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Background. There are challenges in achieving and maintaining therapeutic tacrolimus levels after solid organ transplanta-
tion (SOT). The purpose of this genome-wide association study was to generate an integrated clinical and genetic prediction 
model for tacrolimus levels in pediatric SOT. Methods. In a multicenter prospective observational cohort study (2015–2018), 
children <18 years old at their first SOT receiving tacrolimus as maintenance immunosuppression were included (455 as dis-
covery cohort; 322 as validation cohort). Genotyping was performed using a genome-wide single nucleotide polymorphism 
(SNP) array and analyzed for association with tacrolimus trough levels during 1-y follow-up. Results. Genome-wide associa-
tion study adjusted for clinical factors identified 25 SNPs associated with tacrolimus levels; 8 were significant at a genome-wide 
level (P < 1.025 × 10−7). Nineteen SNPs were replicated in the validation cohort. After removing SNPs in strong linkage disequi-
librium, 14 SNPs remained independently associated with tacrolimus levels. Both traditional and machine learning approaches 
selected organ type, age at transplant, rs776746, rs12333983, and rs12957142 SNPs as the top predictor variables for 
dose-adjusted 36- to 48-h posttacrolimus initiation (T1) levels. There was a significant interaction between age and organ type 
with rs776476*1 SNP (P < 0.05). The combined clinical and genetic model had lower prediction error and explained 30% of the 
variation in dose-adjusted T1 levels compared with 18% by the clinical and 12% by the genetic only model. Conclusions. 
Our study highlights the importance of incorporating age, organ type, and genotype in predicting tacrolimus levels and lays the 
groundwork for developing an individualized age and organ-specific genotype-guided tacrolimus dosing algorithm.
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INTRODUCTION
Tacrolimus, a calcineurin inhibitor, is one of the most com-
monly used immunosuppressive medications after solid 
organ transplantation. Therapeutic drug monitoring is 
required to maintain blood levels within a target range. 
There are significant challenges in achieving and maintain-
ing therapeutic drug concentrations in pediatric transplant 
recipients, related in part to developmental changes in 
drug metabolism.1

Tacrolimus is almost completely metabolized through 
the cytochrome P450 enzymes, CYP3A5 and CYP3A4, 
in the liver and to a lesser extent in enterocytes.2 First 
steady state concentration is usually achieved at 36–48 
hours after initiation of tacrolimus.3 Delay in achieving 
stable therapeutic levels in the early transplant period is 
associated with increased risk of developing donor-spe-
cific antibodies, rejection, and graft loss.4,5 Single nucle-
otide polymorphisms (SNPs) in CYP3A5 and CYP3A4 
genes are important contributors to the variation in tac-
rolimus levels and dosage requirements.6,7 The Clinical 
Pharmacogenetics Implementation Consortium (CPIC) 
guidelines8 recommend adjusting tacrolimus starting dos-
age based on recipient CYP3A5*3, *6, and *7 genotype 
status but fail to take into account a potential contribution 
of other SNPs in the recipient (and donor), or of clinical 
factors like age, sex, organ type, concomitant interacting 
medications like CYP3A4 inducers/inhibitors which also 
contribute to variability in tacrolimus levels and dosing 
requirements.9,10 Additionally, most studies are limited to 
adult kidney transplant recipients and do not explore dif-
ferences by organ type.11,12

The purpose of this study was to identify recipient and 
donor genotypes associated with tacrolimus levels across 
all organs and develop a prediction model for dose-
adjusted tacrolimus levels that incorporate both genetic 
and clinical factors in a large cohort of pediatric transplant 
recipients.

MATERIALS AND METHODS

Study Cohort
Children <18 years old undergoing their first heart, liver, 

kidney, or lung transplant were recruited from 2015 to 2018 
as part of a multicenter observational cohort study involv-
ing 7 Canadian pediatric transplant centers (POSITIVE 
cohort). Details of the study design have been previously 
published.13 DNA samples from eligible pediatric trans-
plant recipients in BioVU, a biorepository of deidenti-
fied patient samples at the Vanderbilt University Medical 
Center, were used for external validation.14 Patients who 
received tacrolimus immunosuppression after transplant 
were eligible for this analysis. Retransplants and multiple 

organ transplants were excluded. Written informed con-
sent was obtained from participants and their parents or 
legal guardians. Living donors were consented for blood 
or saliva for DNA. For deceased donors, anonymized 
archived DNA samples were obtained from the local HLA 
laboratory after verification of donor consent for research 
by the local organ donor procurement organization. The 
study was approved by the Institutional Research Ethics 
Board at each center.

Data Collection
Pretransplant data, including demographics, dates of 

listing and transplant, primary diagnosis, height, weight, 
blood type, and donor information, were captured 
from medical records and an enrollment questionnaire. 
Posttransplant data included laboratory, medication and 
outcomes at 6 time points: 36–48 hours posttacrolimus 
initiation, 7 ± 3 days, 14 ± 3 days, 30 ± 3 days, 3 ± 1 months, 
and 12 ± 3 months posttransplant. Tacrolimus trough lev-
els were measured using the liquid chromatography-tan-
dem mass spectrometry (LC-MS-MS) assay in accredited 
institutional Therapeutic Drug Monitoring laboratories 
except for Montreal Children’s Hospital, which used the 
Abbott ARCHITECT assay. Target therapeutic ranges for 
tacrolimus levels by organ are described in Table S1 (SDC, 
http://links.lww.com/TP/C152). All patients received main-
tenance immunosuppression that included mycophenolate 
mofetil in addition to tacrolimus as per standard-of-care. 
Induction immunosuppression varied by organ type and 
center and included a combination of steroids, antithymo-
cyte globulin (ATG) in heart recipients, and basiliximab 
in kidney recipients (ATG in selected cases). Only selected 
liver recipients (ATG or basiliximab) and selected infant 
lung recipients (ATG) received induction immunosuppres-
sion at transplant.

Genotyping
DNA from recipients and donors was genotyped using 

the Axiom Transplant Genotyping Array (ThermoFisher, 
Carlsbad, CA) developed by the iGeneTRAiN international 
consortium.15 This array has ~782 000 markers enriched 
for transplant-relevant SNPs. IMPUTE2 software16 with 
1000 genomes as its reference was used to impute missing 
genotypes for 752 011 SNPs on the array. Four lakh eighty-
seven thousand seven hundred nighty-five autosomal vari-
ants meeting SNP call rate >90%, minor allele frequency 
(MAF) >0.01 and Hardy-Weinberg exact test P > 10−6 were 
included in the analysis.

Statistical Analysis
Continuous variables were reported as mean (SD) or 

median (interquartile range), and categorical variables 
were reported as frequencies and proportions. Means were 
compared using Student t-test, medians were compared 
using Wilcoxon rank-sum test and proportions were com-
pared with Pearson’s χ2 or Fisher’s exact test. All statistical 
tests were performed using R software version 3.4 (www.r-
project.org) and Stata software version 16.

GWAS for SNPs Associated With Tacrolimus Levels
Clinical factors associated with tacrolimus levels in the 

discovery cohort were first identified using a multivariable 
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linear-mixed effects model with backward deletion with 
retention P < 0.1. Next, to adjust for population stratifica-
tion based on ethnicity, a Principal Component Analysis of 
ancestry markers mapped to the HapMap3 population was 
performed in the discovery cohort. First and second prin-
cipal components (PC1 and PC2) explaining the highest 
genetic variation due to ancestry were included as covari-
ates in the statistical models. To identify SNPs associated 
with tacrolimus levels, genome-wide analysis was conducted 
with adjustment for clinical factors and PC1 and PC2 in the 
discovery cohort with genome-wide significance defined as a 
P < 1.025 × 10−7 based on Bonferroni correction for multiple 
testing.17 For initial discovery, SNPs that met a more liberal 
P < 1 × 10−5 were included for downstream analyses.

GWAS Power Calculations
Kelly, Stallard, and Whittaker method18 was used to 

calculate the sample size required to achieve a prespeci-
fied power for the genome-wide association study (GWAS) 
given a type I error rate. Based on MAF range for signifi-
cant SNPs of 0.07–0.35, a sample size of 270 was suffi-
cient to fulfill 80% of power with 0.05 type I error rate 
to observe an additive SNP effect with β-coefficient 1.74.

Redundancy Analysis
Redundant SNPs in strong linkage disequilibrium (LD) 

were excluded by constructing an LD plot that included 
the significant SNPs from GWAS as well as 3 SNPs deemed 
clinically relevant from previous studies (CYP3A4*22, 
CYP3A5*6, and CYP3A5*7).6,7 SNPs that were highly 
correlated (r2 > 0.75) were grouped into haplotype blocks. 
Additional redundancy analysis was conducted to remove 
highly correlated SNPs within each block.19 Subgroup 
analyses were performed using linear-mixed models for 
association of independent SNPs with tacrolimus levels 
stratified by organ type.

Interaction Between Age and Organ Type With 
rs776746*1 SNP on Dose-adjusted T1 Levels

To determine if the association of genotype with tacroli-
mus levels was influenced by age and organ type, linear 
regression analysis was performed in the combined discov-
ery and validation cohorts to determine interaction effect 
between (i) age and (ii) organ type, with the top-ranked 
SNP (rs776746) for log-transformed dose-adjusted first 
tacrolimus trough levels after drug initiation (T1), that is, 
first trough level 36–48 hours after tacrolimus initiation 
divided by total daily starting dose. Carriers of rs776746*1 
SNP were defined as CYP3A5 expresssors and noncarriers 
were defined as CYP3A5 nonexpresssors. Patients were 
categorized into 3 age groups—infant (<2 y), child (2–10 
y), and adolescent (≥11 y) since infancy and adolescence 
are the periods characterized by marked physiological 
changes secondary to developmental maturation, growth, 
and hormonal influences that can independently influence 
drug disposition. The interaction analysis was adjusted for 
organ type. Similarly, to test interaction between organ 
type and SNP, the analysis was adjusted for age. Lung 
transplants were excluded from the interaction analysis 
due to small numbers. For patients in whom both recipi-
ent and donor genotypes were available, the association of 
donor genotype with tacrolimus levels was analyzed.

Prediction Model for Dose-adjusted Tacrolimus Levels
The final set of independent (nonredundant) SNPs 

was used for model development. Given the importance 
of achieving therapeutic tacrolimus levels early after 
transplant when variability is highest, we built a predic-
tion model for dose-adjusted T1 levels. Since a machine 
learning approach may provide better prediction accuracy 
than traditional approaches,20 we first used least absolute 
shrinkage and selection operator (lasso) model to select 
variables that predicted log-transformed dose-adjusted T1 
levels (level/dose). The tuning parameter ג)) was selected 
using 10-fold cross-validation. The model with minimum 
out of sample mean squared error was selected. Next, we 
used linear regression with stepwise backward deletion 
to determine the significant predictors of log-transformed 
dose-adjusted T1 levels in the discovery cohort and com-
pared the performance of linear and lasso models in the 
cohort. Three linear regression models were developed 
using (1) clinical predictors only, (2) SNPs only, and (3) 
both clinical predictors and SNPs. All models were tested 
in the validation cohort, and prediction accuracy of each 
model was compared using the mean squared error and 
coefficient of determination, r2. Finally, we combined the 
discovery and validation cohorts to compare model per-
formance across different organs using linear regression 
analysis.

RESULTS
Overall, 897 transplant recipients in the discovery and 

validation cohorts were genotyped; 88 patients with incom-
plete data and 32 recipients where genotyping did not 
meet quality control criteria were excluded. The first 455 
eligible transplant recipients (2375 levels) with at least 2 
available tacrolimus levels during follow-up recruited into 
POSITIVE were used for GWAS discovery and prediction 
model development, 322 recipients (213 from POSITIVE, 
109 from BioVU) (1274 levels) were used for model vali-
dation, and 146 matched recipient-donor pairs were used 
for donor genotype association analysis. The characteris-
tics of the discovery and validation cohorts are shown in 
Table 1. There were only minor differences in ethnicity and 
organ transplant distribution between the validation and 
discovery cohorts with more kidney transplants in valida-
tion compared with discovery cohort. Figure 1A shows the 
variability in tacrolimus trough levels during 1-y posttrans-
plant follow-up in the discovery cohort (n = 2375 tacrolimus 
levels) at 6 posttransplant time points: 36–48 hours post-
Tac initiation (n = 398), 7 days (n = 410), 14 days (n = 409), 
30 days (n = 403), 3 months (n = 398), and 12 months post-
transplant (n = 357). Overall, 13% of levels were missing. 
Forty-four percent of tacrolimus levels were in the presence 
of CYP3A4 inhibitors with the 2 most frequent CYP3A4 
inhibitors being amlodipine in 50% and fluconazole in 7% 
patients (Figure S1, SDC, http://links.lww.com/TP/C227). A 
multivariable mixed effects model identified older age, organ 
type (higher levels in heart, liver, lung versus kidney), tac-
rolimus dosage, and concomitant CYP3A4 inhibitor use as 
factors associated with higher tacrolimus levels (Figure 1B). 
Higher levels in heart recipients were seen despite similar 
target concentrations as kidney recipients; higher levels in 
liver recipients occurred despite similar target concentra-
tions as kidney recipients after 3 months posttransplant.

http://links.lww.com/TP/C227
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GWAS SNPs Associated With Tacrolimus Levels
Figure S2 (SDC, http://links.lww.com/TP/C228) shows 

the Principal Component Analysis plot of ancestry mark-
ers in the discovery cohort mapped to the HapMap3 
population. After adjustment for age, gender, PC1, PC2, 
organ type, and concomitant CYP3A4 inhibitor use, 25 
SNPs were significantly associated with tacrolimus trough 
levels (P < 10−5) in the discovery cohort, of which 8 were 
significant at a genome-wide level (P < 1.025 × 10−7) (Table 
S2, SDC, http://links.lww.com/TP/C152). The MAF of sig-
nificant SNPs ranged from 0.07 to 0.35. Figure 2A shows 
the GWAS Manhattan plot with 21 of the 25 significant 
SNPs residing on chromosome 7; 14 mapped to pharma-
cogenes—CYP3A4, CYP3A5, CYP3A7, and CYP3A7-
CYP3AP1. Figure 2B shows a quantile-quantile (Q-Q) plot 
of the observed versus expected P for SNP association. The 
most strongly associated SNP was the previously known 
rs776746 (CYP3A5) (P = 9.71 × 10−13). Nineteen of these 
25 SNPs from the discovery cohort were also significant 
in the POSITIVE validation cohort (Table S2, SDC, http://
links.lww.com/TP/C152).

We constructed an LD plot of all 25 SNPs, and, using 
a correlation coefficient threshold of r2 > 0.75, we iden-
tified 4 haplotype blocks (Figure S3, SDC, http://links.
lww.com/TP/C228). After excluding redundant SNPs (ie, 
SNPs that were in linear combination) in each haplotype 
group, 14 independent SNPs were retained for prediction 
modeling (Figure  2C). Of these 14 SNPs, rs72816873, 
rs12957142, and rs35154575 were associated with 
higher tacrolimus levels and the remainder with lower 
levels. Seven SNPs mapped to pharmacogenes—CYP3A4, 
CYP3A5, CYP3A4-CYP3A7, CYP3A7-CYP3AP1, and 
CYP3A5-ZKSCAN5. The others mapped to ARPC1B-
ARPC1A, VPS35-ORC6, MN1-LINC01422, KC6-
LOC101927900, ARPC1A, ZC3H13-SIAH3, and 
MYH16 genes.

Subgroup Analyses
Subgroup analysis of the 14 independent SNPs in the 

discovery cohort by organ type showed that all 14 SNPs 
were significantly associated with tacrolimus levels in 
heart, 11 SNPs were significant in kidney, and 6 were sig-
nificant in liver recipients (P < 0.05) (Table S2, SDC, http://
links.lww.com/TP/C152). Because of the small number, 
we did not perform subgroup analysis in lung transplant 
recipients (n = 16). Subgroup analysis of 146 recipients 
with available donor genotypes (63 kidney, 67 heart, 10 
liver, 6 lung) showed no association of donor genotype for 
the14 independent SNPs with tacrolimus levels in the liver 
and nonliver recipients.

Interaction Between Age and Organ Type With 
rs776746*1 SNP on Dose-adjusted T1 Levels

There was a significant interaction between age and 
rs776746*1 SNP on T1 levels after adjusting for organ type 
(P = 0.032). Although the levels were higher in CYP3A5 
nonexpressors compared with expressors across all 3 
age groups (P < 0.01), the difference in levels was greater 
in infants (effect size 0.73) and adolescents (effect size 
0.67) compared with children (effect size 0.34) (P < 0.05 
for children versus other age groups) (Figure 3A). There 
was also a significant interaction between organ type and 
rs776746*1 SNP on association with log-transformed 
dose-adjusted T1 levels after adjusting for age (P < 0.01). 
Although the levels were higher in CYP3A5 nonexpres-
sors compared with expressors across all 3 organ groups 
(P < 0.001), the difference in levels was greater in heart 
(effect size 0.92) than in kidney (effect size 0.42) and liver 
transplant recipients (effect size 0.46) (P < 0.01 for heart 
versus other organs) (Figure 3B).

Prediction Model for T1 Tacrolimus Levels
We first used a machine learning approach with the 

lasso model, which selected 15 variables as predictors of 
T1 levels. The most important predictors were organ type, 
age at transplant, rs776746, rs12333983, and rs12957142 
SNPs. Linear regression with stepwise deletion also 
selected the same variables as significant predictors of T1 
levels. The strength and direction of effect of clinical vari-
ables and SNPs selected from the lasso model is described 
in Figure 4A and B.

We used the selected variables to build 3 prediction 
models for dose-adjusted T1 levels using the discovery 
cohort—clinical only, SNP only, and clinical+SNP. Model 
performance was assessed in the validation cohort. The 
combined model had a lower prediction error than the 
clinical only or SNP only model (Table 2). The relation-
ship between predicted and observed levels is illustrated 
in Figure 4C. The combined model explained 30% of the 
variation in T1 levels as compared with 18% by the clini-
cal only and 12% by the SNP only model. Although we 
selected 3 SNPs, rs776746 was the most important SNP as 
it explained 10% of the variation in dose-adjusted T1 lev-
els in the overall cohort compared with 4% by rs12333983 
and 1% by rs12957142. When analyzed across organ 
groups, age and the 3 top SNPs explained 23% of the 
variability in heart but only 14% and 9% variability in 
dose-adjusted T1 levels in liver and kidney, respectively 
(Figure 4D).

TABLE 1.

Characteristics of transplant recipients

 
 

Discovery (N = 455) Validation (N = 322)

P n (%) n (%)

Median age at  
transplant (IQR) (y)

4.5 (1.0–11.7) 6.1 (2.0–13.1) 0.003

Sex: male 247 (54%) 176 (55%) 0.918
Self-reported race    
  White 287 (63%) 249 (77%) <0.001
  Black 18 (4%) 19 (6%)  
  Aboriginal 14 (3%) 12 (4%)  
  Asian 89 (20%) 30 (9%)  
  Mixed 40 (9%) 11 (3%)  
  Unknown 7 (2%) 1 (0.3%)  
Organ type    
  Kidney 133 (29%) 151(47%) <0.001
  Heart 151 (33%) 80 (25%)  
  Liver 161 (35%) 85 (26%)  
  Lung 10 (2%) 6 (2%)  
Donor type    
  Deceased 301 (66%) 209 (65%) 0.718

IQR, interquartile range.

http://links.lww.com/TP/C228
http://links.lww.com/TP/C152
http://links.lww.com/TP/C152
http://links.lww.com/TP/C152
http://links.lww.com/TP/C228
http://links.lww.com/TP/C228
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DISCUSSION
Current practice guidelines for genotype-guided tac-

rolimus starting dose after organ transplant do not take 
into consideration interacting clinical factors that can 
influence tacrolimus levels. Our study used an unbiased 
approach to identify and validate known and novel SNPs 
that were independently associated with tacrolimus levels 

posttransplant after adjusting for clinical variables. The 
top-ranked clinical and genetic variables explained 30% 
of the variability in tacrolimus starting levels (T1). A com-
bined model incorporating clinical and genetic variables 
had lower prediction error for dose-adjusted T1 levels 
compared with the clinical or SNP only models, and there 
were performance differences by organ subtype.

FIGURE 1.  A, Box plot of tacrolimus levels by time after transplant (n = 455 recipients; 2375 tacrolimus levels). The x-axis shows 
tacrolimus levels at 6 posttransplant time points (36–48 h post-Tac initiation (n = 398), 7 d (n = 410), 14 d (n = 409), 30 d (n = 403), 3 mo 
(n = 398), and 12 mo posttransplant (n = 357) in kidney (purple), heart (red), liver (blue), and lung (green) transplant recipients. The boxes 
represent medians and interquartile ranges, the whiskers represent minimum and maximum values, and the dots represent outliers. B, 
Forest plot of variables associated with tacrolimus trough levels during 1-y follow-up posttransplant using linear-mixed effects model. 
Tacrolimus levels were higher in liver, heart, and lung recipients compared with kidney recipients. Tacrolimus levels were higher with 
increasing age, concomitant CYP3A4 inhibitor use, and higher tacrolimus dosage. Dots represent parameter estimate for tacrolimus 
levels, and bars represent 95% confidence intervals. *P < 0.05; **P < 0.01; ***P < 0.001. †Posttacrolimus initiation. PC1, first principal 
component; PC2, second principal component; TAC, tacrolimus.
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Overall, our study has several important findings. 
Unlike previous studies that were mostly in adults and 
in kidney recipients, our study used a GWAS approach 
to pharmacogenetic discovery that included all pediatric 
solid organ transplant recipients. This allowed the identifi-
cation of additional SNPs on chromosome 7 (on CYP3A4, 
CYP3A5, CYP3A7, and CYP3A7-CYP3AP1 genes) 
beyond rs776746 (CYP3A5) and also allowed the devel-
opment of an integrated prediction model that included 
organ-specific differences. It highlights the importance of 
moving beyond only a genotype-guided dosing to using an 

integrated clinical and genetic prediction model to inform 
individualized tacrolimus dosing.

Besides confirming an association of previously reported 
factors with tacrolimus levels including organ type, age, 
tacrolimus dosage, and concomitant use of a CYP3A4 
inhibitor drug,1,3,21,22 a GWAS adjusted for these factors 
identified known and new variants associated with tac-
rolimus levels with a cluster located on chromosome 7 
that mapped to the CYP3A family of pharmacogenes.7,23 
The most significant SNP was rs776746, an established 
pharmacogenetic SNP associated with tacrolimus lev-
els and for which CPIC guidelines recommend a higher 
starting dose in CYP3A5 expressors.8 Of the remain-
ing independent SNPs, 5 SNPs (rs2257401, rs2242480, 
rs12333983, rs4646450, rs4646458) mapped to phar-
macogenes CYP3A4, CYP3A5, and CYP3A7.24-27 The 
relatively high proportion of Asians (20%) in our study 
cohort may explain the significant finding with rs2257401, 
a SNP in LD with rs776746, that has been associated with 
tacrolimus levels in a Korean kidney transplant popula-
tion.24,28 There is limited data on the SNP, rs12333983 
(3'-UTR 27674A>T), known to be associated with 
hepatic CYP3A4 expression,29 rs17161780 that maps to 
CYP3A5-ZKSCAN5, and rs12957142 an intergenic SNP. 
Two SNPs, CYP3A5*6 and CYPA5*7, for which CPIC 
guidelines exist, did not reach significance at a genome-
wide level in our study, possibly because these SNPs are 
associated with tacrolimus levels mainly in an African-
American population,16 an ethnic group that was under-
represented in our cohort. CYP3A4*22 (rs35599367) loss 
of function variant, that has been associated with dosage-
adjusted tacrolimus levels in other studies,23,30 was also 
not significant in our study likely because only 1 patient 
was homozygous for this variant. The ABCB1 3435C>T 
SNP (rs1045642)31 previously reported to be associated 
with tacrolimus metabolism did not reach significance in 
our study probably because the effect of ABCB1 poly-
morphism on tacrolimus pharmacokinetics is small.32 Six 
SNPs did not map to pharmacogenetics.

We used a machine learning approach to build a pre-
diction model for dose-adjusted tacrolimus T1 levels that 
combined clinical and genetic factors. We focused primar-
ily on T1 levels since the ability to predict accurate starting 
dose of tacrolimus can improve the achievement and main-
tenance of on-target tacrolimus concentrations.10 Both lin-
ear regression and lasso models selected organ type, age 
at transplant, rs776746, rs12333983, and rs12957142 
as important predictors of dose-adjusted T1 levels. The 
machine learning model had a lower prediction error than 
the linear regression model in the validation cohort, which 
is consistent with other studies that have reported greater 
prediction accuracy with machine learning compared with 
a logistic regression approach.20,33 The performance of the 
combined clinical and SNP model was superior to that 
of the clinical or SNP only models. The combined model 
explained 30% of the variability in tacrolimus dose-
adjusted T1 levels across the cohort. The variability in 
dose-adjusted T1 levels explained by the model was high-
est in heart and lower in liver and kidney recipients.

To further define how age and organ type influenced the 
association of genotype with T1 levels, we performed an 
interaction analysis using the top-ranked SNP, rs776746*1, 
and log-transformed dose-adjusted T1 levels and found a 

FIGURE 2.  GWAS SNPs associated with tacrolimus trough levels. 
A, Manhattan plot showing SNPs associated with tacrolimus levels 
on GWAS analysis with majority of the significantly associated 
SNPs residing on chromosome 7. The red line represents 
genome-wide significance at P < 1.025 × 10−7, and the blue line 
represents P < 1 × 10−5. B, Q-Q plot of the observed vs expected 
P for SNP association with tacrolimus levels. C, Forest plot of 
SNPs independently associated with tacrolimus levels during 
1-y follow-up posttransplant. Colored dots represent parameter 
estimate for tacrolimus levels, and bars represent 95% confidence 
intervals. GWAS, genome-wide association study; SNP, single 
nucleotide polymorphism.
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significant interaction of age and organ type with this asso-
ciation. The difference in T1 levels between nonexpressors 
and expressors was highest in infant and adolescent age 
groups and in heart recipients. While CYP3A5 expres-
sion appears to be independent of age,34,35 tacrolimus 

levels are influenced by several other factors that are age-
dependent. For example, infants have lower dose-adjusted 
T1 levels likely due to a relatively large liver size with 
high plasma clearance of the drug.36 Also, age influences 
the expression of other enzymes like CYP3A4 (active in 

FIGURE 3.  Interaction of age and organ type with association of rs776746*1 SNP with T1 levels. A, Interaction plot of age and 
rs776746*1 SNP (adjusted for organ type). Blue dots represent log-transformed dose-adjusted T1 levels in CYP3A5 nonexpressors, 
red dots represent log-transformed dose-adjusted T1 levels in CYP3A5 expressors, and bars represent 95% CI in 3 age groups. The 
difference in log-transformed dose-adjusted T1 levels between CYP3A5 nonexpressors and expressors was higher in infants (n = 238; 
effect size 0.73; P < 0.001) and adolescents (n = 219; effect size 0.67; P < 0.001) and lower in children (n = 234; effect size 0.34; P < 0.01) 
(P < 0.05 between children and other age groups). B, Interaction plot of organ type and rs776746*1 SNP (adjusted for age). Blue dots 
represent log-transformed dose-adjusted T1 levels in CYP3A5 nonexpressors, red dots represent log-transformed dose-adjusted T1 
levels in CYP3A5 expressors, and bars represent 95% CI in 3 different organ types. The difference in log-transformed dose-adjusted T1 
levels between CYP3A5 nonexpressors and CYP3A5 expressors was higher in heart (effect size 0.92; P < 0.001) than in kidney (effect 
size 0.42; P < 0.001) or liver recipients (effect size 0.46; P < 0.001) (P < 0.01 between heart and other organ recipients). ***P < 0.001, and 
**P < 0.01. SNP, single nucleotide polymorphism.
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FIGURE 4.  Model performance for dose-adjusted T1 level prediction. A, Coefficient path of lasso model with a red vertical line 
indicating selected λ = 0.23, which has smallest out of sample MSE. The y-axis indicates standardized coefficient. Each colored line 
represents the independent variable and its coefficient. The variable with the largest standardized coefficient has highest impact on 
dose-adjusted T1 levels. As variables enter the model from left to right, the variable which enters the model first (ie, diverges from 
the 0 line) is the most important predictor and the variable which enters last is the least important variable. The x-axis represents the 
tuning parameter (λ) of lasso model. B, Standardized coefficient plot of the lasso model showing the relationship between the variables 
and dose-adjusted T1 levels with the variables above the zero line being positively related while those below the line being negatively 
associated with dose-adjusted T1 levels. C, Plot of observed vs dose-adjusted T1 levels predicted by clinical only model (blue), SNP 
only model (red), and combined clinical and SNP model (green) in the validation cohort. The dotted line represents a 45-degree perfect 
fitted line. (D) Plot of observed vs dose-adjusted T1 levels predicted by the combined clinical and SNP model in heart (orange), liver 
(gray), and kidney (magenta) recipients. The dotted line represents a 45-degree perfect fitted line. MSE, mean squared error; SNP, 
single nucleotide polymorphism.
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adults) and CYP3A7 (active in infants) that CYP3A5 non-
expressors have to rely on for tacrolimus clearance.35,37 
Finally, changes in growth hormone and sex hormone 
levels in children between 5 and 15 years may influence 
hepatic CYP3A4 expression as these hormones enhance 
CYP3A4 expression.38 All these factors likely explain 
the age-related variability in the association of CYP3A5 
genotype with dose-adjusted T1 levels. Further studies are 
needed to explore the basis of higher levels and greater 
SNP effect in heart transplants compared with other organ 
types. Regardless, these findings reinforce the importance 
of including both clinical and genetic factors when devel-
oping tacrolimus dosing algorithms and that an age and 
organ-specific approach will be needed to optimize predic-
tion models in different organ types.

Clinical Significance
Several trials have evaluated CYP3A5-guided tacroli-

mus starting dose with mixed results.39,40 The DeKAF 
study group incorporated 4 clinical factors (time post-
transplant, age, steroid use, and calcium channel blocker 
use) in addition to CYP3A5 genotype,41 but the ability 
to predict tacrolimus clearance could not be replicated in 
an independent validation cohort42 highlighting the chal-
lenges with modeling a complex phenotype and possibly 
an unaccounted effect of other genetic variants.43 A pedi-
atric trial of solid organ transplants at our center showed 
the importance of incorporating age into CYP3A5-guided 
dosing to improve on-target tacrolimus concentrations.10 
The findings of the present study underscore the impor-
tance of incorporating not just age and CYP3A5 genotype 
but also additional SNPs and clinical predictors into indi-
vidualized dosing. Achieving on-target tacrolimus concen-
trations through individualized dosing has the potential to 
reduce the need for therapeutic drug monitoring, reduce 
costs and hospital length of stay, as well as reduce compli-
cations related to tacrolimus over- or under-dosing.44

Limitations
Although there were some differences between the dis-

covery and validation cohort characteristics, the genotype 
findings were independent of clinical confounders and 
therefore remained significant in the validation cohorts. The 
study was underpowered for analysis of donor genotype, 
especially in liver recipients, for analysis of other factors, 
for example, hemoglobin, albumin, liver function as poten-
tial covariates of tacrolimus levels, and for association with 
clinical outcomes.3,45,46 The study was underpowered to 

detect an association of 2 SNPs that are included in CPIC 
guidelines due to underrepresentation of African-American 
population in our cohort. Our study was also underpow-
ered to detect an association between donor genotype and 
tacrolimus levels in liver transplants because of a small 
number of paired liver donor-recipient genotypes. Future 
work is needed to include a larger sample size with a more 
diverse population to address these limitations.

In summary, using GWAS, we identified pharmaco-
genetic SNPs beyond previously known SNPs that were 
associated with tacrolimus levels independent of age, 
organ type, ethnicity and concomitant medications in a 
pediatric transplant cohort. Using machine learning, we 
demonstrated the superiority of a combined genetic and 
clinical prediction model for starting tacrolimus levels 
compared with a clinical or genetic only model, highlight-
ing the importance of a precision medicine approach to 
tailored medical therapy in this population. While further 
refinement of the model is needed, the findings of our study 
pave the way for future development of individualized tac-
rolimus dosing.
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