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Noninvasive assessment of organ-specific 
and shared pathways in multi-organ fibrosis 
using T1 mapping

Fibrotic diseases affect multiple organs and are associated with morbidity and 
mortality. To examine organ-specific and shared biologic mechanisms that 
underlie fibrosis in different organs, we developed machine learning models 
to quantify T1 time, a marker of interstitial fibrosis, in the liver, pancreas, 
heart and kidney among 43,881 UK Biobank participants who underwent 
magnetic resonance imaging. In phenome-wide association analyses, we 
demonstrate the association of increased organ-specific T1 time, reflecting 
increased interstitial fibrosis, with prevalent diseases across multiple organ 
systems. In genome-wide association analyses, we identified 27, 18, 11 and 
10 independent genetic loci associated with liver, pancreas, myocardial and 
renal cortex T1 time, respectively. There was a modest genetic correlation 
between the examined organs. Several loci overlapped across the examined 
organs implicating genes involved in a myriad of biologic pathways including 
metal ion transport (SLC39A8, HFE and TMPRSS6), glucose metabolism 
(PCK2), blood group antigens (ABO and FUT2), immune function (BANK1 
and PPP3CA), inflammation (NFKB1) and mitosis (CENPE). Finally, we found 
that an increasing number of organs with T1 time falling in the top quintile 
was associated with increased mortality in the population. Individuals 
with a high burden of fibrosis in ≥3 organs had a 3-fold increase in mortality 
compared to those with a low burden of fibrosis across all examined organs in 
multivariable-adjusted analysis (hazard ratio = 3.31, 95% confidence interval 
1.77–6.19; P = 1.78 × 10−4). By leveraging machine learning to quantify T1 time 
across multiple organs at scale, we uncovered new organ-specific and shared 
biologic pathways underlying fibrosis that may provide therapeutic targets.

Approximately 45% of deaths in the United States are attributed to 
fibrotic diseases most commonly affecting the heart, liver, kidneys and 
lungs1. With an aging population, the burden of fibrotic diseases will 
continue to rise in the face of limited effective therapies2. Understand-
ing the prevalence of multi-organ interstitial fibrosis in the general 
population and unraveling shared and organ-specific mechanisms 
underlying fibrosis is essential to devise interventions and therapies 
to curb the rising burden of fibrotic diseases.

Magnetic resonance T1 mapping enables noninvasive assess-
ment of interstitial fibrosis across multiple organs3–6. The UK Biobank 
(UKB) is a large biorepository containing in-depth genetic and health 
information for over half a million prospective participants. Of these 
participants, approximately 44,000 participants underwent additional 
imaging using dedicated multi-organ magnetic resonance imaging 
(MRI) with T1 mapping. In this study, we leverage the UKB to (1) develop 
machine learning models to quantify T1 time of the liver, pancreas, 
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(odds ratio (OR) per standard deviation (s.d.) (OR/s.d. = 1.58, 95% CI 1.41–
1.78; P = 2.94 × 10−14), abnormal liver function studies (OR/s.d. = 1.33, 95% 
CI 1.20–1.47; P = 1.02 × 10−7), inflammatory bowel disease (OR/s.d. = 1.28, 
95% CI 1.14–1.43; P = 2.66 × 10−5) and cholelithiasis/cholecystitis (OR/

s.d. = 1.24, 95% CI 1.17–1.31; P = 1.72 × 10−12). In addition, several notable 
associations between increased liver T1 time and cardiovascular, res-
piratory, endocrine, metabolic and systemic inflammatory disorders 
were identified (Fig. 2a and Supplementary Table 1).

In the pancreas, higher T1 time was associated with increased 
odds of diseases of the pancreas (OR/s.d. = 1.48, 95% CI 1.25–1.76; 
P = 5.56 × 10−6), functional digestive disorders (OR/s.d. = 1.11, 95% CI 
1.06–1.15; P = 1.51 × 10−6), abdominal pain (OR/s.d. = 1.08, 95% CI 1.04–1.12; 
P = 2.00 × 10−5) and esophageal disorders (OR/s.d. = 1.11, 95% CI 1.08–1.15; 
P = 1.39 × 10−9). Notably, there was a strong association between pan-
creas T1 time and prevalent type 1 diabetes mellitus (OR/s.d. = 1.68, 95% 
CI 1.39–2.03; P = 8.58 × 10−8; Fig. 2a and Supplementary Table 2).

In the heart, myocardial T1 time was associated with several car-
diopulmonary disorders including heart failure (OR/s.d. = 1.40, 95% 
CI 1.19–1.64; P = 3.86 × 10−5), conduction disease (OR/s.d. = 1.30, 95% 
CI 1.16–1.45; P = 3.37 × 10−6), chronic obstructive airway disease (OR/

s.d. = 1.46, 95% CI 1.33–1.61; P = 8.96 × 10−16) and asthma (OR/s.d. = 1.19, 
95% CI 1.14–1.24; P = 3.52 × 10−17). Additionally, myocardial T1 time was 
associated with increased odds of type 2 diabetes mellitus (OR/s.d. = 1.26, 
95% CI 1.19–1.34; P = 2.90 × 10−15; Fig. 2a and Supplementary Table 3).

In the kidney, higher renal cortex T1 time was associated 
with increased odds of both acute (OR/s.d. = 1.53, 95% CI 1.29–
1.82; P = 1.02 × 10−6) and chronic (OR/s.d. = 1.49, 95% CI 1.30–1.70; 
P = 3.63 × 10−9) renal failure. Additionally, renal cortex T1 time was 
associated with the presence of kidney cysts (OR/s.d. = 1.53, 95% CI 
1.28–1.83; P = 3.17 × 10−6), hypertension (OR/s.d. = 1.14, 95% CI 1.10–1.18; 

heart and kidney at scale, (2) examine the implications of organ-specific 
T1 time on disease in the population, and (3) explore the organ-specific 
and shared genetic determinants of fibrosis using genetic association 
studies.

Results
Machine learning enables quantification of T1 time at scale
We examined 43,881 participants with both MRI T1 mapping and 
imputed genotype data in the UKB. Dedicated organ-specific T1 map-
ping using the Shortened Modified Look-Locker Inversion recovery 
(ShMOLLI, WIP780B) technique was performed on the liver, pancreas, 
heart and kidneys in the UKB (Methods). The mean age of the study 
participants was 64.2 ± 7.7 years, and 48.5% were males (Table 1). T1 
mapping data for the liver, pancreas, heart and renal cortex were avail-
able for 36,516, 33,862, 39,339 and 30,155 participants, respectively 
(Supplementary Fig. 1). To measure the T1 times for specific organs, 
we constructed machine learning models to segment the liver, heart, 
pancreas and renal cortex from T1 maps (Fig. 1 and Methods). Nota-
bly, since only 1,893 participants had coronal kidney-specific T1 map-
ping, we leveraged the inclusion of kidney axial cross-sections within 
the pancreas T1 maps to expand our sample size by ~16-fold. Only the 
renal cortex was adequately sampled in the axial images and as such 
we focused on renal cortex T1 time in this study. We verified that the T1 
times from both the coronal and axial acquisitions of the kidney had 
good concordance among participants who underwent both imaging 
acquisitions (renal cortex (n = 621): r = 0.68, 95% confidence inter-
val (CI) 0.65–0.72, P = 2.61 × 10−111) supporting the use of kidney axial 
acquisitions for measurement of T1 time (Supplementary Fig. 2). Both 
axial and coronal/oblique-coronal axes have been recommended for 
quantification of renal T1 time7.

In a hold-out validation set, we confirmed that manually derived 
organ-specific T1 times by experienced physicians and machine learn-
ing model-derived T1 times were highly concordant for all four exam-
ined organs (Methods and Supplementary Figs. 3–6).

Organ-specific T1 times were overall normally distributed in our 
study sample (Supplementary Fig. 7). Median T1 time and interquartile 
range (IQR) for each organ are reported in Table 1. Median T1 time of 
the pancreas, heart and renal cortex was greater in females than males 
(standardized mean difference: pancreas 25.76%, heart 24.93% and 
renal cortex 10.04%), while median liver T1 time was higher in males 
compared to females (standardized mean difference 12.53%). Across 
increasing decades of age in the study sample, pancreas and renal 
cortex T1 time increased in both males and females, while heart T1 
time decreased with age in females and increased with age in males. 
There was no significant trend for change in liver T1 time with increas-
ing decades of age across both strata of sex (Supplementary Fig. 8).

Inter-organ T1 time correlation was overall weak. The strongest 
correlations, albeit modest, were between the renal cortex T1 time 
and both liver T1 time (r = 0.25, 95% CI 0.24–0.26; P value = 3.24 × 10−219) 
and pancreas T1 time (r = 0.17, 95% CI 0.16–0.18; P value = 2.67 × 10−178; 
Supplementary Fig. 9).

Fibrosis is associated with disease in multiple organ systems
In a phenome-wide association analysis (PheWAS), we identified a con-
sistent association of increased organ-specific T1 time with prevalent 
diseases across multiple organ systems (Fig. 2a and Supplementary 
Fig. 10). Higher organ-specific T1 time was particularly associated with 
diseases affecting the respective organ system. However, we also noted 
associations between organ-specific T1 times and diseases affecting 
other organ systems, highlighting multi-organ involvement in certain 
chronic diseases. Two-sided P values < 4 × 10−5 were considered statisti-
cally significant.

Liver T1 time had the highest number of disease associations com-
pared to the other examined organs. Among gastrointestinal diseases, 
higher liver T1 time was associated with increased odds of liver cirrhosis 

Table 1 | Study sample characteristics at time of first visit for 
MRI

Baseline characteristics N = 43,881 (%)

Age at MRI, years (mean (s.d.)) 64.2 (7.7)

Male 21,303 (48.5)

Body mass index, kg/m2 (mean (s.d.)) 26.5 (4.4)

Hypertension 13,473 (30.7)

Diabetes mellitus type 2 1,538 (3.5)

Diabetes mellitus type 1 173 (0.4)

Hyperlipidemia 472 (1.1)

Chronic kidney disease 379 (0.9)

Coronary artery disease 2,669 (6.1)

Heart failure 302 (0.7)

Atrial fibrillation 1,346 (3.1)

Cirrhosis 69 (0.2)

Pancreatitis 157 (0.4)

Gastroesophageal reflux disease 5,681 (12.9)

Any malignancy 5,665 (12.9)

Myocardial T1 time, ms (median (IQR)) 918.5 (892.8–943.4)

Liver T1 time, ms (median (IQR)) 544.0 (514.0–578.0)

Iron-corrected liver T1 time, ms (median (IQR)) 693.0 (662.0–730.0)

Pancreas T1 time, ms (median (IQR)) 674.0 (624.0–734.0)

Renal cortex T1 time, ms (median (IQR)) 1,200.0 (1,150.0–1,252.0)

Values are presented as the number (percentage) unless otherwise specified. A subset of 
the study sample had data available for each MRI parameter: myocardial T1 (n = 39,339), liver 
T1 (n = 36,516), iron-corrected liver T1 (n = 28,221), pancreas T1 (n = 33,862) and renal cortex T1 
(n = 30,155). 
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P = 6.45 × 10−14) and type 2 diabetes mellitus (OR/s.d. = 1.20, 95% CI 1.13–
1.28; P = 1.23 × 10−8; Fig. 2a and Supplementary Table 4).

T1 time and cardiac, metabolic and fibrotic diseases
Next, we examined the association of a priori selected prevalent car-
diovascular, metabolic and fibrotic diseases with change in T1 time 
(Methods). The results are summarized in Fig. 2b and Supplementary 
Table 5. Two-sided P values < 5.6 × 10−3 were considered statistically 
significant.

Briefly, we found that chronic kidney disease was associated with 
increased T1 times in the renal cortex, liver and heart with the largest 
increase seen in renal cortex T1 time (ΔT1renal cortex (s.d.) = 0.34, 95% CI 
0.23–0.45; P = 5.72 × 10−9). Type 1 and 2 diabetes mellitus were associ-
ated with increased T1 time in the heart. Higher pancreas T1 time was 
noted among participants with type 1 diabetes mellitus (ΔT1pancreas 
(s.d.) = 0.52, 95% CI 0.36–0.69; P = 7.78 × 10−10) but not those with type 2 
diabetes mellitus (ΔT1pancreas (s.d.) = 0.05, 95% CI −0.01 to 0.10; P = 0.08) 
at time of MRI. Type 2 diabetes mellitus, however, was associated with 
increased T1 time in the liver (ΔT1liver (s.d.) = 0.53, 95% CI 0.47–0.58; 
P = 1.81 × 10−83) and renal cortex (ΔT1renal cortex (s.d.) = 0.17, 95% CI 0.11–
0.23; P = 6.03 × 10−8). As expected, given the central role of fibrosis 
in the pathogenesis of cirrhosis, liver cirrhosis was associated with a 
sizable increase in liver T1 time (ΔT1liver (s.d.) = 0.60, 95% CI 0.35–0.84; 
P = 1.43 × 10−6). Prior history of pancreatitis was associated with both 
higher liver and pancreas T1 time. Heart failure was associated with 
higher T1 time in the heart and liver. Hypertension was associated with 
an increase in T1 time in the renal cortex and liver. The lack of associa-
tion of hypertension in the absence of concomitant left ventricular 
hypertrophy with increased myocardial T1 time has been previously 
described8. Finally, we found a significant association of hyperlipidemia 
and coronary artery disease with increased liver T1 time.

Biomarker associations of T1 time mirror its link to disease
Biomarker associations with T1 time were consistent with the asso-
ciation of T1 time with diseases that are tagged by the respective 
biomarkers (Supplementary Fig. 11 and Supplementary Table 6). For 
instance, increased liver T1 time was associated with increased levels 
of circulating aspartate aminotransferase and alanine aminotrans-
ferase, markers of liver injury and gamma glutamyl transferase and 
alkaline phosphatase, markers of hepatobiliary pathology. Estimated 

glomerular filtration rate (eGFR) calculated using the Chronic Kidney 
Disease-Epidemiology Collaboration (CKD-EPI) equation incorporating 
both cystatin C and creatinine9 had an inverse relationship with renal 
cortex T1 time, highlighting the association of increased renal fibrosis 
with impaired renal function. Urine microalbuminuria, which is linked 
to glomerulosclerosis and abnormal glomerular permeability10, was 
associated with increased renal cortex T1 time. Urinary sodium excre-
tion, which is tightly correlated with hypertension and sodium intake11, 
was associated with increased T1 time in the renal cortex and liver.

Several biomarkers had consistent associations across multiple 
organs. Higher hemoglobin A1c and cystatin C were associated with 
increased T1 in the liver, pancreas, heart and renal cortex. C-reactive 
protein, a nonspecific marker of systemic inflammation, was associated 
with increased T1 time in the liver, pancreas and renal cortex. A number 
of biomarkers were associated with decreased fibrosis across multiple 
organs. Higher levels of circulating albumin, bilirubin, high-density 
lipoprotein, apolipoprotein(a) and vitamin D were associated with 
lower T1 times across multiple organs.

Multi-organ T1 GWAS reveals shared and organ-specific 
pathways
We next examined the genetic underpinnings of interstitial fibrosis 
using common variant genome-wide association studies (GWAS). We 
found that interstitial fibrosis is heritable, albeit to varying degrees 
across the examined organs. Single nucleotide polymorphism (SNP) 
heritability (h2

g) was highest for the liver (h2
g = 0.33 ± 0.02) and 

renal cortex T1 time (h2
g = 0.31 ± 0.02) followed by pancreas T1 time 

(h2
g = 0.21 ± 0.02). Myocardial T1 time was associated with the lowest 

heritability among the examined organs (h2
g = 0.13 ± 0.01). We identi-

fied 27, 18, 11 and 10 independent genetic loci associated with liver, 
pancreas, myocardial and renal cortex T1 time, respectively (Fig. 3a–d 
and Supplementary Tables 7–10). There was no evidence of inflation 
in our GWAS results (Fig. 3e and Supplementary Table 11). Regional 
association plots for genome-wide significant variants are shown in 
Supplementary Figs. 12–15.

Liver T1 time GWAS. Of the 27 identified independent genome-wide 
significant loci in the liver T1 GWAS, 17 are new and 10 have been previ-
ously reported to be associated with liver T1 time (Fig. 3a, Supplemen-
tary Table 7 and Supplementary Fig. 12)12,13. Among the new variants, 4 
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Fig. 1 | Study flow chart. Left, machine learning-based segmentation of the 
myocardial IVS, liver, pancreas and renal cortex from transverse ShMOLLI T1 maps. 
Middle, Distribution of measured native T1 time from segmented organs of interest. 
Higher native T1 time generally reflects a higher burden of fibrosis. Right, Machine 

learning-derived organ-specific T1 times were examined for organ-specific genetic 
determinants (upper) and shared genetic determinants (lower). Organ schematics 
adapted from Servier Medical Art by Servier under a Creative Commons license CC 
BY 4.0. T1 maps reproduced by kind permission of UK Biobank ©.
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variants tagged human leukocyte antigen genes (HLA-A, HLA-B, HLA-E 
and HLA-DQA1). HLA genes have been previously shown to be important 
contributors to autoimmune liver disease risk14–16. The new variants 
include the intronic variant rs201081507_G (P = 1.28 × 10−68) in BANK1, 
with roles implicated in B cell activity and systemic autoimmune dis-
orders17. MANBA/NFKB1 and CYP21A2, which are implicated in autoim-
mune primary biliary cholangitis18,19 and liver fibrosis20, were among 
the genes tagged by the lead variants rs34406062_A (P = 5.68 × 10−21) 
and rs6467_C (P = 2.17 × 10−9), respectively.

Missense variant rs1800562_A (P = 1.38 × 10−126) in HFE, which 
accounts for the majority of cases of hereditary hemochromatosis, was 
among the variants most significantly associated with liver T1 time21. 
Additionally, variants tagging H2BC11 (rs13191659_G, P = 3.50 × 10−55) 
and H2BC13 (rs142175606_AT, P = 7.84 × 10−49), with roles in hepatic iron 
homeostasis, were implicated in our results22.

The short indel chr6: 28436135_AAC_A (P = 5.10 × 10−41) in close 
proximity to GPX6, which encodes glutathione peroxidase-6 and 
plays a central role in protection against cellular oxidative stress and 
liver fibrosis23, was among the identified lead variants. The remaining 
genome-wide significant variants mapped in proximity to genes associ-
ated with liver cirrhosis24, hepatocellular carcinoma25 and type 2 dia-
betes mellitus26, including MTARC1, CENPE and CARMIL1, respectively.

In a conditional analysis adjusting for lead variants within each 
identified locus, 6 additional independent genome-wide significant 
variants were identified, of which 3 mapped to new genes including 
ZNF322, IFI30 and HNRNPUL1 (Supplementary Table 12 and Supplemen-
tary Fig. 16). IFI30 encodes gamma-interferon-inducible lysosomal thiol 
reductase and has previously been associated with nonalcoholic fatty 
liver disease27–29. HNRNPUL1 has been associated with alcohol-induced 
liver cirrhosis via regulation of TGFB1 expression in hepatocytes24.

Given the central role of the liver in iron metabolism and storage30 
and the paramagnetic properties of iron that influence T1 time31, we 
performed a sensitivity GWAS of iron-corrected liver T1 time to examine 
the genetic determinants of T1 time independent of liver iron content. 
Of the 36,516 participants with liver T1 time in this study, 28,221 had 
iron-corrected liver T1 time available in the UKB under field ID 40062 
(ref. 13). Genetic correlation between liver T1 and iron-corrected liver T1 
time was high (rg = 0.99 ± 0.02). We identified 17 genome-wide signifi-
cant loci associated with iron-corrected liver T1 time, of which 16 over-
lapped with the main liver T1 time GWAS loci (Supplementary Table 13 
and Supplementary Fig. 17). rs116783737_A (P = 3.98 × 10−8) in close 
proximity to TACR3 was the lead variant in the nonoverlapping locus. 
Loci implicated in iron homeostasis including HFE/SLC17A2, TMPRSS6, 
H2BC13 and H2AC12/H2BC11 remained associated with iron-corrected 
liver T1 time; however, the association was attenuated as compared to 
liver T1 time.

Pancreas T1 time GWAS. In the pancreas T1 time GWAS, 18 independ-
ent new genome-wide significant loci were identified (Fig. 3b, Sup-
plementary Table 8 and Supplementary Fig. 13). Several of these loci 
have been previously reported to associate with measures of pancreatic 
volume (PROX1, ABO and CTRB2) and fat (FAF1, ABO and CEBPB) in the 

UKB22. The top genome-wide significant variant, rs13107325_T, is a mis-
sense variant within SLC39A8 and associated with increased pancreas T1 
time (P = 2.44 × 10−33). The short indel chr16: 75234273_CTTT_C falling 
in an intergenic region near CTRB1/CTRB2 was the second lead variant 
associated with pancreas T1 time (P = 5.05 × 10−26). CTRB1/CTRB2 encode 
pancreatic proteolytic enzymes chymotrypsinogen A/B and have been 
recently implicated in a GWAS of chronic pancreatitis32.

Lead variants tagging nearest genes ABO (rs782134971_
GAAACTGCC_G, P = 4.80 × 10−19) and FUT2 (rs2548458_C, P = 1.70 × 10−22), 
two genes found to be associated with lipase activity and chronic pan-
creatitis33, were among the genome-wide significant variants. Addition-
ally, two loci defined by their nearest gene implicate PROX1 (rs7555143_T, 
P = 2.78 × 10−9) and KLB (rs71643295_C_CAGGGTTT, P = 1.84 × 10−8), 
which have important roles in pancreatic exocrine development34 and 
proteostasis35. Lead variants tagging nearest genes associated with 
pancreatic endocrine function including RREB1 (ref. 36; rs2842895_G, 
P = 6.34 × 10−11), CEBPB37,38 (rs2094716_C, P = 1.32 × 10−10) and KLB39 
(rs71643295_C_CAGGGTTT, P = 1.84 × 10−8) were also among the identi-
fied loci highlighting the role of pancreatic fibrosis in islet cell function.

Several lead variants associated with pancreas T1 time mapped 
close to genes implicated in cell cycle regulation, fibrosis and pancre-
atic cancer including SLC41A1 (ref. 40), TLK1 (ref. 41), SORBS2 (ref. 42), 
RREB1 (ref. 43), GXYLT1 (ref. 44) and CEBPB45. Additionally, lead variants 
rs573197054_C (P = 2.79 × 10−9) and rs7287124_G (P = 1.23 × 10−15) tagging 
CRELD2 and XBP1, respectively, which have been shown to be central to 
the endoplasmic stress response, were among the implicated loci46,47. 
Activation of the endoplasmic stress response and increased expres-
sion of XBP1 has been reported in patients with chronic pancreatitis48.

In a conditional analysis, one additional independent genome-wide 
significant variant was identified, which mapped to the previously 
identified CTRB1/CTRB2 region in the main pancreas T1 time GWAS 
(Supplementary Table 14 and Supplementary Fig. 18).

Heart T1 time GWAS. In the heart T1 time GWAS, we recently described 
11 independent loci (Fig. 3c, Supplementary Table 9 and Supplementary 
Fig. 14)8. Briefly, the identified loci implicated genes involved in glucose 
transport (SLC2A12), iron homeostasis (HFE and TMPRSS6), tissue repair 
(ADAMTSL1 and VEGFC), oxidative stress (SOD2), cardiac hypertrophy 
(MYH7B) and calcium signaling (CAMK2D)8. In a conditional analysis, 
no additional new variants were identified.

Renal cortex T1 time GWAS. In the renal cortex T1 time GWAS, 10 
independent genome-wide significant loci were identified (Fig. 3d, Sup-
plementary Table 10 and Supplementary Fig. 15). The top variant associ-
ated with renal cortex T1 time was rs10157011_A (P = 3.17 × 10−181), which 
fell within the DNAJC16/CASP9/CELA2B locus on chromosome 1 that has 
been reproducibly associated with renal function in genetic association 
studies49–51. Previous studies examining this locus on chromosome 1 
using integrative genetic analysis, single-nuclear epigenome mapping 
and CRISPR–Cas9 gene editing prioritized CASP9 over DNAJC16 and 
CELA2B as the likely causal gene. CASP9 encodes a cysteine-aspartic 
protease that is integral to autophagy and apoptosis, and increased 

Fig. 2 | Multi-organ T1 time association with disease. a, Circular plot depicting 
phenome-wide associations of liver, pancreas, heart and renal cortex T1 time. 
Multiple logistic regression was implemented adjusting for age at MRI, body 
mass index, sex and MRI scanner. Two-sided P value < 4 × 10−5 was used to define 
phenome-wide significant associations after adjusting for multiple testing. The 
y axis represents −log10(P value) for each examined association. The y axis was 
curtailed at −log10(P value) = 20 for the liver T1 phenome-wide association results. 
*P < 1 × 10−20. Labels on outer spokes represent parent phecodes with phenome-
wide significant associations. Upward-facing triangles reflect an increased odds 
of disease associated with increased organ-specific T1 time. Downward-facing 
triangles reflect a decreased odds of disease associated with increased organ-
specific T1 time. b, Multivariable-adjusted changes in multi-organ T1 times 

associated with select diseases. Multiple linear regression was implemented 
adjusting for age at MRI, body mass index, sex and MRI scanner. Triangle colors 
represent the respective organ T1 times examined as labeled in the legend. 
Triangle size represents the magnitude of change in T1 time associated with a 
particular disease as represented in the legend. Two-sided P value < 5.6 × 10−3 
(0.05/9) was used to define statistically significant associations after adjusting 
for multiple testing. Filled triangles represent associations with two-sided P 
value < 5.6 × 10−3, and empty triangles represent associations with two-sided P 
value ≥ 5.6 × 10−3. Derm., dermatologic; Heme, hematopoietic; IDs, infectious 
diseases; Inj. & Pois., injuries and poisonings; NEC, not elsewhere classified; 
Neuro, neurologic; NOS, not otherwise specified; Obst., obstetrics; Cong., 
congenital anomalies; Symp., symptoms.
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CASP9 expression is associated with kidney disease52. rs10157011_A 
is associated with decreased expression of CASP9 in cultured human 
fibroblasts (Supplementary Fig. 19) and lower renal cortex T1 time and 
fibrosis in our study.

Concordant with findings from the liver and pancreas, the mis-
sense variant rs13107325_T in SLC39A8 was among the top genome-wide 

significant variants associated with increased renal cortex T1 time 
(P = 1.62 × 10−162).

rs201081507_G, an intronic variant in the BANK1 gene, which 
encodes a B cell-specific scaffold protein and has been previously 
associated with systemic lupus erythematosus53 and lupus nephri-
tis54, was implicated in our results (P = 5.80 × 10−51). PPP3CA, which 
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encodes the catalytic subunit of calcineurin, was among the identified  
loci (rs77161209_C, P = 4.50 × 10−09). Calcineurin plays integral  
roles in T cell activation55, and immunosuppressive calcineurin 
inhibitors are known to be associated with nephrotoxicity and renal 
fibrosis56.

Another intronic variant, rs16856530_T, within LRP2 was  
associated with renal cortex T1 time (P = 1.14 × 10−11) and previ-
ously reported in genetic association studies of GFR57. Pathogenic 
 variants in LRP2 are associated with the autosomal recessive 
Donnai-Barrow/facio-oculo-acoustico-renal (DB/FOAR) syndrome 
characterized by glomerular proteinuria and progression to chronic 
kidney disease58. Recently, low-density lipoprotein receptor-related 
2 (LRP2) was identified as a target antigen in acquired anti-brush  

border antibody disease, an aggressive form of primary renal  
tubulointerstitial disease59. The RNA-binding protein Bicaudal-C1, 
associated with cystic renal disease60, was among the identified  
loci tagged by the intronic short indel rs35079883_CT_C within  
BICC1.

In a sensitivity GWAS analysis adjusting for eGFR, 9 of 10 independ-
ent loci identified in the main GWAS remained genome-wide significant 
(Supplementary Table 15).

In a conditional analysis of renal cortex T1 time, three additional 
independent genome-wide significant variants were identified, which 
mapped to nearest genes CELA2B/CASP9, SLC39A8 and H2BC3/HFE, that 
were previously identified in the primary renal cortex T1 time GWAS 
(Supplementary Table 16 and Supplementary Fig. 20).
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Multi-organ T1 time shared loci. The pleiotropic associations of 
genome-wide significant loci across the examined organs are summa-
rized in Fig. 4a–d and Supplementary Table 17. Notably, one locus that 
mapped to the nearest gene SLC39A8 was associated with increased 
fibrosis across all three abdominal organs. The locus defined by the 
nearest gene HFE was associated with decreased liver, heart and 
renal cortex T1 time, likely a reflection of iron tissue deposition,  
which alters tissue magnetic properties and is associated with 
lower T1 time61. Additional shared loci among the examined organs 
included: PPP3CA, BANK1, NRL/PCK2, MANBA/NFKB1 and CENPE in the 
liver and renal cortex; ABO and FUT2 in the liver and pancreas; and  
TMPRSS6 in the liver and heart. Overall, the genetic correlation of 
T1 time was modest across the examined organs (Fig. 4e). Genetic 
correlation was highest between the liver and renal cortex T1 time 
(rg = 0.44 ± 0.15).

Cell-type-specific expression of multi-organ T1 GWAS loci
Next, we evaluated the putative biologic roles of the identified 
organ-specific T1 time loci from each organ bed. To that end, we 
sought to identify for each organ the cell type(s) responsible for 
expressing the nearest genes associated with genome-wide significant 
loci using publicly available single-cell RNA sequencing (scRNA-seq) 
and/or single-nucleus RNA sequencing (snRNA-seq)62–65. To quantify 
cell-type-specific enrichment of these genes within each organ, we 
constructed a gene module for each organ, consisting of nearest genes 
for all organ-specific T1 time GWAS loci, and scored each cell type for 
expression of this module.

For the liver, many of the immune cell clusters produced the 
greatest liver module scores, while stellate cells scored relatively 
low (Supplementary Fig. 21a–c). The highest pancreas module scores 
were derived from acinar cell types. Additionally, macrophages and 
stellate cells did show signs of enrichment, despite representing 
a small population of the overall cell composition of the pancreas 
(Supplementary Fig. 21d–f). Cardiomyocytes and endocardial cells 
(endothelial II) showed the highest cardiac module scores (Supple-
mentary Fig. 22a–c). Finally in the kidney, proximal tubule cells and 
parietal epithelial cells were among the top-scoring clusters (Supple-
mentary Fig. 22d–f). Overall, our results demonstrate that the iden-
tified multi-organ T1 time loci include both fibroblast-specific and 
non-fibroblast-specific signals and suggest that many T1-associated 
genetic signals likely operate in a cell-nonautonomous manner to 
promote organ-wide fibrosis.

Burden of multi-organ fibrosis associated with mortality
Lastly, we examined the impact of the burden of multi-organ fibrosis on 
all-cause mortality among 23,293 study participants with complete T1 
time data for the liver, pancreas, heart and renal cortex over a median 
follow-up of 1.87 years (IQR 1.20–2.75 years). Study participants were 
stratified into the lower 80th and upper 20th percentiles of T1 time 
for each organ. We devised a simple, and easy-to-remember, scoring 
system, where we assign one point per organ if its T1 time falls in the 
upper 20th percentile of T1 times for that organ. We found a signifi-
cant trend of increased mortality with an increasing number of organs 
(0 versus 1–2 versus 3–4) with a T1 time in the upper 20th percentile 
(log-rank P value = 3.0 × 10−7) (Fig. 5a). In multivariable analysis, indi-
viduals with a high burden of fibrosis in ≥3 organs, as defined above, 
had a 3.31-fold-increased risk of all-cause mortality compared to indi-
viduals with no organs with T1 time in the top 20th percentile (hazard 
ratio (HR) = 3.31, 95% CI 1.77–6.19; P = 1.78 × 10−4; Fig. 5b).

Discussion
We leveraged machine learning to conduct a large-scale, multi-organ 
study of interstitial fibrosis, measured using T1 mapping, in approxi-
mately 44,000 individuals in the UKB. In contrast to prior studies of T1 
mapping that focus on specific fibrotic diseases and are restricted to 

analysis of T1 time in a single organ, our study examines the distribu-
tion of T1 time across multiple organs in the general population and 
establishes reference ranges for T1 time in the liver, pancreas, renal 
cortex and heart. In a PheWAS, we demonstrate the association of 
organ-specific T1 time with diseases across multiple organ systems 
and highlight the multi-organ involvement with fibrosis associated 
with several prevalent metabolic, cardiovascular and fibrotic diseases in 
the population. Furthermore, we demonstrate that noninvasive assess-
ment of interstitial fibrosis across multiple organs using T1 mapping 
enables risk stratification of all-cause mortality in the population. In our 
multi-organ genetic association analyses, we identify 58 independent 
genomic loci associated with T1 time, many of which were new includ-
ing 17 in the liver, 18 in the pancreas and 10 in the renal cortex. Overall, 
the inter-organ genetic correlation of T1 time was modest. Several loci 
overlapped across the examined organs implicating genes involved 
in myriad biologic pathways including metal ion transport (SLC39A8, 
HFE and TMPRSS6), glucose metabolism (PCK2), blood group antigens 
(ABO and FUT2), immune function (BANK1 and PPP3CA), inflammation 
(NFKB1) and mitosis (CENPE).

Our findings have several important implications. First, we dem-
onstrate the feasibility of automated quantification of T1 time across 
multiple organs at scale. T1 mapping of the pancreas66 and kidney67 
have not been thoroughly examined in the literature and, in contrast 
to liver68 and heart69 T1 mapping, are not part of routine clinical imag-
ing protocols for evaluation of diseases of the pancreas and kidney, 
respectively.

Exocrine diseases of the pancreas including pancreatitis and func-
tional digestive disorders were associated with elevated pancreas T1 
time. This is in line with prior small studies suggesting a role for pan-
creas T1 mapping in the early diagnosis and follow-up of individuals 
with chronic pancreatitis4 and pancreatic exocrine insufficiency70. 
Interestingly, type 1 but not type 2 diabetes mellitus was associated 
with increased pancreas T1 time, which may reflect the autoimmune 
destruction of islet cells and ensuing fibrotic changes associated with 
type 1 diabetes mellitus. Up to 15% of individuals with new-onset dia-
betes are misclassified and incorrectly treated despite contemporary 
diagnostic testing71. Further studies are needed to evaluate the poten-
tial role of pancreas T1 mapping as a diagnostic adjunct for classifica-
tion of diabetes mellitus and monitoring disease progression in type 
1 diabetes mellitus.

Higher renal cortex T1 time was associated with chronic kidney 
disease, lower GFR and higher microalbuminuria, hence confirming 
the correlation between structural changes captured by T1 mapping 
and kidney function reported in prior smaller studies67. Our study 
establishes reference ranges for renal cortex T1 time in the population 
and promises to enhance our understanding of variation in renal cortex 
T1 time in health and disease states.

Second, we identified several shared genomic loci associated 
with fibrosis in multiple organs. The missense variant rs13107325_T 
(p.Ala391Thr) within SLC39A8 was among the top genome-wide signifi-
cant variants associated with increased T1 time in the liver, pancreas and 
renal cortex. The variant rs13107325_T is highly pleiotropic72. SLC39A8 
encodes the ZIP8 metal cation transporter of manganese, which is an 
important cofactor for several enzymes including superoxide dis-
mutase and glycosyltransferases73. Homozygous loss-of-function 
mutations in SLC39A8 are associated with type 2 congenital disorder 
of glycosylation and Leigh syndrome74. Carriers of rs13107325_T have 
decreased ZIP8 function and demonstrate low serum manganese and 
deficiencies in glycosylation75,76. Interestingly, we found no association 
between rs13107325_T and myocardial T1 time. A knock-in mouse model 
of rs13107325_T demonstrated a significant reduction in manganese 
levels in the liver and kidney but no impact on manganese levels in the 
heart77. These findings suggest that the association of rs13107325_T 
with interstitial fibrosis may be related to manganese levels; however, 
this was not directly tested in our study.
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An intronic variant rs201081507_G in BANK1 was associated with 
increased T1 time in the liver and renal cortex T1 time GWASs and was 
a subthreshold variant in the pancreas T1 time GWAS (P = 8.14 × 10−7). 
BANK1 has been implicated in B cell signaling and autoimmune systemic 

disorders associated with multi-organ inflammation and fibrosis 
including lupus nephritis, inflammatory bowel disease and primary 
sclerosing cholangitis17,54,78. Additionally, NFKB1 and PPP3CA with inte-
gral roles in inflammation79 and immune regulation55 were among the 
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shared loci between liver and renal cortex T1 time. Our findings are in 
line with mouse models that demonstrate progressive chronic inflam-
mation, premature aging and decreased liver regenerative potential 
with Nfkb1 knockout80.

ABO and FUT2, two genes responsible for determining blood group 
type and expression of the ABO antigens in body secretions, respec-
tively, were among the shared loci associated with pancreas and liver 
T1 time. The ABO–FUT2 genotype, and epistasis, has been associated 
with susceptibility to infections81, autoimmune disorders82, pancrea-
titis33 and pancreatic cancer83. Further interrogation of the role of the 
identified shared loci in fibrosis is needed and may have wide-ranging 
implications for several fibrotic diseases.

Despite the several identified shared genome-wide significant T1 
time loci in our study, the overall genetic correlation of T1 time across 
organs was modest. This may reflect that the uncovered genetic signal 
associated with T1 time in each organ is influenced by both disease 
states/pathologic insults associated with fibrosis in that organ, as well 
as shared tissue fibrosis pathways.

Third, our results highlight several new organ-specific loci associ-
ated with interstitial fibrosis and implicated in fibrotic diseases associ-
ated with a substantial burden on public health. In the liver, we identified 
several loci implicated in alcohol-induced24 (MTARC1 and HNRNPUL1) and 
non-alcohol-induced28,84 (MTARC1 and IFI30) liver cirrhosis. In the pan-
creas, we confirm the association of the intergenic region between CTRB1 
and CTRB2, previously reported to modulate risk of alcohol-induced 
and non-alcohol-induced pancreatitis, in pancreatic fibrosis32. In the 
kidney, we provide evidence supporting the role of CASP9 in renal fibrosis 
and progression of CKD52. Lead variant rs10157011_A is associated with 
decreased expression of CASP9 in cultured human fibroblasts and is asso-
ciated with decreased renal cortex interstitial fibrosis in our study. This 
is congruent with findings from mouse studies where genetic deletion 
or pharmacological inhibition of CASP9 showed decreased apoptosis, 
improved autophagy and protection from acute kidney injury and renal 
fibrosis52. Small molecules that inhibit CASP9 have been developed85 
and thus our study extends findings from mouse studies and prioritizes 
CASP9 as a potential therapeutic target for renal fibrosis.

Finally, noninvasive assessment of interstitial fibrosis across mul-
tiple organs enables risk stratification of all-cause mortality in the 
population even after accounting for a comprehensive list of demo-
graphic factors and comorbidities. Given the intimate association 
between pathological aging and fibrosis86–88, multi-organ assessment 
of interstitial fibrosis may serve as a surrogate for biological age. These 
findings may suggest a role for T1 mapping in screening for individuals 
at high-risk for adverse prognosis and emphasize the critical need to 
understand the pathways contributing to fibrosis to improve popula-
tion health.

Our study has several limitations. First, our choice of examined 
organs was dictated by the T1 mapping sequences available as part 
of the UKB MRI protocol. Examination of interstitial fibrosis in other 
organs is needed to fully unravel the complexity of the biologic pro-
cesses underlying fibrosis in the human body. Second, T1 maps for 
each organ in the UKB are obtained at a single slice which may not be 
representative of interstitial fibrosis throughout the examined organ. 
Third, kidney T1 time was measured in a subset of pancreas T1 maps that 
included cross-sections of the kidney and not from dedicated kidney T1 
maps, which (1) may have introduced bias, and (2) prohibited adequate 
sampling of the renal medulla and assessment of renal medulla T1 
time, which has important implications for renal function and disease. 
Fourth, T1 mapping is a valuable tool for noninvasive assessment of 
tissue characteristics; however, a number of limitations impact T1 
mapping as a surrogate for interstitial fibrosis including potential 
confounding factors such as inflammation, edema, paramagnetic 
ions and variability across imaging sequences. Other MRI techniques 
such as liver magnetic resonance elastography, which has been dem-
onstrated to outperform T1 mapping in staging of liver fibrosis, were 
not accessible for examination in this study89. Fifth, UKB participants 
are predominantly of European ancestry and findings from our genetic 
analysis should be replicated in multi-ancestry cohorts.

In conclusion, multi-organ interstitial fibrosis is associated with 
morbidity and mortality. T1 mapping allows for noninvasive assessment 
of interstitial fibrosis in multiple organs and is of prognostic value in 
risk stratification of all-cause mortality in the population. By leveraging 
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Two-sided P value < 0.05 was considered statistically significant. b, Forest plot 
depicting multivariable-adjusted HR of all-cause mortality associated with 
increasing number of organs (1–2, n = 11,701; 3–4, n = 1,152) with organ-specific T1 
time in the top quintile. The referent group (n = 10,440) comprised participants 

with organ-specific T1 times of the liver, pancreas, heart and kidneys that fell 
within the lower 80th percentile of the study sample distribution. The dots 
represent multivariable-adjusted HRs, and the error bars reflect the associated 
95% CI. Multivariable Cox proportional-hazards model was implemented 
adjusting for age, sex, body mass index, MRI scanner, coronary artery disease, 
heart failure, atrial fibrillation, type 1 diabetes mellitus, type 2 diabetes mellitus, 
hypertension, hyperlipidemia, chronic kidney disease, cirrhosis, pancreatitis 
and history of malignancy. Two-sided P value < 0.05 was considered statistically 
significant.
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machine learning, we quantified T1 time across multiple organs at scale 
and provided new insights into organ-specific and shared biologic 
pathways underlying fibrosis for further interrogation.
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acknowledgements, peer review information; details of author contri-
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Methods
To summarize, we trained machine learning models to segment 
the liver, pancreas and kidney T1 maps from the UKB to measure 
organ-specific T1 times. For the heart, we recently reported myocar-
dial T1 time in the same study participants8. We performed a PheWAS 
of organ-specific T1 time. We then examined the association of 
organ-specific T1 time with select prevalent diseases at time of MRI as 
well as with baseline serum and urine biomarkers. We then performed 
genome-wide association analyses of organ-specific T1 times and exam-
ined the shared and organ-specific genetic determinants of fibrosis. 
Using publicly available scRNA-seq and snRNA-seq data, we examined 
cell-type-specific expression of multi-organ T1 time GWAS loci. Lastly, 
we assessed the association of multi-organ interstitial fibrosis burden 
with all-cause mortality during follow-up.

Study design and population
The UKB is a prospective cohort of 502,629 individuals from the UK 
enrolled between 2006 and 2010 with deep phenotyping, imaging and 
multiple genomic data types. The cohort design has been previously 
described90–92. Briefly, around 9.2 million individuals aged 40–69 years 
living in England, Scotland and Wales were invited to participate in the 
study, and 5.4% agreed to participate. Extensive questionnaire data, 
physical measures and biologic samples were collected at baseline, 
with ongoing data collection in large subsets of the cohort, including 
repeated assessments and multimodal imaging. Starting in 2014, UKB 
participants were invited to return for the first multimodal imaging 
visit including MRI with T1 mapping of the liver, pancreas, kidneys 
and heart allowing for the assessment of interstitial fibrosis in these 
organs. As of January 2022, 43,881 UKB participants had both imputed 
genetic data and T1 mapping data available. All study participants are 
followed longitudinally for health-related outcomes through linkage 
to national health-related datasets.

Analysis on UKB data was performed under application number 
7089 and was approved by the local Massachusetts General Hospi-
tal institutional review board (IRB). UKB data are made available to 
researchers from research institutions with genuine research inquiries, 
following IRB and UKB approval. Genome-wide association analysis 
summary statistics from our study are available for public access (‘Data 
availability’).

MRI T1 mapping protocol
A standardized non-contrast enhanced MRI protocol using a clinical 
wide-bore 1.5 Tesla scanner (MAGNETOM Aera, Syngo Platform VD13A, 
Siemens Healthcare) was performed on all MRI sub-study partici-
pants92. The MRI protocol included a brain (30 min), heart (20 min) and 
abdominal (10 min) MRI sequence. Native T1 mapping within a single 
breath hold of the liver, pancreas and heart using the cardiac-gated 
ShMOLLI (WIP780B) technique was performed. In 2019, the UKB added 
a dedicated ShMOLLI kidney T1 mapping sequence. At the time of 
this study in January 2022, only 1,893 dedicated kidney T1 maps were 
available for analysis. The liver T1 mapping sequence was performed 
in a transverse orientation at the level of the porta hepatis. The pan-
creas T1 mapping sequence was acquired in a transverse orientation 
centered at the level of the pancreas. The following imaging param-
eters for liver and pancreas T1 mapping were implemented: voxel size, 
1.146 × 1.146 × 8.0 mm3; flip angle, 35 degrees; TE/TR, 1.93/480.6 ms; 
and R = 2 (ref. 92). The kidney T1 mapping sequence was acquired in 
the coronal orientation and centered at the level of the kidneys. The 
cardiac T1 mapping protocol has been described previously8,93. Data 
for the T1 mapping acquisitions were provided as one real-valued, 
two-dimensional pre-computed T1 map per participant for each of the 
liver, pancreas, kidneys and heart.

To date, the UKB MRI core laboratory has only released raw T1 
maps to UKB researchers. As such, we developed our own automated 
pipeline to measure T1 times from raw T1 maps. First, we set up an 

automatic procedure to identify raw T1 map series among the several 
files provided by the UKB under the category ‘shMOLLI’ (UKB field IDs: 
20204, 20259, 20243 and 20214). Preliminary explorations indicated 
that the T1 map series names contained the keyword ‘t1map’. Therefore, 
we discarded all series with names not containing either of the two 
keywords. If there was more than one acquisition for that participant, 
we chose to use the acquisition with the highest median image intensity.

Measurement of liver T1 time
We have previously reported segmentations of the liver from the UKB 
ShMOLLI sequences29. In short, these automated segmentations, with 
pixels belonging to the liver, were identified using a multi-thresholding 
approach across the proton density fat fraction and T1 parametric maps 
for each participant. After Gaussian smoothing, low pixel values in the 
proton density fat fraction map were identified by Li thresholding94, 
leaving pixels comprising the liver, as well as other relatively low-fat 
regions such as the spleen. To measure liver parenchymal T1 time, we 
excluded prominent hepatic vasculature and biliary ducts from the 
liver regions of interest. To this end, segmentation masks derived from 
the liver ShMOLLI sequence were intersected with the liver T1 maps, 
leaving only pixels in the T1 map located in the liver. Next, these pixels 
were then partitioned into low-intensity and high-intensity groups by 
Otsu thresholding95. The lower-intensity pixels represent bona fide 
parenchymal liver tissue of interest, and the higher-intensity pixels 
correspond to non-parenchymal structures including hepatic vascula-
ture and biliary ducts. Finally, the segmentation masks were shrunk by 
morphological erosion to remove any artificial ‘halo’ effects, followed 
by removal of all but the largest connected component. T1 times were 
then derived from the remaining pixels within the final segmented 
liver region of interest. To obtain a summary measure of liver paren-
chymal T1 time per participant, we calculated the median T1 time for 
all pixels within the corresponding liver region of interest (Fig. 1). We 
validated the results of the machine learning-derived liver T1 time to 
those measured by experienced physicians in a hold-out validation set 
(n = 50) and found excellent concordance (r = 0.94, 95% CI 0.88–0.97; 
P = 1.25 × 10−17; Supplementary Fig. 3).

Segmentation and measurement of pancreas and kidney T1 time
Axial pancreas T1 maps in the UKB frequently included cross-sections 
of the right or left kidney (Supplementary Fig. 23). We leveraged these 
incidental observations to measure kidney T1 time in a larger num-
ber of participants (n = 30,155) compared to those who underwent 
kidney-dedicated T1 mapping (n = 1,893). In the axial plane view, only the 
renal cortex, and not the renal medulla, was well represented and as such 
we were limited to measurement of renal cortex T1 time in this study.

To develop machine learning models to segment the pancreas 
and kidneys in this view, we randomly selected 150 (100 training, 50 
validation) pancreas T1 maps. An experienced physician (V.N.) labeled 
the pancreas, liver, kidneys and spine within the axial pancreas T1 maps 
(n = 150). Fifty overlapping images in the training set were indepen-
dently manually labeled by both V.N. and J.T.R. to allow for inter-reader 
reproducibility assessment of our manual segmentation method. The 
manual tracing procedure, called semantic segmentation, displayed 
high inter-reader concordance between the labeled segmentations, 
as measured in 50 overlapping MRI acquisitions (Sørensen–Dice 
(Dice) coefficient for pancreas = 0.83, 95% CI = 0.80–0.85 and for 
kidneys Dice = 0.90, 95% CI 0.87–0.93). Pixel intensity values were 
transformed to T1 times using the accompanying T1 map legend for 
each manually segmented region of interest. T1 times were highly 
correlated between the two readers (for pancreas, r = 0.93, 95% CI 
0.86–0.96; P = 9.00 × 10−19; for renal cortex, r = 0.97, 95% CI 0.95–0.99; 
P = 4.05 × 10−25; Supplementary Figs. 24 and 25).

The physician-derived manual labels of pancreas T1 maps served as 
the ground truth for training our machine learning models to segment 
the pancreas and kidneys in this view. To generate machine learning 
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models to segment the relevant organ structures in the pancreas T1 
maps, we used the ResNet-34 model96 as the base encoder model in a 
U-Net architecture97 that was pretrained on ImageNet98. By leverag-
ing a preexisting large-scale model as the encoder, we are able to use 
considerably less training data by restricting training to the decoder 
while keeping the weights of the pretrained encoder frozen. Since the 
MRI acquisitions are all captured in grayscale, and ImageNet-based 
models require three channel inputs, we copied the MRI acquisition 
three times along the z axis resulting in a final shape of 384 × 288 × 3. 
The models were trained using the Adam optimizer99 with a learning 
rate set to a cosine decay policy decaying from 0.001 to 0 over 50 
epochs, weight decay of 0.0001, categorical cross-entropy as the loss 
function, and a batch size of 16. No additional hyperparameter search 
or ablation studies were performed. For all training data, the following 
augmentations (random permutations of the training images) were 
applied: random shifts in the X–Y plane by up to ±16 pixels and rotations 
by up to ±5 degrees around its center axis.

Auto-segmentation of the pancreas captured the full pancreas 
including the head, body and tail. No further post-processing was 
performed. Pancreas T1 time was measured as the median T1 time of 
all pixels within the segmented pancreas. We found a high correla-
tion between manually derived and machine learning model-derived 
pancreas T1 time (r = 0.93, 95% CI 0.87–0.96; P = 1.45 × 10−20) in our 
validation set (n = 50; Supplementary Fig. 4).

To assign anatomic locations for the kidneys, we used the spine 
segmentation as a central marker of the body, defined as the midpoint 
of the left-most and right-most extreme pixel locations. Kidney seg-
mentations were then categorized as mapping to either the left or the 
right of this centerline. To reduce noisy segmentations, we discarded 
connected components with <200 pixels in total. In cases where there 
was >1 kidney segment per unilateral kidney, for example, if the seg-
mentation of the right or left kidney is broken in half, we chose the 
largest segment.

In this work, we are focused on the functional tissue of the kidney, 
the renal parenchyma, comprising the medulla and cortex. To this end, 
we removed the renal pelvis, which has considerably higher T1 times 
compared to the parenchyma, by filtering out pixels in the kidney 
segmentations with a T1 time in the top 5th percentile. Next, since 
there is a stark contrast in T1 times between organs and the enclosing 
body, we frequently observed a ‘halo’ of artifactually high T1 times at 
the organ–body cavity interface. We removed this putative technical 
artifact by eroding the remaining three pixels in the kidney segmen-
tations. At this point, the kidney parenchyma can be classified into 
low-intensity and high-intensity T1 times. To this end, we used k-means 
(k = 2) to systematically classify the pixels as from either renal cortex 
or medulla in an unbiased fashion. Lastly, we computed the mean, 
median and number of pixels for each of the classified substructures. 
In the axial plane view, only the renal cortex, and not the renal medulla, 
was well represented. Because of this, we limited our segmentation 
to the renal cortex. Pixels from both the right and left renal cortex 
were pooled, and renal cortex T1 time was measured as the median 
T1 time of all pixels within the segmented renal cortex. In a hold-out 
validation set (n = 50), we found high correlation between manually 
derived and machine learning model-derived renal cortex T1 time in 
the axial pancreas T1 maps (r = 0.99, 95% CI 0.98–1; P = 7.70 × 10−59; 
Supplementary Fig. 5).

To ensure the robustness of our measurement of renal cortex T1 
time using the axial pancreas T1 maps, we developed a segmentation 
model, as described above, to quantify renal cortex T1 time using the 
dedicated coronal T1 mapping sequence that was only available on 
1,893 UKB participants. Of the 1,893 participants, 621 also had meas-
urements of renal cortex T1 time from the axial pancreas T1 maps. An 
experienced physician (V.N.) labeled the kidneys within the coronal 
kidney T1 maps (n = 100) as training data for our machine learning 
model. Following segmentation, we applied the same post-processing 

approach used in the pancreatic view to classify the renal parenchyma 
as either cortex or medulla. To allow for a granular assessment of renal 
cortex T1 time correlation, we measured renal cortex T1 time separately 
for the anatomic right and left renal cortex in the 621 overlapping par-
ticipants and examined the correlation between T1 times across the two 
acquisitions (axial and coronal). We found a good correlation between 
renal cortex T1 time measured in the axial pancreas T1 maps and the 
coronal kidney T1 maps (r = 0.68, 95% CI 0.65–0.72, P = 2.61 × 10−111; 
Supplementary Fig. 2).

To further demonstrate that T1 time derived from incidentally 
captured organs within a T1 map provides a good surrogate for T1 
time measured using a dedicated MRI T1 mapping sequence for the 
respective organ of interest, we developed a machine learning model 
to segment the liver within the pancreas T1 maps. As described in ‘Meas-
urement of liver T1 time’, we performed a number of post-processing 
modifications to exclude the hepatic vasculature and biliary ducts 
and derive liver parenchymal regions of interest. Liver T1 time was 
measured as the median T1 time of all pixels within the segmented liver 
region of interest. We were able to measure liver T1 time in both the 
liver T1 maps and pancreas T1 maps for 24,009 participants. We found 
a good correlation between liver T1 time derived from pancreas and 
liver T1 maps (r = 0.87, 95% CI 0.86–0.88, P = 1.0 × 10−200). This finding 
further supports our use of renal cortex T1 time measured from axial 
pancreas T1 maps.

Measurement of myocardial T1 time
We recently reported median mid-myocardial T1 time at the interven-
tricular septum (IVS). The methods behind measurement of myocar-
dial T1 time in the UKB have been previously described8. Briefly, two 
board-certified cardiologists manually labeled multiple cardiac struc-
tures including the IVS, left ventricle free wall, papillary muscles, left 
ventricle blood pool, right ventricle free wall and right ventricle blood 
pool. For segmenting cardiac structures in cardiac MRI T1 maps, the 
training was performed identically as described in this work with the 
exception of using the DenseNet-121 architecture100 as the base encoder 
model instead of ResNet-34. To minimize any potential contamination 
from the residual blood pool, trabeculae or noncardiac structures, 
we applied a sequence of morphological operations, skeletonization 
followed by dilation with a three-pixel kernel, to the IVS segment and 
generated representative mid-myocardial regions of interest within the 
IVS. In a hold-out validation set (n = 100), we demonstrated high corre-
lation between manually derived and machine learning model-derived 
myocardial T1 time (r = 0.97, 95% CI 0.95–0.98; P = 7.61 × 10−60; Sup-
plementary Fig. 6).

PheWAS
We performed a PheWAS to examine the association of organ-specific 
T1 time with diseases and disorders across different organ systems. We 
defined diseases using v1.2 of Phecode Map101, which includes a set of 
1,867 disease definitions arranged into clinically meaningful groups 
and identified using standardized sets of International Classification of 
Disease, 9th and 10th revision codes. Phecode definitions can be found 
at https://phewascatalog.org/. Diagnostic code sources included hos-
pital data through linkage to national health-related datasets, as well as 
outpatient general practitioner visit data through linkage to electronic 
health records. We restricted the association analysis to phecodes with 
at least ten prevalent cases at the time of MRI. As such, the number of 
phecodes included in each organ-specific T1 PheWAS varied as fol-
lows: liver (n = 1,267), pancreas (n = 1,254), heart (n = 1,285) and renal 
cortex (n = 1,235). Derived T1 times were rank-based inverse-normal 
transformed. Multiple logistic regression was implemented to assess 
the association of organ-specific T1 time with the included phecodes 
adjusting for age at time of MRI, sex, body mass index and MRI scanner. 
A two-sided P-value threshold of <4 × 10−5 (0.05/1,285) was considered 
statistically significant after adjusting for multiple testing.
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Association of T1 time with cardiac, metabolic and fibrotic 
diseases
We then examined the change in T1 time associated with select preva-
lent metabolic, cardiovascular and fibrotic diseases at time of first 
visit for MRI. Prevalent clinical diagnoses were ascertained using the 
International Classification of Diseases, 9th and 10th revisions, codes 
and Office of Population Censuses and Surveys (OPCS) Classification 
of Interventions and Procedures version 4 codes as well as self-report 
(Supplementary Table 18). Examined diseases included coronary artery 
disease, heart failure, type 1 and 2 diabetes mellitus, hypertension, 
hyperlipidemia, chronic kidney disease, cirrhosis and pancreatitis. 
Derived T1 times were rank-based inverse-normal transformed. Multi-
ple linear regression was used to assess the change in organ-specific T1 
time associated with prevalent metabolic, cardiovascular and fibrotic 
diseases at time of MRI adjusting for age at MRI visit, sex, body mass 
index and MRI scanner. Two-sided P values < 5.6 × 10−3 (0.05/9) were 
considered statistically significant after adjusting for multiple testing.

Association of biomarkers with T1 time
We leveraged serum and urine biomarker data in the UKB to examine 
the association of organ-specific T1 time with biomarkers associated 
with the examined prevalent diseases. Examined serum and urine bio-
markers were measured at time of enrollment in the UKB and included 
lipoproteins, hemoglobin A1c, glucose, insulin-like growth factor 1, 
albumin, aspartate aminotransferase, alanine aminotransferase, alka-
line phosphatase, gamma glutamyl transferase, total bilirubin, direct 
bilirubin, creatinine, cystatin c, urine microalbumin, urine sodium, 
C-reactive protein, rheumatoid factor, urate and vitamin D. Biomarker 
data were available on a subset of participants with organ-specific T1 
times (Supplementary Table 6). Biomarkers with skewed distribu-
tions, including lipoprotein(a), C-reactive protein, rheumatoid factor, 
urine microalbumin and gamma glutamyl transferase, were first trans-
formed on the logarithmic scale. All biomarkers were then standard-
ized. Estimated glomerular filtration was calculated using the CKD-EPI 
equation incorporating both serum creatinine and cystatin C9. Multiple 
linear regression was used to assess the association of biomarkers with 
organ-specific T1 time further adjusting for age at enrollment, sex, body 
mass index and MRI scanner. Two-sided P values < 1.9 × 10−3 (0.05/26) 
were considered statistically significant and 1.9 × 10−3 ≤ P values < 0.05 
were considered borderline significant.

Genotype data, imputation, sample and variant QC
In total, 488,377 UKB participants were genotyped using either one of 
two overlapping arrays—the UK BiLEVE Axiom Array or the UKB Axiom 
Array. Before imputation, a number of quality-control (QC) filters 
were applied to the genotype data. Variants with >5% missing rate, 
minor allele frequency <0.0001 and that violated Hardy–Weinberg 
equilibrium (P-value threshold <1 × 10−12) were excluded. Additionally, 
samples that were identified as outliers for genotype missingness rate 
(>5%) and heterozygosity were also excluded. These filters resulted in a 
genotype dataset that included 670,730 autosomal variants in 487,442 
samples. Imputation into the Haplotype Reference Consortium and 
UK10K + 1000 Genomes phase 3 reference panels was carried out using 
IMPUTE4. The imputation process resulted in a dataset with 93,095,623 
autosomal SNPs and short indels in 487,442 individuals90.

Sample and variant QC filters were applied before conducting 
genetic association analyses for each organ-specific T1 time, separately. 
Samples with sex chromosome aneuploidy and those with discord-
ant genetically inferred and self-reported sex were excluded. One of 
each pair of third-degree relatives or closer was excluded. Variants 
with imputation quality score (INFO) <0.3 and those with minor allele 
frequency <0.01 were excluded. Following genomic QC, our dataset 
included 36,516/37,567 (n post-genomic QC/n pre-genomic QC with 
T1 time data); 33,862/35,754; 39,339/41,505; and 30,155/31,730 partici-
pants with liver, pancreas, heart and renal cortex T1 time, respectively 

(Supplementary Fig. 1). The number of SNPs and short indels included 
in each organ-specific T1 time GWAS were: 9,850,430 (liver), 9,856,647 
(pancreas), 9,853,972 (heart) and 9,856,061 (renal cortex).

Genome-wide common variant association analysis methods
We performed a common variant genome-wide association analysis of 
organ-specific T1 times using a fixed-effects linear regression model 
in PLINK 2.0 (ref. 102). The models were adjusted for age at MRI, sex, 
MRI scanner, genotyping array and the first ten principal components 
of genetic ancestry. Rank-based inverse-normal transformation was 
applied to the measured T1 times from each organ. As such, effect size 
estimates in the GWAS are dimensionless and reflect approximately 
multiples of one standard deviation of the underlying quantitative 
trait. A two-sided P value < 5 × 10−8 was used to define genome-wide 
significant common variants. Distinct genomic loci were defined by 
starting with the variant with the lowest P value, excluding other vari-
ants within 500 kb, and iterating until no variants remained. The inde-
pendently significant variants with the lowest P value at each genomic 
locus are termed lead variants. We then performed a conditional 
analysis adjusting for the imputed allele dosage of each lead variant 
to examine for additional independent genome-wide significant 
variants within a locus. To examine the genetic determinants of liver 
T1 time independent of liver iron content, we performed a sensitiv-
ity genetic association analysis of iron-corrected T1 time provided in 
the UKB (field ID: 40062)13 in a subset of the study participants with 
measured liver T1 time (n = 28,221/36,516). We additionally performed 
a sensitivity GWAS of renal cortex T1 time adjusting for eGFR to exam-
ine the genetic determinants of renal cortex T1 time independent 
of renal function (n = 28,658/30,155). Linkage disequilibrium (LD) 
score regression analysis was performed using ldsc version 1.0.0 
(ref. 103). With ldsc, the genomic control factor (λGC) was partitioned 
into components reflecting polygenicity and inflation, using the 
software’s defaults.

Regional association plots were generated with LocusZoom.js 
(v5.16.0)104 using LD data from the 1000G phase 3 European reference 
panel. In instances where lead SNPs were not part of the 1000G phase 
3 reference panel, in-sample LD was calculated using PLINK 1.9.

Heritability and genetic correlation analysis
SNP heritability of organ-specific T1 times were assessed using 
BOLT-REML (v2.3.4)105. We also computed genetic correlation between 
organ-specific T1 times using LDSC (v1.0.0)106.

Single-cell analysis
We analyzed four publicly available single-cell datasets62–65. All datasets 
were imported into R and analyzed using Seurat (v4.3.0.1)107. To gener-
ate modules, the gene lists were input into Seurat’s AddModuleScore 
function. All results were visualized over imported uniform manifold 
approximation and projection embeddings derived from the original 
publications.

Association of burden of multi-organ fibrosis with mortality
A time-to-event analysis was performed to assess the association of 
burden of multi-organ interstitial fibrosis with all-cause mortality. 
In total, 23,293 participants with complete T1 time data for the liver, 
pancreas, heart and renal cortex were included. Follow-up time was 
defined as time from MRI visit to death or last follow-up. We strati-
fied the cohort into the upper 20th and lower 80th percentiles of 
organ-specific T1 time. We first compared the all-cause mortality HRs 
associated with the top quintile of T1 time in each organ by fitting a 
Cox proportional-hazards model including T1 time in all four organs 
categorized by the upper 20th versus lower 80th percentiles. We found 
that the HRs (s.e.) associated with the top quintile of T1 time in each 
organ were overall similar with a marginally higher HR associated with 
the top quintile of liver T1: HRtop quintile of heart T1/lower 4 quintiles = 1.48 (0.21);  
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HRtop quintile of liver T1/lower 4 quintiles = 1.89 (0.20); HRtop quintile of pancreas T1/lower 4 quintiles =  
1.47 (0.21); and HRtop quintile of kidney cortex T1/lower 4 quintiles = 1.44 (0.22). To 
approximate the burden of multi-organ fibrosis, we devised a simple 
score where one point was assigned for each organ T1 time value fall-
ing in the upper 20th percentile. We additionally generated a score 
weighted by the all-cause mortality HR associated with the top quin-
tile of T1 time in each organ. We found that the discriminatory power 
of the simple and weighted score for all-cause mortality was similar 
(Harrel’s C-statistic: weighted score 0.622 and simple score 0.615). As 
such, we used the simple score in our analysis. Using a multivariable 
Cox proportional-hazards model adjusted for age at time of MRI, sex, 
 body mass index, MRI scanner, coronary artery disease, heart failure, 
atrial fibrillation, type 1 diabetes mellitus, type 2 diabetes mellitus, 
hypertension, hyperlipidemia, chronic kidney disease, cirrhosis, pan-
creatitis and history of malignancy, we examined the association of 
increasing burden of multi-organ fibrosis (0 versus 1–2 and 0 versus  
3–4 organs with T1 time in the upper 20th percentile) with all-cause 
mortality. Kaplan–Meier curves were constructed to compare the 
cumulative incidence of all-cause mortality across groups of increas-
ing burden of multi-organ interstitial fibrosis. The log-rank test was 
used to test for differences in survival across the examined groups. 
The validity of the proportional-hazards assumption was verified by 
examining the Schoenfeld residuals. All statistical tests were performed 
using R (v4.0.2).

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

Data availability
UKB data are made available to researchers from research institutions 
with genuine research inquiries, following IRB and UKB approval. 
Genome-wide association analysis summary statistics are available 
from the Downloads page of the Cardiovascular Disease Knowledge 
Portal (https://cvd.hugeamp.org/). Genome Reference Consortium 
Human Build 37 (GRCh37) data are publicly available at https://www.
ncbi.nlm.nih.gov/assembly/GCF_000001405.13/. Genome Reference 
Consortium Human Build 38 (GRCh38) data are publicly available 
at https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.26/. 
Single-cell data for each organ are available via: Liver, (Gene Expres-
sion Omnibus (GEO) accession number GSE185477); Pancreas, https://
doi.org/10.6084/m9.figshare.12173232 (ref. 108); Heart, processed 
single-cell data are available at https://singlecell.broadinstitute.org/
single_cell/study/SCP1849/ and raw sequence data are available for 
authorized users at the database of Genotypes and Phenotypes, under 
accession number phs001539.v4.p1; Kidney, https://doi.org/10.6084/
m9.figshare.21587670.v1 (ref. 109) (single-cell data) and https://doi.
org/10.6084/m9.figshare.21587679.v1 (ref. 110) (single-nucleus data). 
Source data are provided with this paper. All other data are contained 
within the article and its supplementary information.

Code availability
Code used to ingest, for QC and to train machine learning models 
is available at https://github.com/broadinstitute/ml4h under an 
open-source BSD license.

References
90.	 Bycroft, C. et al. The UK Biobank resource with deep phenotyping 

and genomic data. Nature 562, 203–209 (2018).
91.	 Sudlow, C. et al. UK Biobank: an open access resource for 

identifying the causes of a wide range of complex diseases of 
middle and old age. PLoS Med. 12, e1001779 (2015).

92.	 Littlejohns, T. J. et al. The UK Biobank imaging enhancement of 
100,000 participants: rationale, data collection, management 
and future directions. Nat. Commun. 11, 2624 (2020).

93.	 Petersen, S. E. et al. UK Biobank’s cardiovascular magnetic 
resonance protocol. J. Cardiovasc. Magn. Reson. 18, 8  
(2015).

94.	 Li, C. H. & Lee, C. K. Minimum cross entropy thresholding. Pattern 
Recognit. 26, 617–625 (1993).

95.	 Otsu, N. A threshold selection method from gray-level 
histograms. IEEE Trans. Syst. Man Cybern. 9, 62–66 (1979).

96.	 He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for 
image recognition. Preprint at https://arxiv.org/abs/1512.03385 
(2015).

97.	 Ronneberger, O., Fischer, P. & Brox, T. U-Net: convolutional 
networks for biomedical image segmentation. in Medical Image 
Computing and Computer-Assisted Intervention – MICCAI 2015 
(eds Navab, N. et al.) vol. 9351, 234–241 (Springer International 
Publishing, 2015).

98.	 Deng, J. et al. ImageNet: a large-scale hierarchical image 
database. in 2009 IEEE Conference on Computer Vision 
and Pattern Recognition 248–255 https://doi.org/10.1109/
CVPR.2009.5206848 (IEEE, 2009).

99.	 Kingma, D. P. & Ba, J. Adam: a method for stochastic optimization. 
Preprint at https://arxiv.org/abs/1412.6980v9 (2017).

100.	Huang, G., Liu, Z., Pleiss, G., Maaten, Lvander & Weinberger, K. Q.  
Convolutional networks with dense connectivity. IEEE Trans. 
Pattern Anal. Mach. Intell. 44, 8704–8716 (2022).

101.	 Wu, P. et al. Mapping ICD-10 and ICD-10-CM codes to phecodes: 
workflow development and initial evaluation. JMIR Med. Inform. 7, 
e14325 (2019).

102.	Chang, C. C. et al. Second-generation PLINK: rising to the 
challenge of larger and richer datasets. Gigascience 4, 7  
(2015).

103.	Schizophrenia Working Group of the Psychiatric Genomics 
Consortium. et al. LD score regression distinguishes confounding 
from polygenicity in genome-wide association studies. Nat. 
Genet. 47, 291–295 (2015).

104.	Boughton, A. P. et al. LocusZoom.js: interactive and embeddable 
visualization of genetic association study results. Bioinformatics 
https://doi.org/10.1093/bioinformatics/btab186 (2021).

105.	Loh, P.-R. et al. Contrasting genetic architectures of schizophrenia 
and other complex diseases using fast variance-components 
analysis. Nat. Genet. 47, 1385–1392 (2015).

106.	Bulik-Sullivan, B. et al. An atlas of genetic correlations across 
human diseases and traits. Nat. Genet. 47, 1236–1241 (2015).

107.	 Hao, Y. et al. Integrated analysis of multimodal single-cell data. 
Cell 184, 3573–3587 (2021).

108.	Tosti, L et al. In situ RNA sequencing of the juvenile, adult 
and diseased pancreas. Figshare. https://doi.org/10.6084/
m9.figshare.12173232.v1 (2020).

109.	Quatredeniers, M. scRNA-seq dataset. Figshare https://doi.
org/10.6084/m9.figshare.21587670.v1 (2022).

110.	 Quatredeniers, M. snRNA-seq dataset. Figshare https://doi.
org/10.6084/m9.figshare.21587679.v1 (2022).

Acknowledgements
This research has been conducted using the UKB resource under 
application number 7089. We acknowledge the contributions of 
the UKB participants without whom this work would not have been 
possible. National Institutes of Health (NIH) T32HL007604 grant 
to V.N.; grants from the NIH (1RO1HL092577, 1R01HL157635 and 
5R01HL139731), the American Heart Association (18SFRN34230127, 
961045) and the European Union (MAESTRIA 965286) to P.T.E.; Scholar 
award from the Sarnoff Cardiovascular Research Foundation and NIH 
grant K08HL159346 to J.P.P.; NIH 1R01HL139731, NIH R01HL157635 
and AHA 18SFRN34250007 grants to S.A.L.; NIH 5T32HL007208-42 
grant to M.C.H.; Walter Benjamin Fellowship from the Deutsche 
Forschungsgemeinschaft (521832260) to S.K.

http://www.nature.com/naturemedicine
https://cvd.hugeamp.org/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.26/
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE185477
https://doi.org/10.6084/m9.figshare.12173232
https://doi.org/10.6084/m9.figshare.12173232
https://singlecell.broadinstitute.org/single_cell/study/SCP1849/
https://singlecell.broadinstitute.org/single_cell/study/SCP1849/
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001539.v4.p1
https://doi.org/10.6084/m9.figshare.21587670.v1
https://doi.org/10.6084/m9.figshare.21587670.v1
https://doi.org/10.6084/m9.figshare.21587679.v1
https://doi.org/10.6084/m9.figshare.21587679.v1
https://github.com/broadinstitute/ml4h
https://arxiv.org/abs/1512.03385
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1109/CVPR.2009.5206848
https://arxiv.org/abs/1412.6980v9
https://doi.org/10.1093/bioinformatics/btab186
https://doi.org/10.6084/m9.figshare.12173232.v1
https://doi.org/10.6084/m9.figshare.12173232.v1
https://doi.org/10.6084/m9.figshare.21587670.v1
https://doi.org/10.6084/m9.figshare.21587670.v1
https://doi.org/10.6084/m9.figshare.21587679.v1
https://doi.org/10.6084/m9.figshare.21587679.v1


Nature Medicine

Article https://doi.org/10.1038/s41591-024-03010-w

Author contributions
V.N. and P.T.E. conceived the study. M.D.R.K. ingested and prepared the 
MRI data. V.N., M.D.R.K., P.D.A. and J.T.R., performed QC. M.D.R.K. and 
D.F.P. trained machine learning models. V.N. and M.D.R.K. performed 
the main analyses. V.N., M.D.R.K. and P.T.E. wrote the paper. All other 
authors contributed to the analysis plan or provided critical revisions.

Competing interests
M.D.R.K., P.D.A and P.B. are supported by grants from Bayer AG and 
IBM applying machine learning in cardiovascular disease. P.B. has 
consulted for Novartis and Prometheus Biosciences. P.B. is now 
employed by Flagship Pioneering. P.D.A. is now employed by Google. 
S.A.L. is now employed by Novartis. S.A.L. received sponsored 
research support from Bristol Myers Squibb/Pfizer, Bayer AG, 
Boehringer Ingelheim, Fitbit and IBM, and has consulted for Bristol 
Myers Squibb/Pfizer, Bayer AG, Blackstone Life Sciences and Invitae 
previously. P.T.E. receives sponsored research support from Bayer AG, 
IBM Research, Bristol Myers Squibb, Pfizer and Novo Nordisk; and has 

also served on advisory boards or consulted for MyoKardia and Bayer 
AG. The remaining authors declare no competing interests.

Additional information
Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s41591-024-03010-w.

Correspondence and requests for materials should be addressed to 
Patrick T. Ellinor.

Peer review information Nature Medicine thanks David Brenner, 
Gerhard-Paul Diller, Yingkun Guo and Katalin Susztak for their 
contribution to the peer review of this work. Primary Handling Editor: 
Jerome Staal, in collaboration with the Nature Medicine team.

Reprints and permissions information is available at  
www.nature.com/reprints.

http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-024-03010-w
http://www.nature.com/reprints







	Noninvasive assessment of organ-specific and shared pathways in multi-organ fibrosis using T1 mapping

	Results

	Machine learning enables quantification of T1 time at scale

	Fibrosis is associated with disease in multiple organ systems

	T1 time and cardiac, metabolic and fibrotic diseases

	Biomarker associations of T1 time mirror its link to disease

	Multi-organ T1 GWAS reveals shared and organ-specific pathways

	Liver T1 time GWAS
	Pancreas T1 time GWAS
	Heart T1 time GWAS
	Renal cortex T1 time GWAS
	Multi-organ T1 time shared loci

	Cell-type-specific expression of multi-organ T1 GWAS loci

	Burden of multi-organ fibrosis associated with mortality


	Discussion

	Online content

	Fig. 1 Study flow chart.
	Fig. 2 Multi-organ T1 time association with disease.
	Fig. 3 Multi-organ T1 time genome-wide association results.
	Fig. 4 Genetic correlation of multi-organ T1 time.
	Fig. 5 All-cause mortality stratified by number of organs with T1 time in the top quintile.
	Table 1 Study sample characteristics at time of first visit for MRI.




