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Abstract

Transfer learning has been widely applied in text and image classification, demonstrating its effectiveness in numerous applications. In this paper, we
propose a transfer learning procedure for both prediction and association testing between genotypes and phenotypes in a smaller primary data set with an
available larger source data set. Specifically, we training a deep neural network model in the source data, transfer a part of the trained weight parameters to
the model in the primary data, and complete the training process in the primary data with the remaining free parameters. Furthermore, we develop a
permutation-based association test using the trained transfer learning model to identify significant genes in the primary data set. We apply the proposed
procedure to two case studies for the investigation of nicotine dependence. These two case studies show that transfer learning can not only improve
prediction accuracy but also the power of detecting candidate genes compared to those results without transfer learning.
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Introduction

In recent years, deep learning methods have gained attraction
due to the ability to learn complex patterns and representations
from large amounts of data, enabling breakthroughs in challenging
tasks in image recognition, natural language processing, and speech
processing. However, there are two main constraints of deep learn-
ing methods: dependency on extensive labeled data and training
costsl'l. Often in genetics, the focused problems only have limited
labeled phenotypes with high dimensional genetic data. In these
cases, transfer learning has the potential of higher prediction accu-
racy and test power by the shared parameters from a well-trained
deep learning model in a massive source problem. For example,
with the vast amounts of genetic data collected from biobank
projects, an interesting scientific question is whether these
resources can be used to enhance genetic analysis in small-scale
studies. A common assumption made by most existing approaches
is that two studies should be similar (e.g., the same population).
However, this assumption could fail in reality. The study design and
study population may differ between the two studies (e.g.,
Caucasian vs African American).

While transfer learning attempts to improve the performance of
target learners on target domains by transferring the model para-
meters contained in different but related source domains, it does
not require data from two studies drawn from the same feature
space or the same distribution. It learns possibly useful features
from source studies and applies learned features based on focused
problems. Therefore, it holds great promise in using the enriched
resources from large-scale studies for uncovering novel genetic
variants in small-scale studies!?l.

In recent years, transfer learning has been investigated in biolo-
gical and medical fields. For example, a data-driven procedure
for transfer learningB], called Trans-Lasso, was proposed in high-
dimensional linear regression and applied to understand gene

© The Author(s)

regulation using Genotype-Tissue Expression data. The transfer
learning problem wunder high-dimensional generalized linear
modelst¥ aimed to improve the fit of target data by borrowing infor-
mation from useful source data. Although several survey articles>~7!
have reviewed recent developments on transfer learning in machine
learning methods, including network-based deep transfer learning
which reuses the partial of network pre-trained in the source data,
the application of deep transfer learning in genetic data analysis is
relatively sparse. The transfer learning in convolutional neural
networksl8l was developed to predict the progression-free interval
of lung cancer with gene expression data. A pipeline of transfer
learning for genotype-phenotype prediction® was studied using
deep learning models with a small number of genotypes.

Given that the transfer methods depend on the models or algo-
rithms being used to learn the tasks, we propose to integrate the
idea of transfer learning into deep neural networks for prediction
and association analyses with high dimensional genetic data. For
example, deep neural networks can be trained in the large-scale UK
Biobank dataset for nicotine dependence and transfer the para-
meter weights to facilitate genetic analysis in small-scale studies. By
integrating transfer learning into deep neural networks, we are
able to transfer model parameters regarding complex genotype-
phenotype relationships (e.g., gene-gene interactions) between two
studies.

Besides the proposed predictive modeling using transfer learning
in deep neural networks, we further develop a permutation-based
association test to detect significant genes in the targeted problem
based on the proposed transfer learning. The resulting p-values can
be interpreted as a measure of feature importance, and they help
decide the significance of variables and therefore improve model
interpretability'°-12, The permutation-based association test using
transfer learning shows higher statistical power compared to that
without transfer learning in two case studies. Moreover, the
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permuted data is obtained via randomly shuffling the index of
subjects while maintaining their intrinsic genetic structures, hence
no model re-fitting is needed which greatly reduces the computa-
tion cost.

Method

Transfer learning applies model parameters gained from one
research problem to a different but related problem, and has been
widely used in text and image recognition. The basic idea of trans-
fer learning is illustrated in Fig. 1.

In this paper, we illustrate transfer learning in the deep neural
networks (DNN) model. In this section, we briefly introduce the
DNN model and then integrate the idea transfer learning into DNN
(TL-DNN) between two datasets. To distinguish the different data
types in the following sections, we use lowercase letters, bold lower-
case letters, and uppercase letters to denote scalar, vector, and
matrix, respectively.

Deep neural networks

Suppose our research interest is to find a predictive function f that
models the continuous response variable y and predictor variable
X = (Xy, .. Xg), where q is the dimension of input. The true model is
written as:

y=fx)+e

where, € is the noise in this model. We first describe the fully
connected DNN algorithm for the model training:

hy=o0c(Wix+b)
hdZO'(Wdhd,l-}—bd), d=2,...,1-1
§=fe)=wih,

where, h, is the hidden layer learned from the primary study and has a
dimension of my o is a nonlinear activation function such as the

sigmoid function o(x) = % I is the number of layers of the DNN

model, W, and b, are weights and biases, respectively. We denote all
the parameters by S={W,, by, w;|d=1, ..., I-1}.

In DNN, we first normalize the response variable y. Suppose that
y and v are the estimated mean value and standard deviation of
y, the final model is realized by:

$=Fx) = owihiy +5.

For simplicity, we her focus on the regression problem and use
the L, loss and mean square error (MSE) to estimate parameters and
evaluate the model performance. It can be easily extended to the
classification problem, and other loss functions (e.g., cross-entropy
loss) and measurements (e.g., misclassification error) can be used.

Related Source data , | Modeling
Problem
Transfer Learning
Focused . .
Problem | Primary data| — | Modeling [ —
Fig. 1  An illustration of transfer learning. The goal is to build predic-

tive models and conduct inference in the primary data for the focused
problem. The modeling parameters learned from the source data of a
related problem are transferred to the modeling process in the primary
problem.
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In genetic studies, genetic effects are usually smaller than the
noise, and therefore heavy penalties are required to avoid over-
fitting. Various regularization methods, such as penalty regulariza-
tion, dropout method, and early stopping method, can be used.
In this paper, we impose two parameter regularization forms
defined below: the square regularization p,(S;1) and the group Lasso
regularizationl’3] p,(S;1), where, 1 is a hyperparameter controlling
the solution space.

1S ) = A X IWall3 +1iwil)

-1
b
d=1
-1
pS; 0 = A T OWa)+00w) )

llzll, for |lzll >«
0@)=1 llzI’ @ ,a=1le3

e +§, for ||zl <ea

In the following, we apply p,(S;4) for the prediction step while
p>(S;4) is used in the association test. Therefore, the solution to the
DNN framework is defined as:

S= argrnsin(% ;(y,- — f@x))* + pS; )

The backpropagation method is typically used to obtain the solu-
tion. The selection of hyperparameter 4 is discussed in the following
section.

Transfer learning in deep neural networks

If we have a source dataset (e.g., UK biobank), in which we model
the response variable y' with predictor variable x’ = (x{,...,x)),
where x and x' share a similar data structure. Usually, x and x* are the
same characteristics of different subjects. We have a similar model:

h} =c(Wx"+b)), ?2)
R, =c(W)hl_ +b)), d=2,...,1-1, 3)
¥ =) =vVwh_ +¥, 4)

where, ' and ¥’ are the estimated mean value and standard deviation
of y'. The parameters space of this model is denoted by S'. The set of
their solutions is denoted by §.

To prepare for the transfer learning, we divide the solution S" into
two parts: §| = (W, b/|d = 1,...,I- 1} in Eqgns (2) - (3) and S}, = (W)}
in Eqn (4). Given the large scale of the source study for the related
problem, it is reasonable to assume that the final hidden layer k]_,
is a good representation of features in x'. The relation between x'
and h;_,
parameter S} connects the last hidden layer h;_, with the output.

Furthermore, we use f; and f; to denote the relationships, i.e.:

hi = f(&18).  F = 185

Similarly, the parameter set S from the focused problem can also
be divided to §, and $,. The corresponding relationship is denoted
by f; and f,. The penalty term p(S;1) can also be written as
p(S1,82;4).

After training the deep neural network in the related problem, we
now apply transfer learning using S'l as a solution to the hidden
layer weights in the focused problem. In other words, we adapt the
representation of hidden layer weights from the well-trained model
in the related problem instead of training it based on limited data in
the focused problem. Specifically, similar to the parameter sharing
strategy!'4], we transfer S’l to the focused problem and only update
the weights in the output layers by freezing those transferred
hidden layer weights. Finally, we derive the solution of S, from the

is realized through S"] while the final hidden layer weight
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data set of the focused problem. Hence, our final solution in the
transfer deep learning procedure is:

QT o _. . l - R VWAV .
S =8 —arg§nhlsr;(n E_l(y; fx)) +p(Sl,Sz,A))
" ®)
— ) -y =
SZ:argmm(— § i — f(xilS1=S1) +P(51,Sz;/l))
$2 \n i3

The transfer learning method based on the deep neural networks
is illustrated in Fig. 2 in comparison to the direct application of deep
neural networks in the focused problem.

We apply the Adam algorithm!'%] for optimization in Egn (5). The
backpropagation procedure is implemented as:

1 n
e(8)= > i~ )+ p(S1.52:.0)

i=1

0
S Ss—r] C(S), €S
as
0
S S—1 C(S), €S,
as

where, r; and r, are the learning rates of S, and S,, respectively.

The Adam algorithm is an adaptive optimization method in which
the learning rate is determined element-wise. While the default
setting of the Adam algorithm works well in most cases, it is not suit-
able for genetic studies. Due to the heavy penalty in the last layer,
the solution of S can be too small compared to the default learning
rate of the Adam algorithm. Therefore, we set the learning rate
parameter based on A while keeping other parameters as the default
value. The iteration process stops when MSE does not decrease for
3,000 epochs. In the next section, we set | = 3, and the numbers of
hidden units of each layer are 16 and 4.

For modeling performance comparison, we add a baseline model,
which is essentially the mean value of the response variable y. For a
predictive model f, we propose the following relative efficiency
criterion based on the predictive mean square error (MSE) compared
to the baseline model:

MSE(f) i 0= f(x))?
R =1~ =1-= 6
peaio =1 YSEG) T T T R Gy ©
The larger the value of Rpseudo the better the formed model as
compared to the baseline model. The values shown in the figures

are percentage values, whose maximum possible value is 100.

Neural Network

(7= Ff(h""8) (9 =08 '

h{l_!

Related Problem

Focused Problem
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Permutation-based association test using transfer
learning

Based on the proposed deep transfer learning approach, we
further develop a permutation-based association test, called PT-TL-
DNN, to identify significant genes for different phenotypes. We
adapt the feature selection method!'?! and the test procedure is
defined as follows. Assume that x is the candidate gene/region to
be tested for association with disease Y and we denote f(x|S;,S,) as
the deep transfer learning predictive model based on the train set
D, of the focused problem and L(Y,fix)) as a chosen loss function
between the observed Y and the predicted f(x) in the test set D,
of the focused problem. To reduce the chance finding due to
random splitting, the test statistic is calculated based on K-fold
cross-validation as follows:

== ZAk == Z > L0 fixilS1,82) — E[ L0y, fi(x}1S1,52))]}
k 1i€Dy o

where, x/ represents the permuted data that is obtained via randomly
shuffling the index of subjects while maintaining their intrinsic
structures (e.g., linkage disequilibrium) and E[L(y,»,fk(x,’.lgl ,§2))] is the
expected loss for the permuted data. If the gene is not significant for
the disease, the observed loss would be close to the expected loss by
permutation, hence A is close to zero; If the gene is significant for the
prediction of the disease, the observed loss would be much smaller
than the loss by permutation resulting in A < 0. Hence the association
test is equivalent to the following hypothesis testing:

Hy:A>0 vs. H,:A<0

Under H,, it was shown that A ~ N(0,0%) by assuming that the
empirical losses come from the same distribution!'? and ¢ can be
empirically estimated. The p-value is computed to conclude the
significance of the gene.

During the TL-DNN model training before the permutation step,
we apply the smooth group Lasso regularization p, defined in Eqn
(1). Compared to the square regularization, the smooth group Lasso
regularization can provide structured sparsity and allow the entire
group of features to be removed, which may benefit the permuta-
tion testing when we test all variants together as a gene. The regu-
larization parameter is denoted as Asg to distinguish it from the
previous square penalty parameter. The parameter Ay, is selected
from the set {0, 0.001, 0.01, 0.05, 0.1, 0.5, 1, 5, 10}. The detailed algo-
rithm of the PT-TL-DNN is described in Table 1.

Transfer Learning

§ = f2(h""(52)

= £|Sl

Focused Problem

Fig. 2 Transfer learning in deep neural networks. The left panel shows the application of neural networks in the focused problem while the right panel

displays the proposed transfer learning method based on training the neural networks in the related problem. Here Sl are the transferred weight

parameters in hidden layers. The output layer weights §, are updated during the training while Sl are frozen.

Zhang et al. Statistics Innovation 2025, 2: €003
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Table 1.
learning.

Algorithm for the permutation-based association test using transfer

Permutation-based test using transfer learning with K-fold cross-validation

Input: Genetic variants of a gene x, Phenotype y, a set of candidate smooth
Group Lasso regularization parameters Asg, .

Output: Empirical p-value of the gene
Step 1: Construct a TL-DNN model f(x) with 2 hidden layers.
Step 2:Fork < 1,..,Kdo

1: Split Xirain Yirain): Keests Yieest)-
For each 4;in A do
a: Input Krgin: Yerain) @Nd train f(Xyqins Virainii) With smooth Group Lasso

regularization parameter /;, output f

b: Evaluate Mean Square Error on Xegins Yirain) - MS E(y,es,,f(x,m;/l,-)).
end.

2: Choose Aoy with the lowest MSE, output Frest = F(Xtests Aops) and
calculate MS E(yzest’ f(xtesl;/lopt))~

3: Permute Xy, by row, denoted as x/,,, calculate Yesr = f (Xfess Aopr),
MS E(ytesrsj};gsr) and [ =MS E(ytesrsj\/test) -MS E(yteshj’;gst)'
4: Repeat 3 for B times, obtain [y, ..., /. Calculate A = é Zf=1 Iy and

a”f =var(ly,...,lp).

end.

Step 3: Calculate statistic A = % >, Ay with limiting distribution
N(@,02 = % Z{{ 0'%), calculate and output p value.
end.

For comparison, we also perform the permutation-based asso-
ciation test using the direct application of deep neural networks
(PT-DNN) in the focused problem. In other words, we replace the
transfer learning predictive model fk(x,«|§1,§2) by fk(x,-|§1,§2), the
deep neural network model solely trained in the focused problem.

The advantage of the proposed test lies in the predictability of the
transfer learning method using the candidate gene. On the one
hand, when the transfer learning exhibits higher prediction accu-
racy, it can further reduce the value of the first loss function in A,
resulting in a smaller p-value. On the other hand, when the transfer
learning shows prediction robustness with small prediction stan-
dard error, it yields small o> hence a smaller p value.

Real data

In this section, we apply the proposed transfer learning method
and the association test to investigate the relationships between
nicotine addiction and candidate genes based on two relevant
projects. Specifically, we conducted two transfer learning case stud-
ies: a cross-project case study and a cross-ethnicity case study. We
show that TL with large-scale data sets helps improve predictive
accuracy and gene selection.

Data description

Cigarette smoking is one of the leading causes of preventable
disease, contributing to 5 million deaths worldwide each yearl'¢l.
During the last decade, a great deal of progress has been made in
identifying genetic variants associated with smoking. Among those
findings, the nAChRs subunit genes (e.g.,, CHRNAS5) have been identi-
fied and confirmed in several large-scale studies!'’l. In this applica-
tion, we apply the proposed transfer learning to study the complex
relationships between the nAChRs subunit genes and nicotine
dependence.

The datasets to be analyzed are the large-scale UK Biobank (UKB)
dataset and the relatively small-scale dataset from the Study of

Page 4 0f8
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Addiction: Genetics and Environment (SAGE). UKB is a population-
based prospective cohort of nearly 500,000 individuals recruited in
the United Kingdom who were aged 40—-69 years. UKB contains a
wealth of data on detailed clinical information, genome-wide geno-
type data, and whole-exome sequencing datal'8l. SAGE is one of the
most comprehensive studies conducted to date, aimed at discover-
ing genetic contributions to substance use disorders. It included
about 4,000 participants to study the genetic association with multi-
ple phenotypes, including alcohol, nicotine, and other drug depen-
dence. For the focus of our gene-based analysis, we used cigarettes
per day (CPD), available in both SAGE and UKB, as the phenotype
and considered genes from two clusters, CHRNA5-CHRNA3-
CHRNB4!'9) and CHRNB3-CHRNA6I2%! that are associated with nico-
tine dependence. Before the analysis, we re-assessed the quality of
the data (e.g., checking for successful genotype calls, missing rates,
deviation from the Hardy-Weinberg equilibrium, and unexpected
relationships).

Two studies of transfer learning are investigated in this section.
One is a cross-project study and the other is a cross-ethnicity study.
In the first study, we apply the transfer learning from the white
British population to the black and the white Irish populations. In
the second study, we transfer the model trained from UKB to SAGE
to demonstrate the performance of the transfer learning approach.

To illustrate the implementation and evaluation of the transfer
learning procedure, we split the dataset into the train set (80%) and
the test set (20%). We train the original NN model using the source
data, transfer the trained model to the train set, and compare their
performance on the test set. To avoid chance findings due to the
data splitting, we repeat the random splitting 100 times, train the
model on the train set of each split, and then average the evalua-
tion metrics on the test sets to assess model performance more reli-
ably. A validation process is used to determine the value of Z. In the
validation process, we split our train set into the subtrain and valida-
tion sets with a ratio of 4:1. We evaluate a range of possible values of
4, in the subtrain set, and then select the optimal 1 based on the vali-
dation set. After a careful quality assessment, the hyperparameter
we consider for lambda is {10-, 10795, 1, 10%>, 10"}. The learning
rates r, and r, are both set as 10-3. The initial values of parameters
are generated by a normal distribution whose mean and standard
deviation are 0 and 1073, respectively.

Cross-project transfer learning

In this section, we transfer the model parameters from the large-
scale UKB data to the relatively small-scale SAGE data. For this analy-
sis, we focus on the Caucasian population in both datasets. The
sample sizes of the population are 288,039 in UKB and 2,517 in
SAGE.

For model prediction performance, we compute the relative effi-
ciency criterion Rimdu defined in Egn (6) in both the train and test
sets. The performance of the proposed TL-DNN and the direct appli-
cation of DNN without transfer learning is shown in Fig. 3.

As we can see from Fig. 3, the TL-DNN model outperforms the
DNN with higher prediction efficiency in the test set for all five
candidate genes. The TL-DNN also shows its robustness to overfit-
ting while the DNN suffers from overfitting for most genes.

The permutation-based association test is used to evaluate the
association of the five candidate genes for nicotine dependence.
Table 2 summarizes the results of the PT-DNN applied in the UKB
Caucasian data, indicating all five candidate genes are associated
with nicotine dependence at the significance level of 0.05.

When testing the genetic associations in the smaller SAGE data
set, as shown in Table 3, PT-DNN without the transfer learning
step identified four candidate genes but failed to identify CHRNB4

Zhang et al. Statistics Innovation 2025, 2: e003
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Test Dataset

-

method
I DNN

[0 TL-DNN

CHRNA3  CHRNAS  CHRNB4 CHRNAG  CHRNB3

CHRNA3  CHRNAS  CHRNB4  CHRNAG  CHRNB3

Fig. 3 Prediction comparison regarding relative efficiency in the SAGE data set between the transfer learning (TL-DNN) from UK Biobank and the direct

application of DNN without transfer learning.

(p-value = 0.636); with the transfer learning step, PT-TL-DNN iden-
tified that all five genes are significantly associated with nicotine
dependence with CHRNB4 having a p-value of 0.0256. Moreover, PT-
TL-DNN provided smaller p-values for all genes except CHRNB3
compared to PT-DNN. It is also found that PT-TL-DNN yielded
smaller estimated standard deviations 6 for most genes compared
to PT-DNN.

Table 2. PT-DNN results from the association of the five candidate genes in
the UKB Caucasian sample.

Gene A & p-value
CHRNA3 -1.33e73 1.10e~* 0
CHRNA5 -1.13e73 1.01e™* 0
CHRNA6 —8.24e7° 3.19e7° 4.88e73
CHRNB3 —-1.20e7* 4.13e7° 2.19e73
CHRNB4 —1.4e73 1.11e™* 0

Table 3. Comparison between the permutation-based test without transfer

learning (PT-DNN) and with transfer learning (PT-TL-DNN) in the SAGE data set.

PT-DNN PT-TL-DNN
Gene

A o p-value A o p-value
CHRNA3 -0.0112 3.8le 166e3  —828e3 2783 148e>3
CHRNA5 -864e~3 3.63e3 858e3  —7.79 3 326e3 84le3
CHRNA6 -9.16e73 3.18e3 197e3  —6.54e3 2263 191e73
CHRNB3  -0.0139 3.20e> 735e® 7753 253e3 1.9
CHRNB4 4.85e® 1397 0636 —-5.15e3  2.64e73 0.0256

Train Dataset

0.2+ 1

iy

O§%$é_i_

2
Zseudo

0.0 +

—0.14 4

-0.2

Cross-ethnicity transfer learning

The vast amount of genetic data collected from the Caucasian
population provides us with a great resource for genetic research in
other populations, especially minority populations. In the UKB
dataset, there are 271,240 white British, 7,349 white Irish, and 6,219
black. In this case study, our target populations are the white Irish
population and the black population, while the white British popula-
tion is used as the source population. We transfer the model param-
eters trained from the white British population to either the white
Irish or black population.

Similar to above, the prediction performance of the proposed TL-
DNN and the direct application of DNN without transfer learning is
shown in Fig. 4 for the white Irish population, and Fig. 5 for the black
population.

Both Figs 4 and 5 show that transfer learning achieves higher rela-
tive efficiency for CHRNA3, CHRNA5, and CHRNB4, while it shows
similar or slightly worse performance for CHRNA6 and CHRNB3.
These results may be related to the genetic heterogeneity of
CHRNA6 and CHRNB3, while the heterogeneity is not significant in
the other three genes, which is consistent with our previous
finding(2'l.

For the association analysis, Table 4 summarizes the result of the
PT-DNN in the UKB white British sample, indicating all five candi-
date genes are significantly associated with nicotine dependence.

However, when applying PT-DNN to the UKB white Irish and black
samples, whose sample sizes are limited, it yielded less significant
results. Nevertheless, the proposed PT-TL-DNN had improved power
to test all the candidate genes by using the model parameters
learned from the white British sample. Tables 5 and 6 present the

Test Dataset

method
I DNN
[ TL-DNN

-

o

o
=]
o
o
=]

o

T T T T T
CHRNA3 CHRNAS CHRNB4 CHRNAG CHRNB3

T T T T T
CHRNA3 CHRNAS CHRNB4 CHRNAG CHRNB3

Fig.4 Prediction comparison regarding relative efficiency in the SAGE data set between the transfer learning (TL-DNN) from UK Biobank and the direct

application of DNN without transfer learning.
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Test Dataset
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CHRNA3 CHRNAS CHRNB4 CHRNAG CHRNB3
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CHRNA3 CHRNAS CHRNB4 CHRNAG CHRNB3

Fig. 5 Prediction comparison regarding relative efficiency in the UKB black population between the transfer learning (TL-DNN) from the white British

population and the direct application of DNN without transfer learning.

Table 4. PT-DNN results from the association analysis of five candidate genes
in the UKB white British sample.

Gene A & p-value
CHRNA3 —-6.6e7* 9.38¢e™° 1.02e7"?
CHRNA5 -6.20e7* 1.07e~* 3.83¢7°
CHRNA6 -6.09e~° 2.39%7° 5.474e73
CHRNB3 -1.00e~* 3.88e™ 4.63e73
CHRNB4 -1.02¢73 1.27e™* 5.00e716

testing results from PT-DNN and PT-TL-DNN based on the UKB white
Irish and black, respectively. As seen in Table 5, PT-TL-DNN identi-
fied all five genes are significantly associated with nicotine depen-
dence in the white Irish sample while PT-DNN failed to detect the
association of three genes (CHRNA5, CHRNA6, and CHRNB4). Simi-
larly, for the association test in the UKB black sample, PT-DNN only
identified one gene (CHRNA3) but our proposed PT-TL-DNN success-
fully identified four genes, (CHRNA3, CHRNA5, CHRNA6, and CHRNB4),
associated with nicotine dependence.

Discussion

Our capacity to detect novel genes in small-scale studies or
minority populations (e.g., African Americans) is often limited by the
small sample size. The vast amount of genetic data collected from
biobank projects and the Caucasian population provides us with an
additional resource for genetic research in small-scale studies or
minority populations. In this paper, we have proposed a transfer
learning procedure in deep neural networks for genetic risk pre-
diction and genetic association analyses in small-scale studies or
different populations. Through a cross-project study and a cross-
ethnicity study, we demonstrate the advantages of transfer learning
in terms of prediction accuracy and testing power.

Table 5. Comparison between the permutation-based test without transfer
learning (PT-DNN) and with transfer learning (PT-TL-DNN) in the UKB white Irish
sample.

PT-DNN PT-TL-DNN
Gene

o p-value A o p-value
CHRNA3 -1.15e™3 6.48e™* 0.0378 —6.95e™*  3.67e™* 0.0291
CHRNA5 -8.40e™ 522e™* 0.0529 -1.81e3  79e™  0.0110
CHRNA6 —4.20e™* 5.00e™*  0.201 -1.07e3 397e* 3.58e73
CHRNB3 -1.58e73 7.14e™* 00132  -259% 3 9.68e™* 3.75e73
CHRNB4 8.60e™* 6.09e™* 0.0789 -1.02e3 468 0.0145

To further address the potential genetic difference among ethnic
groups, we investigated the individual SNP p-values and effect sizes
of all five genes in the white British, white Irish, and black popula-
tions, respectively, using software PLINKZ22 and R package
CMPIot23l, From Fig. 6, we observe that the three populations show
different patterns in genes CHRNA6 and CHRNB3. Moreover, in the
black population, there are more significant SNPs in these two
genes compared to the other three genes. These findings indicate
that the DNN without transfer learning performs more effectively
compared to the transfer learning in the black samples. On the other
hand, for the three genes with more significant SNPs in the white
British population, transfer learning attains better performance than
DNN alone. These observations may partially explain the difference
in model prediction performances in the cross-ethnicity case study.

Transfer learning is expected to become one of the key drivers of
machine learning success. It does not require data from two studies
drawn from the same feature space and the same distribution!®.. In
most cases, as long as part of the model parameters are shared
between two studies, transfer learning can help improve perfor-
mance. In our studies, we transferred the model parameters among
different studies and populations. In most scenarios, we found that
transfer learning improved the models' accuracy and enhanced the
test's power. Nevertheless, when a large discrepancy between the
source data and the primary data exists, we expect poor perfor-
mance of the transfer learning. Under such a circumstance, both
datasets should be carefully examined, and additional procedures
(e.g., testing the heterogeneity of data resources) need to be imple-
mented in the transfer learning approach!'4l, Regarding the theoreti-
cal basis of transfer learning, we refer to previous studies(24-26],

Besides the application of transfer learning in small-scale studies
or minority populations, it can be used for other purposes, such as
transfer learning from different species. While human studies play a
significant role in genetic research, human research can be

Table 6. Comparison between the permutation-based test without transfer
learning (PT-DNN) and with transfer learning (PT-TL-DNN) in the UKB black
sample.

PT-DNN PT-TL-DNN
Gene

o p-value A o p-value

CHRNA3 —3.40e73 1.73e3  0.0247 —29e3  92e* 9.1e*
CHRNA5 —250e™ 4.94e™* 0305 —5.00e3  1.80e3 26973
CHRNA6 —1.09e™> 234e™5 0679 -3.60e3 1.12e73 5.90e™*

CHRNB3 1.88e”""  435e™""  (0.667 -1.20e3 1.28¢3 0.183
CHRNB4 —1.62e> 1.07e3  0.0651 -2.80e3 1.53e3 0.0336
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in populations white British, white Irish, and black.

restricted due to study design and high cost. In contrast, animal
research is more flexible and can adopt different designs. Given the
experimental results generated from the well-controlled conditions,
it would be valuable to further transfer these results to humans.
Limitations of the study include the limited sample sizes and
the generality of the results in the two case studies. The proposed
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lllustration of genetic heterogeneity among the ethnic UKB population groups regarding individual SNP p-values and affect sizes of the five genes

transfer learning techniques can be further explored and applied to
a wider range of applications, such as different types of omics data,
other complex traits, and diverse populations. Just like most applica-
tions of transfer learning, how to measure the transferability across
domains and avoid negative transfer remains an important issue.
Finally, despite the advances in the theoretical basis of transfer
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learning, theoretical studies for the proposed deep transfer learning
can be further conducted in the future to better understand the
properties of the proposed deep transfer learning.
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