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"School of Statistics, Capital Background: In microarray prognostic studies, researchers aim to identify genes
University of Economics associated with disease progression. However, due to the rarity of certain diseases

and Business, Befing, China and the cost of sample collection, researchers often face the challenge of limited sam-

ple size, which may prevent accurate estimation and risk assessment. This challenge
necessitates methods that can leverage information from external data (i.e., source
cohorts) to improve gene selection and risk assessment based on the current sample
(i.e., target cohort).

Method: We propose a transfer learning method for the accelerated failure time (AFT)
model to enhance the fit on the target cohort by adaptively borrowing information
from the source cohorts. We use a Leave-One-Out cross validation based procedure

to evaluate the relative stability of selected genes and overall predictive power.

Conclusion: In simulation studies, the transfer learning method for the AFT model can
correctly identify a small number of genes, its estimation error is smaller than the esti-
mation error obtained without using the source cohorts. Furthermore, the proposed
method demonstrates satisfactory accuracy and robustness in addressing heteroge-
neity across the cohorts compared to the method that directly combines the target
and the source cohorts in the AFT model. We analyze the GSE88770 and GSE25055
data using the proposed method. The selected genes are relatively stable, and the pro-
posed method can make an overall satisfactory risk prediction.

Keywords: Survival analysis, Auxiliary studies, Gene expression data, Weighted least
squares, Transfer learning

Introduction

Modeling the time to disease relapse or death of patients is a crucial aspect of clinical
research, especially for chronic diseases like cancer and lymphoma. With the develop-
ment of high throughput technologies, an important application is to identify genomic
markers that are associated with time-to-event outcomes (e.g., [1, 2]). However, when
the research data are collected from a single institution or clinical trial, researchers
often face the challenge of limited sample size. For example, we consider a relatively
rare subtype of breast cancer, named invasive lobular carcinoma (ILC), here. Although
ILC accounts for only approximately 5-15% of all breast cancer cases [3], compared
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to invasive ductal carcinoma (IDC), the most common type of breast cancer, patients
with ILC are unlikely to achieve improved outcomes through conventional treatment
approaches [3-5]. A study on prognostic analysis of patients with ILC using microarray
data has been reported in [6]. This study demonstrated the prognostic value of genomic
grade. However, due to the rarity of disease cases and the cost of gene sequencing, the
size of samples collected in the study is far from being satisfactory, which poses difficul-
ties in estimating the effects of individual genes and assessing the risk for patients. To
address this issue, leveraging information from outside data is a promising solution. Pub-
lic functional genomics data repositories, such as the Gene Expression Omnibus (GEO)
[7] and The Cancer Genome Atlas Program (TCGA) [8], have been increasingly used as
auxiliary data sources because of their reliability, easy accessibility and large sample size.
Leveraging information from outside data (i.e., the source cohorts) to enhance the
analysis of the target cohort (e.g., the ILC cohort in the motivating example) offers a via-
ble solution to the limited sample size problem in microarray prognostic studies. How-
ever, this approach may encounter the challenge of data heterogeneity. In our motivating
example, due to worse prognosis and different pathogenesis, there may exist heteroge-
neity between patients with ILC and those diagnosed with other types of breast cancer.
In the field of machine learning, transfer learning [9] provides a robust framework for
borrowing information adaptively from related tasks or datasets, even in the presence
of certain heterogeneity. Transfer learning has been widely applied in medical research,
including medical diagnosis [10], biological imaging analysis [11], and drug sensitivity
prediction [12]. Recently, several transfer learning based statistical methods have been
studied. A transfer learning method for high-dimensional linear regression has been
proposed in [13], which quantifies the heterogeneity using the difference between tar-
get and source coefficients. Tian et al. [14] introduces a transfer learning framework
into polygenic risk scores (PRS) based on linear regression. Tian and Feng [15] and [16]
extend the findings of [13] to the generalized linear model. For time-to-event outcomes,
a transfer learning method for the Cox model has been proposed in [17], which allows
different levels of information borrowing in the regression coefficients and baseline haz-
ards through tuning parameters. However, in microarray prognostic studies mentioned
earlier, transfer learning methods for standard survival analysis techniques are unsuit-
able for handling high-dimensional gene expression data. Moreover, in such data, only a
small subset of genes are typically correlated with disease progression, making it critical
to accurately identify these relevant genes. The transfer learning method to analyze the
time-to-event outcomes with microarray gene expression data is still worth exploring.
For the aforementioned transfer learning problem in high-dimensional survival analy-
sis, the AFT model is a promising approach. Compared to the Cox proportional haz-
ards model (e.g., [18, 19]) and the additive risk model (e.g., [20, 21]), which both model
the hazard function and require simultaneous estimation of regression coefficients and
baseline hazards, the AFT model directly regresses the logarithm (or a known mono-
tonic transformation) of failure time on covariates, and thus has a simpler structure
and an intuitive linear regression interpretation [22]. Due to these advantages, the AFT
model is better suited for transferring knowledge from the source to the target cohorts.
In this study, we consider the method proposed by Stute [23], which uses weighted least
squares loss function to account for censoring. This method has been widely applied to
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the penalized estimation of AFT models due to its concise loss function, for example, the
Lasso estimator [24] and Bridge estimator [25]. Our concern is to adapt this method to
introduce transfer learning into the estimation of the AFT model with microarray data.

In this article, based on Stute’s weighted least squares loss function, we propose a
transfer learning method for the AFT model with the time-to-event outcomes and gene
expression covariates. We measure the heterogeneity between cohorts based on their
differences in AFT model coefficients. By incorporating the Lasso penalty [26] and tun-
ing parameters, the method simultaneously performs gene selection and controls the
extent of information sharing in the coefficient estimation, all within a unified algorithm.
The proposed method addresses the challenge of sharing information across different
cohorts under the AFT model with microarray data. Our simulation studies demonstrate
that the proposed method exhibits robust stability and accuracy, even in the presence
of moderate heterogeneity between target and source cohorts. Furthermore, through a
Leave-One-Out (LOO) cross validation evaluation procedure, we show that the method
achieves satisfactory predictive performance when applied to GSE88770 and GSE25055
datasets, using other GEO datasets as source cohorts. The remainder is organized as fol-
lows: Sect. "Methods" introduces the notation, model, and algorithm. Section "Simula-
tion" presents the results of our simulation studies. Section "Data application" contains
our real-data analysis, including the motivating example involving ILC cohorts. We con-
clude with remarks and discussions in Sect. "Conclusion".

Methods

Notation and model

For the ith subject in a random sample of size n, let T; be the logarithm of the non-
negative time from an initial event to an event of interest. We treat gene expressions as
covariates in this article and denote X; be the p-dimensional covariates. Consider the fol-
lowing accelerated failure time (AFT) model

Ti=y+X'0+¢, i=1,...,n (1)

where y is the intercept, 6 € R” is the regression coefficient vector, and ¢;s are independ-
ent and identically distributed random error terms. Ideally, if T; is fully observed for all
i=1,...,n, then one can consider the following least squares function

zn: (T,- —y —XLT9>2, ©

i=1

the y and 0 can then be estimated by minimizing (2). However, in practice, 7; may be sub-
ject to right censoring, and we have {(Y;,6;, X;); i = 1,...,n}, where Y; = min{T;, C;}, C;
is the logarithm of the censoring time, and §; = I{T; < C;}is the occurrence of the inter-
ested event (e.g., disease relapse or death) or censoring indicator. Directly using Y; may
lead to biased estimate. In general, estimation of the AFT model have been extensively
studied. Notably, the Buckley-James estimator [27, 28] and the rank-based estimator
[29] are widely used. Although effective in cases with a small number of covariates, both
methods are computationally intensive in high-dimensional settings, particularly when
gene selection is involved. A more computationally feasible alternative is the Stute’s
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weighted least squares approach [23], which uses Kaplan-Meier weights to address right
censoring in the least squares criterion of the AFT model. Let IA-"n be the Kaplan-Meier
estimator [30] of F, the distribution function of T. Let Y(1) < --- < Y{; be the ordered
statistic of Y}, §(;) be the corresponding censoring indicator, and X;) be the correspond-
ing covariates, respectively. Then F,, can be written as £, () = >, wil{Y(;) < t}, where
the Kaplan-Meier weights w;s are the jumps in the Kaplan-Meier estimator that can be
computed as

81 8oy 1 n—j \% ,
= — d = — _— , ef{2,...,n},
W= an W n_i+111:[1 p——— ief n} (3)

Based on our notation, the weighted least square loss function is giving as following

n

Qu(®) = %sz«(m v - X<Ti>9)

i=1

2

(4)

We center Y; and X with their w;-weighted means, respectively. That
is, let X)) = (VlWi)I/Z(X(,’) —X) and Vi) = (nwl')l/z(Y(i) — Y, where
Xy = wiX/ Sl wi and Yy = Y0 wiY(y/ Yo, wi. Using the weighted cen-
tered values, the intercept y is 0. Then we can rewrite the Q,(6) as

n

Qu(0) = 2 Z (y(i) - x(i)9> ’ (5)
i=1
which has a concise form. Once the value of the estimator 6 is computed, we obtain
y=Y,— X} 6. In relation to the gene selection problem, this article apply a Lasso pen-
alty term to the loss function as follows to obtain a regularized estimate.

Ln(©) = Qu(6) + AllBll1, (6)

where 4 > 0 is a data-dependent tuning parameter. In an asymptotic sense, 4 will gener-
ally be of order /logp/n [31]. In practice, one can set 1 = c\/logp/n, where c is some
constant typically ranging between [0, 1] [13]. We will discuss the process of selecting A
in detail in Sect. "Transfer learning algorithm".

Transfer learning algorithm

In this article, we consider the following multi-source transfer learning problem.
Suppose we have the target cohort { (Yi(o), 8;0),Xl.(0) );i=1,...,n9} and K source
cohorts {(Yl.(k), 8L.(k),Xl.(k)); i=1,...,m,k=1,...,K}. Assume the outcomes
{Ti(k) ;i=1,...,nm,k=0,1,...,K}in the target and the source cohorts all follow the AFT
models

(k) k (NT f(k (k) .
TR =y ® L x)To® £ & i=1,..,m, k=01,...,K, 7)

where 0 € R” is the coefficient vector of the kth model, y ¥) is the corresponding inter-
cept and el.(k) are random error terms. For k = 0,1,...,K, 8% are possibly different and
the same set of covariates are available in every cohort. We denote the target coefficient
B = 6. Suppose the target model is sparse, which satisfies || ]|, < p. This means that
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only s of the p covariates are associated with the target outcomes. For each cohort, We

*) 35 aforementioned in

can center it respectively based on its Kaplan-Meier weights w,
(3), and then have the target cohort {(yg))),x(l)) i=1,...,n9} and the source cohorts
{(yg?,x(l))) i=1,...,n,k=1,...,K}. In transfer learning, our aim is to leverage
information from source cohorts to improve the estimation based on the target cohort.
One intuitive approach is to combine all centered samples from both the target and the
source cohorts and then apply the loss function (6) to obtain an estimator. However, this
approach ignores the potential heterogeneity between the target cohort and the source
cohorts, which can lead to biased estimates or risk assessments for the target cohort.
Even if the heterogeneity is small, the estimation bias by combining all the cohorts can
not be neglected as the number of the source cohorts and their sample size increase. To
reduce bias while borrowing information from the source cohorts, which may or may
not be different from the target cohort, we propose a two-stage transfer learning algo-
rithm for the AFT model to improve the efficiency and accuracy of information borrow-
ing and estimation, the algorithm is motivated by the ideas in [13] and [15], which we
call a Trans-AFT algorithm.

In the first stage, we fit an AFT model by pooling all the centered samples
{(y(k),x(l))) i=1,...,n,k=0,1,...,K}, the weighted least square loss function with

(@)
the Lasso penalty is

0'(0) = ZZ(yEﬁ) Eﬁ))TG) + 7016111, (8)

§ k=0 i=1

where ng = Zf:o i, Mg = C1 \/m with some constant c;. In practice, we can select
the value of /g through V-fold cross validation. That is, we first construct a sequence
of equally spaced values for ¢; from the interval [0, 1], calculate the corresponding
J9 = c1+/logp/ng for each value in the sequence, then select the optimal Ay that mini-
mizes the cross validation loss based on the loss function (8) through R package glmnet
[32]. A rough estimator 6% can be estimated by minimize the loss function (8). In the sec-
ond stage, we correct the bias using the target cohort only. In this work, we characterize
the bias using the sparsity of the difference between ) and 8. More specifically, assume
that the heterogeneity between the target cohort and the source cohorts lies in the shift
of their coefficients in AFT models, that is

n® =g _g®, )

The parameter n®) is used to quantify the difference between the target coefficient and
the kth source coefficient. Intuitively, if the kth source cohort is “close enough” to the
target cohort, the parameter n© will degenerate to zero, otherwise there exists at least
one none-zero component in 7%, in such case, combining all the cohorts roughly would
result in a biased estimate. Based on the assumption about n*), we consider estimating
its non-zero subset to correct the bias and control the utilization of information from the
source cohorts adaptively. With the formulation (9), the loss function to be minimized is
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1 & . 2
o<n>=2702(y5?;—<x§?;>T<es+n>) + ylinlh, (10)
i=1

where 7, = c31/logp/ns with some constant ¢, which can also be obtained using the
similar method for selecting 4y. Note that we focus on the overall difference in coeffi-
cients between the target and the source cohorts rather than the differences in coeffi-
cients between individual cohorts. The reason is that the objective of transfer learning is
solely to estimate the target coefficient. Theoretically, additional penalty terms and the
joint analysis of multiple estimators may not enhance the estimation of the coefficient of
interest [13]. Our proposed Trans-AFT algorithm is formally presented in Algorithm 1.
The definitions of the symbols in the algorithm follow those in Sect. "Transfer learning
algorithm".

Algorithm 1 Process of Trans-AFT Algorithm

Input:
Target cohort {(Yi(o), 5§0), Xi(o));i =1,...,n0};
Source cohorts {(Yi(k),5§k),X,§k));i =1,....n,k=1,... K}
A sequence of equally spaced values for ¢; and ¢y from [0,1], respectively.
Output:
The estimated coefficient vector B .
1: Center every cohort respectively based on its Kaplan-Meier weights defined in
equation (3);
2: For the sequence of ¢;, calculate the corresponding \g = ¢1+/logp/ns;
3: Based on V-fold cross validation and the loss function (8), select the value of Ay
that minimizes the cross validation loss.
4: Transferring step: Estimate preliminar estimator 6s by minimizing the loss
function (8);
5: For each value in the sequence of ¢, calculate the corresponding A, = c24/logp/no;

6: Based on V-fold cross validation and the loss function (10), select the value of A,
that minimizes the cross validation loss.

7. Debiasing step: Estimate 7 by minimizing the loss function (10);

g: The estimated coefficient is 3 = 6% + 7.

Evaluation

In practice, since the true effects of the covariates on the outcome are unknown, we
need to evaluate aspects such as the predictive performance of the proposed model and
other comparable methods. Unfortunately, most of the conventional evaluation tech-
niques are effective only when p < n, they are not suitable for gene expression data
where p > n. In this study, we focus on two key aspects: (1) predictive performance,
meaning the model and the selected genes should make accurate predictions for external
cases; (2) relative stability of selected genes, meaning gene selection should be reproduc-
ible on similar data. Motivated by the ideas in [21], which evaluated the performance of
additive risk models based on leave-one-out cross validation, we propose an evaluation
procedure to assess the relative stability of gene selection and compare the predictive
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performance of proposed method and other comparable methods. For i =1,...,no,
compute the proposed transfer learning estimator A~ with the reduced dataset by
removing the ith subject, then compute the risk score (Xi(o))—r B9 corresponding to the
ith subject that was not used in the estimation. In the process of obtaining these #g esti-
mators, for the jth component of 8, denote c; as the times it is selected among the total
no estimations, then compute the corresponding occurrence index OI; = cj/no, which
ranges from O to 1. Intuitively, if a gene is relatively important, it should be selected in
most of the reduced datasets and its occurrence index should approach 1. To evaluate
and compare the overall predictive power of different models, we first dichotomize the
no predictive risk scores {(XL»(O))T,é(_"); i=1,...,np} at their median, thereby creating
two hypothetical risk groups. Because the AFT model directly performs regression on
survival outcomes, higher risk scores leading to longer survival times, and so lower sur-
vival risk. Then compare the K-M survival curve of the two risk groups using a log-rank
test. A significant difference between the two groups indicates that the model provides
satisfactory predictions for external cases. Additionally, calculate the C-index [33, 34]
based on the risk scores to compare model performance, that is,

S0 8O @ s > s+ # 1 si = 51/2)

C:
0 . 0 0
Y0804 v > v

(11)

where s; = (X ©

; )T/é(_i), #{-} represents the counting of elements in a set. The C-index

can be interpreted as the fraction of all pairs of subjects whose predicted risk scores are
correctly ordered among all subjects that can actually be ordered. A higher C-index indi-
cates a better prediction performance of the model. C-index equals 1 means perfect pre-
diction accuracy and C-index equals 0.5 is as good as a random predictor.

Note that although Leave-One-Out cross validation may be computationally slower
compared to 10-fold or 5-fold cross validation, considering that the target cohort may
have a small sample size and a high censoring proportion, the Leave-One-Out cross vali-
dation can more effectively utilize the limited information in the data. Moreover, evalu-
ation based on external data is also feasible (e.g., [35, 36]), but in practice, due to patient
data privacy concerns and differences among various studies, finding external data that
is similar or consistent with the research objective can be quite challenging.

Simulation

We evaluate the empirical performance of the proposed Trans-AFT algorithm and com-
pare it with other methods through a series of simulation studies. Specifically, we eval-
uate three methods, including AFT models using the target cohort only (Lasso-AFT),
the simple combination of all the cohorts (Pooled-AFT), and our proposed Trans-AFT
algorithm (Trans-AFT). The R code for implementing all the methods in simulation are
available at https://github.com/YuZhengyang-CUEB/Trans-AFT.

Homogeneous designs

We consider p = 500, ny = 150, and #y, ..., nx = 200. We set K € {8,12, 16, 20,24} to
observe whether an increase in the source cohorts will improve the estimation perfor-
mance of transfer learning. The covariates Xi(k) are i.i.d. Gaussian with mean zero and
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identity covariance matrix for all0 < k < K and ei(k) are i.i.d. Gaussian with mean zero
and variance one for all 0 < k < K. For the target coefficient 8, we set s = || 8|y = 20,
the number of its non-zero elements. We set 8; = 0.3 for j € 1,...,s, and 8 = 0 oth-
erwise. For coeflicients of the source cohorts, similar to the work in [13], we consider
two configurations to simulate different patterns and extents of shift in the source
coefficients:

(1) Forl <k <K, let

00 = B — 0.31( € Hy), (12)

where Hy, is a random subset of 1, ..., p with |H| = & € {2,6,12}.
(2) Forl <k <K,let H, ={1,...,100} and

60 = p; + E1(j € Hy), where &~;;4N (0,h/100), (13)

where /1 € {2,6,12} and N(q, b) is Gaussian with mean a and variance b. Configura-
tions 1 and 2 can be seen as scenarios where the source coefficients exist a fixed
shift and a random shift, respectively. The value of /1 characterizes the extent of the
shift. For the outcome, we set the proportion of censoring as 20%, 50% and 70%,
respectively. We compute the sum of absolute estimation errors (SAE) for each esti-
mator b, ||b — B||;, in Fig. 1, each point is summarized from 200 independent simu-
lations.

Through Fig. 1, as expected, the performance of Lasso-AFT does not change as K
increases, and in most cases, it has the largest estimation error. The other two meth-
ods that utilize source cohorts’ information have estimation errors decreasing as K
increases. As / increases, the difference between the coefficients of the target cohort
and those of the source cohorts widens, leading to larger estimation errors. As the
proportion of censoring increases, the problem also becomes harder and the estima-
tion errors of all three methods increase. Meanwhile, Pooled-AFT method always has
larger estimation error than Trans-AFT method, even when /% is small. This confirms
the importance of the debiasing step in the transfer learning Algorithm 1. This indi-
cates that when there are varying degrees of difference between the coefficients of the
target and source cohorts, the proposed transfer learning method is more adept at
accommodating these differences and reducing the errors resulting from information

borrowing.

Heterogeneous designs

In this section, taking into account the potentially heterogeneity of covariates
between the target and the source cohorts, we now consider a heterogeneous setting
where £, the covariance matrix of Xl-(k), are distinct for k = 0,1,..., K. Specifically,
let Xl.(k),k =0,1,...,K are i.i.d. Gaussian with mean zero and a covariance matrix
20, we set £ = Iy, and set »®,k=1,...,K as a Toeplitz covariance matrix whose

first row is
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=0 = L1/ + 1), 10+ 1),0,50).

2k—1

(14)

Other settings are set to be the same as in Sect. "Homogeneous designs".

Figure 2 shows that, in heterogeneous designs, the general patterns observed under
homogeneous designs still hold. Under heterogeneous designs, the transfer learning
method for AFT models continues to exhibit the best estimation performance compared
to other methods. As the proportion of censoring increases, the advantage of the pro-
posed transfer learning method becomes more pronounced. Even when there is moder-
ate degree of heterogeneity in the covariates between the target cohort and the source
cohorts, the proposed transfer learning method is still capable of making more precise
estimates of the target coefficient.

Data application

GSE88770 data

Invasive lobular carcinoma (ILC) is a relatively rare and special subtype of breast car-
cinoma. ILC displays a poor response to neoadjuvant therapy, a different metastatic
pattern compared to invasive breast carcinoma of no special type, as well as unique
molecular characteristics [37]. Compared to the invasive ductal carcinoma (IDC), the
incidence rate of ILC is increasing steadily [38]. A previous microarray prognostic study
on ILC has demonstrated the prognostic value of gene expression and genomic grade
[6]. The gene expression data that based on GPL-570 platform ([HG-U133_Plus_2]
Affymetrix Human Genome U133 Plus 2.0 Array) is available at GSE88770 from Gene
Expression Omnibus (GEO). In this article, our primary goal is to identify genes that are
associated with overall survival (OS) and to predict the survival risk for patients with
ILC. The GSE88770 data contained OS times for 28 patients, while the remaining 89
patients’ outcomes were censored. Due to the small sample size and high proportion of
censoring, the gene selection and risk prediction based solely on the GSE88770 cohort
yield unsatisfactory results. Therefore, we expect to transfer the information from
patients with other types of breast cancer. We have a brief preview of the data analysis
workflow in Fig. 3.

In the selection of the source cohorts, to avoid excessive heterogeneity, we selected
breast cancer patient cohorts with survival information from the same GPL570 plat-
form. For the selected cohorts, we excluded samples from normal breast tissue and
those with missing values. Finally, 8 cohorts were selected as the source cohorts, which
were GSE58812, GSE48390, GSE42568, GSE31448, GSE21653, GSE20711, GSE20685,
and GSE16446, see Table 1 for details. All datasets are publicly available at https://www.
ncbi.nlm.nih.gov/geo/. We preprocessed the probe data to match the probes with cor-
responding genes. In cases where multiple probes correspond to one gene, we took the
maximum value among those probes. After preprocessing, the covariates comprised
23,348 genes. Although the proposed transfer learning algorithm does not impose lim-
its on the number of covariates, we followed methods from [21, 25], which screen the
covariates to reduce data noise, increase stability, and improve efficiency. Specifically, at
first, we applied unsupervised screening (i.e. the outcome is not used in the screening)
by removing genes with interquartile ranges smaller than their first quartile, ultimately
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Table 1 Basic information of cohorts used in Sect. "GSE88770 data"

Type Cohort Number of cases Number of uncensored Number
g:nsored

Target cohort GSE88770 17 28 89
Source cohort GSE58812 107 29 78
Source cohort GSE48390 81 11 70
Source cohort GSE42568 104 48 56
Source cohort GSE31448 246 79 167
Source cohort GSE21653 248 79 169
Source cohort GSE20711 86 37 49
Source cohort GSE20685 327 83 244
Source cohort GSE16446 107 24 83

retaining 6,608 genes. Next, we conducted supervised screening (i.e. the outcome is used
in the screening) by calculating the correlation coefficients between uncensored out-
comes and the remaining genes, retaining the 500 genes with the largest absolute corre-
lation coefficients. The purpose of unsupervised screening is to remove some obviously
redundant genes, while supervised screening retains an appropriate number of genes
for modeling based on their correlation with the outcome. Finally, these 500 genes were
standardized to have zero mean and unit variance.

We applied the proposed transfer learning method to the processed data, resulting
in the selection of 79 genes. Model evaluation and comparison were performed using
the Leave-One-Out (LOO) procedure described in Sect. "Evaluation”. Since unsuper-
vised screening does not consider survival outcomes, for each reduced dataset, we per-
formed supervised screening on the genes that passed unsupervised screening, selecting
a potentially different set of 500 genes each time. The Ols of individual genes that pass
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Fig. 5 GSE88770 data: K-M survival curves of two hypothetical risk groups identified by proposed transfer
learning method

the unsupervised screening are shown in Fig. 4. In Fig. 4, blue dots represent the 79
genes selected using the proposed method, while red dots represent the rest 6015 genes.
As observed, the genes selected via the proposed method exhibit higher OIs compared
to the rest of the genes, indicating their greater importance. Moreover, the majority of
selected genes have Ols close to 1, suggesting that the proposed method is relatively sta-
ble in identifying important genes.

To evaluate and compare the overall predictive power of different models, we gener-
ated two risk groups based on the predictive risk scores obtained through the LOO pro-
cedure. In Fig. 5, we show the K-M survival curves of the two risk groups generated by
the proposed transfer learning method. It is evident that the two survival functions dif-
fer significantly, the high-risk group generally has a shorter survival time and a faster
decline in survival probability compared to the low-risk group. In Table 2, we present
the results of the log-rank test and the C-index for the three methods discussed in
Sect. "Simulation". The proposed method shows a significant difference between the two
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Table 2 GSE88770 data: Evaluation of the predictive performance of three methods using log-rank
test and C-index

Method Chi-square statistic p-value C-index
Trans-AFT 8.712 0.0032 0.73
Lasso-AFT 0.069 0.7934 0.50
Pooled-AFT 0.160 0.6888 0.58

Table 3 Basic information of cohorts used in Sect. "GSE25055 data"

Type Cohort Number of cases ~ Number of Number
uncensored of
censored
Target cohort GSE25055 309 65 244
Validation cohort GSE25065 198 45 153
Source cohort GSE158309 445 116 329
Source cohort GSE124647 140 130 10
Source cohort GSE45255 135 31 104
Source cohort GSE17705 298 71 227
Source cohort GSE12093 136 20 116
Source cohort GSE7390 198 91 107
Source cohort GSE4922 242 83 159

risk groups and achieves the highest C-index among the compared methods. Therefore,
we can conclude that the proposed transfer learning method can satisfactorily predict
patients’ survival risk based on the selected genes.

GSE25055 data
The GSE25055 data consists of 310 HER2-negative breast cancer patients following
neoadjuvant taxane-anthracycline chemotherapy [39, 40], at the same time, it has a
validation cohort GSE25065, which includes 198 HER2-negative breast cancer patients
who received the same treatment [39, 40]. Our aim is to develop a predictive model for
response and survival outcomes following this treatment in patients with HER2-negative
invasive breast cancer. After excluding one case with missing values, distant relapse-
free survival (DRES) times of 65 patients were available and the other 244 patients were
censored. The gene expression data, based on GPL-96 platform ([HG-U133A] Affym-
etrix Human Genome U133A Array), is available at GSE25055 from GEO. Similar to
Sect. "GSE88770 data", according to the workflow shown in Fig. 3. We selected 7 groups
of breast cancer samples based on GPL-96 platform from GEO as source cohorts, which
include GSE158309, GSE124647, GSE45255, GSE17705, GSE12093, GSE7390, GSE4922,
see Table 3 for details. After data preprocessing, 2439 out of 13,435 genes were selected
through unsupervised screening, and then we selected 500 genes through the super-
vised screening. Gene expressions were then standardized to have zero mean and unit
variance.

Using the proposed transfer learning method, 56 genes were identified. Relative stabil-
ity of selected genes was evaluated using the proposed OI. In Fig. 6, we can see that 56
genes identified by proposed method have higher OIs than the rest 2383 genes, and the



Pei et al. BMC Bioinformatics (2025) 26:84 Page 15 0of 19

Type 56 genes selected through Trans—-AFT method ® Remaining 2383 unselected genes

1.00

0.75
)
ko)
£
8
c 0.50
£
)
Q
)
(®)

0.25

.
.
. .
.
0 00 © re a g ° o ° a%a
0 500 1000 1500 2000 2500
Gene

Fig. 6 GSE25055 data: occurrence index of individual genes selected by proposed transfer learning method

Hypothetical risk group - High risk group - Low risk group

Survival probability
o o
<) ~
o (%2

o
)
a

0.00

0 2 4 6 8
Time (years)

Fig. 7 GSE25055 data: K-M survival curves of two hypothetical risk groups identified by proposed transfer
learning methods

majority of selected genes have Ols close to 1, which suggest that the selected genes are
relatively stable.

The overall predictive power of different methods was evaluated in the same pro-
cedure as described in Sect. "GSE88770 data". The two risk groups identified by the
proposed transfer learning method are shown through the K-M survival curves in
Fig. 7. There is a significant difference between the two groups, with the high-risk
group having an average lower survival time and a faster declining survival probabil-
ity. Table 4 presents the results of the log-rank test and the C-index, confirming that
the transfer learning method can accurately distinguish high-risk and low-risk groups
and has the highest C-index among the evaluated methods. At the same time, we also
conducted predictions on the external validation cohort GSE25065. The two hypo-
thetical risk groups in Fig. 8 created by the risk scores corresponding to the trans-
fer learning method, also display strong differences. Table 5 shows the results of the
log-rank test and the C-index, further confirming that the transfer learning method
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Table 4 GSE25055 data: Evaluation of the prediction performance of three methods using log-rank
test and C-index

Method Chi-square statistic p-value C-index
Trans-AFT 26.376 <le-04 0.72
Lasso-AFT 0.171 0.6789 0.56
Pooled-AFT 12.308 0.0005 0.64

Table 5 GSE25065 data: Evaluation of the prediction performance of three methods using log-rank
test and C-index

Method Chi-square statistic p-value C-index
Trans-AFT 6.160 0.0131 0.66
Lasso-AFT 3.080 0.0793 057
Pooled-AFT 2.568 0.1090 0.58

has stronger and more significant predictive abilities compared to other methods.
Note that although the Pool-AFT method has made effective risk predictions on the
GSE25055 cohort, its performance on the external validation set is worse than that
of the transfer learning method and it has a lower C-index. We thus conclude that
the proposed transfer learning method can provide a more accurate risk assessment
based on a small subset of selected genes.

Remark

Analysis of the GSE88770 and GSE25055 data suggests that the AFT model with pro-
posed transfer learning method is capable of identifying a small number of genes and
risk assessment. We note that, despite the fact that the target cohorts in these two
examples have a high proportion of censoring, their predictions are expected to be
valid based on LOO procedure or external data validation.

Page 16 of 19
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Conclusion

In microarray prognostic studies, when the sample size of the target cohort is lim-
ited, developing a method which can leverage information from the source cohorts to
enhance the analysis of the target cohort has important practical implications. In this
article, we assume the accelerated failure time (AFT) model for analyzing the time-to-
event outcomes and gene expressions. AFT models offer a useful alternative to the Cox
and additive hazard models due to their simpler structure and more intuitive interpre-
tation of coefficients. A transfer learning method is proposed for coefficient estima-
tion and gene selection. Our simulation studies demonstrated that the transfer learning
method has better performance in terms of estimation error. Gene selection and overall
predictive performance were evaluated using the leave-one-out (LOO) procedure.The
analysis of GSE88770 and GSE25055 datasets with the proposed method showed that it
successfully identifies a small subset of genes with strong predictive power.

The proposed method still faces certain challenges. Firstly, under the current frame-
work, we select the source cohorts for transfer learning based on experience. If the het-
erogeneity between target and source cohorts is too great, transfer learning may have a
negative impact on the target task, which is called negative transfer [9, 41]. It is difficult
to assess transferability between target and source cohorts, and define criteria to meas-
ure cohort similarity for transferability assessment. [13] introduced an algorithm for
transfer learning under high-dimensional linear regression, which aggregates a number
of candidate estimators [42] to reduce the impact of unsuitable source cohorts on the
estimation. [15] developed an algorithm based on cross validation, which rejects the use
of a source cohort when it contributes excessively to the cross-validation error. However,
developing a similar method for the AFT model is not trivial, we postpone pursuing this
to a separate study.

Secondly, in high-dimensional survival analysis, despite Lasso’s impressive perfor-
mance in practice, it has been shown that the Lasso is in general not variable selection
consistent [43]. There are many better penalization methods that have consistent selec-
tion, including the Adaptive Lasso, the SCAD and the Bridge. We acknowledge that the
optimization of the model’s theoretical performance goes beyond the scope of this arti-
cle and is worthy of future research.

Thirdly, in our framework, we assume the covariates of interest are available for every
cohort. In medical institutions or clinical trials, this assumption faces many limitations.
Especially in microarray analysis, the probe variables obtained from different platforms
are sometimes different. At the same time, we notice that although the proposed method
demonstrated good performance in Sect. "Data application” with smaller sample sizes
and higher censoring rates, the effectiveness of the proposed algorithm may be limited
if the sample size is further reduced or the censoring rate further increases. This could
restrict its application in some diseases with high cure rates.Therefore, another inter-
esting direction is extending transfer learning to other specific semiparametric survival
analysis models, such as the partial linear regression and Cure Rate Model. Finally, in
terms of model evaluation, methods such as hypothesis testing for parameter estimation
in transfer learning also remain to be explored.
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