effect size measures
The proportional hazards assumption in survival analysis posits that the
ratio of hazard rates between two groups remains constant over time, which

is important for the calculation of the Cox proportional hazards regression
model. Both primary studies (see Table 4) and prior meta-analyses (see
Table 1) have adopted this assumption. According to established guidelines,
the assumption is likely met if curves do not cross and the distance between
them remains relatively constant over time93. We assessed its validity by
visually inspecting published Kaplan–Meier survival curves from all
incorporated RCTs, as individual patient data were unavailable. Our
inspection revealed nomajor violations andminor deviations, observed in a
few cases, were not considered sufficient to bias effect size (HR) estimates or
the overall conclusions.

Survival inRCTswasmeasured from trial entry or randomizationuntil
death, censoring, or the end of the study. Effect sizes such asHRs (preferably
univariate; i.e., without any control for covariates) andmedian survival time
were taken from published articles, communication with the authors, or
prior meta-analyses.

However, in case these effect sizes were unavailable, survival prob-
abilities were extracted from published Kaplan–Meier survival curves with
GetData Graph Digitizer software 2.2694. Data for the HR calculations were
reconstructed by dividing published Kaplan–Meier survival curves into
appropriate time intervals (e.g., 1-, 2-, or 3-month segments) and extracting
information regarding the number of events (i.e., deaths) from cumulative
survival probability as well as the number of censored patients (i.e., drop-
outs) from tick marks in the survival curves and from information in text,
figures, or tables in the articles.

The numbers at risk for each time interval were then calculated using
Excel sheets, following a method developed by ref. 82, which makes it
possible to incorporate data on censoringwhile implementing the approach
of ref. 83—a widely used method for reconstructing data from
Kaplan–Meier survival curves. For transparency and reproducibility, all
calculation spreadsheets are publicly accessible (see Supplemental File S1 for
HR and death number calculation sheets at https://osf.io/wnxdb/files).

TheHR for each trial in questionwas then computed from the number
of events and the numbers at risk for each time interval by an online HR
calculator95. HRs of 0.77, 0.53, and 0.36 represented small, medium, and
large effects, respectively (the inverse of HR 1.3, 1.9, and 2.896). HR <1
indicated a survival benefit for the intervention group, HR >1 a survival
benefit for the control group, and HR= 1 no effect.

Data extraction and calculation of effect sizes were executed by one
author (KDAH) and subsequently checked by another author (UST),who is
an active researcher in the fields of quantitative methods and statistics. This
independent verification ensured methodological rigor and minimized
error risk.

As the analysis is based on reconstructed individual patient data from
Kaplan–Meier curves, the estimates are subject to the usual limitations of
this approach; however, all steps were performed using validated, peer-
reviewed methods to ensure the highest possible accuracy.

Meta-analytic synthesis methods
All eligible RCTs were included in a single synthesis without further
grouping. Statistical analysis was carried out usingR 4.3.0 and theR package
Metafor 4.0.097. The R code of the meta-analysis and multiverse meta-
analysis (see Supplemental File S2 for the data sheet and the R script of the
meta-analysis at https://osf.io/wnxdb/files) was written and validated by the
first author (KDAH) while subsequently cross-checked by a colleague,
Johannes K. Vilsmeier, at our institution. HRs were transformed to a log
scale (logHR) for calculations and retransformed for presentation38.

Clinical (substantive and methodological) heterogeneity among pri-
mary studies was accounted for with a random-effects (RE) meta-analytic
model using the restrictedmaximum-likelihood (REML) estimator, as it has
the most reasonable properties to estimate the overall effect38,98,99.

Statistical heterogeneity (i.e., variation in true population effects) was
analyzed with the Q test. The relative amount of true (between-study)
variance to total (observed) variance I2, the absolute amount of true variance
τ² (log scale), and the true standard deviation τ (log scale) are reported (a
simple retransformation on the original scalewas not possiblewith the latter
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two parameters)100. For the purpose of describing the likely range in which
effect sizes of future studies could fall55, we present a 95%prediction interval
(PI) estimated according to ref. 101.

For the presentation of themeta-analytic results, three forest plots with
studies ordered according to effect size (for an overview), precision (to
search for small-study effects), and publication year (to visualize time
trends) were produced. The robustness of the overall effect was evaluated
with a sensitivity analysis (leave-one-out method). The development of the
overall effect over time was assessed using a cumulative meta-analysis102,
starting with the effect of the first published study and adding the other
effects one at a time in their order of publication.

In order to provide a more easily grasped effect size for clinicians and
patients, a weighted overall median survival (time) difference between
intervention and control groups (inmonths) was calculated, again using an
RE model and REML estimator, with the R package Metamedian 1.0.078,79.
Thismethod estimates studyweightswith the help of thefirst aswell as third
quartiles (if available) and/or the minimum and maximum values of sur-
vival time, which may provide good approximations, but not necessarily
perfectly accurate weights. Therefore, the robustness of this estimate was
also analyzed with sensitivity analysis (leave-one-out method). We
emphasize that the weighted median survival difference only provides a
rough overall statistic, as it can only be based on trials that actually provide
median survival values (those with survival rates <50% in the intervention
and control groups) and, hence, thismetric was not used for any hypothesis
testing.

Risk of bias within studies
Overall risk of bias. The risk-of-bias tool 2 (RoB 2), developed by
ref. 103, systematically assesses RCTs (primary studies) for biases in five
domains: (1) the randomization process, (2) deviations from intended
interventions, (3) missing outcome data, (4) outcome measurement, and
(5) selection of reported results. Risk of bias was assessed independently
by two authors (KDAH, KS), and differences in opinion were settled by
discussion and consensus. Interrater reliability was calculated using
Cohen’s Kappa (κ), based on the initial independent ratings prior to
consensus, and using interpretation guidelines by ref. 104.

Study quality. Study quality was assessed with reference to the out-
come of interest (survival) by a combination of checklists (see Sup-
plementary Table A4 for a list of study quality items) consisting of
the Quality Assessment of Controlled Intervention Studies (Items
1–14105), the DELPHI list (Item 15106), and the CONSORT checklist
(Items 16–18107). A score of +1 was given to each item if the
respective criterion was met, -1 if it was not met, and 0 if unknown
(range: +18 to −18 points). Literature that was explicitly referred to
in the articles of primary studies to contain further information was
also checked for assessing the study quality of each trial (see Sup-
plementary Table A5 for a list of additional literature used). Study
quality was evaluated independently by two authors (KDAH and
AG), and any differences were resolved by discussion and consensus.

Post hoc studypower. To date, there is no approvedmethod to estimate
study-specific post hoc power, as every study may represent a slightly
different population. Each population effect is required to be known to
calculate study-specific post hoc power, but specific population effects
cannot be reliably estimated from single studies108,109. However, it can be
argued that meta-analytic post hoc power follows a more plausible
rationale, as its assessment is not based on study-specific effects, but the
assumed common population effect estimated by the meta-analysis.

Hence, we calculated the meta-analytic post hoc power of each RCT
according to an (adjusted) R code from ref. 110 by taking each sample size
(n), each proportion of patients in the intervention group (nint./n), the
estimated overall effect HR of our meta-analysis, and the probability of
events (deaths/n) within each trial into account.

Sponsorship bias. Studies were grouped according to similar categories
proposed by ref. 111, although in a more refined manner: no funding
involved (coded 0), government funding only (coded 1), (also) public
charity funding involved (coded 2), (also) private foundation funding
involved (coded 3), (also) for-profit organization funding involved
(coded 4), and for-profit organization funding only (coded 5). The
analysis of funding sources compared the subgroup summary effects of
all groups with each other (codes 0–5), whereas the analysis of risk of
sponsorship bias compared the subgroup summary effects of groups with
either low (coded 0–3), moderate (coded 4), or high risk (coded 5) of
sponsorship bias.

Moderator analysis. Potential causes of heterogeneity were investigated
with a systematic approach to effect-moderator analysis that involved: (1)
all moderator variables explored by the ten prior meta-analyses; (2)
factors that (significantly) affected survival in the included RCTs; (3)
factors identified in additional literature (e.g., on important prognostic
factors); and (4) the risk of bias factors study quality, post hoc power, and
sponsorship bias (see Supplementary Table A6 for a moderator dis-
closure table).

A mixed-effects (ME) meta-analytic model was used in the subgroup
analysis to identifymoderators thatmaygeneralize tootherpopulations. It is
a standard approach in subgroup analysis to model the variation within
subgroups as a randomeffect and the variation between subgroups as afixed
effect38.

For categorical data, we formed subgroups containing at least two
studies (k ≥ 2), calculated summary effects for each subgroup, and subse-
quently tested whether any of these differed significantly from zero (test for
subgroup effects; TfSE). Next, we testedwhether subgroup summary effects
differed significantly from each other (test for subgroup differences; TfSD).
A categorical moderator was identified only when both tests delivered sig-
nificant results.

For continuous data, we tested each predictor (moderator) and the
outcome (survival) for a significant correlation (test of moderator; ToM) in
individual meta-regression analyses if at least three studies were available
(k ≥ 3). Note that results of subgroup analyses (due to lack of statistical
power) and meta-regressions (due to risk of overfitting) that include less
than ten studies (k < 10) should be interpreted with caution93. Additionally,
studies should be evenly distributed among subgroups in subgroup analysis.

Residual heterogeneity was assessed with the Q test, and the relative
amount of variance is reported by I2. A Benjamini–Hochberg procedure112,
with a false discovery rate (FDR) of 10%, was applied to all subgroups (p
values of TfSD) andmeta-regression analyses (p values of ToM) in order to
control for the accumulation of type-1 errors from multiple testing.

Exploratory machine-learning-based search for moderators
An exploratory search for potential moderators was performed with a
recently developed machine-learning and weighted bootstrap sampling
approach called MetaForest61,113, which derives from an adaptation of the
random forest algorithm114,115. The method is robust against overfitting,
captures linear and non-linear relationships, and can also be used to detect
higher-order interactions. Importantly, this procedure allows reliable
identification of relevant moderators from a larger set of potential mod-
erators inmeta-analyses, evenwhen thenumberofmoderators is larger than
the actual number of included studies, due to higher power than conven-
tional moderator analyses61,113. We followed the approach for small-sample
meta-analyses as outlined by ref. 113.

First, a data file was created in R containing only the moderators of
interest with ≤3 missing values (≤10%) replaced by their mode (for cate-
gorical variables) or median values (for continuous variables), applying
simple imputation, in order for MetaForest to work properly. Moderators
with >3 missing values (>10%) were excluded to avoid bias. We refrained
from using multivariate imputation techniques due to the low inter-
correlations between many of the moderators, which would have

https://doi.org/10.1038/s44271-026-00414-x Article

Communications Psychology |            (2026) 4:49 12

www.nature.com/commspsychol


compromised the quality of the imputed values. Second, the optimal
number of trees was identified by running a test model with a high tree
number (20,000), which allowed us to determine the number of trees at
which themodel’s out-of-bag (OOB) cumulativemean squared (prediction)
error (MSEoob, a measure of predictive accuracy61) converged. Third, a final
model with the optimal number of trees (the value at which the test model
converged) was run, in order to avoid unnecessary model complexity.

Fourth, in order to eliminate irrelevant moderators, a 100-fold
recursive preselection algorithm was applied, which drops the moderator
with the most negative variable importance from the model before
rerunning the analysis until only moderators with positive variable
importance (in >10% of replications) remain. Fifth, only the moderators
for which the 50th percentile interval (range between the 25th and 75th
percentiles) from the variable importance metrics did not include zero
were kept in the model. Sixth, optimal tuning parameters (type of
weights, number of candidate variables per split, and minimum terminal
node size) were determined via machine-learning techniques imple-
mented in the R package caret116, which uses tenfold clustered cross-
validation to find the optimal model with the smallest (cross-validation)
root mean squared error (R2

cv).
Seventh, for the final model with optimal tuning parameters, a con-

vergence plot (which visualizes at what number of trees the cumulative
MSEoob stabilized

113), a variable importance plot (which shows the relative
importance of each relevantmoderator in predicting the effect size113), and a
partial dependence plot (which displays the relationship between a relevant
moderator and the effect size, whilst averaging over all other moderators61)
were created for the presentation of results. Additionally, first-order inter-
actions between identified moderators were explored by generating partial
dependence plots of important bivariate interactions.

Reporting bias across studies
Reporting bias across trials was investigated with several contemporary
methods, as each of these addressed different features of the data and their
combination was thus considered more informative than each
method alone.

First, a contour-enhanced funnel plot117,118 was visually inspected to
search for hints of publication bias (i.e., if studies with high standard errors
were selectively missing at one side of the funnel plot).

Second, we tested for the presence of publication bias with p-
uniform119,which examines thedistributionof significantpvalues andFAT-
PET-PEESE (exploratory), which regresses observed effect sizes either on
their standard errors (PET)weightedby the least squaresmethodor on their
sampling variances (PEESE) and tests for a significant slope (FAT; test for
publication bias).

Third, p-uniform* (an advanced version of p-uniform120), which
estimates the true overall effect size adjusted for publication bias (if present)
bymodeling the distribution of both significant and not significant p values
and PET-PEESE, which uses regression modeling between effect size and
precision (standard errors) by either fitting a linear regression (PET; used
when the effect is estimated to be zero) or a curvilinear regression (PEESE;
usedwhen theoverall effect is estimated tobenon-zero65,121)wereplanned to
adjust the overall effect estimate when two conditions were met: (1) Pub-
lication bias could be clearly identified; and (2) the Meta Showdown
Explorer66 attested a higher likelihood of accurately and precisely estimating
the adjusted overall effect for one of the two methods compared to the
simpleREmodel, based onpre-computed simulation data under conditions
similar to the given dataset.

Fourth, p-curve122,123, which, like p-uniform, explores the distribution
of significant p values, was used to examine the data for evidence of p-
hacking (testing for left-skewness of the p-curve).

Fifth, it was tested whether the studies contained (any) evidential value
(testing for right-skewness of the p-curve), for which either the test for half
the curve (p values of primary studies <0.025) has to be significant (p < 0.05)
or both, the test for half the curve (p values of primary studies <0.025) and
the full curve (p values of primary studies <0.05), have to yield p < 0.10).

Sixth, it was tested whether the studies´ evidential value was inade-
quately low (testing forflatness of thep-curve; power<33%) forwhicheither
the test for the full curve (p values of primary studies <0.05) has to be
significant (p < 0.05) or both, the test for half the curve (p values of primary
studies <0.025) and the binomial test (share of results <0.025), have to yield
p < 0.10122,123.

Specification curve and multiverse meta-analysis
The ambiguity in the results of prior meta-analyses was investigated via
specification curve and multiverse meta-analysis76.

First, theWHICH (data universe) andHOW factors (model universe)
of thepriormeta-analyseswere identified (see SupplementaryTableA7 for a
WHICH and HOW factor disclosure table). Some prior meta-analyses
focused on specific (sub-)populations, such as (non-)metastatic female
breast cancer patients, whereas others had no such restrictions. Some ana-
lyses based the decision of the utilized meta-analytic model (FE or RE
model) on the presence of statistical heterogeneity (the result of theQ test),
whereas others decided to use the REmodel on a priori theoretical grounds;
the latter is nowadays considered appropriate38. Accordingly, the factors sex
of patients (female only vs. all patients), cancer type (breast cancer only vs.
all cancer types) and presence of metastasis (metastatic vs. non-metastatic
vs. all stages) were defined as WHICH factors, whereas the meta-analytic
model (FE vs. RE) was defined as a HOW factor. Note that other theore-
tically possible categories (e.g., male only or other cancer types) were not
included, asnopriormeta-analyseshad examined them, and availableRCTs
were also limited in this regard.

Additionally, prior meta-analyses using ORs or RRs calculated mul-
tiple overall effects at various follow-up endpoints (at 1, 2, 4, 5, 6, or 10
years), unlike meta-analyses using HRs, which always made use of the full
study periods (see Table 1). However, different follow-up endpoints were
not used as a WHICH factor, because (1) with six different follow-up
endpoints and k = 32 trials each level would have included only a handful of
studies (at best) and (2) this approach would not have adequately reflected
what priormeta-analyses (usingORs or RRs) had actually done (i.e., coding
multiple effect sizes at various follow-up endpoints for each and every trial;
where data were available).

Hence, the follow-up endpoint was coded as a HOW factor for ORs
andRRs by calculatingmultiple overall effects at 1, 2, 4, 5, 6, and 10 years for
each study, where data were available, but not for HRs (as the latter always
makes use of the full study period available). This entailed that the number
ofHOWfactors differed betweenORs, RRs, andHRs,which iswhy separate
descriptive specification curves had to be plotted for ORs, RRs, and HRs,
respectively.

Although the full dataset underlying the multiverse meta-analysis
included multiple effect sizes from some studies across different follow-up
intervals, these were never analyzed together within the same model. Thus,
while somedependenciesmighthave existed in thebroadercontext, theydid
not violate the assumption of independencewithin any singlemeta-analysis
reported in the multiverse. Each analysis was conducted using standard
random-effects models, which are appropriate under these conditions.

The three WHICH factors sex of patients (2 levels), cancer type
(2 levels), and presence of metastasis (3 levels) as well as the HOW
factor meta-analytical model (2 levels) and the HOW factor follow-
up endpoint (6 levels; for OR and RR) resulted in 24 (2 × 2 × 3 × 2)
possible specifications for the HR and 144 (2 × 2 × 3 × 2 × 6) possible
specifications for the OR and RR. Note that the algorithm of the R
code only kept unique specifications with k ≥ 2 studies; this means
that the actual number of specifications shown in the resulting plots
might be lower than the maximum number possible.

Second, the original code for the specification curve and multiverse
meta-analysis76 was adjusted to fit the conditions of the current dataset (see
Supplemental File S3 for the data sheets and the R scripts of the multiverse
meta-analysis at https://osf.io/wnxdb/files).

Third, descriptivemeta-analytic specification curve plots forORs, RRs,
and HRs were created that displayed the observed overall effect sizes, their

https://doi.org/10.1038/s44271-026-00414-x Article

Communications Psychology |            (2026) 4:49 13

https://osf.io/wnxdb/files
www.nature.com/commspsychol


95% CIs, and the included number of studies for each specification in
ascending order.

Fourth, separate p value histograms were generated for ORs, RRs, and
HRs that allowed us to examine whether or not the overall distribution of p
values diverged from what would be expected from true zero overall effects
(i.e., if p values were evenly distributed or if there was an accumulation of
significant p values >5%).

Fifth, inferential meta-analytic specification curve plots for ORs, RRs,
and HRs with overall effects and their 95% CI bands from 1000 simulated
specifications with true overall effects of zero were constructed (via boot-
strapping) and contrasted against the actually observed overall effects from
the descriptive specification curve plots; all based on the corpus of available
studies. Regions where the curve of observed overall effects lay outside the
95% CI band of simulated true zero overall effects were interpreted as
evidence for the existence of a true (nonzero) overall effect for the respective
specifications.

Note that separate data files and separate inferential specification curve
plots for follow-up intervals at 1, 2, 4, 5, 6, and 10 years (regarding ORs and
RRs)were created, as otherwise thedata containedmissing values for certain
trials and specific follow-up intervals (e.g., not every trial had a 10-year
follow-up), which could not be handled otherwise by the multiverse meta-
analysis R code.

Certainty in the evidence (GRADE rating)
The certainty of evidence was evaluated using the GRADE framework,
which assesses the confidence in the estimated overall effect across five key
domains: risk of bias, inconsistency, indirectness, imprecision, and pub-
lication bias. Given that the present analysis was based exclusively on RCTs,
the starting level of certainty was high, as recommended by the GRADE
Working Group124. We then considered each potential reason for
downgrading:

I. Risk of bias was evaluated using the RoB 2 tool103 across all five
domains: (1) bias due to the process of randomization, (2) deviation from
the intended intervention, (3) missingness of the outcome data, (4) mea-
surement of the outcomes, (5) selection of the reported result, and an
“overall risk of bias” judgment.Downgradingwas considered if a substantial
proportion of studies had either “some concerns” or “high risk” ratings.

II. Inconsistency was evaluated based on statistical heterogeneity
indicators, particularly I², τ², τ, and the 95% PI. Inconsistency was judged
serious if variation in effect estimates could not be fully explained by
moderators.

III. Indirectness was considered if the included studies deviated from
the population, intervention, comparator, or outcome of interest. No
downgrading was planned unless systematic differences were evident.

IV. Imprecisionwas assessedprimarily basedonwhether the 95%CIof
the overall effect HR included the null. A secondary measure, such as the
overall median survival (time) difference, was not part of hypothesis testing
and was therefore not considered.

V. Reporting bias (such as publication bias and p-hacking) was eval-
uated using multiple approaches (contour-enhanced funnel plot, p-uni-
form, FAT-PET-PEESE, and p-curve) and downgraded only in case of
consistent evidence for a reporting bias.

Additionally, upgrading factors such as (1) a large magnitude of effect,
(2) a dose-response relationship, or (3) plausible confounding reducing the
effect size were considered.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Study selection
Literature search for RCTs in electronic databases yielded a total of 6848
publications (see Fig. 3 for a PRISMA flow chart of the search for trials).
Following the removal of 1427 duplicate entries, a total of 5421 articles were

retained for further analysis. Subsequently, titles and abstracts were
screened, and 5312 articles were removed because they did not fit the
inclusion criteria (three of which were retracted papers). A total of 109
articles were retrieved for full inspection, of which 77 articles were omitted
for meeting exclusion criteria (see Supplementary Table A8 and Note 1 for
details on excluded articles). Finally, 32 RCTs remained and were included
for analysis. Literature search for meta-analyses identified ten prior meta-
analyses (see Supplementary Fig. A3 for a PRISMA flow chart of the search
for meta-analyses), and search for gray literature resulted in 0 articles (see
Supplementary Fig. A4 for a PRISMA flow chart of the search for gray
literature).

Study characteristics
In total, 32 RCTs involving 5704 patients were included in the meta-ana-
lysis, and the HRs of 14 of these trials had not been included in any of the
prior meta-analyses reviewed (see Table 4 for a list of study characteristics
for all RCTs). Sample sizes varied from 55 to 375 patients (M = 178). Mean
ages ranged from 43 to 68 years (M = 56). Cancer types were brain (k = 1),
breast (k = 11), colorectal (k = 2), esophageal (k = 1), gastric (k = 1), leuke-
mia (k = 1), liver (k = 1), lung (k = 2), melanoma (k = 2), prostate (k = 1),
thyroid (k = 1), and mixed cancer type samples (k = 8). Intervention types
were CBT-based (k = 11), meaning-enhancing (k = 5), narrative-driven
(k = 8), and other counseling (k = 8). Interventions were delivered either
individually (k = 11) or in groups (k = 21), and dosages ranged from 3 to
96 h (M = 33). Control groupswere either active (k = 14) or passive (k = 18).
Follow-ups ranged from 0.1 to 18 years (M = 6).

Individual studies
HRs of the intervention group (see Supplementary Table A9 for an effect
size and p value disclosure table)were available for 16RCTs, calculated from
the inverse HRs of the control group for two RCTs, taken from prior meta-
analyses for four RCTs, and calculated from Kaplan–Meier survival curves
for ten RCTs. The observed effect sizes ranged from logHR =−1.56 to 0.35
(HR = 0.21 to 1.42)with 72%of thembelow zero (HRs below1; see Fig. 4 for
a forest plot sorted according to effect size).

Meta-analytic synthesis
There was a small overall effect favoring longer survival in the intervention
group, with logHR =−0.23, 95% CI [−0.35, −0.11], SE = 0.06, z =−3.68,
p < 0.001, which translates into HR = 0.80, 95% CI [0.71, 0.90]. The Q test
for the presence of true effect size heterogeneity was significant with
Q(31) = 59.27, p = 0.002. The proportion of true variance to total variance
was I2 = 48%, 95% CI [19, 77]; the variance of true effects (log scale) was
τ2 = 0.05, 95% CI [0.01, 0.18]; and the standard deviation (log scale) was
τ = 0.23, 95% CI [0.11, 0.43]. The 95% PI ranged from HR 0.49 to 1.29.
Consequently, although therewas evidence of a small overall effect across all
studies, effects in future RCTs could (potentially) range from substantially
positive to slightly unfavorable; however, none of the included trials
reported a significant negative effect on survival. Sensitivity analysis showed
that the estimated overall effectwas robust, with effect sizes ranging between
HR = 0.78, 95% CI [0.69, 0.88] to HR = 0.81, 95%CI [0.72, 0.92] when refs.
125,126 were removed, respectively.

Small-study effects
The pattern in the forest plot sorted by precision did not fully align with a
classic small-study effect or publication bias. Although the smallest, least
precise studies tended to report the largest effects, a stable trend appeared in
the middle section, where studies with good to moderate precision also
consistently showed positive effects (see Supplementary Fig. B1 for a forest
plot sorted according to precision).

Time trend
A small time trend appeared to be present in the forest plot sorted by
publication year. In earlier studies (before 2015), the HRs were relatively
mixed, with values both smaller and greater than 1 (see Supplementary Fig.
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B2 for a forest plot sorted according to publication year). However, from
2015 onward, the HRs consistently fell below 1, suggesting a potential sys-
tematic shift in effect sizes over time.

Similarly, cumulative meta-analysis indicated that only from the year
2015 onwards were enough trials available to provide sufficient precision
and statistical power for the small overall effect HR to become significant
(see Supplementary Fig. B3 for a forest plot of the cumulativemeta-analysis).

Overall median survival difference
The overall median survival difference for cancer patients treated with
psychosocial interventions showed a trend with a survival benefit of
3.9 months, 95% CI [−0.7, 8.5], SE = 2.34, z = 1.66, p = 0.10; based on
articles that provided sufficient data (k = 16). Sensitivity analysis showed
that the overallmedian survival difference ranged between 2.1months, 95%
CI [−0.6, 4.8] to 4.9 months, 95% CI [0.7, 9.2] when refs. 91,127 were
removed, respectively.

Active psychological components
Psychosocial interventions in this meta-analysis were consistently multi-
component and delivered either in a group-based format (k = 21; four trials
with significant/17 with non-significant effects), which typically entailed
elements of group-based social support, or in an individual-based format
(k = 11; 6/5), delivered on a one-to-one basis. With regard to other active
psychological components, the most frequently included elements were
medical education (k = 16; 6/10), coping skills/techniques (k = 13; 5/8), and

expression of emotions (k = 12; 3/9). Components of moderate frequency
comprised relaxation techniques (k = 8; 4/4), problem-solving (k = 8; 3/5),
(non-specific) psychological support (k = 7; 4/3), enhancement of social
support (k = 6; 3/3), cognitive reappraisal or restructuring (k = 6; 2/4), goal
setting (k = 6; 2/4), reminiscence of past life events (k = 6; 0/6), and
improvement of communication (k = 5; 2/3). Components of lower fre-
quency were mindfulness-based components (k = 4; 2/2), psychoeducation
(k = 4; 1/3), coping support (k = 3; 3/0), counseling (k = 3; 2/1), and stress
management (k = 3; 1/2). Less frequently reported elements are listed
elsewhere (see Table 5 for a full list of psychological components).

Risk of bias within studies
The overall risk of bias ranged from some concerns (k = 30) to high
risk (k = 2), primarily due to insufficient information on allocation
concealment and the absence of a preregistration protocol (see
Supplementary Fig. B4 for a Risk-of-Bias Plot). Interrater reliability
between the two raters for the initial risk of bias assessment was high,
with Cohen’s κ = 0.94, indicating almost perfect agreement104. For
included RCTs, average total score of study quality was moderate
with M = 7 points (range 1 to 11; see Supplementary Tables B1–B3
for a list with study quality items), whereas average meta-analytic
post hoc power was very low with M = 17% (range 6 to 40%; see
Supplementary Table B4 for a meta-analytic post hoc power calcu-
lation sheet). The corpus of primary studies contained five unfunded
and 21 funded trials, while no information was given in six trials.

Fig. 3 | PRISMA flow chart 2020 displaying the
selection process of the systematic literature search
for RCTs.
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Risk of sponsorship bias was low for 21 studies and moderate for five,
while no information was present for the same six trials (see Sup-
plementary Table B5 for a funding source and risk of sponsorship
bias rating sheet).

Moderator analysis
Analysis of 25moderators (one already excludedbeforehanddue tonodata)
and four risk of bias factors (see Supplementary Table C1 for an overview)
was conducted (see Supplementary Fig. C1–C29 for specific forest and
bubble plots). The moderator analysis type revealed that studies using ITT
analysis reported a significant subgroup effect (HR = 0.74, 95% CI [0.65,
0.85]), whereas studies that did not apply ITT analysis did not report a
significant effect (HR = 0.96, 95% CI [0.78, 1.18]; see Supplementary Fig.
C12 for a forest plot of themoderator analysis type).However, thepvalue for
thismoderator (TfSD, p = 0.038) exceeded theBenjamini–Hochberg critical
threshold of p = 0.003 for this rank, and thus did not remain significant after
correction for multiple comparisons.

Therefore, this finding should be interpreted with caution.
Another moderator, surgery prior to study entry, indicated a trend
(ToM p = 0.063): studies with a higher percentage of patients who
had undergone surgery before study entry showed greater effects (see
Supplementary Fig. C22 for a bubble plot of the moderator surgery
prior to study entry).

Identifying relevant moderators via machine learning
The machine-learning-based moderator search using MetaForest included
15 moderators and two risk of bias factors (each with ≤3 missing values),
whereas 11 moderators and two other risk of bias factors (with >3 missing
values)were excluded (see SupplementaryTableC2A,B for a list of included
and excluded moderators). The final model was run with 5000 regression
trees, showed a cumulative MSEoob of ~0.22, and converged at ~2000 trees
(see Supplementary Fig. D1 for a convergence plot of the final model). The
optimal tuning parameters were weights = uniform, candidate variables per
split = 2, and minimum terminal node size = 3.

The model yielded a cross-validation prediction error of
MSEoob = 0.19, indicating moderate error between the model’s predictions
and actual values. It had a positive but small predictive value in unseen data,

withR²oob = 0.12, suggesting that only 12% of the variance in new data were
explained—indicating weak predictive performance, which was expected
due to the high number of moderators and the limited number of studies.

In contrast, it achieved moderate predictive performance using cross-
validation with R²cv = 0.28, suggesting that the model explained 28% of the
variance within the resampling procedure. This suggests the model per-
formed better in internal validation than on genuinely new data. The gap
between R²oob and R²cv indicates mild overfitting to the training data.

Identified moderators sorted according to variable importance (VI)
were analysis type (VI = ~0.038), tumor phase (VI = ~0.029), and study
quality (VI = ~0.025; see Supplementary Fig. D2 for a variable importance
plot). Note that clear cutoff values forMetaForest analysis do not exist, but a
general rule of thumb in random forest analyses considers VI values of
0.01–0.05 as low, 0.05–0.1 as moderate, and >0.1 as high128.

Partial dependenceplots, displaying the relationships of each identified
moderator with the effect size while averaging over the other moderators,
were generated in combination with the raw data and the 95% percentile
intervals of the predictions of individual trees from the model (see Sup-
plementary Fig. D3 for partial dependence plots of the identified mod-
erators). The plots for analysis type and study quality indicated slight
tendencies that studies applying an intention-to-treat (ITT) analysis or
achieving a higher quality score reported greater life-prolonging effects.
Partial dependence plots displaying bivariate relationships between the
identified moderators did not indicate any interactions (see Supplementary
Fig. D4 for partial dependence plots of bivariate interactions).

Reporting bias across studies
Publication bias. There was some visual indication of publication bias in
the contour-enhanced funnel plot (see Fig. 5 for a contour-enhanced
funnel plot), as trials with larger standard errors (usually those with small
sample sizes) seemed to bemissing in the lower right area of the plot (i.e.,
effect sizes in the direction opposite to the favored outcome). However,
the test for publication bias of p-uniform (based on k = 10 significant
effect sizes) was not significant p = 0.266. Similarly, the funnel plot
asymmetry test of FAT-PET-PEESE (exploratory; based on all k = 32
effect sizes) did not confirm publication bias but only showed a
trend (p = 0.091).

Fig. 4 | Forest plot of the random-effects meta-
analysis showing survival data of all 32 included
RCTs (ordered according to effect size). HR <1
indicates a survival benefit for the intervention
group; HR >1 indicates a survival benefit for the
control group; HR = 1 indicates no effect. The 95%
CIs in the forest plot may differ in the decimal places
from those stated in the articles (see Table 4), as they
had to be transformed to SEs for the meta-analysis
and were then back-transformed for the forest plot
byMetafor. REmodel random-effects model,Q=Q
test for heterogeneity, Qp = Q test p value, I2 = Pro-
portion of true variance to total variance, 95% PI
= 95% prediction interval, k = 32 studies.
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Correcting for publication bias. The Meta Showdown Explorer was
tuned to the conditions of the current dataset: severity of publication bias =
none (as indicated by p-uniform and FAT-PET-PEESE; the option small
was not available, only none, medium, and high), heterogeneity τ = 0.2,
number of included studies k = 30, true effect size SMD= 0.2 (a small
effect), questionable research practices = none (as indicated by p-curve).

The outcome suggested that the (naive) RE meta-analysis would out-
perform p-uniform and FAT-PET-PEESE in estimating the overall effect
with a lower false-positive rate (type-1 error probability) and a higher true-
positive rate (indicative of statistical power) than both methods (see Sup-
plementary Fig. E1, E2 for aMeta Showdown Explorer Plot of the false- and
true-positive rate).

Regarding the precision in estimating a true zero effect (δ = 0) and a
small true (nonzero) effect (δ = 0.2), the naive (RE) meta-analysis would
again outperform p-uniform and be just as precise as FAT-PET-PEESE (see
Supplementary Figs. E3, E4 for aMeta ShowdownExplorer Plot of correctly
estimating a zero and small overall effect).

For the sake of completeness, the results of FAT-PET-PEESE are
reported. PET estimated an overall effect of 1.02, 95% CI [0.78, 1.35],
p = 0.871, while PEESE estimated an overall effect of 0.89, 95% CI [0.77,
1.02], p = 0.096, corrected for an undetectable (and potentially distorted)
reporting bias (see Supplementary Fig. E5 for a FAT-PET-PEESE
funnel plot).

p-Hacking and tests of evidentiality. The p-curve analysis (based on
k = 10 significant p values) showed no visual indication of p-hacking (see
Fig. 6 for the p-curve of all 10 significant p values). Two separate testswere
conducted as part of the p-curve analysis.

First, the test for evidential value, which examines whether the p-curve
is significantly right-skewed (indicating the presence of true effects rather
than selective reporting or randomness), was not significant for the full
curve (p values <0.05; p = 0.458), but significant for the half curve (p values
<0.025; p = 0.029). According to ref. 123, evidential value is supported if
either the full or the half-curve test is significant, indicating that the primary
studies showed evidential value.

Second, the test for inadequate evidential value due to low statistical
power (i.e., <33% power) was significant for the full curve (p = 0.043), but
not for the half-curve (p = 0.720) and the binomial test (proportion of p
values < 0.025; p = 0.935). Following ref. 123, evidence is considered
inadequately powered if either the full-curve test is p < 0.05, or if both the
half-curve and binomial tests are p < 0.10, suggesting that the primary
studies may be underpowered.

Taken together, the studies analyzed thus appeared to provide some
evidential value, but may suffer from low statistical power, meaning that
exact replications could have a low probability of detecting similar effects.
Importantly, the number of significant p values included in this analysis was
at the minimum recommended for p-curve (k = 10), and the method is
known to sometimes overestimate evidential valueunder such conditions129,
limiting the robustness and generalizability of the inferences. Consequently,
these results should be interpretedwith caution and considered preliminary
rather than definitive.

Similarly, the power of the significant p values from the individualHRs
to detect an overall effect, corrected for selective reporting (for possible
publication bias and p-hacking; ref. 130), was very low at 5%, 90% CI = [5,
31%]. Again, because this estimate is based on theminimum recommended
number of significant p values (k = 10), it may not precisely reflect the true
evidential power. Therefore, p-curve might provide a distorted power
estimate66.

Specification curve and multiverse meta-analysis
Descriptive specification curve plots (see Figs. 7–9 for descriptive specifi-
cation curve plots separated into HRs, ORs, and RRs) showed that those
meta-analytic specifications restricting the corpus of primary studies
(k = 32) to a subset of trials (for logHRs: k < 12; for logORs and logRRs:
k < 18)—for example, setting a focus onmetastatic or non-metastatic female
breast cancer patients (for all effect sizes) or on follow-up intervals longer
than two years (only for logORs and logRRs)—frequently resulted in non-
significant overall effects (with the 10-year follow-up being the exception).

Moreover, the amount of significant p values from the observed overall
effects were ~42% (logHRs), ~13% (logORs), and ~22% (logRRs; see Fig. 10
for histograms of p value distributions), which is much higher than what
would be expected if a general zero overall effect across all specificationswas
true (in that case the expected amount of significant p values would be ~5%
for each effect size). This finding suggests the existence of a general true
(nonzero) overall effect of psychosocial interventions enhancing the survival
time of cancer patients across the specifications examined in prior meta-
analyses and the present review; based on the currently available corpus of
primary studies.

Notably, significantp values for logHRsweremuchmore likely than for
logORs and logRRs, due to the fact that effect sizes of the corpus of primary
studies were pooled over all follow-ups for the calculation of logHRs (thus
incorporating a relatively high amount of trials for each specification leading
to a higher precision and, therefore, a higher likelihood of overall effects to
turn out significant), in contrast to pooling effect sizes from subsets of the
corpus of primary studies for the calculation of 1-, 2-, 4-, 5-, 6-, or 10-year
follow-up intervals for logORs and logRRs (thus incorporating a gradually
smaller numberof trialswith longer follow-up intervals); note that almost all
studieshadat least a 1-year follow-up, but onlyhalf of all studieshada5-year
follow-up period.

Remarkably, the inferential (bootstrap) specification curve plot for
logHRs (see Fig. 11 for an inferential specification curve plot of logHRs)
confirmed that almost all specifications of observed overall effects deviated
clearly (and significantly) from the 95% CI band of 1000 simulated overall

Table 5 | Psychological components of the 32 included RCTs
that investigated psychosocial interventions and survival in
cancer patients ordered according to absolute and
relative frequency (number of significant vs. non-significant
studies)

Psychological components Absolute frequency Relative frequency

Group support 21 4/17

Medical education 16 6/10

Coping skills/techniques 13 5/8

Expression of emotions 12 3/9

Relaxation techniques 8 4/4

Problem-solving 8 3/5

(Undefined) psychological support 7 4/3

Enhancement of social support 6 3/3

Cognitive reappraisal/restructuring 6 2/4

Goal setting 6 2/4

Reminiscence of past life events 6 0/6

Improvement of communication 5 2/3

Mindfulness-based component 4 2/2

Psychoeducation 4 1/3

Coping support 3 3/0

Counseling 3 2/1

Stress management 3 1/2

Aid with decision making 2 1/1

Hypnosis 2 1/1

Tell their story 2 1/1

Aid with symptom management 2 0/2

Reflect on their life 2 1/1

Psychotherapy 1 1/0

Other social support 1 0/1
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true zero effects, which can be viewed as evidence for the existence of a
general true (nonzero) overall effect across specifications for logHRs.

Likewise, the inferential (bootstrap) specification curve plots for logORs
and logRRs, split into 1-, 2-, 4-, 5-, 6-, and 10-year follow-ups (see Fig.
12 and 13 for inferential specification curve plots of logORs and logRRs),
showed that the observed overall effects of several specifications of the 1-, 2-,
and 10-year follow-up interval deviated slightly (yet significantly) from the
95% CI band of true zero effects, which can be seen as evidence for the
existence of a general true (nonzero) overall effect across specifications for
logORs and logRRs as well (at least for the mentioned follow-up intervals).

Certainty in the evidence (GRADE rating)
Applying the GRADE framework, the overall certainty of evidence was
judged to be moderate for the conclusion that psychosocial interventions
prolong survival in cancer patients (see Supplementary Figs. E6 and E7 for a
Summary of findings table and a GRADE evidence profile).

I. Risk of bias was deemed not serious, as 30 of the 32 included RCTs
were rated as having some concerns, primarily due to unclear allocation
concealment or missing preregistration. These issues reflected that the
corpus of primary studies encompassed trials published over four decades,
during which reporting standards evolved: allocation concealment report-
ing and preregistration became standard only after the mid-2000s and the
mid-2010s, respectively. Only two studies were rated as high risk due to
excessive participant exclusion. Given the nature and distribution of these
issues, no downgrading was applied.

II. Inconsistency was rated as serious. Although the direction of the
effect consistently favored the intervention group, moderate to substantial
heterogeneity (I² = 48%) and a wide 95% PI (HR 0.49 to 1.29) suggested
clinically relevant variation in treatment effects. Accordingly, one down-
grade was applied.

III. Indirectness was judged not serious, as all included studies
addressed the relevant population, intervention, and outcome.

IV. Imprecision was considered not serious. The overall effect estimate
(HR = 0.80, 95%CI [0.71, 0.90]) was precise and did not cross the threshold
of no effect.

V. Reporting bias was judged not serious, as multiple robust detection
methods failed to find evidence of publication bias or selective reporting.

In conclusion, the GRADE approach identified some inconsistency,
leading to a moderate certainty rating regarding the beneficial effect of
psychosocial interventions on survival in cancer patients.

Discussion
Overall effect and heterogeneity
We found evidence for a small but robust overall effect HR 0.80, 95%
CI [0.71, 0.90], suggesting that psychosocial interventions prolong
the survival of cancer patients. Moderate to substantial heterogeneity
was present across the distribution of true effects, resulting in a wide
95% PI of HR 0.49 to 1.29. This indicates that future primary studies
could (potentially) observe effects ranging from substantial benefit to
slightly unfavorable in certain populations or under particular con-
ditions. Importantly, none of the included RCTs reported a sig-
nificant negative impact on survival time.

The observed heterogeneity may, in part, be attributable to the clinical
and methodological diversity of the included trials. Given the limited
availability of RCTs in this research area, it was necessary to incorporate a
broad range of psychosocial interventions, cancer types, and tumor stages.
While this broad inclusion strategy may enhance generalizability, it inevi-
tably introduces additional heterogeneity.

In addition, many of the trials were underpowered to detect
effects of the magnitude of the overall effect observed in our current
analysis, which may have contributed considerably to greater varia-
bility and imprecision. Consequently, the certainty of the evidence
was rated as moderate, reflecting the current body of research while
adhering to scientific rigor.

An easy-to-grasp effect size for survival
Thegain in survival timewas also estimatedby an easy-to-grasp effect size to
enhance interpretability for clinicians and patients: The overall median
survival (time) benefit for treated patients compared to controls showed a
trend of 3.9 months, 95% CI [−0.7, 8.5], although this metric was not used

Fig. 5 | Contour-enhanced (RE) funnel plot with
summary effects from all 32 included studies. HR
<1 indicates a survival benefit for the intervention
group; HR >1 indicates a survival benefit for the
control group; HR = 1 indicates no effect. The
reference line was drawn at HR = 1 (no effect) with
significance contours at p < 0.10, 0.05, 0.01,
k = 32 studies.
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for hypothesis testing, as it could only be based on a subgroup of trials
(k = 16) that provided the necessary data. However, for cancer patients and
their families, an estimated survival gain of four months—particularly if
accompanied by preserved or improved quality of life—may represent an
invaluable asset.

Clinical considerations of psychosocial interventions for cancer
patients
Comparable survival benefits to medical cancer treatments. Con-
textualizing our findings within the broader oncology literature, the
observed overall effect HR of the present meta-analysis is, indeed,
clinically meaningful. Interestingly, it closely mirrors the effect of being
married versus unmarried, HR of 0.80, 95% CI [0.79–0.81], in a large-
scale 5-year epidemiological study of 734,889 cancer patients with ten
major cancer types131.

Moreover, our observed overall effect in prolonging survival appears
comparable to those reported for established medical cancer treatments.
Recent meta-analyses on chemotherapy for pancreatic cancer and meta-
static breast cancer reported small overall effect sizes with an HR of 0.71,
95%CI [0.62–0.82]132 and anHRof 0.87, 95%CI [0.78–0.97]133, respectively.
A meta-analysis on radiotherapy in breast cancer did not find a statistically
significant overall effect with anRRof 0.93, 95%CI [0.79, 1.09]134, whereas a
meta-analysis of radiotherapy in gallbladder cancer showed a small overall
effect with an OR of 0.63, 95% CI [0.50–0.81]135. A meta-analysis on hor-
mone therapy in breast cancer showed a small overall effect with an HR of
0.79, 95% CI [0.69, 0.90]136.

Note that the categorization of small, moderate, and large effect sizes
differs between HRs and ORs (see Supplementary Table C4); to our
knowledge, no universally accepted cutoffs exist for RRs.

These comparisons demonstrate that the survival benefit associated
with psychosocial interventions for cancer patients, when provided on top
of standard cancer treatments, lies within the same order of magnitude as
that of commonly accepted chemo-, radio-, and hormone therapy, yet these
interventions comewithout the adverse side effects typically associated with
medical cancer treatments. Accordingly, psychosocial cancer care can no
longer be considered optional or purely supportive from a scientific
standpoint.

Comparable certainty in the evidence tomedical cancer treatments.
Although meta-analyses of medical cancer treatments often draw from a
larger pool of studies, which might allow for more focused and homo-
geneous estimates, a closer look reveals a different picture. For instance,
the 95% PIs of the mentioned meta-analyses on chemotherapy (95% PI
[HR 0.58 to 0.87]132; 95% PI [HR 0.66 to 1.15]133), radiotherapy (95% PI
[RR 0.72 to 1.21]134; 95% PI [OR 0.26 to 1.54]135), and hormone therapy
(95% PI [HR 0.49 to 1.28]136) frequently crossed the line of no effect, and
in some cases could even indicate unfavorable survival outcomes in
future studies.

It is worth noting that we often had to calculate the 95% PIs ourselves
for the meta-analyses on chemo-, radio-, and hormone therapy, as these
were frequently not reported directly (see Supplementary Table C3 for data
on how the 95% PIs were calculated). This omissionmay partly account for
the apparent lack of awareness that the level of certainty in the scientific
evidence regarding medical cancer treatments is actually lower than one
might expect.

Nonetheless, these kinds of treatments continue to be adminis-
tered as standard care for cancer patients despite known adverse side
effects such as anemia, alopecia, anxiety, cognitive dysfunction,
fatigue, insomnia, immunosuppression, nausea and vomiting, low
mood, mucositis, pain, and weight loss137–139. Whereas psychosocial
interventions appear to achieve comparable survival benefits with
similar certainty in the evidence but without these harms, they are
still frequently relegated to a merely supportive role—highlighting a
critical evidence practice gap in oncology.

Additional benefits of psychosocial treatments for cancer patients.
Furthermore, psychosocial interventions are unique in offering addi-
tional benefits beyond survival. Several meta-analyses have shown that
these kinds of interventions simultaneously improve well-being140,
quality of life141, anxiety142, depression143, stress144, fatigue145, and pain146 in
cancer patients. This multifaceted benefit profile clearly distinguishes

Fig. 7 | Descriptive meta-analytic specification curve plot for logHRs across all
meta-analytic specifications from prior meta-analyses using the currently
available corpus of primary studies. LogHR <0 indicates a survival benefit of the
intervention group; logHR>0 indicates a survival benefit of the control group; logHR
= 0 indicates no effect. Interpret the curve vertically. The top panel shows each
specification’s overall effect (horizontal line) and 95%CI (vertical line) relative to the
dashed no-effect line (logHR = 0). The middle panel shows the number of trials per
specification. The bottom panel depicts the combination of “How” and “Which”
factors for each specification. Colors indicate sample size, from larger (violet, blue,
green) to smaller (yellow, orange, red). FE fixed effects, DL DerSimonian and Laird
method, k = 32 studies.

Fig. 6 | p-Curve displaying the distribution of all ten significant p values
from HRs. Right-skewness (indicating evidential value of the corpus of primary
studies) was present, but the observed p-curve (blue line) proceeded close to the
reference line of low power of 33% (green dashed line). Left-skewness (indicating p-
hacking) was not evident, k = 10 significant p values.
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psychosocial care from standard medical therapies, which primarily
target tumor progression and survival, often at the expense of well-being
and quality of life.

On top of that, psychosocial interventions may act as catalysts for
broader biopsychosocial changes in cancer patients. Although they do not
directly target malignant cells, they can influence psychological (e.g.,
thoughts, emotions), behavioral (e.g., social interactions, health behaviors,
treatment adherence), and physiological processes, including immune,
endocrine, and stress responses5–7,147–149—all of which could contribute to
improved survival outcomes.

Therefore, the modest overall HR observed in this meta-analysis may
underestimate the broader causal pathways through which psychosocial
interventions exert their effects across psychological, behavioral, and bio-
logical domains.

Recognizing the role of psycho-oncology in clinical decision-
making. It is notable that in oncology, medical treatments with modest
or even borderline effect sizes are routinely embraced—despite high
financial cost, considerable toxicity, and high psychological as well as
physiological burden. In contrast, psychosocial interventions often
remain sidelined, even though they are low-cost, low-risk, and scalable,
while simultaneously improving psychological well-being, enhancing
immune and endocrine function, and promoting healthier behaviors.

This discrepancy reveals a persistent bias: the prevailing biomedical
model continues to undervalue interventions that do not fit neatly into
pharmacological or surgical paradigms, despite their capacity to influence
survival through interconnected biopsychosocial pathways.

Our findings challenge this framing, as the identified survival benefits
of psychosocial interventions for cancer patients are not only statistically
and clinically meaningful—they appear to be comparable in both magni-
tude and certainty of evidence to many widely accepted medical cancer
therapies, such as chemo-, radio-, and hormone therapy, while also carrying
minimal risk and lower costs.

Thus, even from a purely economic standpoint, psychosocial inter-
ventions deserve greater recognition and broader implementation. For
example, median costs for health insurance of standard chemotherapy
among breast cancer patients in the United States (between 2008 and 2012)

varied substantially by treatment type, ranging from $62,302 (CMF regi-
men) to $104,197 (TAC regimen) per patient and patient out-of-pocket
expenses from $2104 to $3383, respectively—which represents a consider-
able financial burden incurred on the health care system and patients150.
Median costs for one course of radiotherapy amongbreast cancer patients in
the United States (between 2000 and 2009) were $8100151.

In contrast, average costs for standard psychosocial interventions
during a comparable time framewere substantially lower: such as sixweekly
120-min sessions ofmindfulness-based stress reduction in theUnited States
(2015) cost $666 per patient or $111 per patient and session152,153, six weekly
90-min sessions of cognitive-behavioral group therapy in the Netherlands
(2008) cost $406 (€311.85) per patient or $45 (34.65€) per patient and
session153,154, and around 25 weekly 90-min sessions of supportive-
expressive group therapy in Canada (2006) cost $1394 per patient or
$55.46 per patient and session153,155.

In sum, these findings highlight the urgent need for guideline com-
mittees and oncology policymakers to formally establish psychosocial
(psychological) care alongside medical therapy as a standard component of
cancer treatment, fostering a more integrative, patient-centered approach
that enhances survival, psychological well-being, and quality of life, while
remaining cost-effective.

Psychological components inpsychosocial interventions for cancer
patients. The analysis of psychological components included in the
psychosocial interventions should be interpreted exploratorily and
descriptively, as all interventions comprised multiple components.
Consequently, no causal inferences regarding the effectiveness of indi-
vidual components can be drawn. Rather, the observed frequency pat-
terns suggest that effective psychosocial interventions commonly
integrate educational components (such as medical education and psy-
choeducation), cognitive-behavioral strategies (e.g., coping skills/tech-
niques, relaxation techniques, problem-solving, cognitive reappraisal/
restructuring, goal setting), and emotion-focused elements (e.g.,
expression of emotions, meaning-based components), alongside other
supportive elements (e.g., group support, other social support, aid with
decision making, aid with symptom management). The observed pat-
terns show some heterogeneity in component reporting, suggesting that

Fig. 8 | Descriptive meta-analytic specification
curve plot for logORs across all meta-analytic
specifications from prior meta-analyses using the
currently available corpus of primary studies.
LogOR <0 indicates a survival benefit of the inter-
vention group; logOR >0 indicates a survival benefit
of the control group; logOR = 0 indicates no effect.
Interpret the curve vertically. The top panel shows
each specification’s overall effect (horizontal line)
and 95% CI (vertical line) relative to the dashed no-
effect line (logOR = 0). The middle panel shows the
number of trials per specification. The bottom panel
depicts the combination of “How” and “Which”
factors for each specification. Colors indicate sample
size, from larger (violet, blue, green) to smaller
(yellow, orange, red). The “How” factor Follow-up
was added here, as logORs in the prior analyses were
calculated after 1-, 2-, 4-, 5-, 6-, and 10-year intervals
for every trial that provided data (in contrast to
logHRs). FE fixed effects, DL DerSimonian and
Laird method, k = 32 studies.
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component overlap and sometimes unclear definitions may limit com-
parability across trials.

From a clinical and intervention-design perspective, the findings
support the use of multicomponent approaches and may inform the
development of future psychosocial interventions for cancer patients, while
emphasizing the need for formalmoderator or dismantling studies. Overall,
our findings highlight the importance of theory-driven intervention design
and standardized reporting of psychological components.

Methodological considerations of the meta-analysis and multi-
verse meta-analysis
Small-study effects. The pattern observed in the forest plot sorted by
study precision did not fully correspond to what would be expected from
typical small-study effects or publication bias. While the least precise
studies tended to report the largest effects (HRs <1), a consistent trend of
HRs below 1 was also evident among studies with moderate to good
precision. This suggests that the overall survival benefit was not solely
driven by small-study effects or selective publication and supports the
robustness of psychosocial interventions, which contradicts claims that
observed benefits are merely artefacts of study design or selective
reporting.

Instead, this finding likely reflects a genuine effect, although the var-
iation among the most precise studies indicated that additional factors—
suchaspatient characteristics, interventionprotocols, or differences in study
design—may have contributed to the observed heterogeneity.

Time trend. A temporal trend appeared to emerge when considering
the progression of studies over time. In studies published before
2015, HRs were mixed, with values both above and below 1, indi-
cating inconsistent evidence for the existence of an overall survival
benefit. However, beginning with 2015, studies consistently reported
HRs <1, suggesting more uniform evidence for an overall survival
benefit.

Supporting this interpretation, the cumulative meta-analysis demon-
strated that only after 2015 did the growing number of available trials
provide enough statistical power and precision for the overall effect to reach
statistical significance. Consequently, meta-analyses performed prior to this

date could not reliably detect the (small) overall effect estimated by our
current analysis, even if they had used the HR as the effect size, which is
already a more precise effect measure than the OR and RR.

This shift likely reflects more than just increased sample sizes; it may
also represent a systematic change in effect sizes over time, driven by
evolving patient populations, improved study designs, and more rigorous
reporting and publication standards. Together, these factors strengthen the
clearer signal-to-noise ratio, while changes in medical treatment contexts
may further moderate psychosocial intervention effects.

Risk of bias factors. Overall risk of bias of studies ranged frommoderate
(k = 30) to high (k = 2), mostly due to a lack of information on allocation
concealment or absence of a preregistration protocol, which reflects the
fact that trials were published over the span of four decades (from 1982 to
2023) and specific reporting guidelines were only established from the
mid-2000s or mid-2010s on, respectively.

Average study quality wasmoderate (M = 7; range−18 to+18 points)
and risk of sponsorship bias was low for most studies, as no for-profit
organization funding was involved, whereas averagemeta-analytic post hoc
power of includedRCTs, using the overall effect HR of ourmeta-analysis as
the population effect, was very low at 17%. In general, a (post hoc) power of
at least 80% would be considered adequate, otherwise not significant (but
also significant) results cannot be trusted with high confidence, due to high
statistical error probabilities156,157. This implies that most trials could only
reliably detect considerably larger effects than the small overall effect found
across the corpus of primary studies. This may not only explain the
inconsistency of the results of individual trials but (in part) also of the prior
meta-analyses reviewed.

Consequently, we propose that future trials on cancer survival should
be designed with sufficient power to identify even small but still clinically
relevant effects, or definitively disprove them. Although, it should be noted
that none of the risk of bias factors seemed to significantly moderate the
effects of included trials.

Moderators. The investigation of the 25 substantive andmethodological
moderators identified one significant moderator, namely analysis type.
Studies that used ITT analysis showed a significant overall effect (HR =

Fig. 9 | Descriptive meta-analytic specification
curve plot for logRRs across all meta-analytic
specifications from prior meta-analyses using the
currently available corpus of primary studies.
LogRR <0 indicates a survival benefit of the inter-
vention group; logRR >0 indicates a survival benefit
of the control group; logRR = 0 indicates no effect.
Interpret the curve vertically. The top panel shows
each specification’s overall effect (horizontal line)
and 95% CI (vertical line) relative to the dashed no-
effect line (logRR = 0). The middle panel shows the
number of trials per specification. The bottom panel
depicts the combination of “How” and “Which”
factors for each specification. Colors indicate sample
size, from larger (violet, blue, green) to smaller
(yellow, orange, red). The “How” factor Follow-up
was added here, as logRRs in the prior analyses were
calculated after 1-, 2-, 4-, 5-, 6-, and 10-year intervals
for every trial that provided data (in contrast to
logHRs). FE fixed effects, DL DerSimonian and
Laird method, k = 32 studies.
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0.74, 95% CI [0.65, 0.85]) compared to studies that did not use ITT
analysis (HR = 0.96, 95% CI [0.78, 1.18]). The criteria for ITT analysis
were very strict in our present meta-analysis and did not allow trials to
exclude any participants after randomization—even if they were later
found to meet predefined exclusion criteria, which would typically
qualify as a modified ITT analysis. In addition, this finding did not
withstand the Benjamini–Hochberg procedure and should therefore be
interpreted with appropriate caution.

Surprisingly, none of themoderators identified by priormeta-analyses
(see Table 1) such as age and marital status40, intervention type68, or inter-
vention format158,159—could be replicated by our analysis.Moreover, several
moderators reported by ref. 68, for which the investigated subgroups
actually had overlapping 95% CIs, such as cancer type, presence of metas-
tasis, intervention provider, and length of follow-up—could also not be
confirmed.

This may relate to the number of available studies being relatively
limited in the light of the clinical andmethodological heterogeneity present
in our analysis or to the possibility that some moderators of prior meta-
analyses reviewed may have been identified using fixed-effect models.
However, this assumption could not be verified, as information on the
applied statistical model was most often lacking. If fixed-effect models had
been used, the generalizability of such findings should be viewed with
caution anyway38.

Exploratory search for moderators. Exploratory moderator analysis
with the machine learning and bootstrap-based approach MetaForest
identified three moderators, namely analysis type, tumor phase, and
study quality, with consistently positive but low variable importance
(0.01< VI <0.05) and showed a weak overall predictive performance in
unseen data (R²oob = 0.12) as well as a slightly higher predictive perfor-
mance using cross-validation (R²cv = 0.28).

This suggests that these variables might be promising candidates for
future hypothesis-driven research. However, the discrepancy between out-
of-bag performance (12%) and cross-validation (28%) indicated some
degree of overfitting, which emphasizes the need for replication in future
independent datasets. As such, the current findings provide preliminary
evidence for potential moderators, but should not be overinterpreted as
conclusive.

Reporting bias across studies. Visual inspection of the contour-
enhanced funnel plot revealed some indication of small-study effects (or
publication bias), as studies with larger standard errors appeared to be
missing in the lower right area of the plot, where studies with effect sizes in
the direction opposite to the favored outcome would typically be located.

The p-uniform test, conducted on significant p values (k = 10), was not
statistically significant (p = 0.266), indicating no clear evidence of publica-
tion bias. However, given the limited number of significant p values, the test
may have lacked power to detect publication bias reliably, and this outcome
should be interpreted with caution. Likewise, the funnel asymmetry test
(FAT), conducted as part of the PET-PEESE procedure using all 32 effect

sizes, didnot yield statistically significant evidence for publicationbias either
(p = .091), but only suggested a trend toward asymmetry.

Hence, given the moderate to substantial heterogeneity (I² = 48%;
τ² = 0.05 [log scale]; τ = 0.23 [log scale]) and relatively small sample sizes in
some studies, it is possible that true heterogeneity rather than publication
bias explains the funnel plot asymmetry160. In light of this, the current results
do not provide robust evidence of publication bias, but they do not entirely
rule it out either. Visual indication of publication bias in the funnel plot, a
non-significant p-uniform result with limited power, and a non-significant
trend in the FAT all in the presence of heterogeneity collectively call for a
cautious interpretation of the present findings. In addition, there was no
indication of p-hacking (no left-skewness) observable in the p-curve.

However, the statistical power of the p-curvemay have been low too, as
only the minimum recommended number of significant p values (k = 10)
was available for p-curve analysis129, limiting the conclusiveness of these
results.

Causes for the heterogeneity in the results of prior meta-analyses.
Descriptive specification curve plots indicated that the contradictory
results of prior meta-analyses reviewed by our analysis (four
reporting a survival benefit, whereas six reporting no benefit) were a
consequence of the application of different effect size measures with
varying degrees of precision (HR vs. OR vs. RR) as well as the use (or
nonuse) of various selection criteria for the inclusion of studies (e.g.,
a focus on subpopulations such as [non-]metastatic female breast
cancer patients or on different follow-up endpoints such as 1, 2, 4, 5,
6, or 10 years), which often resulted in a small number of trials to be
analyzed within a given specification and thereby limiting statistical
power—especially in the presence of (already) small overall effects.
Consequently, meta-analytic specifications, which included a higher
amount of trials (those with less or without any restrictions), fre-
quently resulted in significant overall effects.

Strikingly, the amount of specifications with significant overall effects
(logHRs ~42%, logORs ~13%, and logRRs ~22%) was much higher than
whatwould be expected if a general zero overall effectwas true (in that case it
would be ~5% for each effect size), which emphasized the existence of a
general true (nonzero) overall effect across reasonable meta-analytic
specifications.

On top of that, inferential specification curve plots (bootstrap-based
approach) confirmed that most overall effects of the logHR as well as some
of the overall effects of the 1-, 2-, and 10-year follow-ups of the logOR and
logRR deviated significantly from 1000 simulated true zero overall effects
and their 95% CI bands.

Taken together, these results provide strong evidence that the observed
overall effects are unlikely to be statistical artefacts and instead reflect a
consistent pattern across a broad range of reasonablemeta-analytic choices.

Limitations
Overall effect. Meta-analysis is a powerful tool to address certain
research questions, but it can be misleading in the face of clinical and

Fig. 10 | Histograms of p value distributions for
observed overall effects (logHRs, logORs, and
logRRs) across all meta-analytic specifications
from prior meta-analyses. The proportion of sig-
nificant p values (p < 0.05) is indicated by the red
columns, while the proportions of not significant p
values (p > 0.05) are marked with the blue columns
in each histogram, k = 32 studies.
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statistical heterogeneity55,56. Both forms of heterogeneity were present in
the current and all prior meta-analyses reviewed (see Table 1), which
could mean that the overall effect might not be overly meaningful161.

Investigating samples from one and the same population (e.g., same
cancer type and stage) receiving the exact same intervention in a single
meta-analysis, while conducting separate analyses for the other populations,
could be considered an ideal meta-analytic goal. It could provide the most
reliable conclusions of what works for whom.

However, this ideal goal was not feasible with respect to the research
question, as currently there were not enough primary studies available to
follow such a strict approach, which may partly explain the moderate to
substantial heterogeneity and wide 95% PI evident in our meta-analysis.
Instead, our approach encompassed different kinds of psychosocial inter-
ventions, cancer types, and tumor stageswhile applying rigorousmethodsof
modern evidence synthesis to address possible sources of bias directly and
thereby limiting researchers’ degrees of freedom.

Data collection process. The analysis had the following methodolo-
gical limitations. First, the search was restricted to studies published in
English, which may have introduced language bias. Second, although
we contacted study authors to obtain missing or unclear data, some did
not respond, potentially limiting the completeness of our data
extraction. Finally, despite efforts to include gray literature, there was
still an indication of potential publication bias among the included
studies.

Calculation of effect size. The proportional hazards (PH) assumption,
that the HR between two groups remains constant over time, is vital for
theCox regressionmodel. Both primary studies and previously published
meta-analyses have adopted this assumption.

Due to the lack of individual patient data, we have assessed the PH
assumption by visually inspectingKaplan–Meier survival curves, a standard
methodwhen individual data areunavailable. Establishedguidelines suggest
that if these curves do not cross and maintain a (somewhat) constant dis-
tance over time, the PH assumption is likely valid.

In our analysis, no major violations have been observed but we
acknowledge the limitations of the visual inspection approach, which,
althoughwidely used in the absence of individual data,may not be as robust
as formal statistical tests.

Moderators. In general, it is recommended that subgroup analyses
should only be conducted if there are at least ten studies included in the
meta-analysis to provide sufficient statistical power and yieldmeaningful
results93. However, a minimum number of studies required for each
subgroup is not specified, and caution is advised when studies are
unevenly distributed among subgroups.

Additionally, it is recommended that meta-regressions include at least
ten studies tominimize the risk of overfitting and ensure that the results can
be interpreted meaningfully. Therefore, results of meta-regression analyses
involving fewer than ten studies should also be interpreted with caution.

Consequently, the statistical power to reliably detect certain effect
moderators in subgroup or meta-regression analysis might have been low,
and any null findings should thus be considered as preliminary and inter-
preted accordingly (“Absence of evidence is not evidence of absence.” 162).

Regarding our exploratory moderator analysis with MetaForest, we
used simple imputation (median or mode) for variables with up to 10% of
missing data. While this approach does not account for the uncertainty
inherent in imputed values and may have attenuated true associations
between moderators and effect sizes, multivariate imputation was not a
viable option in the present context. Most moderators were only weakly
intercorrelated, andMetaForest cannot dealwithmultiple imputeddatasets.
However, to reduce bias, all moderators with more than 10% of missing
values were excluded from the analysis.

Reportingbias acrossstudies. Several limitations apply to themethods
used. First, the contour-enhanced funnel plot suggested potential for a
minor small-study effect (or publication bias), though its visual nature
limits its reliability.

Second, the non-significant p-uniform test, which included only
k = 10 significant p values, had low statistical power, reducing its ability to
detect publication bias.

Third, the funnel asymmetry test, while indicating a trend for asym-
metry, may have been affected by moderate to substantial heterogeneity
(I² = 48%; τ² = 0.05 [log], τ = 0.23 [log]) and small sample sizes rather than
an actual publication bias.

Lastly, the p-curve analysis was constrained by the minimum number
of significant p values available (k = 10), which is the lower bound for
meaningful analysis. Additionally, p-curve can systematically overestimate
evidential value, especially in the presence of heterogeneous effect sizes or
low-powered studies129. Under such conditions, p-curve is known to
sometimes overestimate evidential value and has low statistical power,
limiting the robustness and generalizability of the inferences.

Consequently, the absence of detected p-hacking should be interpreted
cautiously, and these results should be considered preliminary and indica-
tive rather than definitive.

Lack of control for treatment confounding. Regarding the history of
research in the field of psycho-oncology, one must also consider that
patient populations might have changed over the years. Nowadays,
cancer patients may be much more willing to ask for psychological
support themselves, compared to four decades ago, whichmight have led
control patients in more recent studies to attend support outside the
study protocol more frequently than in older studies, whichmaymitigate
the effects to some degree20.

Most included studies (27 out of 32) did not provide information on
the use of psychological or psychotherapeutic services during the post-
intervention follow-up period. As a result, it remains unclear to what extent
participants in either groupmay have received additional psychosocial care
outside the study protocols. Only five studies18,20,163–165 monitored such
follow-up care and checked for group differences, but reporting was limited
in the other studies and detailed data were mostly unavailable.

This lack of control may have introduced treatment confounding over
time and could have attenuated the observed effects, particularly if parti-
cipants in the control group sought out supportive care after the study as
well. In this sense, the identifiedoverall effect of our analysismayonly reflect

Fig. 11 | Inferential specification curve plot of observed overall effects (logHRs)
across reasonable meta-analytic specifications from prior meta-analyses (red
line) against the 95% CI band of 1000 simulated true-zero effects (gray area)
using the currently available corpus of primary studies. LogHR <0 indicates a
survival benefit of the intervention group; logHR>0 indicates a survival benefit of the
control group. The black dotted line indicates a zero effect (logHR = 0). The red line
shows the actually observed overall effects across specifications of prior meta-
analyses (sorted by size) plotted against the 95% CI band of 1000 simulated overall
effects for which a zero effect was true (gray area).When the red line falls outside the
gray area, it suggests evidence for a robust and generalizable true overall effect across
reasonable meta-analytic specifications, k = 32 studies.
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a conservative estimate. Likewise, medical treatment of cancer patients has
advanced in the past decades (e.g., the development of hormone therapy),
which may benefit certain populations of cancer patients (those with ER/
PR-positive tumors) but not others (those with ER/PR-negative tumors). In
this context, it has been argued that the effects of hormone therapy might
supersede the effects of psychosocial interventions in the former group of
patients in recent studies20.

Ethical constraints. The entire field of psycho-oncologic research is
challenged by the ethical and practical difficulties of designing RCTs that
can definitively answer whether psychosocial interventions prolong
survival while being ethical and upholding scientific rigor. Strict designs
would require long-term follow-ups, strict control over co-interventions,
and comparisons to minimal or no-treatment groups—conditions that
are ethically problematic when psychological support is known to have
substantial benefits for emotional well-being.

Withholding such support for the sake of scientific rigor may be
considered unethical, particularly in vulnerable patient populations. As a
result, many existing RCTs rely on active control groups, which reduces the
risk of ethical violations but may attenuate observable survival effects. This
trade-off betweenmethodological rigor and ethical responsibility represents
an inherent limitation in interventional research and complicates causal
interpretations.

We have addressed this issue to the extent possible by including the
type of control group as a moderator in our analysis; however, fully disen-
tangling its impact remains difficult given the necessary ethical constraints.

Suggestions
Suggestions for future primary research. The problem of under-
powered studies is well known. About 70% of all meta-analyses might be
solely based on studies too underpowered to detect a small effect49.
Reasons for this practice often lie in difficulties recruiting participants
because of rare diseases or limited amounts of time and resources.
However, from a statistical point of view, underpowered studies are

simply ill-suited to clarify pending research questions166 and future RCTs
should thus be planned in such a manner that even small but clinically
meaningful effects can be detected with sufficient power (i.e., ≥80%).

Suggestions on how to deal with this power problem include the
following:

(1) Increasing collaborative efforts, as this would enhance statistical
power (by increasing sample size) as well as external validity of findings (by
including diverse populations167).

(2) RCTs that solely investigate the psychological effects of psycho-
social interventions in cancer patients should also collect data on survival
(and tumor progression) on a regular basis. This could even be done ret-
rospectively for trials that have already been conducted with comparably
little effort and would yield invaluable information.

(3) From a statistical perspective, investigating more aggressive
types of cancer, which may generate more events over the same
period and thereby increase statistical power—although it still
remains an open question whether psychosocial interventions pro-
long the survival of patients with more aggressive cancers as well.
Besides that, primary studies should also conduct more replications
and should focus on the most common cancer types (e.g., breast,
lung, colorectal, prostate, and stomach1) and certain stages (e.g., stage
I and IV), which would enable secondary research to draw more
definitive conclusions about what works for whom.

Moreover, only a handful of trials provided data on some important
baseline characteristics investigated by our analysis (e.g., estrogen and
progesterone receptor status, lymphnode status, or prior hormone therapy)
and (almost) none of the trials delivered data on patient characteristics after
the start of the experiments (e.g., subsequent surgery, chemo-, radio-, or
hormone therapy); although there is evidence from the original landmark
study of Spiegel et al. in 198917 thatmedical therapy given to cancer patients
after randomization did not differ and therefore could not explain the
benefits of survival for the intervention group in this trial168. However, for a
clearer picture regardingmoderating factors, it would be necessary for trials
to collect these very important data until the end of the study.

Fig. 12 | Inferential specification curve plot of
observed overall effects (logORs) across reason-
ablemeta-analytic specifications from priormeta-
analyses (red line) against the 95%CI bandof 1000
simulated true-zero effects (gray area) using the
currently available corpus of primary studies (1-,
2-, 4-, 5-, 6-, and 10-year follow-ups). LogOR <0
indicates a survival benefit of the intervention group;
logOR >0 indicates a survival benefit of the control
group. The black dotted line indicates a zero effect
(logOR = 0). The red line shows the actually
observed overall effects across specifications of prior
meta-analyses (sorted by size) plotted against the
95% CI band of 1000 simulated overall effects for
which a zero effect was true (gray area). When the
red line falls outside the gray area, it suggests evi-
dence for a robust and generalizable true overall
effect across reasonablemeta-analytic specifications,
k = 32 studies (for every panel).
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Furthermore, futureRCTs should routinely assess and report the use of
additional psychosocial care outside the study intervention during follow-
up. Only a handful of trials in the present meta-analysis provided infor-
mation on whether participants sought or received other psychological
support after the intervention phase.

Without such data, it remains difficult to draw firm conclusions about
the long-term effects of the studied interventions. Regular monitoring of
external psychosocial care—through self-report, medical records, or stan-
dardized check-ins—would help clarify whether observed effects are attri-
butable to the intervention itself or potentially confounded by post-
treatment support.

Suggestions for future meta-analytic research. The growing number
of often low-quality systematic reviews andmeta-analyses in recent years
represents a threat to the actual validity of scientific research and is driven
by various contributors with different motives42. It has been argued that
the majority of meta-analyses are either flawed, misleading, redundant,
not useful, or remain unpublished42.

Therefore, comprehensive approaches may offer a useful step
toward a more valid overall picture, especially in research fields
where the existing evidence is fragmented or inconclusive. Novel
approaches, such as specification curve and multiverse meta-analysis,
may help researchers to uncover the causes for controversial results
of prior meta-analytic research77. In essence, we would like to
encourage fellow meta-analytic researchers to adopt contemporary
methods of evidence synthesis in their future work.

Suggestions for policymakers, clinicians, and patients. Our findings
suggest that psychosocial (psychological) interventions should be made
accessible to cancer patients whenever this seems feasible and encourage
policymakers to take appropriate action, as psychosocial interventions
appear to offer survival benefits on par with, and on top of, current medical
cancer treatments; have no known adverse side effects; show no evidence of

harm; provide substantial psychological benefits—including improved
well-being and quality of life as well as reductions in anxiety, depression,
stress, fatigue, and pain; are of relatively low cost compared to conventional
treatments, and are supported by converging evidence from epidemiolo-
gical, experimental, and meta-analytic research. We therefore also suggest
that patients actively engage in psychosocial, psychological, or psy-
chotherapeutic interventions, as their mental, emotional, and physical
health—and that of their families—may be affected considerably.

Psychosocial interventions analyzed in our meta-analysis were typi-
cally multicomponent and commonly included educational components
(e.g., medical education and psychoeducation), cognitive-behavioral stra-
tegies (e.g., coping skills, relaxation techniques, cognitive restructuring),
emotion-focused approaches (e.g., expression of emotions, meaning-based
components), and social support (e.g., group support). These overarchingly
categorized components may serve as practical reference points for the
design and structuring of multicomponent psychosocial programs for
cancer patients, without implying any differential effectiveness of individual
elements. The observed inclusion patterns highlight frequently applied
elements that could guidehypothesis-driven interventional designs in future
trials. Overall, these insights emphasize how the field can benefit from
standardized reporting and systematic evaluation of component combina-
tions, providing a framework to inform future research and intervention
design.

A proposal for a future research topic
The psychosocial interventions examined in our present meta-analysis
primarily aimed to support cancer patients during a time of acute psycho-
logical distress following diagnosis and treatment. However, current psy-
chobiological research suggests that the onset andprogressionof cancermay
be influenced by complex interactions between chronic stress, hormonal
dysregulation, and immune functioning6,12,14,148,169–173.

Future research may consider investigating psychological and psy-
chotherapeutic interventions that explicitly target severe emotional conflicts

Fig. 13 | Inferential specification curve plot of
observed overall effects (logRRs) across reason-
ablemeta-analytic specifications from priormeta-
analyses (red line) against the 95%CI bandof 1000
simulated true-zero effects (gray area) using the
currently available corpus of primary studies (1-,
2-, 4-, 5-, 6-, and 10-year follow-ups). LogRR <0
indicates a survival benefit of the intervention group;
logRR >0 indicates a survival benefit of the control
group. The black dotted line indicates a zero effect
(logRR = 0). The red line shows the actually
observed overall effects across specifications of prior
meta-analyses (sorted by size) plotted against the
95% CI band of 1000 simulated overall effects for
which a zero effect was true (gray area). When the
red line falls outside the gray area, it suggests evi-
dence for a robust and generalizable true overall
effect across reasonablemeta-analytic specifications,
k = 32 studies (for every panel).
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and unresolved (lifetime) traumanot directly related to the cancer diagnosis
itself. Such interventions could focus on the long-term psychobiological
impact of early-life adversity and chronic stress, aiming to modulate
endocrine, immune, and inflammatory pathways implicated in cancer
development and progression. Assessing the effects of these interventions
on biomarkers and, ultimately, on recovery rates and survival, could yield
valuable insights for psycho-oncology, as well as for the broader field of
chronic disease prevention and treatment.

Moreover, it may be valuable to examine whether specific types of
unresolved psycho-emotional conflicts are differentially associated with the
development of distinct cancer types, potentially moderated by individual
differences in coping capacity, resilience, stress reactivity, or responsiveness
to trauma-focused therapy. Such moderating factors may have obscured
relevant associations in previous (epidemiologic) research, where these
psychological dimensions were often not accounted for. Clarifying these
pathways could deepen our understanding of cancer etiology and lead to
more personalized, psychologically informed intervention strategies. It may
also help identify patient subgroups that are particularly likely to benefit
from trauma-focused or emotion-centered psychotherapeutic approaches.

Conclusion
The overarching outcome of our analysis suggests that the ongoing debate
on whether psychosocial interventions are able to prolong the survival of
cancer patientsmayhave been limited by a serious statistical power problem
due to: (1) true effect variation in the population; (2) underpowered primary
studies (RCTs) with sample sizes too small and/or probability of events
(death rates in trials) too low to reliably detect the (probably often small)
effects observed within these studies; (3) the use of different effect size
measures with varying degrees of precision (ORs vs. RRs vs. HRs), both in
primary studies andmeta-analyses; (4) diverse inclusion criteria for trials in
prior meta-analyses reviewed resulting in varying numbers of included
RCTs and, therefore, differing levels of statistical power; and (5) the exis-
tence of a rather small meta-analytic overall effect, which requires a suffi-
cient number of trials for its reliable detection.

Altogether, ourfindings have shed light on the causes for heterogeneity
in the results of primary studies and prior meta-analyses and provided
robust evidence for the existence of a generalizable true overall survival-
enhancing effect according to both (1) our contemporarymeta-analysis and
(2) our multiverse meta-analysis encompassing reasonable meta-analytic
specifications and corresponding overall effects; based on the currently
available corpus of primary studies. Taken together, the evidence supports a
paradigm shift: psychosocial interventions should no longer be viewed as
optional support but as a fundamental, survival-relevant component of
comprehensive cancer care.

In order to gain a clearer understanding of which types of psychosocial
interventions are most effective for whom, further high-quality studies,
followed by meta-analytic syntheses, are necessary.

Data availability
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