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Understanding disease progression is of high biological and clinical
interest. Unlike disease susceptibility, whose genetic basis has been
abundantly studied, less is known about the genetics of disease progression

and its overlap with disease susceptibility. Considering nine common
diseases (n.,. ranging from 11,980 to 124,682) across seven biobanks,

we systematically compared genetic architectures of susceptibility and
progression, defined as disease-specific mortality. We identified only one
locus substantially associated with disease-specific mortality and showed
that, at asimilar sample size, more genome-wide significant loci can be
identified inagenome-wide association study of disease susceptibility.
Variants substantially affecting disease susceptibility were weakly or

not associated with disease-specific mortality. Moreover, susceptibility
polygenic scores (PGSs) were weak predictors of disease-specific
mortality, while a PGS for general lifespan was substantially associated
with disease-specific mortality for seven of nine diseases. We explored
alternative definitions of disease progression and found that genetic
signals for macrovascular complicationsin type 2 diabetes overlap with
similar phenotypesin the general population; however, these effects are
attenuated. Overall, our findings indicate limited similarity in genetic
effects between disease susceptibility and disease-specific mortality,
suggesting that larger sample sizes, different measures of progression, or
the integration of related phenotypes from the general population is needed
toidentify the genetic underpinnings of disease progression.

Genome-wide association studies (GWASs) have been successful in
uncovering the genetic basis of human diseases by using a relatively
straightforward study design that compares individuals with the dis-
ease to controls'”. This approach is well-suited to identify loci associ-
ated with disease susceptibility, but it remains unclear whether these
results canalsoinformonthebiology of disease progression. Studying
the genetic basis of disease progressionisrelevant for at least two rea-
sons. First, biological insights from the study of disease progression
canbe morerelevant for drug target discovery since many medicines
are developed to cure a disease rather than prevent its occurrence.
Second, most individuals approach the healthcare system once they
develop adisease orits symptoms, and predicting disease progression
is, in most diseases, animportant clinical challenge.

Inthe past years, several GWASs of disease progression have been
performed (see Supplementary Table 1for a detailed review), but the
number of progression-specific loci discovered has been limited.

In cancer, GWASs have primarily focused on disease survival and
have generally been unsuccessful in identifying genome-wide sig-
nificant signals. For example, a GWAS of breast cancer survival in over
96,000 patients did not identify any robust association* and failed to
replicate twolocifoundinthe previous largest GWAS of breast cancer
survival’. Among neurological conditions, GWASs have focused on
disease survival as well as cognitive or motor decline. In one of the
largest studies, researchers identified three new loci associated with
the progression of Parkinson’s disease®. A recent study on multiple
sclerosis progression identified a locus indicating involvement of
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Fig.1|Study overview. Using data from seven biobanks, we investigated the
genetic similarity between disease susceptibility and disease progression,
defined as disease-specific mortality. We selected nine diseases and ran GWASs
of disease-specific mortality among disease individuals. We then compared the

genetic architecture of disease susceptibility and mortality, focusing on both
single variant and aggregated polygenic effects. We further explored the impact
of alternative progression definitions and the theoretical impact of index event
bias on theresults.

the central nervous system in disease outcome, as opposed to the
enrichment of immunological-related signals observed for disease
susceptibility’. However, it is worth noting that older studies of mul-
tiple sclerosis outcomes have failed to replicate in larger ones®’. In
cardiovascular diseases, studies have focused on disease recurrence,
and initial results from the Genetics of Subsequent Coronary Heart
Disease (GENIUS-CHD) consortium showed the strongest GWAS sig-
nal for coronary artery disease was not associated with subsequent
events'’. In Crohn’s disease, a study identified four loci associated
with disease progression, indicating a distinct genetic contribution
to disease susceptibility™.

Apart from single-variant-level effects, some studies examined
the aggregate effect of many genetic variants. Most of them suggested
that polygenicscores (PGSs) for disease susceptibility do not transfer
well to disease progression™ ", although they might outperform other
disease-specific biomarkers in the case of cardiovascular diseases'.

Some authors have highlighted the challenges in interpreting
results from genetic studies of disease progression due to the bias
induced when individuals are selected based on their disease status.
If common causes of susceptibility and progression are not accounted
for, association results canbe unreliable due to what is called an index
event bias”, and several approaches to detect and correct for index
event bias have been proposed®".

Large-scale biobanks linked with longitudinal electronic health
records have accelerated research into the genetic basis of disease
progression and provide sufficient sample size to answer the follow-
ing two key questions: (1) do genetic predictors thatinfluence disease
susceptibility have asimilarimpact on disease progression? (2) Canwe
use PGSs for disease susceptibility to predict disease progression? In
this study, we aim to provide empirical answers to these two questions
by focusing on a specific but commonly used definition of disease pro-
gression: disease-specific mortality (Fig.1). Through aninternational

collaboration across multiple large-scale biobanks, we systematically
compared geneticarchitecture of disease susceptibility and mortality
for nine commondiseases, focusing on bothsingle variant and aggre-
gated polygenic effects.

Results

Participating biobanks and disease of interest

We considered nine common diseases that substantially increase
mortality riskin the general population and have alarge public-health
impact (Table1). We confirmed disease association with mortality using
nation-wide Finnish dataand observed a hazard ratio (HR) for 20-year
mortality ranging from1.31for type 2 diabetes to 3.61for chronic kidney
disease in females™ (Supplementary Table 2). We identified diseased
individuals based on consistent disease definitions captured via elec-
tronic healthrecords or registry dataacross eight longitudinal studies—
FinnGen'’, UK Biobank®, Estonian Biobank”, Generation Scotland?,
Genomics England®, Genes & Health**, Dana-Farber Cancer Institute®
and BioMe. The number of individuals included ranged from 124,682
individuals withtype 2 diabetes to 11,980 individuals with Alzheimer’s
disease (Table 1). Allindividuals with a disease were followed up for at
least three months. We defined disease-specific mortality based on
death certificates in which the disease of interest was listed as the pri-
mary or secondary cause of death. One participating biobank did not
haveinformation on causes of death, and we used overall death instead
(Supplementary Table 2). We observed the highest cause-specific mor-
tality rate for Alzheimer’s disease (40%) in FinnGen and the lowest for
type 2 diabetes (3%) in the Estonian Biobank.

Susceptibility SNPs do not affect disease-specific mortality

For each disease, we carried out a GWAS of disease-specific mortal-
ity among disease individuals using Cox proportional hazard model
as implemented in GATE?® or SPACox* (Supplementary Figs. 1-9).
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Table 1| Total sample sizes for disease-specific mortality GWAS for each disease and percentage of mortality by year

Disease Sample size Percentage of Percentage of Percentage of
Disease-specific deaths (n) Diseased individuals (n) gii::,ssw“hin giztal:’sswithin 1d3 ?:::ithin

Prostate cancer 3,496 31,668 2.89% 6.14% 8.99%

Breast cancer 3,226 39,750 1.61% 4.32% 6.36%

Colorectal cancer 4,051 20,434 9.48% 16.59% 1911%

Coronary artery disease 12,661 97,849 1.82% 4.00% 7.06%

Type 2 diabetes 6,372 124,682 0.42% 115% 2.51%

Chronic kidney disease 1,973 32,757 2.03% 4.07% 5.61%

Alzheimer’s disease 4,352 11,980 9.00% 21.98% 33.31%

Heart failure 7902 102,063 170% 2.85% 3.98%

Stroke 2,037 41,484 1.25% 2.90% 5.08%

See also Supplementary Table 2 for details.

On top of all common GWAS covariates, all analyses were also adjusted
for age at disease diagnosis for the following two reasons: (1) age is a
strong predictor of mortality; (2) age of onset has a nontrivial genetic
contribution partially overlapping with disease susceptibility?®, and we
areinstead interested in genetic effects on disease-specific mortality.

Of all nine diseases studied, we identified only one locus asso-
ciated with disease-specific mortality at genome-wide significance
(P<5x107%). Thelocus (rs7360523) on chromosome 20, close to SULF2,
was associated with disease-specific mortality among patients with
heart failure.

We asked whether well-established signals for disease suscep-
tibility were associated with disease-specific mortality (Fig. 2 and
Supplementary Table 3). For each disease, we compared the effect
sizes fromthelargest published GWAS with the results from our GWAS
of disease-specific mortality. Intotal, 804 lead variants were reported
fromall susceptibility GWASs. None of them were substantially associ-
ated with disease-specific mortality after multiple testing correction
(P<0.05/804 = 6.22 x107%), while 392 showed the same effect direction,
which is no more than expected by chance (probability of observing
same direction of effect direction = 0.49 (95% confidence interval
(CI) =0.45-0.52); binomial test against 0.5, P= 0.5028).

The only disease-specific mortality locus identified for heart fail-
ure also did not show comparable effect on heart failure susceptibility
(P=0.87insusceptibility GWAS with opposite direction of effect). The
low number of genome-wide signals for disease-specific mortality was
consistent with the lower estimated heritability compared to the GWAS
of disease susceptibility (Supplementary Table 2).

Sample sizes do not explain low heritability of mortality

To assess whether the overall lack of substantial genetic signals for
disease-specific mortality was simply due to smaller sample sizes
compared to the GWASs of disease susceptibility, we performed a
down-sampling experiment in FinnGen and UK Biobank by imposing
the same effective sample size for both analyses. To further make the
two analyses comparable, the GWASs of disease susceptibility were
conducted using survival analysis with age as time scale and disease
diagnosis as outcome. The GWASs of disease susceptibility returned
33 genome-wide significantlociacross five of the nine tested diseases,
while the GWASs of disease-specific mortality returned no genome-wide
significant results (Table 2).

Susceptibility PGSs are weak predictors of mortality

We investigated the joint effects of genetic variants associated with
disease susceptibility in predicting disease-specific mortality. For
each disease, we constructed a PGS using results from the largest
GWAS of disease susceptibility. All the PGSs were strongly associated
with disease susceptibility. The HRs for 1s.d. in the PGS ranged from

1.17 (1.15-1.18) for stroke t0 1.90 (1.88-1.93) for prostate cancer (dashed
line in Fig. 3). On the contrary, the same PGSs were weakly or not
associated with disease-specific mortality (orange dots in Fig. 3). For
example, although strongly associated with disease susceptibility, a
PGS for breast cancer showed no association with breast cancer mor-
tality (HR = 0.98 (0.93-1.02)). The most substantial association was
observed between the heart failure PGS and heart failure mortality
(HR=1.09 (1.07-1.12)), while the PGSs for chronic kidney disease and
prostate cancer trend towards having a protective effect on mortality
(HR=0.96 (0.91-1.02) and HR = 0.96 (0.93-1.00), respectively).

To assess the robustness of these results, we conducted arange of
sensitivity analyses. First, we assessed whether using a less specific defi-
nition of disease progression, namely all-cause mortality, would impact
the observed results. We observed significantly larger correlation
coefficients of susceptibility PGSs on disease-specific mortality than on
all-cause mortality in five of nine diseases (Supplementary Fig. 10 and
Supplementary Table 7). Second, we only considered individuals who
developedthe disease after study enrollment (Supplementary Fig.11a
and Supplementary Table 8) asaway to account for survival bias, which
might explain some of the negative associations between PGSs and
cause-specific mortality. Nonetheless, results were consistent (cor-
relation coefficient r between effect sizes §in the main analysis and
sensitivity analysis = 0.96), and we continued to observe a negative
association between a PGS for prostate cancer and prostate cancer
mortality. Third, we considered different maximum follow-up lengths
(2,5and 10 years) because we reasoned that deaths occurring shortly
after disease diagnosis were more likely to be caused by the disease.
However, results were overall comparable across follow-up lengths
(correlation coefficient r between effect sizes in main analysis and
sensitivity analysis = 0.67, 0.78 and 0.92 for 2, 5 and 10 years, respec-
tively; Supplementary Fig. 11b and Supplementary Table 8), and con-
trary to our expectation, some diseases (for example, heart failure)
showed a stronger association between the susceptibility PGS and
disease-specific mortality when considering longer rather than shorter
follow-up lengths (effect size—=-7.99 x10™*, 0.03 and 0.05 for 2, 5
and10years, respectively). Fourth, we evaluated whether adjusting the
analyses for age at diagnosis could mask an age-specific effect of PGS
on cause-specific mortality, for example, because such effect was only
observed among youngor old patients. We observed the largest change
in zscore for PGS effect on disease-specific mortality between lower
and upper 50% quantile diagnosed age groups only for Alzheimer’s
disease (Az=3.51; Supplementary Fig.12 and Supplementary Table 9).
That is, the association between Alzheimer’s disease PGS and mor-
tality was substantial only among younger but not older patients.
Finally, we tested the effect of using only unrelated individuals in
FinnGen and found the result to be robust (Supplementary Fig. 13
and Supplementary Table 7). We also carried out the same analyses
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Fig. 2| Relationship between variant effects (one for each locus) on disease
susceptibility (x axis) and disease-specific mortality (y axis). Variants were
selected either because of genome-wide significance for susceptibility in the
largest disease-specific GWAS or because of genome-wide significance for
disease-specific mortality in the current study, indicated by color of the dot

(red, significantin susceptibility GWAS; blue, significant in mortality

GWAS). Data are presented as 95% Cl for GWAS effect sizes (8 +1.96 s.e. from
corresponding GWAS). See also Supplementary Table 3 for quantitative results
and sources of susceptibility GWAS summary statistics. Only one locus for heart
failure mortality was genome-wide significant across nine mortality GWASs.

using non-Europeanindividuals from Genes & Health. However, due to
limited power, no conclusion could be drawn (Supplementary Fig. 15).
Forest plots of effects from each participating European biobank are
showninSupplementary Fig. 14.

A general longevity PGS can predict mortality better
Having established that susceptibility PGSs are weakly associated with
disease-specific mortality, we reasoned that other PGSs that are better
proxies of disease-specific mortality could show stronger associa-
tions. First, we considered PGSs constructed directly from our GWASs
of disease-specific mortality. For diseases where power allowed, we
derived PGSs using weights from the meta-analyzed GWAS results from
all biobanks except for FinnGen and tested the association between
PGS and disease-specific mortality within FinnGen. Surprisingly, of
allfour diseases, only colorectal has its PGS nominally associated with
disease-specific mortality, with a rather marginal effect (8= 0.0523,
P=3.58 x107% Supplementary Fig. 17 and Supplementary Table 10).
Second, we considered a PGS for general longevity derived from
the largest lifespan GWAS? under the assumption that it might capture
some of the genetic effects related to disease survival. The longevity
PGS was substantially associated with disease-specific mortality for
seven of nine diseases (P < 0.005, accounting for the number of dis-
easestested), and for seven diseases, it shows larger HR than a PGS for

susceptibility (Fig. 4 and Supplementary Table 5), including the three
diseases where we observed protective effects of susceptibility PGSs.
We also tested another composite mortality PGS developed
from the genetics of multiple risk factors®® in FinnGen. The compos-
ite mortality PGS was substantially associated with disease-specific
mortality for four of nine diseases, and outperformed longevity PGS
in predicting type 2 diabetes and coronary artery disease mortality
(Supplementary Fig. 16 and Supplementary Table 12).

Alternative progression definitions for type 2 diabetes

Disease-specific mortality is widely accessible across biobanks but
canbeaninaccurate proxy of progression for some diseases. For type
2 diabetes, macrovascular complications (defined as coronary artery
disease, stroke or peripheral arterial disease) and microvascular com-
plications (defined as diabetic retinopathy, nephropathy, and neu-
ropathy) are more clinically relevant measures of disease progression
that are captured in electronic health records. We ran time-to-event
progression GWAS among type 2 diabetes patients for both macro
(Ngases = 17,332 0f 85,188 eligible type 2 diabetes patients) and micro-
vascular (1., = 5,798 of 103,185 eligible type 2 diabetes patients)
complications in FinnGen and UK Biobank, and meta-analyzed the
results. We identified one genome-wide significant locus on chromo-
some 9 for macrovascular complications, but none for microvascular
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Table 2| GWAS power comparison between disease-specific
mortality and disease susceptibility under the same sample
size and GWAS model in FinnGen and UK Biobank

Disease Number Censored Number of GWAS loci
of deaths individuals "
Disease- Down-sampled
(n) (n) e S
specific susceptibility
mortality
Prostate cancer 3,074 24,982 (6] 17
Breast cancer 1,924 30,181 (0] 1
Colorectal cancer 2,727 11,906 0 0
Coronary artery 11,088 64,563 0 5
(heart) disease
Type 2 diabetes 5,655 97,632 0
Chronic kidney 1,505 24,853 0 0
disease
Alzheimer’s disease 4,352 7628 0 5
Heart failure 5,348 69,997 0 0
Stroke 1,783 35,830 0] 0

In the table, we present numbers of independently associated genome-wide significant loci
from disease-specific mortality GWAS and down-sampled disease susceptibility GWAS. We
report no significant loci for heart failure, in contrast to what is reported in Fig. 2, because
these GWAS analyses were conducted only in FinnGen and UK Biobank.

complications (Fig. 5 and Supplementary Fig. 18). The locus was not
associated with type 2 diabetes susceptibility (P=0.2898 from UK
Biobank and FinnGen meta-analysis), but it was associated with type
2 diabetes mortality (P= 5.6 x 107*), highlighting how disease-specific
mortality can capture, albeit imprecisely, disease progression. We
wondered whether this genetic signal was shared with cardiovascular
conditions in individuals without type 2 diabetes and performed a
GWAS for age of onset for coronary artery disease, stroke, or peripheral
arterial disease in the UK Biobank and FinnGen. For this experiment,
we performed random down-sampling to match the available sample
sizes for the progression GWAS. We observed a strong overlap in the
signals from the GWAS of diabetic macrovascular complications and
the GWAS of cardiovascular conditions in individuals without type 2
diabetes (Fig. 5). In other words, the locus detected for type 2 diabetes
macrovascular complications was also detected by a GWAS of similar
phenotypesinindividuals without type 2 diabetes. However, the effect
was overall reduced among individuals with type 2 diabetes (leading
SNP—B=0.09, P=3.62x10"versus f=0.11,P=1.36 x 107%).

As we have previously shown that a longevity PGS created in the
general population was predictive of disease-specific mortality, we
wondered whether asimilar observation would hold for these refined
definitions of type 2 diabetes progression. To test this, we considered
PGSs for coronary artery disease® and stroke® as predictors of type
2 diabetes macrovascular complication, and PGSs for age-related
macular degeneration® and chronic kidney disease®* as predictors of
type 2 diabetes macrovascular complication.

APGSforcoronary artery disease was a stronger predictor of mac-
rovascular complications among type 2 diabetes patients than the PGS
oftype 2 diabetes susceptibility (HR =1.19 (1.17-1.21) versus HR = 1.04
(1.03-1.06)). For microvascular complications, we did observe anomi-
nally significant association for the PGS of age-related macular degener-
ation (HR =1.03 (1.01-1.06)), but not chronic kidney disease (HR = 1.00
(0.98-1.03); Supplementary Fig. 19 and Supplementary Table 6).

Potential role of index event bias

Noticing an attenuation of variant effects in progression GWASs with
the same sample sizes, we suspected thatindex event bias could have
arole. Therefore, we carried out simulation under a simple liability
threshold model and explored the impact of index event bias by

introducing a shared nongenetic risk factor accounting for various
proportions of the liability in disease susceptibility and progression.
We compared the simulated effect of causal genetic variants on pro-
gression with the observed effect from the progression GWASs and
found larger differences when the shared nongenetic component
accounted for higher liability variance, indicating higher impact of
index eventbias (Supplementary Fig.20). A correction approach similar
toslope-hunter’ reduced the bias, improving the concordance with the
true simulated effects. However, in the scenario of a low progression
heritability, whichis consistent with our empirical findings for disease
mortality, index event bias correction showed limited impact as we
observed no genetic variants substantially associated with disease
progression before or after bias correction (Supplementary Table 11).

Discussion

In this study, we systematically explored the overlap of genetic
effects on disease susceptibility and a common measure of disease
progression, disease-specific mortality, for nine common diseases.
By conducting the largest within-patient GWAS of disease-specific
mortality to date, we found that (1) lead variants affecting disease
susceptibility do not have comparable effect sizes on disease mor-
tality; rather, they show little effect and no significant association
with disease-specific mortality in GWAS; (2) at a similar sample size,
GWAS:s of disease-specific mortality identified fewer genome-wide
significant loci than GWASs of disease susceptibility, suggesting that
GWASs of disease progression might require larger sample size or
more refined phenotypes than GWAS of disease susceptibility; (3)
disease susceptibility PGSs do not transfer well on disease-specific
mortality, suggesting that current PGSs are more suitable for identify
individuals at high risk of developing a disease rather than those more
likely to suffer from the worst consequences and (4) if available, traits
measured inageneral population, but related to disease progression,
caninformthe genetic underpinning of disease progression, and PGSs
derived from these related traits can predict progression better than
PGSs for disease susceptibility.

The limited overlap between genetic effects on disease suscepti-
bility and disease progression may have several explanations.

First, geneticinfluences on disease progression might be too small
to detect. External environmental effects such as treatment choice,
treatment response, quality and access to care might have a dispro-
portionate impact on disease progression as compared to disease
susceptibility, thus limiting the genetic influence. Heterogeneity in
patients and their treatments has a substantial role in disease progres-
sion,and we are currently unable to account for all this heterogeneity.
Using data from clinical trials rather than observational studies and
including finer measurements, such as disease-relevant biomarkers,
could obviate these shortcomings. We also noticed that adjusting for
age at disease diagnosis reduces the overlap between susceptibility
and progression because variants that increase disease susceptibility
are often associated with earlier disease diagnosis®®. Previous studies
have demonstrated impact of adjusting for age in disease progression
analyses® and suggested that association between PGSs and measure-
ment of disease progression may be mediated by age.

Second, our definition of disease progression may be a poor proxy
for the biological mechanisms that impact disease progression. Our
approach aims to compare progression across multiple diseases, but
this comes at the expense of a tailored definition of progression for
eachdisease. Nonetheless, disease-specific mortality has been widely
used as ameasure of progression®**~*%, Association between composite
genetic score of various risk factors, including several diseases consi-
dered in our study, and all-cause mortality has also been reported™.
We tested this score in FinnGen and observed better prediction perfor-
mance for some diseases of interest. In practice, biobank-based studies
of disease progression often require simplification of definitions to
maximize sample size, and disease-specific mortality information is

Nature Genetics | Volume 57 | October 2025 | 2418-2426

2422


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02342-8

Susceptibility PGS association with disease-specific mortality or susceptibility

Alzheimer's disease

n=10,330 (3,851 deaths)

Breast cancer _
n=29,439 (1,747 deaths)

Chronic kidney disease _
n=17,876 (1,263 deaths)

Colorectal cancer

n=13,707 (2,313 deaths)

Coronary artery disease _
n =68,786 (11,150 deaths)

Heart failure
n=70,785 (7,148 deaths)

Prostate cancer

n=22,215 (2,488 deaths)

Stroke

n = 35,463 (1,684 deaths)

Type 2 diabetes _
n=97,058 (5,546 deaths)

1.00 1.25

¢ Association with disease susceptibility

Fig. 3| Association between PGS for disease susceptibility and either
disease-specific mortality (orange dot) or susceptibility (dashed line).
Disease susceptibility PGSs were derived from published large-scale GWAS for
each disease. PGS associations with both disease susceptibility and disease-
specific mortality were examined using a Cox proportional hazards model.
The samplessize reported on the y axis refers to the disease-specific mortality
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analyses, and the sample size for association with disease susceptibility can be
found in Supplementary Table 4. Horizontal solid lines represent 95% CI for PGS
association with disease-specific mortality HR (exp(8 £ 1.96 s.e.)). The vertical
dashed lines in black and gray represent association with disease susceptibility
HR and 95% Cl, respectively, (exp(8 +1.96 s.e.)).
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Fig. 4| Association between a PGS for disease susceptibility (orange dots) and
longevity (blue dots) with disease-specific mortality. Disease susceptibility
PGSs were derived from published large-scale GWAS for each disease. Longevity
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PGS was derived from ref. 29. Horizontal solid lines represent 95% Cl for
PGS association with disease-specific mortality HR (exp(8 +1.96 s.e.)). For
quantitative results, see Supplementary Table 5.

typically available across biobanks. However, a definition that maxi-
mizes data availability might not be one that best reflects the genetic
etiology of a specific disease.

Third, asacommon concern for all studies on disease progression,
we examined theimpact ofindex event bias resulting from conditioning

onindividuals with the disease. While this is not the main focus of this
study, we found that index event bias alone does not fully explain the
lack of concordance between genetic effects on susceptibility and
progression observed in our study. Our empirical observations, in
comparison to various simulations, indicate arelatively low heritability
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GWAS of macrovasvular complications in type 2 diabetic patients
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Fig. 5| GWAS of type 2 diabetes progression defined as macrovascular
complications. The top Manhattan plot displays the results of a GWAS carried
outinindividuals with type 2 diabetes. The bottom Manhattan plots display
the results of GWAS carried out in individuals without type 2 diabetes, where

proxy phenotypes for cardiovascular conditions were used instead. Two
GWASs were matched to the same number of cases and controls to ensure
similar power (n.,., = 17,332 of 85,188 eligible type 2 diabetes patients/type 2
diabetes-free individuals).

for disease progression, as defined by disease-specific mortality. Fur-
thermore, heterogeneous phenotypes, such as mortality, although
disease-specific, can be highly polygenic. In this case, even a perfect
correction forindex event bias will only be able to recover effect sizes
that are not likely to be detected from a progression GWAS. The fact
that only one genome-wide significant locus was detected from our
progression GWASs, indicating low signal-to-noise ratio in the pro-
gression GWASs, might be a bigger concern than index event bias.
Furthermore, most methods to correct for index event bias rely on
fitting the relationships between variant effects on susceptibility and
progression. In our case, this relationship is close to zero; thus, the
correction will be small and insignificant.

Lastly, even withall three aspects takeninto account, there is still
the possibility that we do not observe comparable genetic effects on
disease susceptibility and progression simply because their underlying
biological mechanisms are truly distinct.

Given the aforementioned challenges in conducting GWAS of
disease progression, one practical alternative would be to study
genetic signals for disease progression in a general population and
subsequently adapt them for within-patient prognostic prediction. For
example, PGSs for autoimmune conditions derived from the general
populationare correlated withimmune-related adverse events among
cancer patients treated with immune checkpoint inhibitors**, and
a PGS for ulcerative colitis was associated with immune checkpoint
inhibitor-mediated colitis*’. In our analysis, a longevity PGS derived
froma GWAS of lifespan was substantially associated with survival for
seven of nine diseases, suggesting that survival may be more affected
by general factors related to mortality than by disease-specific factors.
Similarly, the substantial findings for macrovascular complications
intype 2 diabetes were recapitulated in the general population when
looking at similar phenotypes, even among individuals without type
2 diabetes. Infact, the signal was stronger among individuals without
type 2 diabetes, possibly reflecting index event bias. Notably, PGSs
for cardiovascular conditions in the general population were better
predictors of type 2 diabetes macrovascular complications than a PGS
for type 2 diabetes susceptibility. Methods for cross-trait PGS* might
beleveraged to obtain progression PGS based on existing GWAS results
in the general population. This relationship, however, is not always

obvious. For diabetic microvascular complications, itis not as straight-
forward to find any population equivalent measurement, although it
was interesting to observe a nominally substantial but weak effect of
a PGS for age-related macular degeneration. On the other hand, this
couldindicate that sucha progression definition is more unique to the
diseased cohortand hasthe potential toyield truly progression-specific
genetic signals, if sufficient power is available.

This study has multiple limitations. First, while we explored
the similarity in genetic effects between disease susceptibility and
disease-specific mortality, we cannot decisively conclude that the bio-
logical underpinnings of susceptibility and progression are distinct. For
example, aphenotypethatservesas poor proxy for disease progression
will resultin attenuated effect sizes, despite genetic variants being caus-
ally associated with both susceptibility and progression. Nonetheless,
the poorreplication rate and opposite direction of effect observed for
susceptibility signals on disease-specific mortality are consistent with
ascenario where at least some variants have no shared effect on both
susceptibility and progression. Second, our findings do not necessarily
extend outside the diseases explored in this study, and further work is
needed to confirm the observed trends across more disease catego-
ries. Third, whether death certificates accurately capture primary or
contributing causes of death depends on the biobank and healthcare
system. We tried to address these concerns by restricting the follow-up
durationin sensitivity analyses, reasoning that deaths occurring shortly
after disease diagnosis were more likely to be caused by the disease.

In conclusion, our current results suggest that there is a limited
overlapingenetic effects on disease susceptibility and progression, as
defined by patients’ mortality. Further refinementininclusion criteria
amongthe patient population and in the definitions of disease progres-
sioncanbe consideredin future studies to robustly identify the genetic
underpinnings of disease progression.
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Methods

Ethics statement

This study was conducted in compliance with the relevant ethical
guidelines and approved by the appropriate ethics committees. Details
of the ethics committees of each participating biobank are provided
inthe Acknowledgements.

Selection of diseases

We selected nine common complex diseases spanning various disease
categories for the analyses. The diseases are selected to meet following
criteria: (1) have high epidemiological HR on mortality, so that mortal-
ity canbe viewed as areasonable prognosis; (2) constitute high global
disease burden in terms of disability adjusted life years**; (3) be rela-
tively common ( > 1% prevalence) in population and have reasonable
patientbodiesin allbiobanks and (4) be heritable and have large-scale
GWAS available to construct PGSs. All disease endpoints were defined
asacomposition of ICD-10 codes curated by the clinical expert groups
from FinnGen, Institute for Molecular Medicine Finland and Finnish
Institute for Health and Welfare®. The same disease definitions, in
terms of ICD-10 codes, were adopted by all participating biobanks to
the maximum possible extent. See Supplementary Table 2 for a list
of diseases and relevant descriptive statistics.

Progression definition

For all selected diseases, we defined mortality as our outcome. Pre-
cisely, we were interested in both all-cause mortalities, namely sim-
ple death status of the patient regardless of relevance to the disease,
and disease-specific mortalities, meaning the death caused directly
or indirectly by disease of interest specifically. Disease progression
was evaluated as patients’ survival from each type of mortality after
being diagnosed with the disease. For all mortality GWASs, we con-
sider only disease-specific mortality whenever possible for each par-
ticipating biobank, whereas for the PGS analysis, both all-cause and
disease-specific mortalities were evaluated. Similar to the disease
endpoints, cause of death linked to each disease was also curated by
clinical expert groups and defined in terms of ICD-10 codes®. The same
definitions were systematically applied to all biobanks to the possible
extent. See Supplementary Table 2 for definitions of cause-specific
mortality for each disease of interest and available sample sizes from
eachbiobank.

Within-patient mortality GWAS
To achieve variant-level effect comparison, a within-patient mortal-
ity GWAS was carried out for each selected disease using GATE26 for
all biobanks, except Generation Scotland, which used SPACox* as
an alternative. The event of interest in this GWAS was patients’ sur-
vival after disease diagnosis. For each disease of interest, GWAS was
carried out separately within each ancestry group for biobanks that
have a cause-specific mortality event count of 50 at minimum after
quality control. Eligible individuals were restricted to patients hav-
ing a follow-up time after diagnosis of three months (0.25 years) at
minimum. We used the model below to examine SNP association with
patients’survival:

surv(duration of follow-up after diagnosis | disease-specific
mortality) ~ SNP + patient’s age of diagnosis + patient’s birth year +
sex + PCs + study-specific covariates,

where study-specific covariatesincluded other available nonherit-
able biobank-specific covariates, such as genotyping chip or batch.

For analyses in the UK Biobank, to minimize potential impact of
survivor bias, only patients with disease diagnosed after enrollment
were considered.

Results quality control and meta-analysis
After conducting mortality GWAS for selected diseases within each
contributing biobank, we then filtered the resulting summary statistics

by imputation INFO scores and minor allele counts. We retained only
variants with animputation INFO score >0.7 and at least 20 minor allele
counts for each summary statistic. For GWAS summary statistics with
a different human genome build, we used the UCSC LiftOver tool*®
to convert their genome coordinates into the hg38 assembly. Subse-
quently, for each disease, we meta-analyzed GWAS results from each
biobank using fixed-effect meta-analysisimplemented in METAL", with
which we also scanned for heterogeneity in effect sizes across differ-
ent biobanks using Cochran’s Q test. We applied an inverse-variance
weighted meta-analysis scheme whenever possible. However, since
SPACox does not have effect size ors.e. output, in Generation Scotland,
we estimated direction of effect under alogistic regression model using
PLINK*® and subsequently proceeded with a sample-size weighted
meta-analysis using the Z-scores. This was done for four of the nine dis-
eases for which Generation Scotland was one of the datasources: atrial
fibrillation, breast cancer, coronary artery disease and type 2 diabetes.

Variant-level effect size comparison

We compared our mortality GWAS results for each disease of interest
with large-scale published GWAS on diagnosis of the same disease.
For disease diagnosis GWAS, we extracted SNP effects of reported
genome-wide significant leading SNPs atindependently associated loci
from eachstudy. For chronickidney disease, alarge GWAS on estimated
glomerular filtration rate was considered™. Specifically, we examined
the effect sizes of independent lead SNPs on the binary diagnosis of
chronickidney disease reported in the study, ensuring a more compa-
rable scale of measurement. For our meta-analyzed mortality GWAS,
we identify independent genome-wide loci using summary statistics
based on conditional analysis implemented in GCTA-COJO. We merged
5,000 Finnish genomes, which is one of the largest GWAS cohorts in
this study, with EUR from Human Genome Diversity Project as linkage
disequilibrium (LD) reference for this step. To carry out the effect size
comparison for all diseases, we reran the meta-analysis of mortality
GWAS, excluding results from Generation Scotland due to the use of
anincomparable GWAS approach for the cohort.

Comparison of genetic architectures

We compared genetic architectures between disease diagnosis and
mortality in terms of SNP heritability estimated from the meta-analyzed
mortality GWAS summary statistics using LD score regression*’. For
eligible traits, that s, traits with nonzero estimated SNP heritability, we
further analyzed genetic correlation across disease diagnosis, morta-
lity, and general longevity GWAS using the same tool.

Down-sampled GWAS on age of diagnosis
Toensure heritability comparison between disease susceptibility and
progression endpoints not being subject to power issues resulting
fromdifferencein sample sizes and GWAS models, for each disease of
interest, we also ran time-to-event GWAS to find SNP association with
age of diagnosis using a randomly down-sampled cohort which had
comparable number of total individuals and event counts as what was
available for the within-patient mortality GWAS. The down-sampled
GWAS was carried out under the model below:

surv(follow-up from birth until diagnosis | disease diagnosis) ~
SNP + patient’s birth year + sex + PCs + study-specific covariates.

This analysis was also carried out using GATE* but in FinnGen
and UK Biobank only, which are two of the largest participating
biobanks in this study (see Supplementary Table 2 for sample sizes).

Computation of individual-level PGS

For each selected disease, we derived variant weights for PGSs from
GWAS summary statistics listed in Supplementary Table 2 using
MegaPRS*°. Heritability contributed by each variant was estimated
under the BLD-LDAK model asrecommended. For weight estimation,
we used the ‘mega’ option, which allows the software to determine the
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most appropriate model based on the data. Since we studied mortality,
apart fromthe nine selected diseases, we also computed PGS weights
for general longevity using the largest GWAS on lifespan®. Due to the
heterogeneous and polygenic nature of lifespan, we used the LDAK-Thin
model for SNP-level heritability estimation for this traitinstead. Unlike
the BLD-LDAK model used in variant weighting for other diseases,
LDAK-Thin model does not take functional annotations into account
but estimates SNP heritability only as function of SNP allele frequencies
andlocallinkage structures. Variant weights were derived for 1,330,820
common SNPs (minor allele frequency > 0.1) lying in the intersection
of HapMap3 (ref. 51) and 1000 Genomes®’ that are available for each
GWAS summary statistic.

Once the SNP weights were derived, individual-level PGSs for
each disease and general longevity were subsequently computed asa
weighted sum of effect allele counts using PLINK*®, Scores were stand-
ardized to have 0 mean and 1as variance within each ancestry group.

For the composite mortality PGS, we used sex-stratified SNP
weights developed by ref. 30.Scores for males and females were com-
puted separately and subsequently combined during the association
step to obtain a population effect estimate.

Association between PGS and disease of interest

Asabaseline, we first examined whether the disease PGSs were associ-
ated with their diagnoses. For each selected disease, the association
was first tested using a general linear model on case-control status
asbelow:

logit(Pr(Individual is diagnosed)) ~ disease PGS + birth
year + sex + PC1-10.

To achieve a fairer comparison with the other experiments, we
also evaluated such relationship using a survival model on the age of
diagnosis as below:

surv(follow-up from birth until diagnosis | disease diagnosis) ~
disease PGS + birth year + sex + PC1-10.

Thetwo analyses above were conducted using all eligible individu-
als from the biobanks. Then, for each selected disease, we extracted
only the patientgroup for further analysis. To reduce noise in measure-
ments, we limited these within-patient analyses toindividuals having a
follow-up time of at least three months (0.25 years) after the diagnosis.
We tested the association of disease PGSs with our defined prognosis,
namely patient survival, using the model below:

surv(duration of follow-up after diagnosis | mortality) ~ disease
PGS + birth year + sex + PC1-10 + age of diagnosis,

as well as the association of general longevity PGS with patient
survival as below:

surv(duration of follow-up after diagnosis | mortality) ~ general
longevity PGS + birth year + sex + PC1-10 + age of diagnosis.

For both associations, we examined both all-cause mortality and
cause-specific mortality within the patient group. All analyses were
corrected for sex, except in analyses for breast cancer and prostate
cancer, where only female/male individuals were used.

These analyses were carried outindependently for each ancestry
group within each participating biobank. We only included biobanks
where the count of events of interest in the analyzed ancestry group was
50 or more. We subsequently meta-analyzed effect sizes for the same
ancestry group across biobanks using the inverse-variance weighted
approach.

Mortality PGSs and their performance in FinnGen

For diseases with sufficient power, we derived mortality PGS weights
using meta-analyzed mortality GWAS results of European popula-
tions from all available biobanks, except for FinnGen or Generation
Scotland. Apart from FinnGen, which was used as a test cohort,
we also left out results from Generation Scotland for this analy-
sis because their summary statistics did not have effect size or
s.e. and therefore cannot be used for inverse-variance weighted

meta-analysis, which returns necessary statistics for weight deriva-
tion. After deriving PGS weights using MegaPRS°, we subsequently
computed individual-level disease-mortality PGS for patients of
each corresponding disease within FinnGen cohort. The weights
and scores are computed in the same manner as mentioned in the
‘Computation of individual-level PGS’. We evaluated the effects of
these scores on predicting patients’ disease mortality in FinnGen
using the model below:

surv(duration of follow-up after diagnosis | mortality) ~
disease-mortality PGS + birth year + sex + PC1-10 + age of diagnosis

Sensitivity analyses for PGS experiments

Weranaseries of sensitivity analyses in eligible biobanks to ensure our
observations on the PGSs association were robust, under considera-
tions listed below. Similarly, analyses were conducted for each eligible
ancestry within each biobank and then meta-analyzed.

First, to demonstrate the impact of relevance between disease
progression and susceptibility asshownin our theories, we examined
the association between susceptibility PGS and all-cause mortality and
compared the results with disease-specific mortality in FinnGen (see
Supplementary Fig. 10 for these results). We then considered other
factors that may bias the results.

Survivor bias. Depending on each biobank’s recruitment scheme,
some patients were diagnosed before the start of their follow-up,
which may lead to biased results due to the survivor effect. Therefore,
we also ran these analyses for each disease using only samples from
individuals enrolled before their first onset of the disease of interest
(see Supplementary Fig. 11a for these results).

Relevance between cause of mortality in death certificate and dis-
ease diagnosis. In this study, we aimed to define disease progression
as accurately as possible by focusing our analysis on disease-caused
mortality. However, some national death registries may not precisely
capture the immediate cause of death, and some mortalities, while
documented with the disease as one of the causes, may not be truly
relevant to the diagnosed disease. To address this concern, weranthe
same analysis using only patients with a restricted maximum follow-up
length, since death taking place reasonably soon after being diagnosed
might have more to do with the diagnosis, compared to death taking
place decades after. Under this consideration, we varied the maximum
duration of follow-up after diagnosis by 2, 5or 10 years. The minimum
is still 0.25 years for this analysis (see Supplementary Fig. 11b and
Supplementary Table 8 for these results; see also Supplementary Table 2
for sample size breakdown by duration of follow-up in each biobank).
Tofacilitate comparability between results, we reported the regression
coefficients for PGS effect sizes on nine diseases for each sensitivity
analysis and the mainresults.

The effect of diagnosed age. As shown above, we included the age
of diagnosis as one of the covariates in all within-patient main analy-
sis models to specifically investigate PGSs’ unique genetic effect on
disease progression by correcting for the diagnosis. As part of our
sensitivity analysis, we also examined the role of these diagnosed
ages in more detail. We repeated all the within-patient analyses for
each disease by stratifying patients into early onset and late onset
groups using 50% age of diagnosis quantile as a cutoff and compared
the PGS effects across the two groups (see Supplementary Fig. 12 and
Supplementary Table 9 for these results).

Sample relatedness. We included all eligible individuals of each
biobankin our mainanalysis, and one may argue that this could impact
our effect size estimates. Therefore, we ran the same analysisin FinnGen
withuptosecond-degreerelatives removed (see Supplementary Fig.13
and Supplementary Table 7 for these results).
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Results from non-European ancestry populations. Since only
patients were considered for most of our analyses, although some of
the biobanks (for example, UK Biobank and BioMe) were known to be
rather diverse, we ended up with enough power for the main results
only for the European super-population. Nevertheless, comparison of
results with other less powered but available populations canbe found
inSupplementary Fig. 15 for reference.

Forest plot for effects from each biobank is presented in
Supplementary Fig. 14.

Alternative progression definitions for type 2 diabetes
Fortype2diabetes, we explored the genetics of two additional widely
considered progressions—macrovascular and microvascular compli-
cations. For macrovascular complications, we only consider patients
who did not have any coronary artery disease, stroke or peripheral
arterial disease incidents before the onset of type 2 diabetes. Among
those, we define the ones having at least one of the aforementioned
diagnoses after type 2 diabetes as cases for macrovascular complica-
tions. Event time is defined as the duration from a patient’s diagnosis of
type 2 diabetes to the earliest diagnosis of amacrovascular complica-
tion. Similarly, for microvascular complications, we consider onset of
diabetic retinopathy, nephropathy and neuropathy after the patients’
diagnosis of type 2 diabetes. For both definitions of progression, our
analysis only included individuals with >0.25year of follow-up, mean-
ing the patients’ death/onset of progression/biobank censoring take
place >0.25 year after their diagnosis of type 2 diabetes.

For macrovascular complications, for which we identi-
fied genome-wide significant signals among diabetic patients,
we further carried out a down-sampled time-to-event GWAS on
population-comparable phenotypes, matching the case-control count
inthe progression GWAS. For this down-sampled GWAS, we considered
onset of coronary artery disease, stroke, or peripheral arterial disease
innondiabetic population.

Simulation to explore the impact of index event bias
Please see section ‘Simulation to explore the impact ofindex event bias’
from Supplementary Note for details.

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

Data availability

Summary statistics of meta-analyzed disease-mortality GWASs for nine
diseases of interest can be found from figshare public project https://
figshare.com/projects/Progression_GWAS/252002 (ref. 53).

Weights used to compute susceptibility and longevity PGSs can be
downloaded from https://github.com/Zhiyu-9668/ProgressAnalysis/.

Code availability

Code used for within-biobank PGS association analyses, results
meta-analysis and plotting can be found on public GitHub repo https://
github.com/Zhiyu-9668/ProgressAnalysis/and Zenodo under https://
doi.org/10.5281/zen0d0.16946874 (ref. 54).
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